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Abstract

Stochastic uni cation-based grammars
(SUBGSs)de ne exponentialdistributions
overtheparsegeneratedy auni cation-

based grammar (UBG). Existing algo-

rithms for parsingandestimationrequire
the enumeratiorof all of the parsesof a

stringin orderto determinghemostlik ely

one, or in order to calculatethe statis-
tics neededto estimatea grammarfrom

a training corpus. This paperdescribesa

graph-basedlynamicprogrammingalgo-

rithm for calculatingthesestatisticsfrom

the pacled UBG parserepresentationsf

Maxwell and Kaplan (1995) which does
not requireenumeratingall parses.Like

mary graphicalalgorithms,the dynamic
programmingalgorithms compleity is

worst-casexponential,but is often poly-

nomial. The key obseration is that by

usingMaxwell andKaplanpacled repre-
sentationsthe requiredstatisticscan be

rewritten aseitherthe maxor the sum of

a productof functions. This is exactly

the kind of problemwhich canbe solved

by dynamicprogrammingover graphical
models.
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1 Intr oduction

StochasticUni cation-Based Grammars(SUBGS)
uselog-linearmodels(alsoknovn asexponentialor

MaxEntmodelsandMarkov RandomFields)to de-

ne probabilitydistributionsovertheparse®f auni-

cation grammar Thesegrammarsanincorporate
virtually all kinds of linguistically importantcon-

straints (including non-local and non-contgt-free

constraints),and are equippedwith a statistically
soundframework for estimationandlearning.

Abney (1997 pointed out that the non-contgt-
free dependenciesf a uni cation grammarrequire
stochasticmodels more general than Probabilis-
tic Contet-Free Grammars(PCFGs)and Markov
BranchingProcessesand proposedhe useof log-
linear modelsfor de ning probability distributions
over the parsesof a unication grammar Un-
fortunately the maximumlik elihood estimatorAb-
ney proposedor SUBGsseemsomputationallyin-
tractablesinceit requiresstatisticsthat dependon
the setof all parsesof all stringsgeneratedy the
grammar This setis in nite (soexhaustve enumer
ationis impossiblelandpresumabljhasavery com-
plex structure(so samplingestimatesnight take an
extremelylong time to corverge).

Johnsoretal. (1999 obsered that parsingand
relatedtasksonly require conditional distributions
over parsegyiven strings,andthat suchconditional
distributionsareconsiderablyeasielto estimatehan
joint distributions of stringsand their parses. The
conditionalmaximumlik elihoodestimatomproposed
by Johnsoret al. requiresstatisticsthat dependon
thesetof all parseof thestringsin thetrainingcor



pus. For mostlinguistically realisticgrammarghis
setis nite, andfor moderatesizedgrammarsand
training corporathis estimationprocedureis quite
feasible.

However, our recentexperimentsnvolve training
from the Wall StreetJournalPennTree-bank,and
repeatedlyenumeratinghe parseof its 50,000sen-
tencesis quite time-consuming. Mattersare only
madeworse becauseve have moved someof the
constraintsn thegrammarfrom theuni cation com-
ponentto the stochasticomponent.This broadens
the coverageof the grammay but at the expenseof
massiely expandingthe numberof possibleparses
of eachsentence.

In the mid-1990suni cation-basedparserswere
developedthatdonotenumeratall parse®f astring
but insteadmanipulateand return a “packed” rep-
resentationof the set of parses. This paperde-
scribeshow to nd the most probableparseand
the statisticsrequiredfor estimatinga SUBG from
the pacled parseset representationproposedby
Maxwell lll andKaplan(1995. This makesit pos-
sible to avoid explicitly enumeratinghe parsesof
thestringsin thetrainingcorpus.

