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Abstract

A* PCFGparsingcandramaticallyreducethe
time requiredto find the exact Viterbi parse
by conseratively estimatingoutside Viterbi
probabilities. We discussvarious estimates
and give efficient algorithmsfor computing
them. On Penntreebanksentencespur most
detailedestimatereduceghe total numberof
edgesprocessedo lessthan 3% of that re-
quiredby exhaustve parsing,andevena sim-
pler estimatewhich can be pre-computedn
underaminutestill reduceshework by afac-
tor of 5. The algorithm extendsthe classic
A* graphsearctprocedurdo acertainhyper
graphassociatedvith parsing. Unlike best-
first and finite-beammethodsfor achieving
thiskind of speed-upthe A* parseiis guaran-
teedto returnthemostlik ely parsenotjustan
approximation.The algorithmis alsocorrect
for a wide rangeof parsercontrol stratgies
andmaintainsa worst-caseubictime bound.

1 Intr oduction

PCFG parsing algorithms with worst-casecubic-
time boundsarewell-known. However, whendeal-
ing with wide-corerage grammarsand long sen-
tencesgven cubicalgorithmscanbe far too expen-
sive in practice. Two primary methodsof acceler
ating parseselectionhave beenproposed. Roark
(2001) and Ratnaparkhi{1999) usea beam-search
stratey, in whichonly thebestn parsesretracked
at ary moment. Parsingtime is linear and canbe
madearbitrarilyfastby reducingn. Thisamountgo
agreedystratgy, and,like ary greedystratgy, the
actualViterbi parsecan be prunedfrom the beam
becausethoughglobally optimal, it is not locally
optimal at every parsestage. Chitrao and Grish-
man (1990), Caraballoand Charniak (1998), and
Charniaket al. (1998) describebest-firstparsing,
which is intendedfor a takular item-basedrame-
work. In best-firstparsing,one builds a figure-of-
merit (FOM) over parseritems, andusesthe FOM

to decidethe orderin whichagendatemsshouldbe

processedThis approachalsodramaticallyreduces
thework doneduring parsing.We discusshest-first
parsingfurtherin section3.1. Note thatit doesnot

guaranteghat the first parsereturnedis the actual

Viterbi parse(nor doesit presere the worst-case
cubictime bound).

Both of thesespeed-ugechniquesare basedon
greedymodelsof parseractions. The beamsearch
makes greedy selectionsat each parse step, and
a best-firstFOM greedily comparesparseitems.
However, if we view parsingas best-pathfinding
in a certain hypegraph, then the natural way to
avoid processinghad edgess to considerboth the
distancefrom the start point (the sentence}o an
edge(the Viterbi insidescoreof thatedge)andthe
distanceremainingto the goal (the Viterbi outside
scoreof that edge). We proposean A* algorithm
(Russelland Norvig, 1995), which relies on com-
bining a known bestinside scoreof anedgewith a
conserative estimateof the outsidescore.

The A* formulationprovidestwo benefits.First,
it substantiallyreduceghework requiredto parsea
sentenceyithoutsacrificingeithertheoptimality of
the answeror the worst-casecubictime boundson
the parser In section3 we describethe estimates
that we use, along with algorithmsto efficiently
calculatethem, andillustrate their effectivenessin
parsingsentencefrom the PennTreebank Second,
it allows usto easily prove the correctnes®of our
algorithm,over a broadrangeof control stratgies,
rule encodingsandinputlattices.

