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Abstract. Probabilistic nite-state stringtransducer¢FSTs)areextremelypop-
ular in naturallanguageprocessingdue to powerful genericmethodsfor ap-
plying, composing,and learningthem. Unfortunately FSTsare not a good t
for muchof the currentwork on probabilisticmodelingfor machinetranslation,
summarizationparaphrasinggndlanguagemodeling.Thesemethodperatedi-
rectly ontreesratherthanstrings.We shav thattreeacceptorandtreetransduc-
erssubsumemostof this work, andwe discussalgorithmsfor realizingthe same
bene tsfoundin probabilisticstringtransduction.

1 Strings

Many naturallanguageproblemshave beensuccessfullyattacled with ®nite-statema-
chines.lt hasbeenpossibleto breakdown very complex problems both conceptually
and literally, into cascade®f simpler probabilistic nite-state transducers (FSTSs).
Thesetransducersre bidirectional,and they can be trained on sampleinput/output
string data.By addinga probabilistic nite-state acceptor (FSAs)languagemodelto
oneendof the cascadewe canimplementprobabilisticnoisy-channelmodels? Fig-
ure 1 shows a cascadef FSAsandFSTsfor the problemof transliteratingnamesand
technicaltermsacrosdanguagesvith differentsoundsandwriting systemg1].

The®nite-stateframenork is popularbecausét offerspowerful, genericoperations
for statisticalreasoningandlearning.Therearestandardalgorithmsfor:

— intersection of FSAs

— forward application of stringsandFSAsthroughFSTs

— backward application of stringsandFSAsthroughFSTs

— compositionof FSTs

— k-best pathextraction

— supervisedndunsupervisedraining of FST transitionprobabilitiesfrom data

Evenbetter thesegenericoperationsarealreadyimplementedandpackagedn re-
searchsoftwaretoolkits suchasAT&T' s FSM toolkit [2], Xerox's ®nite-statecalculus
[3,4], vanNoord's FSA Utilities [5], the RWTH toolkit [6], andUSC/ISI's Carmel[7].

! In thenoisy-channelramework, we look for theoutputstringthatmaximizesP (output input),
whichis equialent(by BayesRule)to maximizingP(output) P(input output).The rst term
of the productis oftencapturedy aprobabilisticFSA, the secondermby a probabilisticFST
(or acascadef them).
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Fig. 1. A cascadef probabilistic nite-state machinegor English/Japanegeansliteratior{1]. At
thebottomis anoptically-scannedapaneskatakanatring. The nite-state machinesllow usto
computehemostprobableEnglishtranslation(in this case;'MastersTournament”py reasoning
abouthow wordsandphonemesiretransformedn thetransliteratiorprocess.



Indeed,Knight & Al-Onaizan[8] describehow to usegeneric®nite-statetools to
implementthe statisticalmachinetranslationmodelsof [9]. Their scheméds shown in
Figure 2, and[8] givesconstructiondor the transducersLik ewise, Kumar & Byrne
[10] dothisjob for the phrase-basetlanslationrmodelof [11].

FSA
Mary did not slapthe greenwitch
FST
Mary notslapslapslapthegreenwitch
FST
Mary notslapslapslapNULL the greenwitch
FST
Mary no di6é unabofetadaa la verde bruja
FST

Mary nodi6 unabofetadaa la bruja vede

Fig. 2. The statisticalmachinetranslationmodelof [9] implementedwith a cascadef standard
nite-state transducer$8]. In this model,an obsered Spanishsentences “decoded”backinto
Englishthroughseverallayersof word substitutionjnsertion,deletion,andpermutation.

2 Trees

Despitethe attractve computationapropertiesof ®nite-statetools, no oneis particu-
larly fond of their representationgdower for naturallanguage They arenot adequate
for long-distanceeorderingpf symbolsneededor machingranslationandthey cannot
implementthetrees graphsandvariablebindingsthathave provenusefulfor describ-
ing naturallanguageprocessesSo over the pastseveral years,researcherbave been
developingprobabilistictr ee-basednodelsfor

— machinedranslation(e.g.,[13,14,12,1516,17])
— summarizatior{e.g.,[18])
— paraphrasinge.g.,[19])
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Fig. 3. A syntax-basethachingranslationmodel[12].

— naturallanguagegeneratior(e.g.,[20,21,27)
— questiomnsweringe.g.,[23]), and
— languagamodeling(e.qg.,[24])

An exampleof suchatree-basedhodelis shavn in Figure3. Unlike in theprevious
®gures the probabilisticdecisionsherearesensitve to syntacticstructure.