The methods proposedhere are analoguesof
the well-known dynamic programmingalgorithms
for ProbabilisticContet-FreeGrammargPCFGs);
speci cally the Viterbi algorithm for nding the
most probable parseof a string, and the Inside-
Outsidealgorithmfor estimatinga PCFGfrom un-
parsedrainingdatal In fact, becausévlaxwell and
Kaplanpacled representationarejust Truth Main-
tenanceSystem(TMS) representationdorbus and
deKleer, 1993),the statisticaltechniquesiescribed
hereshouldextendto non-linguisticapplicationsof
TMSsaswell.

Dynamic programming
been applied to log-linear models before.
Lafferty etal. (200) mention that dynamic
programmingcan be usedto computethe statistics
required for conditional estimation of log-linear
models based on contet-free grammars where
the propertiescan include arbitrary functions of
the input string. Miyao andTsuijii (2002 (which

techniques have

'However, becausewe use conditional estimation, also
known asdiscriminatie training, we requireat leastsomedis-
criminating information aboutthe correctparseof a stringin
orderto estimatea stochastiani cation grammar

appearedfterthis papemwasacceptedis theclosest
relatedwork we know of. They describeatechnique
for calculatingthe statisticsrequiredto estimatea
log-linear parsingmodel with non-localproperties
from pacledfeatureforests.

The rest of this paperis structuredas follows.
The next section describesuni cation grammars
and Maxwell and Kaplan pacled representation.
The following sectionreviews stochasticuni ca-
tion grammars(Abney, 1997) and the statistical
guantitiesrequiredfor efciently estimatingsuch
grammardrom parsedrainingdata(Johnsoretal.,
1999). The nal substantie sectionof this paper
shavs how thesequantitiescanbe de ned directly
in termsof the Maxwell andKaplanpacled repre-
sentations.

Thenotationusedn this papetis asfollows. Vari-
ablesarewrittenin uppercasetalic, e.g.,.X ; Y, etc.,
the setsthey rangeover are written in script, e.g.,
X;Y, etc.,while speci c valuesarewrittenin lower
casdtalic, e.g.,x; Y, etc. In thecaseof vectorvalued
entities,subscriptsndicateparticularcomponents.

2 Maxwell and Kaplan packed
representations

This sectioncharacterisethe propertiesof uni ca-
tion grammarsandthe Maxwell andKaplanpacled
parserepresentatiorthatwill beimportantfor what
follows. This characterisatioromits mary details
aboutuni cation grammarsand the algorithm by
which the pacled representationare actually con-
structed;seeMaxwell 11l andKaplan(1995 for de-
tails.

A parsegeneratedy a uni cation grammaris a
nite subsebf asetF of featuresFeaturesireparse
fragments,e.g., chartedgesor arcsfrom attribute-
valuestructuresputof whichthepacledrepresenta-
tionsareconstructedFor this paperit doesnot mat-
ter exactly what featuresare, but they areintended
to bethe atomicentitiesmanipulatedoy a dynamic
programmingparsingalgorithm.A grammaide nes
aset of well-formedor grammaticaparsesEach
parse! 2 s associatedvith a string of words
Y (!) calledits yield. Note that exceptfor trivial
grammard- and arein nite.

Ifyis astringsthenlet (yy=f2 jy()=
ygandF(y) = 1, (yff 2 !9 Thatis, (y)is



the setof parsef astringy andF (y) is the setof
featuresappearingn the parsesof y. In the gram-
marsof interesthere ( y) andhencealsoF (y) are
nite.

Maxwell andKaplans pacledrepresentationsf-
ten provide a more compactrepresentatiorof the
setof parsesof a sentencghanwould be obtained
by merelylisting eachparseseparately The intu-
ition behindthesepacled representationis thatfor
moststringsy, mary of the featuresin F (y) occur
in mary of the parses( y). Thisis oftenthe case
in naturallanguagesincethe samesubstructurean
appeamlsacomponentf mary differentparses.