2 An A* Algorithm

The parseris an agenda-baseparser andoperates
on edges suchasnNp:[0,2], which represent cate-
gory overaspan.lt maintaingwo datastructuresa
chart,or table,whichrecordsedgedor which (best)
parseshave alreadybeenfound, and an agendeof
newly-formed edgeswaiting to be processed.The



Figurel: A* edgecosts. The costof anedgeis a com-
binationof the costto build the edge(the Viterbi inside
score)andthe costto incorporatst into aroot parse(the
outsideViterbi score).We will construcexactvaluesfor

theinsidescoresandupperboundsontheoutsidescores.

coreloop, asin ary agenda-basedhular parseyin-
volvesremaving anedgefrom theagendaandcom-
bining thatedgewith otheredgedo potentiallycre-
atenew edges.For example,NP:[0,2] might bere-
moved from the agendaand,if vpr:[2,8] is already
in the table, the edges:[0,8] will be formed, and
addedto the agenddf it is notin the chartalready
Pseudocodes shavn in figure 10.

The way in which this algorithm differs from a
classicchartparseris that, asin best-firstparsing,
agendaitems are processedccordingto an edge
priority. In best-firstparsingthis priority is calleda
figure-of-merit(FOM), andis basedon variousap-
proximationsto the (conditional)inside probability
P(els), which is the fraction of parsesof s which
includee. Edgeswhich arein few parsesof s are
left to wait on the agendaindefinitely For pars-
ing, thisfigureis heuristic;evenif we know P(els)
exactly, we do not know whethere occursin ary
bestparseof s. Nonethelessa good FOM leads
quickly to good parsesbhecausenf the strongcor
relationbetweensummednside scoresand Viterbi
insidescores Best-firstparsingaimsto find agood
parsequickly, but gives no guaranteghat the first
parsediscoreredis the Viterbi parse hor doesit al-
low oneto verify a Viterbi parsewithout exhaustve
parsing.

In A* parsing, we wish to constructpriorities
which will speedup parsing but still guarante¢hat
thefirst parsereturneds indeeda bestparse.With
a categyorical CFG run to exhaustion,it doesnot
matterin what order one removes edgesfrom the
agendaall edgesnvolvedin full parsesof the sen-
tencewill beconstructeétsomepoint. With PCFG
parsing,thereis a subtletyinvolved. We want to

scoreedgeswith best-parsescoreestimatesas we

go. If, during parsing,we find a betterway to con-

struct someedgee that hasalreadybeenentered
into the chart, we have alsofound a betterway to

constructall edgeswhich werebuilt from e. Best-
first parsersandealwith this by having anupward

propagatiorstepwhich updatessuchedges’scores
(Caraballoand Charniak,1998). If run to exhaus-
tion, all edges’Viterbi scoreswill be correct, but

thepropagatiordestrgs thecubictime boundof the

parser

In orderto ensurecorrectnesdt is sufiicient that
all edgesf which are containedin a bestparseof
anedgee getprocessedbeforee itself. If we have a
priority over edgeswvhich ensureghis property we
canavoid upwardpropagatiorandbe surethateach
edgedeavestheagendavith its correctViterbi score.
If thegrammatis in CNF, thenletting shorterspans
have higher priority thanlonger onesworks; this
priority essentiallygivesthe CKY algorithm. But
oneneedmon-trivial modificationgo handlegram-
marswith unary n-ary, andemptyproductionsand
cannotincorporatenon-bottom-ugontrol.

If we usethe currentbestknown Viterbi scoreof
anedgeasthatedges priority, we shawv in Klein and
Manning(2001a)thatthe algorithmis correctover
arbitraryPCFGsandawide rangeof controlstrate-
gies.Thisis provedusinganextensionof Dijkstra’s
algorithm to a certainkind of hypegraph associ-
atedwith parsing,shavn in figure 1(b). We do not
presenthefull detailshere,but the correspondence
shouldbe clearenough: parseredgesare nodesin
thehypegraph,hyperarcdake setsof edgedo their
resultedge,andpathsmapto parses.Reachability
from start correspond$o parseabilityandshortest
pathsto Viterbi parses.