We have found that most of the currentsyntax-basedNLP modelscanbe neatly
capturedy probabilistictr eeautomata. Roundg25] andThatche26] independently
introducedtop-davn tr eetransducers asa generalizatiorof FSTs.Roundswasmoti-
vatedby problemsn naturallanguage:

aRecendevelopmentsn the theoryof automatehave pointedto an extension

of the domainof de®nitionof automatgrom stringsto trees... partsof math-
ematicallinguisticscanbeformalizedeasilyin atree-automatosetting... We

investigatedecisionproblemsand closureproperties... resultsshouldclarify

thenatureof syntax-directedranslationandtransformationajrammar$[25]

Top-davntreetransducerf25,26] areoftencalledR-transducers. (R standgor @Root-

to-frontier®).An R-transducewalksdown aninputtree,transformingt andprocessing
branchesndependentlyin parallel.It consistsof a setof simple transformatiorpro-

ductions (or rules) lik e this:

gA B
x0 x1 X2 D rxi

N\

gxl r x0



This productionmeans:

Whenin stateq, facing an input tree with root symbolA and three children
about which we know nothing, replaceit with a subteerootedat B with two
children,theleft child beinga D with two children of its own. To computeD's
children, recusively processA's middle child (with stateq) and A's left child
(with stater). To computeB'sright child, recuisivelyprocessA's middlechild
(with stater).

Here,2recursiely® meando take the subtreerootedat A's child andlook for produc-
tionsthatmightin turn matchit. R productionsarelimited to left-handsidesthatmatch
only on <state symbol>pairs,while theright-handsidemay have ary height.Produc-
tionsareoftenwritten textually, e.g.:

qA(x0, x1,x2) B(D(gx1,rx0),rx1)

If probabilitiesareattachedo individual productionsthenthetreetransducebecomes
aprobabilistictreetransducer

Figure4 shaws a probabilisticR-transducebasedon a machinetranslationmodel
similarto [12]. This modelprobabilisticallyreorderssiblings(conditionedon the par
ent'sandsiblings' syntacticcateyories), insertsJapanesfinctionwords,andtranslates
Englishwordsinto Japaneseall in onetop-down pass.it de®nesa conditionalproba-
bility distribution P(J| E) over all EnglishandJapanes&eepairs.Figure5 shavs an
R-derivation from oneEnglishinputtree(with startstateq.s)to onepossibleJapanese
output.

Figure 6 shows the correspondinglerivation treg which is a recordof therules
usedin thederivationshovn in Figure4. Therearesereralthingsworth noting:

— Somerules(like Rule4) mayappeamultiple timesin thesamederivationtree.

— Both theinput and outputtreescanbe recoveredfrom the derivationtree,though
this takessomework.

— Thereareusuallymary derivationtreesconnectinghesamenputtree(in thiscase,
English) with the sameoutputtree (in this case Japanese),e., multiple ways of
agettingfrom hereto there?

Thefactthatwe canusetreetransducerso capturetree-basednodelsproposedn
the naturallanguagditeratureis signi®cant,becausextensve work goesinto eachof
thesemodels,for both training and decoding.Theseare one-of solutionsthat take a
long time to build, andthey aredif®cult to modify. By castingtranslationmodelsas
R-transducersiraehl& Knight[27] discusshow to addproductiondor linguistic phe-
nomenanot capturedwvell by previous syntax-basetranslatiormodels,ncludingnon-
constituenphrasetranslation)exicalizedreordering,andlong-distancevh-movement
(Figure7). Having genericjmplementedR operationsvould allow researchert focus
on modelingratherthancodingandspecializedalgorithmdevelopment.

The purposeof this paperis to explore whetherthe bene®tsof ®nite-statestring
automatacanbe enjoyed whenwe work with trees—i.e.whataretheimplicationsof
trying to reasorwith treemodelslik e Figure4, in transducecascadeBk e thoseshovn



/* translate */

1.9.sS(x0,x1)
2.9.sS(x0,x1)
3.09.npx

4.q.npx

5.9.npx

6. q.proPRO(x0)
7.9.nnNN(x0)
8.09.vpx

9.09.vpx

10.9.vpx
11.q.vbzx
12.q.vbzx
13.q.vbzx
14.q.sbarx
15.q.sbarx
16.q.sbarx
17.q.vbgVBG(x0)
18.q.ppPP(x0,x1)
19.q.pP(x0)
20.ghe
21.genjoys
22.qlistening
23.qto

24.qto

25.qg music
26.r.vp VP(x0,x1)
27.r.vp VP(x0,x1)
28.r.sharSBAR(x0, x1)
29.r.sbarSBAR(x0, x1)
30.r.npNP(x0)
31.r.npNP(x0)
32.r.npNP(x0)
33.r.vbzVBZ(x0)

/* insert */

34.i NP(x0)

35.i NP(x0)

36.i NP(x0)

37.i NP(x0)

38.i SBAR(X0, x1)
39.i VBZ(x0)

S(q.npx0, g.vpx1)
S(q.vpx1, g.npx0)
r.npx

NP(rnpXx, i Xx)

NP(i X, r.npx)
PRO(qx0)

NN(qg x0)

r.vp x

S(rvp X, i x)