Pacled feature representationsare de ned in
termsof conditionson the valuesassignedo a vec-
tor of variablesX . Thesevariableshase no direct
linguistic interpretation; rather eachdifferent as-
signmeniof valuesto thesevariablesdenti es aset
of featureswhich constitutesone of the parsesin
the pacled representation.A conditiona on X is
a functionfrom X to f0; 1g. While for uniformity
we write conditionsasfunctionson the entirevec-
tor X, in practiceMaxwell and Kaplans approach
producesonditionswhosevaluedepend®nly ona
few of thevariablesin X, andthe efciency of the
algorithmsdescribedheredepend®n this.

A padkedrepresentatiorof a nite setof parsess
aquadrupleR = (F®X:N: ), where:

FO F(y)isa nite setof features,
X is a nite vectorof variables whereeach
variableX - rangesverthe nite setX-,

N is a nite setof conditionson X calledthe
no-goods and

is a functionthatmapseachfeaturef 2 F©
toacondition ; onX.

A vectorof valuesx satis eathe no-goodsN iff
N(x) = 1, whereN(x) = on  (X). Eachx
thatsatis estheno-goodsdenti es aparse! (x) =
ff 2 F§ ;(x) = 1g, i.e.,! is thesetof features
whoseconditionsaresatis edby x. We requirethat
eachparsebeidenti ed by auniquevaluesatisfying

’The name“no-good” comesfrom the TMS literature,and
wasusedby Maxwell andKaplan.However, herethe no-goods
actuallyidentify the goodvariableassignments.

theno-goods.Thatis, we requirethat:

8x;x%2 X if N(x) = N(x% = 1and
L(x) = ! (x9then x = x°

(1)

Finally, a pacled representatiorR representsthe
set of parses ( R) that are identi ed by values
that satisfythe no-goods,.e., ( R) = f! (x)jx 2
X;N(x) = 1g:

Maxwell lll andKaplan(1995 describesa pars-
ing algorithm for uni cation-basedgrammarsthat
takes asinput a stringy andreturnsa pacled rep-
resentatiorR suchthat ( R) = ( y), i.e.,R rep-
resentghe setof parseof the stringy. The SUBG
parsingand estimationalgorithmsdescribedn this
paperuseMaxwell andKaplan's parsingalgorithm
asasubroutine.

3 StochasticUni cation-Based Grammars

This sectionreviews the probabilistic framewvork
usedin SUBGs, and describesthe statisticsthat
must be calculatedin order to estimatethe pa-
rametersof a SUBG from parsedtraining data.
For a more detailed exposition and descriptions
of regularizationand other important details, see
Johnsoretal. (1999.

Theprobabilitydistribution over parsess de ned
in termsof a nite vectorg =
properties. A propertyis a real-\aluedfunction of
parses . Johnsoretal. (1999 placedno restric-
tionson whatfunctionscould be propertiespermit-
ting propertiesto encodearbitrary global informa-
tion abouta parse.However, the dynamicprogram-
mingalgorithmspresentedhererequiretheinforma-
tion encodedn propertieso belocalwith respecto
thefeaturesE usedin the pacled parserepresenta-
tion. Speci cally, we requirethat propertiesbe de-
ned onfeaturegatherthanparsesi.e.,eachfeature
f 2 F isassociatedith a nite vectorof realvalues

tionsfor parsesasfollows:

ok(f); fork=1:::m:
f2!

x(') = 2)

Thatis, the propertyvaluesof a parsearethe sum
of the propertyvaluesof its features. In the usual
casesomefeatureswill be associatedvith a single
property(i.e., gk (f ) is equalto 1 for aspeci c value



of k andO otherwise)andotherfeatureswill be as-
sociatedwith no propertiesatall (i.e.,g(f ) = 0).