The graphshawn is a parseof the goal s:[0,3]
whichincludesNp:[0,2]. This path,or parsecanbe
split into aninsideportion (solid lines) andoutside
portion (dashedines), as indicatedin figure 1(a).
The algorithm correspondgo a generalizationof
uniform cost search(Russelland Norvig, 1995)
with thebackwardcostg (thecostof thesolid path)
beingtheinside Viterbi scoreof anedge.Usingan
analogougyeneralizatiorof A* searchwe canalso
useestimates of theforwardcosta (thecostof the
dashedpath)to focusexplorationon regionsof the
graphwhich appeaito have goodtotal cost.

A* is correctaslong asa is satisfiestwo con-
ditions. First, it mustbe admissible meaningthat
it mustnot overestimatehe actualcostto the goal.



Estimate SX SXL SXLR TRUE
Summary (1,6,NP) (1,6,NRVBZ) (1,6,NRVBZ,"” (entirecontext)
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Score -11.3 -13.9 -15.1 -18.1
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Figure2: Bestoutsideparsegyivenrichersummarie®f edgecontet. (a— sx) Knowing only the edgestate(NP) and
theleft andright outsidespans(b — sxL) alsoknowing theleft tag, (c — SXLR) knowing theleft andright tags,and(d

— TRUE) knowing theentireoutsidecontext.

Secondjt mustbe monotonic,meaningthatasone
exploresapathto thegoal,thecombinedcosts + a
doesnotdecrease.

For parsing,this meanswve canaddary admissi-
ble, monotonicestimates of « to our currentesti-
mateb of 5. We will still have a correctalgorithm,
andevenroughheuristicscandramaticallycutdown
the numberof edgesprocessedand thereforethe
total work involved in parsing. We presentser-
eral estimatesdescribehow to pre-computethem
efficiently, and shawv the edgesasings when pars-
ing PenntreebankWSJsentencesWe also sketch
proofsof correctnes$or A* parsing.

3 A* Estimatesfor Parsing

Whenparsingeachedgee spanssomepart|i, j] of
the sentence.lts yield is the terminalsin the sen-
tenceit spans. Its contet is the rest of the sen-
tence. We called the spans|0, 7] and [j, n] of the
contet the left andright span,respectiely, or the
split outsidespanasa pair. Their sumis the com-
binedoutsidespan.For concretenessl scoreswill
be log-probabilities,and lower costis higherlog-
probability To avoid confusion, > or ‘better’ will
meanhigherprobability

Onewayto constructanadmissibleestimateas to
summarizehe contet in someway, andto find the
scoreof the bestparseof ary contet that fits that
summary If we give no informationin the sum-
mary, the estimatewill be 0. This is the trival es-
timate NULL, and correspondgo simply usingin-
side scoresaloneas priorities. On the otherhand,
theidealestimateor a is «, thetrueoutsideViterbi
scoreof thatexact contet, which we call TRUE. It
would be impracticalto precomputerrRUE in prac-
tice, but we canstill find its valuefor ary givencon-
text by exhaustve parsing. It is worth noting that

ouridealestimates not P(e|s) like theideal FOM,

ratherit is P(T, )/ P(T.) whereT, . is abestparse
of the goal ¢ amongthosewhich containe, and T,

is abestparseof e overtheyield of e.

We usedvarioussummariessomeillustratedin
figure 2. s; consistsof only the combinedoutside
span,while s is the split outsidespan. sx alsoin-
cludese’s label. sxL and sxr addthe tagsadja-
centto e on the left andright respecirely. s;XLR
includesboth the left and right tags, but usesthe
combinedoutsidespan. This was done solely to
reducememoryusage;jt is no quicker to calculate
with combinedoutsidespanthansplit outsidespan,
but morecompacto store.

