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Edge-Based Best-First Chart ParsingSharon Goldwater�May 1, 1998Abstra
tNatural language grammars are often very large and full of am-biguities, making standard 
omputer parsers too slow to be pra
ti
alfor many tasks. Best-�rst parsing attempts to address this problemby preferentially working to expand subparses that are judged \good"by some probabilisti
 �gure of merit. We explain the standard non-probabilisti
 and best-�rst 
hart parsing paradigms, then des
ribe anew method of best-�rst parsing whi
h improves upon previous workby ranking subparses at a more �ne-grained level, speeding up parsingby approximately a fa
tor of 20 over the best previous results. More-over, these results are a
hieved with a higher level of a

ura
y than isobtained by parsing to exhaustion.1 Introdu
tionNatural language pro
essing is a sub�eld of arti�
ial intelligen
e whi
h dealswith trying to get 
omputers to handle human language in a useful way.Having 
omputers whi
h 
ould understand human language would simplifyhuman-
omputer intera
tion and allow 
omputers a

ess to the huge amountof information available in text. In general, knowing a senten
e's stru
tureis a prerequisite to �nding its meaning, whi
h makes parsing| �nding thesynta
ti
 stru
ture of senten
es| one of the basi
 tasks in natural languagepro
essing. Knowledge of senten
e stru
ture also has the potential to im-prove performan
e on more spe
ialized tasks whi
h are the fo
us of 
urrentresear
h, in
luding automati
 translation, do
ument summarization, di
ta-tion, and voi
e-a
tivated interfa
es.�resear
h in 
onjun
tion with Eugene Charniak and Mark Johnson1



Unfortunately, right now many of these appli
ations do not make use ofmu
h senten
e stru
ture, in part be
ause parsing is often very slow. Thereare standard parsing algorithms (e.g. 
hart parsers) whi
h are 
ubi
 in thelength of the senten
e, but real senten
es 
an rea
h 40 or more words inlength, and the huge size of many natural language grammars introdu
eslarge 
onstant fa
tors into the time bound. In addition, the usefulness ofthese parsers is questionable, sin
e they �nd every possible parse of a sen-ten
e (that is, they are exhaustive), but most of these parses are nowhere
lose to the parse (or handful of parses) a human would propose, and a stan-dard 
omputer parser provides no information about whi
h parses are betterthan others. Rather than produ
ing all possible parses, the ideal 
omputerparser would be able to produ
e one, or a few, of the \best" parses| thosewhi
h 
orrespond to a human's intuition.A 
ommon approa
h to the latter problem is to adopt a probabilisti
framework, using a probabilisti
 
ontext-free grammar (PCFG) where ea
hprodu
tion rule A!B0 : : :Bn is labeled with a probability as to how likelynonterminal A is to expand in this way. This allows the likelihood of a
omplete parse to be evaluated by multiplying the probabilities of the ruleswhi
h generated the parse. An exhaustive probabilisti
 parser is still veryslow, but at least it is able to de
ide whi
h parses are better than others.The probabilisti
 framework 
an be exploited further by using it to ad-dress the problem of speed as well. Parsing is essentially a sear
h problemwith the goal of �nding a good parse (or the best parse) in the spa
e ofall possible parses. As su
h, we 
an build a parser whi
h uses statisti
sto guide the sear
h, thus speeding up the parsing pro
ess. In \Best-�rst"probabilisti
 parsing, introdu
ed by Bobrow [1℄ and Chitrao and Grishman[5℄, partial parses are ranked a

ording to some probabilisti
 �gure of merit(FOM), and higher ranked subparses are given priority in the sear
h| thatis, the parser preferentially works to expand subparses with higher FOMs.Naturally, the speed of a best-�rst parser and the 
orre
tness of its resultsdepend on the FOM used to rank 
onstituents. Several FOMs have beenproposed for this purpose [12, 9, 10℄. One of the more extensive 
omparisonsis presented by Caraballo and Charniak [2℄ (referred to hen
eforth as C&C).Our work relies heavily on C&C's results, whi
h are des
ribed in se
tion 3.Re
ent work by Goodman [7℄ uses an FOM whi
h is similar to C&C's, butprobably more a

urate. His FOM requires a beam sear
h for parsing, andthus 
annot be applied here, but we will brie
y 
ompare our results to hisin se
tion 5. 2