S(ix, r.vpXx)

r.vbzx

VP(r.vbzx, i x)
VP(i X, r.vbzx)
r.sbarx
SBAR(r.sbarx, i X)
SBAR(i x, r.sbarx)
VP(VB(q x0))
NP(q.npx1, g.px0)
PN(gx0)

kare

daisuki

kiku

o}

ni

ongaku

S(q.vbzx0, q.npx1)
S(q.npx1, g.vbzx0)
S(q.vbgx0, g.ppx1)
S(q.ppx1, g.vbgx0)
g.prox0

g.nnx0

g.sbarx0

VB(q x0)

PN(wa)
PN(ga)
PN(o)
PN(ni)
PS(no)
PV(desu)

Fig. 4. A probabilistictreetransducer




q.sS rule 1 S rule 8 S rule 26 S rule 12
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| S | 7~ [ N | T
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he enjoys SBAR he enjoys SBAR he enjoys SBAR he SBAR enjoys
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| /N | /N | /N | /N
listening P NP listening P NP listening P NP listening P NP
| | | | [ | |
to music to music to music to music
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o~ — o~ — o~ — /\S
ther
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enjoys enjoys qenjoys desu daisuki desu states attached)

Fig. 5. An English(input) treebeingtransformednto a Japaneséoutput)treeby thetreetrans-
ducerin theprevious gure. Becauséhetransduceis non-deterministicinary otheroutputtrees
arealsopossible.
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Fig.6. A derivation tree, or recordof transducerulesusedto transforma particularinput tree
into a particularoutputtree.With carefulwork, theinputandoutputtreescanberecoreredfrom
thederiationtree.



(a) Non-local Re-Ordering (English/Arabic) (b) Non-constituent Phrasal Translation (English/Spanish)

S S
S N\
N\ N PRO™ VP ¥ PR NP
Nei ve ® I n
\ VP NP1 NP2 there VB NP VCh NN
VB NP2 PANVAN I dos hombres
AN are CD NN
tv&llo mén
(c) Lexicalized Re-Ordering (English/Chinese) (d) Long-distance Re-Ordering (English/Japanese)
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Fig. 7. Treetransducepperationgor capturingtranslationpatterns.

in Figuresl and2?We surwey theextensveliteratureontreeautomatdrom thefocused
viewpoint of large-scalestatisticaimodeling/training/decodinfpr naturallanguage.

In this paper we give mary examplesof treetransduceranddiscusstheir conse-
quencesbut we will not give formal mathematicatle®nitionsand proofs (e.g.,2
a treetransduceiis a 7-tuple 9). For readerswishing to dig further into the tree
automatditerature,we highly recommendhe excellentsuneys of Gécsg & Steinby
[28] andComonetal [29].

Becausdree-automatérainingis alreadydiscussedn [27,30, this paperconcen-
trateson intersection compositionforwardandbackwardapplication andsearh.

3 Intersection

In ®nite-statestringsystemsfFSAsrepresensetsof (weighted)strings,suchasEnglish
sentenced=SAscan captureonly regular languagegwhich we referto hereasregu-
lar string languages(RSLs)to distinguishthemfrom treelanguages)Otherwaysto
captureRSLsincluderegulargrammarsandregularexpressionsThetypical operation
on FSAsin anoisy-channetascadés the intersectiornof channel-producedandidate
stringswith an FSA languagemodel. It is very corvenientto usethe sameEnglish
languagemodelacrosdifferentapplicationghatneedto mapinputinto English(e.g.,
translation).

Whenworkingwith trees ananalogof theRSLis theregulartr eelanguage which
is a (possiblyin®nite) setof trees.A probabilisticRTL assignsa P(tree)to every tree.
An RTL is usuallyspeci®edby aregular treegrammar (RTG), anexampleof which
is shavn in Figure 8. Alternatively, thereexists an RTL recognitiondevice [31] that



= S,NP, VP, PR PRERDET, N,
V, run, the, of,
sons,daughters

N = gnp,qpp,qdet,gn, qprep

S=q
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Fig. 8. A sampleprobabilisticregulartreegrammanRTG). This RTG accepts/generatesin -
nite numberof treeswhoseprobabilitiessumto one.



crawls overaninput, R-style,to accepbor rejectit. Thisdeviceis theanalogof anFSA.
In contrastwith FSAs, non-deterministidcop-davn RTL recognizersare strictly more
powerful thandeterministicones.

String World Tree World

Fig. 9. String languageclassesand tree languageclassesTheseclassednclude regular string
languagegRSL), regulartreelanguagegRTL), contet-free (string) languagegCFL), context-
freetreelanguage¢CFTL), andindexed (string) languages.

A A :
T
o, A A R
AWA a a a a
bbb b AAAA
bbbbbbbb

Fig. 10. A treelanguagehatis notaregulartreelanguagegRTL).