As the summariesbecomericher, the estimates
becomesharper As anexample,consideran NP in
thecontext “vBz NP, PRP VBZ DT NN .” shavniin
figure2.! Thesummarysx tellsusonly thatthereis
anNP with 6 wordsto theleft and1 to theright, and
givesanestimateof —11.3. Thisscoreis bacled by
the concreteparseshowvn in figure 2(a). Now, this
is a bestparseof a context compatiblewith what
little we specified,but very optimistic. It assumes
very commontagsin very commonpatterns. sxL
addsthat the tag to the left is vBz, andthe hope
thatthe NP is part of a sentence-initiabPP mustbe
abandonedthe bestscoredropsto —13.9, bacled
by the parsein figure 2(b). Specifyingtheright tag
tobe®,” dropsthe scorefurtherto —15.1, givenby
figure2(c). Theactualbestparses figure 2(d), with
ascoreof —18.1.

All of the summariesiescribedabore usesome-
whatlocal information, combinedwith spans.F is
alesslocal estimate.It tracks,for eachstate,what

our examples,and our experiments,used deleicalized
sentencefrom the Penntreebank.




Original Rules D-Trie Rules N-Trie Rules

NP —- DTJINN 0.3
NP — DTNNNN 0.1

NP — DT Xnp_ DT - 0.4
XNp— DT - — JINN 0.75
XNP—» DT. — NN NN 0.25

NP — DT Xj3nn 0.3
Xaann — JINN 1.0
XNN NN — NNNN 1.0

Figure3: A* estimatesorm alattice. Linesindicatesub-
sumption, U indicatesestimateswhich are the explicit
join of lower estimates.

tagsmustoccurto the left (andin what sequence)
in orderfor thatstateto bereached For example,a
statelabeleds — IN NP - cannotoccurunlessthere
is actuallyan IN somavhereto the left, and possi-
bly the IN must be at leastone terminal away (if
thereareno emptiesin thegrammar).The estimate
basedon F returns—oo if the requiredtagsdo not
exist, and 0 otherwise. Unlike the otherestimates,
it eitherrulesan edgeout entirely or saysnothing
aboutit. A standarathartparsemith top-davn con-
trol will renderF redundantoy never constructing
anedgeunlessthe requisitetagshave alreadybeen
found andaddedto the chart. It is only usefulfor
theseexperimentsbecausave usea true bottom-up
parsingschemeo separateut the A* effectsfrom
gainsgottenby selectve parsercontrol. Running
the otherestimatesalongwith top-davn controlis
quantitatvely and qualitatively similar to combin-
ing themwith F.

F canbe computedvery efficiently at parse-time
for eachleft spanandedgelabel, the restare pre-
computedand require constantaccesgime to re-
trieve. Section3.2discussethe precomutationime
vs. benefittrade-ofs involved.

Theseestimatedorm a join lattice, illustratedin
figure 3; addingcontect informationsubdvidesthe
partitionsand canonly sharperthe individual out-
sideestimates.In this sensefor examples < sx.
Thelatticetop is TRUE andthe bottomis NULL. In
addition, the maximumof a setof admissibleesti-
mateds still anadmissibleestimate We canusethis
to combineour basicestimatesnto compositeesti-
mates:SXMLR = LI (SXL, sXR) will bevaild, anda
betterestimatehaneithersxL or sxr individually.
Similarly, B isLJ (SXMLR, S;XLR).

Figure4: Two trie encodingf rules.
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Figure5: Fractionof edgessaved by usingvariouses-
timate methods,for two rule encodings. D-TRIE is a
deterministicright-branchingrie encodingwith weights
pushedeft. N-TRIE is anon-deterministi¢eft-branching
trie with weightson rule entry asin (Charniaket al.,
1998).

3.1 Parsing Performance

After (Charniaketal., 1998),we parseduinseersen-
tencesf length18—-26from the PennTreebankys-
ing thegrammarinducedfrom the remaindeiof the
treebankWe tried all estimateslescribedabore.