This requirespropertiesbe very local with re-
spectto featureswhich meansthat we give up the
ability to de ne propertiesarbitrarily. Note how-
ever that we can still encodeessentiallyarbitrary
linguistic informationin propertiesby addingspe-
cialisedfeaturego theunderlyinguni cation gram-
mar For example,supposeve wanta propertythat
indicateswhetherthe parsecontainsa reducedela-
tive clausesheadedby a pastparticiple (such“gar-
den path” constructionsare grammaticalbut often
almostincomprehensibleandalternatve parsesot
includingsuchconstructionsvould probablybepre-
ferred). Underthe currentde nition of properties,
we canintroducesucha propertyby modifying the
underlyinguni cation grammaro producea certain
“diacritic” featurein aparsgustin caseheparseac-
tually containgheappropriataeducedelative con-
struction. Thus,while propertiesarerequiredto be
local relative to featureswe canusethe ability of
theunderlyinguni cation grammato encodeessen-
tially arbitrary non-localinformationin featuresto
introducepropertiesthat also encodenon-localin-
formation.

A StochasticUni cation-Based Grammaris a
triple (U;g; ), whereU is a uni cation grammar
thatde nes a set of parsesasdescribedabove,

just describedand
non-ngatve real-\aluedparametersalledproperty
weights TheprobabilityP (! ) ofaparsel 2 is:

P() = WT(I) where:
W () = v 907 and
i=1
Z = w (19
10

Intuitively, if g; (! ) isthenumberof timesthatprop-
ertyj occursin! then ; isthe weight' or "cost' of
eachoccurrenceof propertyj andZ is anormal-
ising constanthatensureghatthe probability of all
parsesumsto 1.

Now we discusghe calculationof severalimpor
tant quantitiesfor SUBGs. In eachcasewe shav
thatthe quantitycanbe expressedasthe valuethat

maximisesa productof functionsor elseasthesum
of a productof functions, eachof which depends
on a smallsubsebf thevariablesX . Thesearethe
kindsof quantitiesfor which dynamicprogramming
graphicalmodelalgorithmshave beendeveloped.

3.1 The mostprobableparse

In parsingapplicationsit is importantto be ableto
extract the most probable(or MAP) parsel*(y) of
stringy with respecto a SUBG. This parseis:

argmaxW (1)
r2(y

rly) =

GivenapacledrepresentatioF ¢ X ;N ) for the
parses( y), let (y) bethex thatidenti es "(y).
SinceW (M (y)) > 0, it canbeshavn that:

o
R(y) argmaxN (x) 9 (! (x))
x2X i=1

21 (x) % ()
j
i=1

= argmaxN (x)
x2X

(x)gj (f)
= argmaxN (x P2 01
o ( )-_
j=1

(g (F)

i

j=1f2F 0

0 1

g ()
J

= argmaxN (x)
x2X

t (X)
Y m

= argmaxN (x) @
x2X f2F 0 j=1

x)  hs(x)

f2F 0

3)

= argmax

whereh 4 (x) = Q}“Zl S0 ((x) = 1and
h(x) = 1if ¢(x) = 0. Notethath (x) de-
pendonexactlythesamevariablesn X as ¢ does.
As (3) malkesclear nding R(y) involves maximis-
ing a productof functionswhereeachfunction de-
pendson a subsebf the variablesX . As explained
below, this is exactly the kind of maximisationthat
canbesolvedusinggraphicalmodeltechniques.

3.2 Conditional lik elihood

We now turn to the estimationof the property
weights from atrainingcorpusof parseddataD =

onewayto dothisisto nd the thatmaximisegshe



conditionallikelihood of the training corpusparses
giventheiryields. (Johnsoretal. actuallymaximise
conditionallikelihood regularizedwith a Gaussian
prior, but for simplicity we ignorethis here).If y; is

theyield of the parse! ;, the conditionallikelihood

of theparsegjiventheiryieldsis:

YW (1)
21 Z (Cyi)

where ( y) is thesetof parsewith yield y and:

Lo()

Z(S) = W (1):

12S
Thenthe maximumconditionallikelihood estimate
“of is"= argmax Lp( ).

Now calculatingW (! i) posesno computational
problems,but since ( y;) (the setof parsedor y;)
canbelarge, calculatingZ (( y;)) by enumerating
each! 2 ( y;j) canbecomputationallyexpensie.