Thereexistsa standarchierarchyof treelanguageclassessummarizedn Figure9.
Somesetsof treesare not RTL. An exampleis shavn in Figure 10—left and right
subtreesare alwaysof equaldepth,but thereis no way to guaranteehis for arbitrary
depth,asaregulartreegrammamustproducethe subtreesndependently

The connectionbetweenstring and tree languagegFigure 9) was obsered by
Roundg[25]—if we collectthe leaf sequencegyields) of thetreesin anRTL, we are
guaranteedo geta string setthatis a context-freelanguage(CFL). Moreover, every
CFL is the yield languageof someRTL, andthe derivation treesof a CFG form an

RTL. However, an RTL might not be the setof derivationtreesfrom any CFG (unless
re-labelingis done).



The treelanguagein Figure 10 is not RTL, but it is a contet-free tree language
(CFTL). CFTGallows theleft-handsideof a productionto have variables—theCFTG
for FigurelOis:

S b S N(S) N(x) a

/\

X X

Theyield languageof this non-RTL is {b }, whichis nota CFL. We do not

pursueCFTGfurther.
Strings Trees
RSL CFL RTL
(FSA, regexp) (PDA, CFG) (RTA, RTG)

closedunderunion YES ([32] p.59)
closedunderintersection||YES ([32] p. 59)
closedundercomplementYES ([32] p. 59)

YES([32] p. 131)
NO ([32] p. 134)
NO ([32] p. 135)

YES (28] p. 72)
YES ([28] p. 72)
YES ([28] p. 73)

membershigesting

O(n) ([32] p. 281)

O(n ) ([32] p. 140)

O(n) ([28] p. 110

emptinesslecidable

YES ([32] p. 64)

YES ([32] p. 137)

YES ([28] p. 110)

equalitydecidable

YES ([32] p. 64)

NO ([32] p. 203)

YES ([28] p. 110)

Fig. 11. Propertief stringandtreelanguageclasses.

How dothepropertieof treelanguagestackupagainsstringlanguages®igurell
summarizesThe goodnews is that RTLs have all of the good propertiesof RSLs.In
particular RTLs areclosedunderintersectionsothereexistsanalgorithmto intersect
two RTGs, which allows probabilistic RTG languagemodelsto be intersectedwith
possiblyin®nite setsof candidatereescomingthroughthe noisy channel RTGs are
thereforea suitablesubstitutefor FSAsin suchprobabilisticcascades.

It is alsointerestingto look at how RTGs cancaptureprobabilisticsyntaxmodels
proposedn the naturallanguagditerature.RTGseasilyimplementprobabilistic CFG
(PCFG)modelsinitially proposedor taskslike naturallanguageparsing andlanguage
modeling® Thesemodelsincludeparameterike P(NP  PRO NP).However, PCFG
modelsdo not performverywell on parsingtasks.Oneusefulextensionis thatof John-
son[33], which further conditionsa nodes expansionon the nodes parente.g.,P(NP

PRO NB, parent=S)This capturepphenomenauchaspronounsappearingn sub-
jectpositionmorefrequentlythanin objectposition,andit leadsto betterperformance.
Normally, Johnsors extensionis implementedasa straightPCFGwith new nodetypes,
e.g.,P(NP PRO NP ). Thisis unfortunatesincewe areinterestedn getting

2 Theparsingtaskis frequentlystatedasselectingrom amongtheparsetreesof ainputsentence
theonewith highestP(tree).

% Thelanguagemodelingtaskis to assigna high P(tree)only to grammatical sensibleEnglish
trees.



outtreeswith labelslike NP andPRO, notNP andPRO . An RTG elegantlycaptures
the samephenomenavithout changinghenodelabels:

{gstart  S(gnp.sgvp.s)
qgvp.s VP(qv.vp,gnp.vp)
anp.s NP(gpro.np)
gnp.s NP(gdet.npgn.np)
qnp.vp NP(gpro.np)
qnp.vp NP(gdet.npgn.np)
gpro.np PRO(he)
gpro.np PRO(him)

}

Herewe cancontrastthe 0.3 value (pronounsin subjectposition)with the 0.05value
(pronounsn objectposition).

A drawbackto theabove modelis thatthe decisionto generatéheCor 2himPis not
conditionedon the subject/objecpositionin the sentenceThis canalsobe addressed
in an RTG—themorecontet is useful,themorestatescanbeintroduced.

High-performingmodelsof parsingand languagemodeling[34,24] are actually
lexicalized,with probabilisticdependenciebetweenheadwords andtheir modi®ers,
e.g.,P(S=sang NP=bo/ VP=sang S=sang)Becausehey aretrainedon sparsalata,
thesanodelsincludeextensive bacloff schemedRTGscanimplementexicalizedmod-
elswith further useof statesthoughit is openwhethergoodbacloff schemeganbe
encodedy compactiRTGs.