Rules were encodedas both deterministic(D)
andnon-deterministiqN) tries, shavn in figure 4.
Suchanencodingbinarizesthegrammarandcom-
pactsit. N-triesareasin (Charniaket al., 1998),
whereNP— DT JJ NN becomesNP — DT X3j3NN
andXjynn — 3 NN. D-tries,asin (Klein andMan-
ning, 2001b),turn NP— DT JJ NN into NP — DT
XNP—s DT . @ndXnp_s pT. — JINN. Figure5 shavs
the overall savings for several estimatesfor each
type. TheN-triesweresuperiorfor the coarselesti-
mateswhile D-triesweresuperiorfor thefiner esti-
mates.In addition,D-trieshave asimpler(andmore
effective) versionof F: Xnp_, pt. Clearlymusthave
a DT somavhereto the left, while X j3nn might be
compatiblewith ary contet, dependingon therest
of the grammar Additionally, with N-tries, only
the top-level rule hasprobability lessthan 1, while
for D-tries, one can back-weightprobability asin
(Mohri, 1997),alsoshavn in figure4, enablingsub-
partsof rarerulesto be penalizedeven beforethey
are completed. For all future results,we discuss
only the D-trie numbers.

Figure 8 lists the overall savings for eachesti-
mate,with andwithout the non-localr. Comparing
the A* estimatesyve seethatthe NULL estimateis
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Figure 6: Numberof sentenceparsedas more edges
areexpanded.SentencearePenntreebanksentencesf
length18-26parsedwith thetreebankgrammar A typi-
cal numberof edgesin an exhaustve parseis 150,000.
Even relatively simple A* estimatesallow substantial
savings.

not very effective — aloneit only blocks13% of the
edgeslt is still betterthanexhaustve parsing:with
it, one stopsparsingwhenthe bestparseis found,
while in exhaustve parsingone continuesuntil no
edgesemain. Sincein all caseswe stopwhenthe
combinedscoref(e) + a(e) > o, NULL canstill
exploit B(e). For eventhe simplestnon-trivial out-
sideestimates, already40%of theedgeave been
blocked, andthe bestestimatesr blocksover 97%
of the edges,a speed-upof over 35 times without
sacrificingoptimality or algorithmiccompleity.

For comparisorto previous FOM work, figure 6
shaws, for an edgecountandan estimate the pro-
portion of sentencedor which a first parsewas
found using at most that mary edges. To situate
ourresults the FOMsusedby (CaraballeandChar
niak, 1998)requirelOK edgedo parse96%of these
sentencesyhile BF requiresonly 6K edgesOnthe
otherhand thetunedmorecomple«c FOMin (Char
niak et al., 1998)is ableto parseall of thesesen-
tenceausingaround2K edgeswhile BF requires/K
edges.In short,our estimatesio not reducethe to-
tal edgecountquitesofar asthebestFOMscan,but
arein the samerange. Crucially, however, our first
parsesare always optimal, while the FOM parses
neednot be and are not? Also, our parsernever
needsto propagatescorechangesupwards,andso
may be expectedto do lesswork overall per edge,
all elsebeingequal.

In is interestingthat SXL is so muchmoreeffec-

2In fact, the bias from the FOM commonly raisesthe
braclet accurag slightly over the Viterbi parseshut that dif-
ferenceneverthelessdlemonstratethat the first parsesare not
alwaysthe Viterbi ones.

tive thansxRr; this is primarily becausef the way
thatthe rules have beenencoded.If we factorthe
rulesin the otherdirection,we getthe oppositeef-
fect. Also, whencombinedwith F, thedifferencein
their performancealropsfrom 10.3%to 0.8%;F is a
left-filter andis partially redundantwvhenaddedto
sXL, but orthogonako sxR.

3.2 Estimate Computation

The amountof work requiredto calculateA* esti-
matesdependson how easyit is to efficiently take
the max over all parsescompatiblewith eachcon-
text summary The benefitprovided by an estimate
will depenconhow well therestrictiongn thatsum-
mary nail down the importantfeaturesof the full
context. We do not claim that the estimatesabove
arethe bestpossibleat the latter — one could eas-
ily imaginefeaturesof the context, suchasnumber
of verbsto theright or numberof unsualtagsin the
context, whichwould partitionthecontexts moreef-
fectively thanadjacentags.