2 Standard Chart ParsingBefore elaborating on the idea of best-�rst parsing and des
ribing our re-sear
h, we will �rst explain the basi
 
hart parsing algorithm on whi
h ourwork is based. Chart parsing is a dynami
 programming algorithm whi
h
an be used to �nd a possibly exponential number of di�erent parses inO(n3) time by reusing information stored in a 
hart. The 
hart is an n by narray whose entries are terminal and nonterminal symbols in the grammar(
onstituents). Ea
h entry is indexed by its start position in the senten
eand its length. For example, if 
ell [3,2℄ 
ontains the symbol NP, this meansthe parser has found a two-word-long noun phrase starting with the thirdword in the senten
e.A 
hart parser has two other major 
omponents: the agenda, a list orsta
k of items whi
h are waiting to be entered into the 
hart, and a set ofedges. An edge is a rule whi
h 
an be applied to 
hart entries, 
ombiningthem to form new entries. Ea
h edge keeps tra
k of whi
h grammar ruleit 
orresponds to, whi
h of the 
onstituents on the right hand side of thatrule have been found already, and whi
h 
onstituents must still be found inorder to 
omplete the left hand side 
onstituent. For example, the edgeVP !VP NP Æ PP PPindi
ates that the parser has found a verb phrase and a noun phrase, and will
omplete a larger verb phrase if it �nds two prepositional phrases followingthe noun phrase. The edgeVP !VP NP PP PP Æindi
ates that the parser has found all the 
onstituents on the right handside of the rule, and therefore has 
ompleted the VP on the left.For ea
h edge, the parser also stores its starting point (the starting po-sition of the �rst 
onstituent on the right side of its rule), its ending point(the ending position of the last 
onstituent before the Æ), and a list of thea
tual 
onstituents in the 
hart whi
h 
orrespond to the right hand side ofthe rule. This list is used when we wish to re
onstru
t the parse tree of thesenten
e. Ea
h 
ompleted 
onstituent also stores su
h a list.The basi
 
hart parsing algorithm is shown in Figure 1. For a full simu-lation of the algorithm on an example senten
e, see se
tion 1.4 of [3℄.3



Figure 1: The Chart Parsing AlgorithmLoop until the agenda is empty:1. Remove a 
onstituent, A, from the agenda. Let i be A's type.2. If a 
onstituent, B, also of type i and with the same start and endpoints as A, is already in the 
hart, append the edge list of A to theedge list of B, and return to step 1. (We have just found a new parsefor this 
onstituent)3. Add A to the 
hart.4. For ea
h grammar rule where the �rst symbol on the right hand sideis of type i, add an edge for that rule to the 
hart.5. For ea
h edge in the 
hart whi
h has a symbol of type i immediatelyfollowing the Æ, 
reate an extended edge and add it to the 
hart.6. For ea
h newly 
ompleted edge (if any), add a 
onstituent to theagenda with the appropriate type, start and end points, and edgelist.To extend an edge e with 
onstituent A:1. Create a new edge e0, where e0's rule looks like e's rule, but with theÆ shifted one pla
e to the right.2. Set the start position of e0 to the start position of e.3. Set the end position of e0 to the end position of A.4. Set the list of right-hand-side 
onstituents of e0 to that of e, with theaddition of A. 4