Anotherinterestingfeatureof high-performingsyntaxmodelsis that they usea
mark ov grammaratherthana®nite list of rewrite rules.This allowsthemto recognize
or build an in®nite numberof parent/childrercombinationse.g.,S NP VP PP.
Formal machineryfor this wasintroducedby Thatcher{35], in his extendedcontext-
freegrammars (ECFG).ECFGsallow regular expressionson the right-handside of
productionsandthey maintaingoodpropertiesof CFGs.Any stringsetrepresentedly
anECFGcanalsobe capturedby a CFG,though(of course)hederivationtreesetmay
notbecaptured.

While standard®CFGgrammarsareparameterizetik e this

P (S ADVNPVPPPPP S),
markov grammarg34,24] areparameterizedomevhatlik e this:

(VP S)

(NP VP, S)
(ADV VP, S)
(STOP VP,S)
(PP VP, S)
(PP VP, S)
(STOP VP,S)

TTUVTTVTTUVTTTUTT

We cancapturethis exactly by replacingthe right-handside of eachECFG production
with a probabilisticFSA, with transitionsweightedby the parameteraluesabore, re-



sultingin a probabilistic ECFG. The extendedCFG notion canthenbe carriedover
to make an extendedprobabilistic RTG, which is a goodstartingpoint for capturing
state-of-the-arsyntaxmodels.

4 TreeTransducer Hierar chy

Beforeturning to treetransduceicomposition,we ®rst cover the rich classhierarchy
of treetransducersSomeof theseclassesare shawvn in Figure 12. (This ®gure was
synthesizedrom mary sourcesn thetreeautomatditerature).Standardacrorymsare

madeof thesdetters:

— R: Top-dowvn transducerintroducecdbefore.

— F: Bottom-uptransducef@-rontierto-root®),with similar rules,but transforming
theleavesof theinput tree®rst, andworking its way up.

— L: Linear transducerwhich prohibitscopying subtreesRule 4 in Figure4 is ex-
ampleof a copying production sothiswholetransduceis R but notRL.

— N: Non-deletingtransducerwhich requiresthat every left-hand-sidevariablealso
appeamon theright-handside.A deletingR-transducecansimply deletea subtree
(withoutinspectingit). Thetransducein Figure4 is the deletingkind, becausef
rules 34-39. It would also be deletingif it includeda rule for dropping English
determinerse.g.,g NP(x0,x1) qgx1.

— D: Deterministic transducerwith a maximumof oneproductionper <state,sym-
bol> pair.

— T: Total transducemwith a minimumof oneproductionper <state symbol>pair.

— PDTT: Push-davn treetransducerthetransduceanalogof CFTG[36].

— subscript : Regular-lookaheadtransducemhich cancheckto seeif aninputsub-
treeis tree-rgular, i.e.,whetherit belonggo aspeci®ediTL. Production®only ®re
whentheirlookaheadconditionsaremet.

We alsointroducethepre®xx for transducerwith extendedleft-hand-sideproduc-
tions* thatcanlook ®nitely deeplyinto the input, performingtestsor grabbingdeeper
material XR-transducerareeasietto write; for example we canhave a productionlike

qS S
x0:PRO VP qx1 qx0 qx2

N

x1:VB x2:NP

which movesa subjectpronounin betweenthe verb anddirect object,ashappensn
machinetranslatiorbetweercertainlanguagepairs.

4 Extendedeft-hand-sideproductionsare not relatedto extendedcontext-free grammarsbthe
notionsunfortunatelyoverwork the sameadjectve.



Fig. 12. SometreetransduceclassesUpward arrowns indicateincreasingevels of transduction
power (higherclassesancapturemorekinds of transductions)Arrows arelabeledwith arough
descriptionof the power thatis addedby moving to thehigherclass.R representshetransduc-
tion capabilityof two R-transducershainedtogether



Fig. 13. Comple re-orderingwith anR-transducer

Actually, this casecanbe capturedvith R, throughthe useof statesandcopying, as
demonstratedvith theseproductions:

gsS S

SN T

x0 x1  gleft.vp.vxl gprox0 gright.vp.npx1

gleftvp.vVP  qvx0 gright.vp.npvVP  gnpx1
x0 x1 x0 x1

Figure13 shows how thetransformatioris carriedout. This kind of rule programming
is cumbersomehowever, andthesinglexR productionaboveis preferred.

Becauseof their good ®t with naturallanguageapplications extendedleft-hand-
side productionswverebrie y touchedon alreadyin Section4 of Rounds'paper[25],
thoughnot de®ned.xR cannotquite be simulatedby R, becausexR hasthe power to
checktherootlabelof a subtreebeforedeletingthatsubtreege.g.:

qNP x1

N

X0:DET x1:N



Figure12 shovsthatR andF areincomparableR candeletesubtreesvithoutlook-
ing atthem,while F cannot.F cannon-deterministicallynodify a treebottom-up then
copy theresult,while R hasto make the copies®rst, beforemodifyingthem.Sincethey
aremodi®edindependenthandin parallel,R cannotguarante¢hatcopiesaremodi®ed
in the sameway.