To calculatetheseA* estimatesefficiently, we
used a memoizationapproachrather than a dy-
namic programmingapproach. This resultedin
codewhichwassimplerto reasorabout,and,more
importantly allowed us to exploit sparsenesahen
present. Thereare two kinds of sparsenessThe
first is requestsparesenessnot all contet signa-
tureswill be asled aboutwhen parsing. For ex-
ample with right-factoredtrie encodings,76% of
(state Jeft tag) combinationsresimply impossible.
The secondis hierarchicalsparsity For example,
86% of the estimatevaluesin the sxL tableswere
within a log-scoreof +0.1 of the valuesof the sx
entrieswhich subsumedhem.This couldhave been
exploited usinga back-of methodover the lattice,
where the most specific entry which was present
wasused. However, theincreasan spacerequired
by the hashtablesegatedtheutility of this back-of
for our particularestimatefamily. For spacerea-
sons,examplecodeis only providedin figure 7 for
thesx estimatejn thecasewherethegrammaiisin
CNEF, but the othercasesaresimilar. Tableswhich
mappedargumentsto returnedresultswereusedto
memoizeeachprocedure.In our experiments,we
forcedthesetablesto befilled in a precomputation
step,but dependingon the situationit might be ad-
vantageougo allow themto fill as needed,with
earlyparseproceedinglowly while thetablespop-
ulate.

Theoptimalforwardestimatetheactualdistance
to the closestgoal, would meanthat we never ex-



outsideSX(state)span, rspan)
if (Ispan+rspam=0)
if stateis thetopthenO else—oo
score= —oo
% couldhave aleft sibling
for sibsizein [0,Ispan-1]
for (x—y state)in grammar
cost=insideSX(ysibsize)+
outsideSX(x,Ispan-sibsize,rspan)
score= max(score,cost)
% couldhave aright sibling
for sibsizein [0,rspan-1]
for (x—statey) in grammar
cost=insideSX(ysibsize)+
outsideSX(x,Ispan,rspan-sibsize)
score= max(score,cost)
returnscore;

insideSX(state,span)

if (span==0)

if stateis aterminalthen0 else—oc
score= —oo
% choosea split point
for splitin [1,span-1]

for (state-x y) in grammar

cost= insideSX(x,split)+insideSX(gpan-split)

returnscore;

Figure 7: Pseudocoddor the sx estimatein the case
wherethegrammaiis in CNF. Otherestimatesandgram-
marsaresimilar.

Estimate| Savings | w/ Filter | Storage| Precomp
S 40.5 77.8 5K 1 min
SX 80.3 95.3 10M 1 min

SXR 83.5 96.1 500M 30min

SIXLR 93.5 96.5 1G 480min
SXL 93.8 96.9 500M 30min

SXMLR 94.3 97.1 1G 60 min
B 94.6 97.3 2G 540min

Figure8: Thetrade-of betweeronline savingsandpre-
computatiortime.

pandedgesotherthanthosein a bestparse but its
computationwould require parsingthe rest of the
sentence. On the other hand, no precomputation
is neededfor NULL. In betweenis a tradeof of
space/timeequirement$or precomputatiomndthe

onlinesavingsduringthe parsingof new sentences.

Figure 8 shavs the averagesavings versusthe
precomputatiortime® Where on this curve one
chooseso bedepend®nmary factors;9 hoursmay
betoo muchto spendcomputings, but anhourfor
SXMLR givesnearlythe sameperformanceandthe

3All timesarefor aJavaimplementatiorunningon a2GB
700MHzIntel machine.

oneminuterequiredfor sx is comparabldo the /O
time taken to simply readthe Penntreebankin our
system.