However, thereis analternatve methodfor calcu-
latingZ (( yi)) thatdoesnotinvolve thisenumera-

Maxwell's parsingalgorithmreturnsa pacled fea-
turestructureR; thatrepresenttheparseofy;, i.e.,
(vi) = ( Rj). A dervationparallelto the onefor
(3) shawsthatforR = (F®X:N; ):

Y
Z((R) = (x)
x2X 2N f2F 0

h .t (x) (4)

(This derivationrelieson the isomorphisnbetween
parsesandvariableassignment@ (1)). It turnsout
that this type of sum can also be calculatedusing
graphicalmodeltechniques.

3.3 Conditional Expectations

In general,iteratve numerical proceduresare re-
quiredto nd the propertyweights thatmaximise
the conditionallikelihoodLp ( ). While thereare
a numberof differenttechniqueghat canbe used,
all of theef cient techniquesequirethe calculation
of conditionalexpectations€ [gkjyi] for eachprop-
erty g« andeachsentencey; in thetraining corpus,
where:

gt )P (' 1y)
12(y)

12 (W (1)
Z ((y)

E [gjy]

For example,the ConjugateGradientalgorithm,
which wasusedby Johnsoret al., requiresthe cal-
culationnot just of Lp( ) but alsoits derivatives
@Q.p ( )=@. It is straight-forvard to shaw:

X
@@;() = LeO™ g E v
k k=1

We have just describedthe calculationof Lp( ),
soif we cancalculateE [gkjyi] thenwe cancalcu-
latethepartialderivativesrequiredby the Conjugate
Gradientalgorithmaswell.

Again,letR = (F%X:N; ) beapacledrepre-
sentationsuchthat ( R) = ( y;). First, notethat
(2) impliesthat:

o (f) P(F! - 21 gjyi):
f2F 0

E [oyi] =

NotethatP(f! : f 2 ! gjyi) involvesthe sum of
weightsover all x 2 X subjectto the conditions
thatN(x) = 1and ;(x) = 1. ThusP(f! :f 2
I gjyi) canalsobe expressedn aform thatis easy
to evaluateusinggraphicaltechniques.

Z (CR)PU(! <1 2,0 diy)

= £ (X) (x) h .t o(x)
x2X 2N f 02 0

()

4 Graphical model calculations

In this sectionwe briey review graphicalmodel
algorithmsfor maximisingand summingproducts
of functionsof the kind presentedabore. It turns
out that the algorithmfor maximisationis a gener
alisation of the Viterbi algorithm for HMMs, and
the algorithmfor computingthe summationin (5)
is a generalisatiorof the forward-backvard algo-
rithm for HMMs (Smyth et al., 1997). Viewed
abstractly thesealgorithmssimplify theseexpres-
sionsby moving commonfactorsover the max or
sum operatorsrespectiely. Thesetechniguesare
now relatvely standard;the mostwell-knowvn ap-
proachinvolves junction trees(Pearl, 1988; Cow-
ell, 1999). We adoptthe approachapproachde-
scribedby GemanandKochanek2000, which is
a straightforvard generalizatiorof HMM dynamic
programmingwith minimal assumptionsand pro-
grammingoverhead. However, in principle ary of



the graphicalmodel computationalalgorithmscan
beused.

The quantities(3), (4) and(5) involve maximisa-
tion or summatiorover a productof functions,each
of which dependsnly on the valuesof a subsetof
the variablesX . Thereare dynamicprogramming
algorithmsfor calculatingall of theseguantities put
for reason®of spacewe only describean algorithm
for nding themaximumvalueof a productof func-
tions. Thesegraphalgorithmsare ratherinvolved.
It may be easierto follow if onereadsExamplel
beforeor in parallelwith thede nitions below.

To explainthealgorithmwe usethefollowing no-
tation. If x and x® are both vectorsof length m
thenx =; xCiff x andx° disagreeon at mosttheir

1) + 1;:::m. If f is a function whosedomain
is X, we saythatf dependsn the setof variables
d(f) = £X;j9x;x%2 X;x =; x8f (x) 6 f(x9a.
Thatis, X; 2 d(f ) iff changinghevalueof X; can
changehevalueof f .