Figure 2: N ij;k
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hart parser to implement a best-�rstapproa
h, simply by repla
ing the agenda list with a priority queue sorted bythe 
hosen �gure of merit. Constituents with higher FOMs are now poppedo� the agenda and added to the 
hart before those with lower FOMs. Afterthe parser has found a full parse (or a small number of parses), the algorithmsimply terminates, and all items remaining on the agenda are dis
arded.This approa
h is exa
tly the one adopted by C&C, whose paper des
ribesa series of experiments with a best-�rst probabilisti
 
hart parser using var-ious �gures of merit. We 
all their work \
onstituent-based" be
ause theirFOMs are used to rank 
ompleted 
onstituents only. In
omplete edges arealways extended as soon as an appropriate 
onstituent is popped o� theagenda and added to the 
hart. Note that in both their work and ours, theparser is not given the a
tual words in the senten
e as input, and uses onlytheir tags (parts of spee
h).C&C begin by proposing an \ideal" FOM to use for ranking ea
h 
on-stituent: p(N ij;k j t0;n) (1)where t0;n is the sequen
e of tags t0 through tn�1 whi
h make up the sen-ten
e, and N ij;k is a nonterminal of type i whi
h roots the subtree whoseleaves are the tags tj ; : : : ; tk�1 (see Figure 2). So the merit of a parti
ular
onstituent 
orresponds to its probability given the entire senten
e.Unfortunately, the above FOM is not 
omputable until the senten
e hasbeen 
ompletely parsed, so the remainder of C&C is devoted to evaluatingvarious approximations to p(N ij;k j t0;n). The approximation whi
h yields5



their best results is based on the equationp(N ij;k j t0;n) � p(N ij;k j tj�1)�(N ij;k)p(tk j N ij;k)p(tj;k+1 j tj�1) (2)where �(N ij;k), the inside probability of 
onstituent N i, is de�ned to be theprobability that N i generates tags tj : : : tk�1:�(N ij;k) = p(tj;k j N ij;k): (3)Essentially, Equation 2 approximates p(N ij;k j t0;n) by using �(N ij;k) togive the probability of N ij;k in isolation, and p(N ij;k j tj�1) and p(tk j N ij;k)to approximate the e�e
ts of its 
ontext in the senten
e.The derivation of Equation 2 is as follows:Using the de�nition of 
onditional probability,p(N ij;k j t0;n) = p(N ij;k; t0;n)p(t0;n)Sin
e p(t0;n) is just the joint probability of all the tags, we 
an rewriteit as p(t0;j ; tj;k; tk; tk+1;n). We then apply the 
hain rule and 
an
el p(t0;j):p(N ij;k j t0;n)= p(N ij;k; t0;j; tj;k; tk; tk+1;n)p(t0;j; tj;k; tk; tk+1;n)= p(t0;j)p(N ij;k j t0;j)p(tj;k j N ij;k; t0;j)p(tk j N ij;k; t0;j; tj;k)p(tk+1;n j N ij;k; t0;j ; tj;k; tk)p(t0;j)p(tj;k+1 j t0;j)p(tk+1;n j t0;k+1)= p(N ij;k j t0;j)p(tj;k j N ij;k; t0;j)p(tk j N ij;k; t0;k)p(tk+1;n j N ij;k; t0;k+1)p(tj;k+1 j t0;j)p(tk+1;n j t0;k+1) :To simplify the equation, we assume that the sequen
e of tags generatedby a nonterminal depends only on that nonterminal, and that tk+1;n areindependent of N ij;k given t0;k+1. We now have:p(N ij;k j t0;n) � p(N ij;k j t0;j)p(tj;k j N ij;k)p(tk j N ij;k; t0;k)p(tk+1;n j t0;k+1)p(tj;k+1 j t0;j)p(tk+1;n j t0;k+1)= p(N ij;k j t0;j)�(N ij;k)p(tk j N ij;k; t0;k)p(tj;k+1 j t0;j) :6