We canalsoseethatnon-copying RL andFL transducerfave reducedower. Pro-
hibiting both deletionand copying removesthe differencesdbetweenR andF, sothat
RLN = FLN. Regularlookaheadddspowerto R [37].

Thestring-processingSTappearsn Figurel2atthelowerright. If wewrite strings
vertically insteadof horizontally thenthe FSTis justan RLN transducewith its left-
hand-sideoroductiondimited to onechild each.Standard-STsarenon-deletingFSTs
canalsohave transitionswith both epsiloninput andepsilonoutput.We show thetree
analogof this in Rule 3 of Figure4; we notethatproofsin thetreeautomatditerature
do notgenerallywork throughepsiloncases.

5 Composition

Now we turn to compositionFor the string case FSTsareclosedundercomposition,
whichmeanghatalong FSTcascadeanalwaysbecomposedf ine into asingleFST
beforeuse.

By contrast,R is not closedundercomposition,asdemonstratetby Rounds[25].
The proofis asfollows. We setup oneR-transduceto non-deterministicallynodify a
monadic (non-branching)nput treecomposeaf somenumberof a's followedby ab;
thistransducechangesomeof thea'sto c'sandothera'stod's:

ga c ga d gb b

x0 qx0 x0 gx0

We thensetup anotherR-transducethat simply placestwo copiesof its input undera
new rootsymbole:

gXx e rc c rd d rb b

2 N N R

rx rx x0 r x0 x0 r x0

Eachof thesetwo transformationss R, but no singleR-transducecando bothjobsat
once,i.e., non-deterministicallymodify the input and make a copy of the result. The
copy hasto be made®rst, in which caseboth copieswould be processeéhdependently
andthebranchesvould diverge. ThefactthatR is not closedundercompositionis de-
notedin Figure12 by thefactthatR (theclassof transformationshatcanbe captured
with asequencef two R-transducerg)roperlycontainsk.

RL is also not closedundercomposition[38]. To shaw this, we setup one RL
transducetto passalong its input tree untouchedbut only in casethe right branch
passes certaintest(otherwiset rejectsthewholeinput):



ga a ra a
x0 x1 qx0 rx1 x0 x1 gx0 rx1

gb b qf f rf f

We setup anotherRL transduceto simply deletethe right branchof its input:

ga sx0 sa a
x0 x1 x0 x1 sx0 sx1
sb b sf f

No transducercando both jobs at once,becausao R or RL transducercanchecka
subtree®rst, thendeleteit.

Betternews is that RLN (= FLN) is closedundercomposition,andit is a natural
classfor mary of the probabilistictreetransformationsve ®nd in the naturallanguage
literature.If we arefond of deleting,thenFL is alsoclosedundercompositionRTD is
alsoclosed thoughtotal deterministidransformationgrenot of muchusein statistical
modeling.Therearealsovariousotherusefulcompositionsand decomposition$38],
suchasthefactthatRL composedvith RLN is alwaysRL. Thesedecompositiongan
helpusanalyzetransducecascadewith mixedtransducetypes.

We notein passinghatnoneof the treetransducersire closedunderintersection,
but string FSTsfareno betterin this regard(Figure14). We alsonotethatall thelisted
transducerareasef®ciently trainableasFSTs,givensampletreepairs[27].

6 Forward and Backward Application

Next we turn to transducempplication,e.g., what happensf we sendan input tree
throughanR-transducer®Whatform will the outputtake?

First, the string case:if we feed an input FSA to an FST, the output (image) is
alwaysan FSA. Likewise, if we presentan obsenedoutputFSA, we canaskthe FST
whatinputsmight have producedary of thosestrings(inverseimage), andthis is also
always an FSA. In practice,the situationis even simpler—we turn input FSAs into
identity FSTs thenuseFST compositionin placeof application.

For trees,we canalsocreateanidentity treetransducenout of ary RTG, but gen-
eral compositionmay not be possible,asdescribedn the previous section.However,
straightapplicationis adifferentstory—knavn resultsaresummarizedn theremainder
of Figurel14.

The bad news is that R doesnot presere regularity. For example,considerthe
transducer



Strings Trees

FST R |RL |RLN (= FLN)|F |FL
closedunder ||YES NO NO YES NO YES
composition [28] p.162([28] p. 158 |from FL [28], p. 162[28], p. 15
closedunder [|[NO NO NO NO NO NO
intersection
efciently YES YES YES YES YES YES
trainable [39] [27] fromR fromR
imageof RSL RTL RTL RTL notRTL |RTL
treeis: [28], p. 52 [28], p- 175from R [28], p. 17
inverseimage|RSL RTL RTL RTL RTL RTL
of treeis: [28], p. 52||[28], p- 162from R fromR [28], p. 162from F
imageof RSL notRTL |RTL RTL notRTL |RTL
RTL is: [28], p.52||[28], p. 179[28], p. 175from R [28], p. 179[28], p. 17
inverseimage|RSL RTL RTL RTL RTL RTL
of RTL is: [28], p. 52||[28], p. 162 from R fromR [28], p. 162from F

