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Abstract

We describea new sentencerealization
framewvork for text-to-text applications.
This framavork useslIDL-expressionsas
a representatioriormalism, and a gener

ation mechanisnbasedon algorithmsfor

intersectinglDL-expressionswith proba-
bilistic languagemodels.We presenboth
theoreticaland empiricalresultsconcern-
ing thecorrectnesandefficiengy of these
algorithms.

1 Introduction

Many of todays mostpopularnaturallanguageap-
plications— Machine Translation, Summarization,
QuestionAnswering— aretext-to-text applications.
Thatis, they produceextual outputsfrom inputsthat
are also textual. Becausetheseapplicationsneed
to producewell-formed text, it would appearnat-
ural that they are the favorite testbedfor generic
generationrcomponentglevelopedwithin the Natu-
ral LanguageGeneration(NLG) community Over
theyears severalproposal®f genericNLG systems
hare beenmade: Penman(Matthiessenand Bate-
man,1991),FUF (Elhadad1991),Nitrogen(Knight
and Hatzwvassiloglou, 1995), Felgus (Bangalore
and Rambav, 2000), HALogen (Langkilde-Geary
2002), Amalgam(Corston-OWer et al., 2002), etc.
Insteadof relying on suchgenericNLG systems,
however, most of the current text-to-text applica-
tionsuseothermeando addresshegeneratiomeed.
In MachineTranslation for example,sentenceare

producedusing application-specifi¢decoders”,in-
spired by work on speechrecognition (Brown et
al., 1993), whereasin Summarization,summaries
areproducedaseitherextractsor usingtask-specific
stratgies (Barzilay 2003). The main reasonfor
which text-to-text applicationsdo not usually in-
volve genericNLG systemsis that such applica-
tions do not have accessto the kind of informa-
tion thatthe input representatioformalismsof cur
rentNLG systemsequire.A machineranslationor
summarizatiorsystemdoesnot usuallyhave access
to deepsubject-erb or verb-objectrelations(such
asACTOR,AGENT, PATIENT, POSSESSORstc.)
as neededby Penmanor FUF, or even shallaver
syntacticrelations(suchassubj ect, obj ect,
pr enod, etc.)asneededy HALogen.

In this paper following the recent proposal
made by Nederhof and Satta (2004), we amgue
for the use of IDL-expressionsas an application-
independent,information-slim representatiorlan-
guagefor text-to-text naturallanguagegeneration.
IDL-expressionsarecreatedrom stringsusingfour
operators:concatenatior-), interleare (||), disjunc-
tion (v), andlock (x). We claim that the IDL
formalismis appropriatefor text-to-text generation,
asit encodesneaningonly via wordsand phrases,
combinedusinga setof formally definedoperators.
Appropriatewordsandphrasesanbe, andusually
are,producedoy the applicationanentionedabore.
The IDL operatorshave beenspecificallydesigned
to handlenatural constraintssuch as word choice
andprecedence;onstructionsuchasphrasalcom-
bination,andunderspecificationsuchasfree word
order
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Table 1: Comparisonof the presentproposalwith
currentNLG systems.

In Table 1, we presenta summaryof the repre-
sentationand generationcharacteristicof current
NLG systemsWe markby @ characteristicthatare
needed/desirabla ageneratiocomponenftor text-
to-text applications,and by & characteristicghat
make the proposalinapplicableor problematic.For
instance,as alreadyargued, the representatiotior-
malismof all previous proposalsexceptfor IDL is
problematic(e) for text-to-text applications. The
IDL formalism,while applicableto text-to-text ap-
plications,hasthe additionaldesirablepropertythat
it is a compactrepresentationwhile formalisms
suchas word-latticesand non-recursie CFGscan
have exponentialsizein the numberof wordsavail-
ablefor generatior(NederhofandSatta,2004).

While the IDL representationgdropertiesareall
desirable,the generationmechanismproposedfor
IDL by Nederhofand Satta(2004) is problematic
(©), becauseit does not allow for scoring and
ranking of candidaterealizations. Their genera-
tion mechanismwhile computationallyefficient, in-
volvesintersectiornwith contet freegrammarsand
thereforeworksby excludingall realizationghatare
notacceptedy a CFGandincluding (withoutrank-
ing) all realizationghatareaccepted.

The approachto generationtaken in this paper
is presentedn the lastrow in Table 1, andcanbe
summarizedas a & tiling of generationcharacter
istics of previous proposalgseethe shadedareain
Table 1). Our goal is to provide an optimal gen-
eration framework for text-to-text applications,in
which the representatioffiormalism, the generation
mechanismandthecomputationapropertiesareall
neededand desirable(®). Toward this goal, we

presenia new generatiormechanisnthatintersects
IDL-expressionswith probabilisticlanguagemod-
els. The generatiormechanismmplementsnew al-
gorithms,which cover a wide spectrunof run-time
behaiors (from linearto exponential) dependingn
thecomplity of theinput. We alsopresentheoret-
ical resultsconcerningthe correctnessndthe effi-
cieng inputIDL-expression)f our algorithms.