Thealgorithmrelieson thefactthatthe variables

cedesX ,, etc.),andwhile the algorithmis correct
for ary variable ordering, its efciency may vary
dramaticallydependingntheorderingasdescribed
belov. Let H be ary setof functionswhosedo-
mainsare X . We partition H into disjoint subsets

pendon X; but do notdependon ary variablesor-
deredbeforeX;, andH .+, isthesubsebf H thatdo
notdependnary variablesatall (i.e.,they arecon-
stantsf® Thatis,Hj = fH 2 HjX; 2 d(H);8i <
j Xi 6d(H)gandH+; = fH 2 Hjd(H) = ;9.

As explainedin section3.1, thereis a setof func-
tionsA suchthatthequantitieswe needto calculate
have thegeneraform:

Mmax = mz?-(x A(x) (6)
X% p2A
R = argmax A(X): (7

M max is the maximumvalueof the productexpres-
sionwhile R is thevalueof thevariablesatwhichthe
maximumoccurs.Iln a SUBG parsingapplicationg

identi es the MAP parse.

3Strictly speakingthis doesnot necessarilyde ne a parti-
tion, assomeof thesubsetdd; maybeempty

Theprocedurelepend®ntwo sequencesf func-
tionsMj;i =
Informally, M; is the maximumvalue attainedby
the subsebf the functionsA thatdependon oneof

aboutthe valueof X; at which this maximumis at-
tained.

To simplify notationwe write thesefunctionsas
functionsof the entire setof variablesX , but usu-
ally dependon a muchsmallersetof variables.The
M; arereal valued,while eachV; rangesover X;.
Let M

respectrely on the basisof the variableseachA;
andM; dependon. The de nition of the M; and

Vi;i = 1;:::;n is asfollows:
Y
Mi(x) = max A(xY M (x9 (8)
XX o, M2M |
sit: x%=ix
Y Y
Vi(x) = argmax A(x9 M (x9
x%2X  A2A; M2M |
sit: x%=x

Mn+1 recevesaspecialde nition, sincethereis no

variableX n+1 .

0 10 1

@ AA @ MA (9)
A2A n+1 M 2M n+1

Mnp+1 =

Thede nition of M; in (8) maylook circular(since
M appearsn the right-handside), but in factit is
not. First, notethatM; dependwnly on variables
orderedafter X, soif Mj 2 M j thenj < i. More
speci cally,
1
[ d(A) [ [ d(M)A nfXig:
M2M |

0
@

A2A;

diM;) =

Thus we can compute the M; in the order
M i, wherek > i, whenM; is computed.

We claimthatM nax = Mp+1. (NotethatM 41
and M, areconstantssincethereare no variables
orderedafter X ,). To seethis, considerthetreeT
whosenodesarethe M, andwhich hasa directed
edgefrom M; to M; iff M; 2 M (i.e.,M; appears
in the right handside of the de nition (8) of Mj).
T hasauniqueroot M +1, sothereis a pathfrom



every Mj to M4 . Leti j iff thereis a path
from M; to Mj in thistree. Thena simpleinduction
shavs thatM; is a functionfrom d(M;) to a max-
im'Bationovereachof thevariablesX; wherei |
of 7 ja2a; A

Furtherit is straightforvardto shawv thatV; () =
R (thevalue® assigngo X;). By the sameargu-
mentsas above, d(V;) only containsvariablesor-
deredafter X, soV, = ®,. Thuswe canevaluate

assignmeng.