We now assume that p(N ij;k) depends only on the probability of the pre-
eding tag, and similarly, that the probability of the following tag dependsonly on p(N ij;k). In addition, we simplify the denominator by disregardingthe e�e
ts of t0;j�1, so p(tj;k+1 j t0;j) � p(tj;k+1 j tj�1). This gives us theapproximation in Equation 2.We approximate the joint probability in the denominator of Equation 2with a bitag model| that is, we assume ea
h tag depends only on theprevious tag: p(tj;k+1) � kYi=j p(ti j ti�1): (4)It is now easy to 
al
ulate the denominator by simply 
olle
ting the bitagprobabilities from the training data and multiplying them. The \boundarystatisti
s" p(N ij;k j tj�1) and p(tk j N ij;k) 
an also be 
olle
ted from the train-ing data, as des
ribed in C&C.As for the inside probabilities, the value of �(N ij;k) is given by�(N ij;k) = Xe2E ij;k �(e) (5)where E ij;k is the set of 
ompleted edges whi
h 
an be used to 
reate N ij;k,and �(e) is the probability of the grammar rule re asso
iated with e timesthe produ
t of the inside probabilities of all the 
onstituents on the righthand side of re: �(e) = p(re) YXst;u2rhs(re)�(Xst;u) (6)We 
an't 
ompute this number exa
tly without parsing to exhaustion to�nd every member of E ij;k, but we 
an 
ompute an estimate online, updatingit as new 
onstituents are added to the 
hart. We are given a sequen
e oftags as input, so we begin by setting � to 1 for ea
h tag. As ea
h new
onstituent N ij;k is formed, we set its � value to �(e), where e is the ruleexpansion used to 
reate N ij;k. If, at some later time, a more probable parsefor N ij;kis found using rule e0, we update � to be �(e0). Thus, �(N ij;k) isalways approximated by maxe2E ij;k �(e): (7)This estimate di�ers from that of C&C, who estimated �(N ij;k) by summingthe probabilities of all the parses found so far for N ij;k. Our estimate, though7



not as a

urate, is simpler to update, and it seems reasonable to use anestimate based on the most probable parse, sin
e this is the parse we aresear
hing for.Given our methods for 
olle
ting the statisti
s used in the FOM, a prob-lem arises. We 
olle
t statisti
s on the probabilities of tag sequen
es in twodi�erent ways. In the numerator, the tag sequen
e probabilities used in �
ome from the PCFG model, whereas in the denominator, the probabilitiesare generated by a bitag model. This introdu
es some dis
repan
y betweenthe numerator and the denominator of the fra
tion. In parti
ular, the bitagmodel tends to assign higher probability to a sequen
e of tags than does thePCFG model. This fa
t is not mentioned in C&C's paper, although theynoted it at the time.We have found experimentally in our training data that the bigram modelprobabilities are approximately 1.3 times as high as the PCFG probabilities.For single tags, this is a fairly small dis
repan
y, but as the sequen
e of tagsbe
omes longer, the denominator be
omes in
reasingly large in 
omparisonto the numerator, thus devaluing larger 
onstituents and delaying the parserfrom �nding a full parse. In order to 
orre
t this problem, we assign aprobability of � > 1 to ea
h known tag in the PCFG model, rather thana probability of 1. This has the e�e
t of multiplying �(N ij;k) by �k�j . Inse
tion 5 we show results for � between 1.0 and 2.4.4 Conversion to Edge-based ParsingWe extend the work of C&C by using their FOM to rank not only 
omplete
onstituents, but edges as well. A simple way to implement this extensionis by modifying the grammar to obtain an equivalent PCFG 
ontaining onlybinary and unary rules. By equivalent, we mean that the new grammar,G1, produ
es exa
tly the same strings with the same probabilities as the oldgrammar, G0. Given a grammar with only binary and unary rules, we nolonger need to use in
omplete edges at all. Anytime we add a 
onstituent tothe 
hart, we need only look to its immediate left and right for 
onstituentsto 
ombine with and put any new 
onstituents formed on the agenda. (Thisis essentially the CKY parsing algorithm, modi�ed to handle unary rules.)To obtain G1 from G0, we apply the te
hnique of left-fa
toring, intro-du
ed by Hop
roft and Ulman [8℄. In the original grammar, we have rulesof the form A ! B0 : : :Bn : q, where q is the probability of the produ
tionA ! B0 : : :Bn. For any rule of this type where n � 2, we 
reate a new set8