Fig. 14. Propertief stringandtreetransducers.
ga a gb b

N

x0 qx0 qx0

If we supplythis transducewith aninput RTL consistingof all the monadictreesa b,

thenwe getthe non-RTL outputtreesetshavn backin Figure10. The sameholdsfor

F. In fact, the situationis worsefor F, becausesven a single input tree can produce
non-RTL output.

Thegoodnewsis thatsendingasingletree(or by extensiona®nite RTL) throughR
guaranteeRTL output.Moreover, theinverseimageof anRTL throughary of R, RL,
RLN, F, or FL is still RTL. Thisis relevantto our noisy-channetascadein whichthe
obsenedtreeis passedackwardsthroughthe transducercascadeuntil it reacheghe
languagemodel. This will work evenfor a cascadef R-transducersjespitethe fact
thatit is not possibleto composehosetransducersff-line in thegenerakase.

Gettinga correctinverseimageis tricky whenthetransducers a deletingone(e.g.,
R or RL). A fully-connectedRTL, capableof generatingary treein thelanguagemust
beinsertedat every delete-poinigoing backwards® Copying alsocomplicatesnverse
imaging,but it canbehandledwith RTL intersection.

5 In practice,we may think twice aboutusing delete-before-checto deletean Englishdeter
miner, e.g.,q NP(x0x1)  x1.In decodingfrom aforeignlanguagewithout determinersthe
inverseimagewill containeveryimaginableEnglishsubtreevyingto Il thatdeterminessiot.



Tree-to-String
Rs |RLs |RLNs
closedundercomposition [|n.a. [na. [na. |
imageof treeis: CFL CFL |CFL
inverseimageof stringis: ||RTL RTL |RTL
imageof RTL is: notCFL [CFL |CFL
inverseimageof RSLis: |[RTL RTL |RTL

Fig. 15. Propertieof tree-to-stringransducersThesepropertiederive from theimagingbeha-
iorsof R, RL, andRLN, respectiely.

7 Tree-to-String Transducers

Figure 15 shaws propertiesof tr ee-to-string transducersgenotedwith suf®x s. Tree-
to-stringtransducersvereintroducedby Aho andUliman [40] for compilers.Several
recentmachinetranslationrmodelsarealsotree-to-strind12,30].

We caneasilyturn the R-transducein Figure 4 into an Rs-transduceby remov-
ing the internal structureon the right-hand-side®f productionsyielding a comma-
separatedist of leaves.For example,insteadof rule 26:

rvp VP S

SN T

x0 x1 g.vbzx0 g.npx1

we use:

rvp VP g.vbzx0, q.npx1

/N

x0 x1

The sampleinput Englishtreeof Figure5 would thenprobabilisticallytransducento a
at Japanesstring,e.g.:

kare, wa, ongaku, o, kiku , no, ga, daisuki, desu

In contrastwith R, theemptystringis allowedin theright-handsideof Rsproductions.
The inverseimage of a string throughRs is guaranteedo be an RTL, asis the
inverseimageof a whole FSA. This resultis similar to resultsthat permit parsingof
latticesby CFGs[41]. This meanswe can put an Rs transducemt the end of a tree
transduceicascadeacceptingobsened inputsin string form (aswe usually obsene

naturallanguagenputs).Or if we have noisyinput, asfrom speector opticalcharacter
recognitionthenwe canacceptawhole FSA.



We mayalsowantto usetree-to-stringransducerg theforwarddirection,perhaps
passingthe result onto a string-basedanguagemodel. In this case,we note that if
the input to an RLs-transduceis an RTL, thenthe outputis guaranteedo be a CFL.
However, if we usean Rs-transducethenthe outputmay be non-CFL,asin the non-
contet-freeyield languageof thetreesetin Figure10.

8 Searcch

To solve problemswith string automatawe often sendan obsened string backwards
througha noisy-channetascadeof FSTsand FSAs—thisultimately transformsthe
stringinto a probabilisticFSA which encodesandranksall possibletanswerstrings?
We canthenextractthe bestanswerfrom this FSA with Dijkstra's algorithm[42], and
we canextractthe k-bestpathswith the fastalgorithmof Eppstein[43], asis donein
Carmel[7]. Mohri andRiley [44] alsodescribehow to extractthe k-bestdistinctstrings
from aweightedautomaton.

Thesituationis similarwith treetransducersOncewe manageo sendourobsenred
tree (or string, in the caseof Rs) backthrougha noisy-channetascadeof transduc-
ers/acceptorsye wind up with a probabilisticRTG of answertrees.We next wantto
extract the besttreesfrom that RTG. In generalthis RTG may representin in®nite
numberof trees;relatedproblemshave beenstudiedfor ®nite forestsin [45,46].