We evaluatethesealgorithmshby performingex-
perimentson a challenging word-ordering task.
These experimentsare carried out under a high-
compl«ity generatiorscenariofind the mostprob-
ablesentenceealizationunderan n-gramlanguage
modelfor IDL-expressiongncodingoags-of-vords
of sizeup to 25 (up to 10?° possiblerealizations!).
Our evaluationshaws that the proposedalgorithms
areableto copewell with suchordersof comple-
ity, while maintaininghigh levels of accurag.

2 ThelDL Languagefor NLG

21

IDL-expressionshave beenproposedoy Nederhof
& Satta(2004) (henceforthN&S) as a representa-
tion for finite languagesandarecreatedrom strings
using four operators: concatenatior{(-), interleae
(|, disjunction(V), andlock (x). Thesemanticof
IDL-expressionss givenin termsof setsof strings.

The concatenation(-) operatortakes two argu-
ments, and usesthe strings encodedby its amu-
mentexpressionso obtainconcatenatedtringsthat
respectthe order of the aguments;e.g.,a - b en-
codesthe singletonset {ab}. The Znterleae (||)
operatolinterleavesthe stringsencodedy its argu-
ment expressions;e.g., || (a - b, c) encodeghe set
{cab,acb,abc}. The Disjunction (V) operatoral-
lows a choiceamongthe stringsencodedby its ar-
gumentexpressions;e.g., V(a,b) encodeshe set
{a,b}. The Lock (x) operatortakesonly one ar
gument,and “locks-in" the strings encodedby its
argumentexpression suchthat no additionalmate-
rial canbe interleaved; e.g.,||(x(a - b), c) encodes
theset{cab, abc}.

Considerthefollowing IDL-expression:
|(finally, V(X (the - prisoners), X (the - captives)) -
were - released) (1)
The concatenatiorf-) operatorcapturegprecedence
constraintssuchasthe fact that a determinerlike

IDL-expressions



the appeardeforethe nounit determinesThelock
(x) operatorenforcesphrase-encodingonstraints,
suchasthe fact that the captivesis a phrasewhich
shouldbe usedasa whole. The disjunction(Vv) op-
eratorallows for multiple word/phrasechoice(e.qg.,
the prisones versusthe captive$, and the inter
leave (||) operatorallows for word-orderfreedom,
i.e.,wordorderunderspecificatioatmeaningepre-
sentatiorlevel. Amongthe stringsencodedy IDL-
expressionl arethefollowing:

finally the prisones were released
the captivedinally were released
the prisones were finally released

Thefollowing strings,however, arenot partof the
languageadefinedby IDL-expressionL:

thefinally captiveswere released
the prisones were released
finally the captivesreleasedvere

Thefirst stringis disalloved becausehe x oper
atorlocksthephrasdhecaptives Thesecondstring
is notallowedbecausehe || operatorequiresall its
argumentdo berepresentedTlhelaststringviolates
the orderimposedby the precedenceperatorbe-
tweenwere andreleased
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IDL-expressionsare a corvenient way to com-
pactly represenfinite languages. However, IDL-
expressionsdo not directly allow formulations of
algorithmsto processthem. For this purpose,an
equialent representationis introduced by N&S,
calledIDL-graphs.We refertheinterestedeaderto
theformal definitionprovided by N&S, andprovide
hereonly anintuitive descriptionof IDL-graphs.
We illustrate in Figure 1 the IDL-graph corre-
spondingto IDL-expressionl. In this graph,ver-
ticesvs andwv, are calledinitial andfinal, respec-
tively. Verticesvg, vo with in-goingt-labelededges,
andwy, voy With out-going--labelededgesfor ex-
ample,resultfrom the expansionof the || operator
while verticesvs, v4 With in-going e-labelededges,
and vg, v14 With out-going e-labelededgesresult
from the expansionof the v operator Verticesvs
to vg and v1g to vy resultfrom the expansionof
thetwo x operatorsrespectiely. Theselatterver
ticesare alsoshavn to have rank 1, asopposedo
rank O (not shawvn) assignedo all other vertices.

IDL-graphs

The ranking of verticesin an IDL-graph is needed
to enforcea higherpriority on the processingf the
higherranked vertices,suchthatthe desiredseman-
tics for thelock operatoiis presered.

With eachIDL-graph G(w) we canassociate fi-
nitelanguagethesetof stringsthatcanbegenerated
by an IDL-specific traversalof G(x), startingfrom
v, andendingin v.. An IDL-expressionr andits
correspondingDL-graphG () aresaidto beequv-
alentbecauséhey generateéhesamefinite language,
denotedL ().

2.3

To make the connectiorwith theformulationof our
algorithms,in this sectionwe link the IDL formal-
ismwith the moreclassicafformalismof finite-state
acceptorgFSA) (HopcroftandUliman, 1979). The
FSArepresentationannaturallyencodeprecedence
and multiple choice, but it lacks primitives corre-
spondingto the interleave (||) andlock (x) opera-
tors. As such,an FSA representatiomustexplic-
itly enumeratall possibleinterleavrings, which are
implicitly capturedin an IDL representation.This
correspondencbketweenimplicit andexplicit inter-
leavings is naturally handledby the notion of a cut
of anIDL-graphG ().