of binary rules: A ! hB0 : : :Bn�1iBn : qhB0 : : :Bn�1i ! hB0 : : :Bn�2iBn�1 : 1:0...hB0B1i ! B0B1 : 1:0Here, ea
h of the hB0 : : :Bii is a new nonterminal symbol in G1 whi
h 
or-responds to the in
omplete edge A!B0 : : :Bi Æ Bi+1 : : :Bn in G0.As an example, the ruleVP!V NP PP PP : :004be
omes VP ! hVP NP PPi PP : :004hVP NP PPi ! hVP NPi PP : 1:0hVP NPi ! VP NP : 1:0and the new 
onstituent hV NP PPi is equivalent to the old edgeVP ! V NP PP Æ PP.By assigning a probability of 1 to all the rules with hB0 : : :Bii on theleft, we ensure that the probability p0 of expanding A into a tree with leavesB0 : : :Bn using G0 is the same as the probability p1 of the same expansionin G1. Sin
e the probability of a tree is the produ
t of the probability of therules used to produ
e that tree, we havep0 = p(A!B0 : : :Bn)= qandp1 = p(A!hB0 : : :Bn�1iBn)p(hB0 : : :Bn�1i!hB0 : : :Bn�2iBn�1) : : : p(hB0B1i!B0B1)= q(1:0) : : :(1:0)= qNow suppose we have a full parse tree T0 obtained from G0. The 
orre-sponding tree T1 from G1 will have the same probability, sin
e ea
h singlerule expansion in T0 has a 
orresponding subtree in T1 with the same proba-bility. Multiplying the probabilities of all these subtrees will yield the sameresult as multiplying all the rule expansion probabilities in T0. Finally, sin
e9



the probability of a string is the sum of the probabilities of all possible parsesof that string, and we know that ea
h parse has the same probability in ea
hgrammar, we know that G0 and G1 are in fa
t equivalent.On
e we have G1, swit
hing to an edge-based best-�rst parser is simple.In 
onstituent-based parsing, edges are stored in the 
hart, and when weadd a 
onstituent to the 
hart, we extend all possible edges immediately.Now, when we add a 
onstituent to the 
hart, we 
ombine it with items oneither side (if possible), but instead of leaving the new items in the 
hart, werank them and pla
e them on the agenda. By using the FOM on lower-levelitems, the parser 
an rule out bad 
onstituents even before 
ompleting them,enabling it to 
on
entrate on better 
onstituents and rea
h a parse faster.5 Experimental ResultsFor our experiment, we used a tree-bank grammar indu
ed from se
tions2 - 21 of the Penn Wall Street Journal text [11℄, with se
tion 22 reservedfor testing. All senten
es of length greater than 40 were ignored for testingpurposes as done in both C&C and Goodman [7℄. We applied the left-fa
toring te
hnique des
ribed above to the grammar.The a

ura
y of our parser is reported in terms of pre
ision and re-
all. The pre
ision of a parsed senten
e is the number of 
onstituents theparser identi�ed 
orre
tly (
orre
t start and end points, and 
orre
t label)divided by the number of 
onstituents in the hand-parsed version. Re
all isthe number of 
onstituents identi�ed 
orre
tly divided by the total numberidenti�ed. The trees in the treebank tend to be a bit 
atter than thoseprodu
ed by our parser, so the average pre
ision over the test 
orpus isgenerally slightly higher than the average re
all. However, the di�eren
eis fairly small, so for simpli
ity we will sometimes 
ombine pre
ision andre
all into a single measure. Hen
eforth, the term a