3.3 Estimate Effectiveness

A disadwantageof admissibleestimatess that,nec-
essarilythey areoverly optimisticasto thecontents
of the outsidecontext. The larger the outsidecon-
text, thefartherthegapbetweerthetruecostandthe
estimate. Figure9 shavs averageoutsideestimates
for Viterbi edgesasspansizeincreases.For small
outsidespansall estimatesarefairly goodapproxi-
mationsof TRUE. Asthespanincreasesheapprox-
imationsfall behind. Beyond the smallestoutside
spansall of thecurvesareapproximatehfinear, but
the actualvalues slopeis roughly twice that of the
estimates.The gapbetweernour empiricalmethods
andthe true costgrows fairly steadily but the dif-
ferencesdetweertheempiricalmethodghemseles
stayrelatvely constant. This reflectsthe natureof
theseestimates:they have differing local informa-
tion in their summariesbut all areequallyignorant
aboutthe moredistantcontet elements.The vari-
ouslocalenvironmentscanbemoreor lesscostlyto
integrateinto a parse,but, within a few words,the
localrestrictionshave beenincorporatedneway or
anotherandthe estimatesreall free to be equally
optimistic aboutthe remainderof the parse. The
costto “packageup” the local restrictionscreates
their contantdifferencesandthe sharedignorance
aboutthewider context causesheir same-slopdin-
eardrop-of.

4 Correctnessand Completeness

Thoughnotin termsof A* searchyve provein Klein
andManning(2001a)the correctnessf thenull es-
timatefor a rangeof grammarsencodingscontrol
stratgjies,andscanpolicies. All of thoseproofsgo
throughwith any monotonicadmissiblescorefunc-
tion addedto the edgepriorities. For spacereasons,
we omit generalproofsandassumeiottom-upcon-
trol andat-most-binargrammarrules.

First we needto know thatour estimatesaread-
missibleandmonotonic.Their admissibilityshould
be clear from their construction: the max over
all outsideparsesof all contexts compatiblewith
a given summaryincludesthe actual bestoutside
parseof the actualcontext. For monotonicity we
needthat if an edge f is containedin somebest
parseT, of someedgee, then S(e) + ale) <
B(f) + a(f). Thisis alsotrue for all of our es-
timates, sincethe max over all outside parsesin-
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volvedin calculatinga(f) includedall parseswith
the particularstructureoutsidef in Te.

For the following, we say an edgeis finished
whenit is enterednto thechart.

Claim: (Correctness)Vhenthealgorithmabore
terminatesevery finishededgeis correctlyscored.

Proof: First, we needto know that the inside
estimatesalwaysunderestimat¢he true bestscore:
b(e) < B(e). Leafedgesarecorrectlyscoredatini-
tialization. For all otheredges,let traversal¢) be
the traversalwhich eitherdiscorerede or last up-
datedits scoreby relaxation. Thenit is easyto see
that we cantake ary edgeat ary time andusethe
recordedtraversalvaluesto (recursvely) extract a
concreteparseof e with scoreb(e). Thatparseand
thereforee, canbescoredno betterthanabestparse
of e.

Therestof the proofis by contradictionLet e be
the first edgewhich is finishedwith b(e) # S(e).
By our first fact, it mustbethatb(e) < B(e), that
it is scoredtoo low. But considera bestparseT
of e. Theleavesof T have all beenfinished, be-
causee’s discorery meansthat someparseT” of e
hashadall of its non-rootnodesfinished,and all
parsef e sharethe sameleaves. Therefore there
mustbeatleastonenodem in T' (possiblye) which
hasthe propertythatboth of its children f; and f,

have beenfinished, but m itself hasnot beenfin-
ished.But wheneer thelatterof f; and f, wasfin-
ished,m wasdiscorered(if it hadnot beenearlier)
andrelaxed with the traversalm — f; fy. Since
f1 and fy were finished before e, they were cor
rectly scoredattheir finishing. By first lemma,they
still are. Soit mustbe thatm is correctly scored,
sinceits scorein T, a bestparse,mustbe its true
bestscore. If m is unfinishedbut correctly scored
whene is removed from the agendait mustbethat
b(e) +a(e) > b(m)+ a(m). Weknow thatb(m) =
B(m) atthattime,sob(m)+a(m) = B(m)+a(m).
By themonotonicityassumptioron a, we alsohave
B(m) + a(m) > B(e) + a(e). Sinceb(e) < S(e),
we know B(e) + a(e) > b(e) + a(e), but thatis a
contradiction.