Examplel Let X = f Xgq; Xo; X3; X4, Xs;
Xg, X7g and setA = fa(Xq1;X3); b(X2; X4);
c(X3;X4;X5); d(X4;Xs); e(Xe;X7)g. We can
representhesharingofvariablesin A by meanofa
undirectedgraphGa , where thenodesof Gy arethe
variablesX andther is anedg in Gy connecting
X to Xj iff 9A 2 A sudthatbothX;; X; 2 d(A).
Ga is depictedbelow

Xa  Xg  Xg X
r ir I
X2 X4 X7

Starting with the variable X 1, we computeM {
andV;:

Mi(x3) = max a(Xz;X3)
X12X 1
Vi(x3) = argmaxa(xi;Xs)

X12X 1

We now proceedo thevariable X 5.

Ma(xa) = max b(x2;Xa)
X22X 2
Vo(X4) = argmaxb(xz;Xa)

X22X 2

SinceM 1 belongdo M 3, it appeasin thede nition
of M.

M3(X4;Xs) = max c(Xs;Xa; Xs)M1(X3)
X32X 3
V3(X4;X5) = argmaxc(xs; Xs; Xs)M1(X3)

X32X 3

Similarly, M 4 is de nedin termsof M, andM 3.

My(xs) = XTAT‘Z%d(X4:X5)M2(X4)M3(X4iX5)
Va4(xs5) = argmaxd(Xs;Xs)Ma(X4)M3(Xa; X5)

X42X 4

Notethat M5 is a constant,re ecting the fact that
in Gy thenodeX 5 is not connectedo any nodeor-
deredatfterit.

Ms = max Mgy(Xs)
X52X 5

Vs = argmaxM 4(Xs)
X52X 5

Theseconccomponents de nedin the sameway:

Meg(x7) = max e(Xe; X7)
X62X 6
Ve(x7) = argmaxe(Xg;X7)
X62X 6
M7 = max Mg(x
7 ,max 6(X7)
V7 = argmaxMg(x7)
X72X 7

Themaximunvaluefor the productM g = My« iS
de nedin termsof M5 and M +.

Mg = M5|V|7

Mmax =

ing assignmeng.

R7 =

R = Vs(R7)

Rs = Vs

Ra = V4(Rs)

R3 = V3(R4;Rs)
R2 = Va(R4)

R1 = Vi(R3)

We now brie y considerthe computationatom-
plexity of this process Clearly the numberof steps
requiredto computeeachM; is a polynomialof or-
derjd(M;)j + 1, sincewe needto enumeratall pos-
sible valuesfor the agumentvariablesd(M;) and
for eachof these,maximiseover the setX;. Fur
ther it is easyto shav thatin termsof thegraphGa ,
d(Mj) consistf thosevariablesX i;k > j reach-
ableby a pathstartingat X; andall of whosenodes
exceptthelastarevariablesthatprecedeX; .

Sincecomputationakffort is boundedabore by a
polynomialof orderjd(M;)j + 1, we seekavariable
orderingthatboundgshemaximumvalueof jd(M )j.
Unfortunately nding the orderingthat minimises
the maximumvalue of jd(M;)j is an NP-complete



problem.However, thereareseveralef cient heuris-
ticsthatarereputedn graphicalmodelscommunity
to producegoodyvisitationscheduleslt maybethat
they will performwell in the SUBG parsingapplica-
tionsaswell.

5 Conclusion

This papershaovs how to apply dynamicprogram-
ming methodsdevelopedfor graphicalmodelsto
SUBGsto nd the mostprobableparseandto ob-
tainthestatisticsneededor estimatiordirectlyfrom

Maxwell and Kaplan pacled parserepresentations.

i.e., without expandingtheseinto individual parses.
The algorithmrestson the obseration thatsolong
asfeaturesarelocal to the parsefragmentsusedin
thepacledrepresentationshestatisticsequiredfor
parsingand estimationare the kinds of quantities
thatdynamicprogrammingalgorithmsfor graphical
modelscanperform.SinceneitherMaxwell andKa-
plan's pacled parsingalgorithmnor the procedures
describecheredependn the detailsof the underly-
ing linguistic theory the approachshouldapply to
virtually ary kind of underlyinggrammar

Obviously, an empirical evaluation of the algo-
rithms describedhere would be extremely useful.
The algorithms describedhere are exact, but be-
causewe are working with uni cation grammars
and apparentlyarbitrary graphicalmodelswe can-
not polynomially boundtheir computationalcom-
plexity. However, it seemsreasonablgo expect
thatif thelinguistic dependencieis a sentenceyp-
ically factorizeinto largely non-interactingcliques
thenthe dynamicprogrammingmethodsmay offer
dramaticcomputationasasingscomparedo current
methodghatenumerateall possibleparses.