ura
y will refer to thequantity (pre
ision + re
all)=2.We 
hose to measure the amount of work done by the parser in terms ofthe average number of edges popped o� the agenda before �nding a parse.This method has the advantage of being platform independent, as well asproviding a measure of \perfe
tion". Here, perfe
tion is the minimum num-ber of edges we would need to pop o� the agenda in order to 
reate the
orre
t parse. For the left-fa
tored grammar, where ea
h popped edge is a
ompleted 
onstituent, this number is simply the number of terminals plusnonterminals in the senten
e| on average, 47.5. (At the other extreme, ex-10



Figure 3: � vs. Popped Edges
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Figure 4: � vs. Pre
ision and Re
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haustive parsing of these senten
es requires an average of about 1.2 millionedges per senten
e.)Our algorithm in
ludes some measures to redu
e the number of items onthe agenda, and thus (presumably) the number of popped edges. Ea
h timewe add a 
onstituent to the 
hart, we 
ombine it with the 
onstituents oneither side of it, potentially 
reating several new edges. For ea
h of thesenew edges, we 
he
k to see if a mat
hing 
onstituent (i.e. a 
onstituent withthe same head, start, and end points) already exists in either the agenda orthe 
hart. If there is no mat
h, we simply add the new edge to the agenda.If there is a mat
h but the old parse of N ij;k is better than the new one, wedis
ard the new parse. Finally, if we have found a better parse of N ij;k, weadd the new edge to the agenda, removing the old one if it has not alreadybeen popped. 11



We tested the parser on se
tion se
tion 22 of the WSJ text with variousnormalization 
onstants �, working on ea
h senten
e only until we rea
hedthe �rst full parse. For ea
h senten
e we re
orded the number of poppededges needed to rea
h the �rst parse, and the pre
ision and re
all of thatparse. The average number of popped edges to �rst parse as a fun
tion of� is shown in Figure 3, and the average pre
ision and re
all are shown inFigure 4.In these two �gures, we see that the number of popped edges de
reasesas � in
reases from 1.0 to 1.7, then begins to in
rease again, while thepre
ision and re
all de
rease steadily as � in
reases. (Note that, be
ause weused a left-fa
tored grammar for parsing, the trees produ
ed by the parserare stru
tured and labeled di�erently from those in the treebank. In orderto 
al
ulate pre
ision and re
all, we applied a simple tree transform to theparser's output to reverse the left-fa
toring, then 
al
ulated the �gures asusual.)At �rst glan
e, Figure 3 seems at odds with our predi
ted optimal nor-malization fa
tor, 1.3. However, as explained earlier, the higher � is, thehigher merit longer 
onstituents re
eive. Therefore, letting � = 1:3 balan
esout the numerator and denominator of our FOM, but a higher � will pushthe parser toward longer 
onstituents, thus allowing it to �nd a full parsemore qui
kly. The sharp drop-o� in pre
ision and re
all when � > 1:3 is
onsistent with this hypothesis, sin
e the parser is apparently fo
using onlonger 
onstituents to the detriment of smaller 
onstituents whi
h are in fa
tmore probable.This interpretation suggests an investigation into whether we 
an gaina

ura
y with higher � by letting the parser 
ontinue past the �rst parse(i.e. pop more edges). To answer this question, we ran the parser again,allowing it to 
ontinue parsing until it had popped 20 times as many edgesas needed to rea
h the �rst parse. The results of this experiment are shownin Figure 5, where we plot a

ura
y as a fun
tion of edges.Note that the a

ura
y of the parse in
reases given extra time for allvalues of �, but that this e�e
t is mu
h more pronoun
ed for � > 1:3. Inevery 
ase, all of the in
rease is a
hieved with only 1.5 to 2 times as manyedges as needed for the �rst parse. For � between 1.0 and 1.2, the highesta

ura
y is almost the same, about 75.2%, but this value is rea
hed with anaverage of slightly under 400 edges when � = 1:2, 
ompared to about 650when � = 1:0. The predi
ted optimal value of 1.3 does not do quite as wellin terms of highest a

ura
y, though it rea
hes 74.5% in about 200 edges.As � in
reases past 1.3, the �rst parse is rea
hed only slightly faster and12