Knuth [47] hasconsiderechow to extract the highest-probabilityderivation tree
from a probabilisticCFG (what he calls the grammar problem).® Here,we adapthis
algorithmfor RTG extraction.Knuth givesan explicit quadraticalgorithmand points
to animprovementusing priority queueswhich we work outin Algorithm 1. This is
a generalizatiorof Dijkstra's algorithm,greedily®nalizing the costof one RTG non-
terminalat atime andrememberindghe lowest-cosproductionusedto expandit. Each
productionpotentiallyreduceghe costof its left-hand-sidesxactly once whenthe last
nonterminain its right-hand-sidés ®nalized.

To extractthek-besttreesijt is usefulto view RTG extractionasahypegraphshort-
estpathproblem[48,49]. It appearghatno very ef®cientk-besthyperpathalgorithms
exist yet.

9 Conclusion

We haveinvestigatedvhethetthebene®tof ®nite-statestringautomatgelegant,generic
operationsn supportof probabilisticreasonindor naturallanguagerocessingtanbe
carriedover into modelingwith trees.We have distilled relevanttheoryandalgorithms
from the extensive literatureon treeautomataandour conclusions positive.

Many openproblemsnow exist in ®nding ef®cient algorithmsto supportwhatis
theoreticallypossible andin implementingthesealgorithmsin softwaretoolkits. Here
we list someof the problemsof interest:

8 Knuth's settingis actually more generalbheconsidersveightedCFGsand variousweight-
combinationfunctions.



Algorithm 1 Adaptationof Knuth'salgorithmto extractthebesttreefrom anRTG.

Input: RTG with  nonterminals , and productionsindexed by : with rhsnon-
terminals andlhs , with a rule costfunction of the form
, where is the numberof occurrence®f nonterminal
in production , and .

Output: For all , is the index of the productionthat builds the cheapestree
possiblefrom nonterminal (with recursvely giving thecheapestreesfor
thechild nonterminals)and is costof thattree. if thereareno complete
derivationsfrom . Time complity is where( is thetotal sizeof the
input) if a Fibonacciheapis used,or if abinaryheapis used.

begin

for do
P
Adj
HEAP-CREATE
HEAP-INSERT
for do
if then
L [*fictitious sink  nonterminal in rhs: */
I* is the number of rhs nonterminals remaining
before  production 's cost is known. *
| for do Adj Adj
while do
HEAP-EXTRACT-MIN
for Adj do
if then
if then
if then
if then HEAP-INSERT
\; else ) ;

end




10.

11.

12.

13.

14.

15.

16.

. Whatis themostef®cientalgorithmfor selectinghek-besttreesfrom aprobabilis-

tic regulartreegrammanRTG)?

. How can ef®cient integratedsearchbe carriedout, so that all tree acceptorsand

transducerin a cascadeansimultaneouslyarticipatein thebest-treesearch?

. Whatsearchheuristics(beamingthresholdinggetc.)arenecessarfor ef®cientap-

plicationof treetransducer$o large-scalenaturallanguagegroblems?

. Whatis themostef®cientalgorithmfor composingprobabilistidinear, non-deleting

(RLN) treetransducers?

. Whatis themostef®cientalgorithmfor intersectingorobabilisticRTGs?
. What are the mostef®cient algorithmsfor forward and backward applicationof

tree/treeandtree/stringtransducers?

. For large tree transducerswhat datastructuresjndexing stratgies, and caching

techniquewill supportef®cientalgorithms?

. Whatis thelinguistically mostappropriatdreetransduceclassfor machinetrans-

lation?For summarization®hich classedesthandlethe mostcommonlinguistic
constructionsandwhich classedesthandlethe mostdif®cult ones?

. CancompactRTGs encodehigh-performingtree-basedanguagemodelswith ap-

propriatebacloff stratgies,in thesameway thatFSAtoolscanimplementn-gram
models?

What arethe theoreticaland computationapropertiesof extendedleft-hand-side
transducer¢x)? E.g.,is XRLN closedundercomposition?

Where do synchronouggrammarg50,17] andtree cloning [15] ®t into the tree
transducehierarchy?

As mary syntacticandsemanticheoriesgenerateagyclic graphsratherthantrees,
cangraphtransduceradequatelgapturethe desiredtransformations?

Are theretreetransducershatcanmove unboundednaterialover unboundediis-
tanceswhile maintainingef®cientcomputationaproperties?

In analogywith extendedcontet-freegrammarg35], aretheretypesof treetrans-
ducersthat can processree setswhich are not limited to a ®nite setof rewrites
(e.9..S NPVPPP)?

Canwe build tree-transducemodelsfor machinetranslationthat: (1) ef®ciently
train on large amountsof humantranslationdata, (2) accuratelymodelthat data
by assigningt higherprobabilitythanothermodels,and(3) whencombinedwith
searchalgorithmsyield grammaticahndaccuratdranslations?

Canwe build useful,generictree-transducetoolkits, andwhat sortsof program-
ming interfaceswill be mosteffective?
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