It might be interestingto comparethese dy-
namic programming algorithms with a standard
uni cation-basedparserusing a best- rst search
heuristic. (To our knowledgesuchan approachhas
not yet beenexplored,but it seemsstraightforvard:
the gure of merit could simply be the sum of the
weightsof thepropertieof eachpartialparsesfrag-
ments).Becauseuchparserprunethesearctspace
they cannotguaranteeorrectresults,unlike the al-
gorithms proposedhere. Sucha best- rst parser
mightbeaccuratevhenparsingwith atrainedgram-
mar, but its resultsmay be poor at the beginning

of parameteweightestimatiorwhenthe parameter
weightestimatesrethemselesinaccurate.

Finally, it would be extremelyinterestingto com-
pare these dynamic programming algorithms to
the onesdescribedoy Miyao andTsujii (2002. It
seemghat the Maxwell and Kaplan pacled repre-
sentatiommay permitmorecompactepresentations
thanthe disjunctive representationasedby Miyao
et al., but this doesnot imply that the algorithms
proposedhereare more ef cient. Furthertheoreti-
calandempiricalinvestigationis required.

References

Steven Abney. 1997. StochasticAttribute-ValueGrammars.
ComputationalLinguistics 23(4):597—-617.

RobertCowell. 1999. Introductionto inferencefor Bayesian
networks. In Michael Jordan,editor, Learningin Graphi-
cal Models pages9—-26.The MIT Press,Cambridge Mas-
sachusetts.

KennethD. ForbusandJohardeKleer. 1993. Buildingproblem
solves. TheMIT PressCambridgeMassachusetts.

StuartGemanandKevin Kochanek.2000. Dynamicprogram-
ming andthe representationf soft-decodableodes. Tech-
nical report, Division of Applied MathematicsBrown Uni-
versity,

Mark JohnsonStuartGeman,StephenCanon,Zhiyi Chi, and
StefanRiezler 1999. Estimatordor stochasti¢uni cation-
based’grammars. In The Proceedingof the 37th Annual
Confeenceof the Associationfor ComputationalLinguis-
tics, pagess35-541 SanFranciscoMorganKaufmann.

JohnLafferty, Andrew McCallum,andFernanddereira.2001.
ConditionalRandomFields: Probabilisticmodelsfor seg-
menting and labeling sequencedata. In Machine Learn-
ing: Proceeding®ftheEighteentHnternationalConfeence
(ICML 2001) Stanford California.

JohnT. Maxwell Il andRonaldM. Kaplan. 1995. A method
for disjunctive constraintsatisaction. In Mary Dalrymple,
Ronald M. Kaplan, JohnT. Maxwell 1ll, and Annie Zae-
nen,editors,Formal Issuesn Lexical-FunctionalGrammayr
number47in CSLI LectureNotesSerieschapterl4, pages
381-481CSLI Publications.

Yusule Miyao and Jun'ichi Tsujii. 2002. Maximum entrofy
estimationfor featureforests. In Proceedingsof Human
Languae Technolagy Confeence2002 March.

JudeaPearl. 1988. ProbabalisticReasoningn Intelligent Sys-
tems: Networksof PlausibleInference MorganKaufmann,
SanMateo,California.

PadhraicSmyth,David Heckerman,andMichaelJordan.1997.
Probabilistic IndependenceNetworks for Hidden Markov
Models. Neural Computation9(2):227—-269.