Figure 5: Popped Edges vs. A

ura
y
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with mu
h poorer a

ura
y, and highest a

ura
y drops as well.One interesting property of these results is that as we 
ontinue to popmore edges, the a

ura
y begins to drop again. In fa
t, for � below 1.4, eventhe �rst parses s
ore better on average than the parses obtained by exhaus-tive parsing, even though the exhaustive parses are stri
tly more probable.One possible explanation for these phenomena is that our �gure of meritmay 
ause the parser to prefer 
onstituents whi
h are probable given theirsurrounding preterminals, whereas the maximum likelihood parse does nottake this information into a

ount. Another possibility is that our FOM is,in e�e
t, partially imitating Goodman's \Labeled Re
all" parser [6℄, whi
htries to maximize labeled bra
ket re
all with the test set, rather than re-turning the maximum likelihood parse.In any 
ase, probably the most remarkable feature of these results isthe small number of edges needed to �nd a good parse. Our most a

urateresults 
an be a
hieved with only ten times as many edges as the the averagenumber required, 47.5. And with a small sa
ri�
e in a

ura
y, we are ableto �nd a parse with as few as three times the required number.The signi�
an
e of these numbers be
omes apparent when 
omparingour results to those a
hieved by Goodman [7℄ and C&C. It is diÆ
ult tofully 
ompare Goodman's results to ours, sin
e he measures pro
essor time13



Figure 6: Edges vs. Senten
es Parsed
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C&C’s parserTable 1: Edges vs. Senten
es Parsed% Senten
es Parsed Our Edge
ount C&C Edge
ount40 90 200071 150 300082 220 400091 320 600095 490 900096 520 10000100 1760rather than edges, but in one 
ase he does give a measure of edges perse
ond. Combining this with his �gures for parsing time suggests that hisparser uses tens of thousands of edges per senten
e, as 
ompared to a fewhundred for our parser. C&C do give results in terms of edges, reporting theper
entage of senten
es of length 18-26 whi
h have been parsed as a fun
tionof the number of edges used. We performed this same experiment with ourown parser, setting � = 1.2. Both sets of results are displayed in Figure 6.It is 
lear from the graph that our parser uses an order of magnitude or sofewer edges than C&C's. For exa
t numbers, see Table 1.6 Con
lusionThe advantages of adopting an edge-based te
hnique in best-�rst 
hart pars-ing using C&C's �gure of merit are 
lear: this method redu
es the number14



of edges needed to �nd a �rst parse by approximately a fa
tor of 20, givingparses whi
h use as few as three times the optimal number of edges, andprodu
es parses whi
h are more a

urate than those produ
ed by exhaustiveparsing. Furthermore, it is easy to 
onvert a standard best-�rst parser toan edge-based model by left-fa
toring the grammar.As a �nal note, it is important to realize that although this work wasdone with a parser whi
h had a

ess only to the tags in the senten
e andusing a grammar indu
ed dire
tly from the Penn Treebank, it should bepossible to apply the same te
hniques to best-�rst parsers using other typesof statisti
s, some of whi
h are mu
h more a

urate than the one used here.For example, Charniak's lexi
alized parser [4℄ uses word-based statisti
s inaddition to tag-based statisti
s, a
hieving a

ura
y levels in the mid 80%range. The methods used here to speed up the tag-based parser ought towork for the lexi
alized parser as well, and more resear
h in this area seemswarranted.7 A
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