Claim (Completeness): When the algorithm
above terminatesthe goal hasbeenfinishedif it is
parsableMoreover, all edgesvhoseA* score +a
is lessthanthe scoreof abestparseof thegoalhave
beenfinished,and no edgeswhoseA* scoresare
morethanthebestparsescorehave beenfinished.

Proof: If thegoaledgey is parsablethenthereis
someconcretetreeT’ rootedat g. All of the leaves
arediscoveredduringinitialization. At termination,
theagendas empty If ¢ is notfinishedatthattime,
it mustbe that thereis somelowestnodem in T
whichis unfinishedput whosechildrenarefinished.
But the secondchild finishedwould have triggered
m’s discovery, andm musthave left theagendéor
the agendao be emptyat termination,a contradic-
tion. Moreover, edgesenterthe agendaonly once,
andtherearefinitely mary edgesso the algorithm
will terminate.

For the restof the claim, agendaoriorities at ex-
tractionareof theform B(e) + a(e). Sincea is ad-
missable the priority of g at extraction musthave
beens(g). Therefore,it suficesto shav thatthe
priorities of the sequenceof items extractedfrom
theagendas non-increasingBut thisfollows easily
from themonotonicityof a andargumentssimilarto
thoseabore.

Claim (Time and Space):If a lookupis constant
time, thealgorithmcanbemadeto runin amortized
time O(SCn?) andin spaceO(Sn?), where S is
the numberof non-terminals(states)in the gram-
mar, andC is maximumnumberof ruleswith ary
fixedright symbolonthe RHS.

We do not prove this; it is identicalto the proof
in Klein andManning (2001a). Theseboundswiill
not betrue of a best-firstparserbecausef the up-



parse(sentencegoal, estimate)
initialize(sentencegoal)
while theagendas non-empty
e = nextEdge(agendastimate)
finishEdgeé)

nextEdge(agendagestimate)
priority of e is scoreg)+estimateg)
returnthee in agendawith bestpriority

initialize(sentence goal)
createa new chartandnew agenda
for eachword w:[start,end]in thesentence
addw:[start,end}to theagenda

exploreTraversal(Traversalt)
e = resultf)
if notYetDiscoreredg)
adde to theagenda
relaxEdge¢, t)

relaxEdge(Edgee, Traversalt)
newScore= combineScores)
if (newScoreis betterthanscoreg))
scoreg) = scoref)
bestTaversale) = ¢

finishEdge(Edgee)
adde to thechart
for all adjacenedgesf in thechart
for all labelsz
lett = combineg, f)
if ¢ isvalid
exploreTraversalf)

Figure10: Pseudocodéor the A* parser

wardpercolation)and,if onewantsto ensureabest
parseis in a beamparsers’results,one musthave
an exponentiallywide beam(thoughof coursethat
would defeatthe point of the beamparser).

5 Conclusions

Wehave demonstratethatA* estimatesanbeused
to acceleratgarsingwork by ordersof magnitude,
without sacrificingeitherthe guarante¢hatthefirst
returnedparseis the Viterbi parseor theworst-case
asymptoticcomplity of the parser On average-
size Penntreebanksentenceghe parseris capable
of finding the Viterbi parsein avery few seconddy
processingessthan 3% of the edgeswhich would
be constructedy an exhaustve parser To do this,
we sketcheda view of parsingashypegraphanal-
ysis which naturally leadsto this A* formulation,
ratherthanto a modelwhich prunesat the parser
actionlevel (suchasfinite-beamor best-firstpars-
ing), andprovedthe correctnessf our algorithm.
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