Intuitively, a cutthroughG() is a setof vertices
thatcanbereachedsimultaneouslyhentraversing
G(m) from theinitial nodeto thefinal node,follow-
ing thebranchessprescribedy theencodedZ, D,
and £ operatorsin anattemptto produceastringin
L(~). More preciselytheinitial vertex v, is consid-
ereda cut (Figure2 (a)). For eachvertex in agiven
cut, we createa new cut by replacingthe startver-
tex of someedgewith the endvertex of that edge,
observinghefollowing rules:

IDL-graphsand Finite-State Acceptors

e the vertex thatis the startof several edgesla-
beled using the specialsymbol - is replaced
by a sequencef all the endverticesof these
edgeqfor example,vyv, is a cut derived from
v, (Figure2 (b))); amirror rule handleghespe-
cial symbol;

e thevertex thatis thestartof anedgelabeledus-
ing vocalulary itemsor ¢ is replacedy theend
vertex of that edge(for example, viva, vovs,
voUs, VoUg are cuts derived from vgug, vova,
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Figurel: ThelDL-graphcorrespondingo the IDL-
expression|(finally, V(X (the - prisoners), X (the -
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Figure2: Cutsof thelDL-graphin Figurel (a-d). A
non-cutis presentedn (e).

vov3, andwvgvs, respectiely, seeFigure 2 (c-
d)), only if the endvertex is not lower ranked
thanary of the verticesalreadypresentn the
cut (for example,vyvg is not a cut thatcanbe
dervedfrom vgug, SeeFigure2 (e)).

Notethelastpartof the secondule, which restricts
the setof cutsby usingthe rankingmechanism.If
onewould allow v1vg to be a cut, onewould imply
that finally may appeatinsertedbetweenthe words
of thelocked phrasethe prisones.

Wenow link thelDL formalismwith theFSAfor-
malismby providing a mappingfrom anIDL-graph
G(w) to anagyclic finite-stateacceptorA(r). Be-
causeboth formalismsare usedfor representindi-
nitelanguageshey have equivalentrepresentational
power. ThelDL representatiois muchmorecom-
pact,howvever, asonecanobsenre by comparingthe
IDL-graph in Figure 1 with the equialent finite-
stateacceptorA(n) in Figure3. Thesetof statesof
A(m) is the setof cutsof G(n). Theinitial stateof
thefinite-stateacceptois the statecorrespondindo
cutwv,, andthefinal statesof thefinite-stateacceptor
arethe statecorrespondingo cutsthat containwv,.
In what follows, we denotea stateof A(w) by the
nameof the cut to which it correspondsA transi-

vivlé vivl7 vlvigs
were, € rei

vivl9
leased

vOv10 vOv11 vovi2

vOv13

Figure3: Thefinite-stateacceptorcorrespondingo
theIDL-graphin Figurel.

tionlabeledw in A(7) betweerstatefv; . .. v}, ... . v}]
andstatefv; ...vy ...v;] occursif thereis anedge
(v}, a,vy) in G(m). For the examplein Figure 3,
the transition labeledwere betweenstates[vyvig]
and[vgv17] occursbecaus®f the edgelabeledwere
betweenmodesvig andwvy7 (Figurel), whereashe
transitionlabeledfinally betweenstates/vyvy6] and
[v1v16] OCccurshecausef theedgelabeledfinally be-
tweennodesyy andv; (Figurel). Thetwo represen-
tationsG(n) and A(w) areequialentin the sense
that the languagegeneratedy IDL-graph G(r) is
the sameasthelanguageacceptedy FSA A(~).

It is not hardto seethatthe conversionfrom the
IDL representatiorio the FSA representatiorde-
stroys the compactnespropertyof the IDL formal-
ism, becausef theexplicit enumeratiorof all possi-
ble interlearings, which causesertainlabelsto ap-
pearrepeatedlyin transitions. For example,a tran-
sition labeledfinally appearsl1 timesin the finite-
stateacceptolin Figure 3, whereasan edgelabeled
finally appearsonly oncein the IDL-graphin Fig-
urel.

3 Computational Properties of
DL -expressions

3.1 IDL-graphsand Weighted Finite-State

Acceptors

As mentionedin Sectionl, the generatiormecha-
nism we proposeperformsan intersectionof IDL-

expressionsvith n-gramlanguagemodels. Follow-

ing (Mohri et al., 2002; Knight and Graehl,1998),
we implement language models using weighted
finite-stateacceptors(wFSA). In Section2.3, we

presentec mappingfrom an IDL-graph G(r) to a
finite-stateacceptorA(w). Fromsucha finite-state
acceptorA(w), we arrive at a weightedfinite-state
acceptori¥ (m), by splitting the statesof A(w) ac-

viv20_  ve



cordingto the information neededby the language
model to assignweightsto transitions. For ex-

ample,undera bigramlanguagemodel LM, state
[v1v16] in Figure 3 mustbe split into three differ-

entstates[prisoners, vivig], [captives, v1vig], and
[finally,v1v16], accordingto which (non-epsilon)
transition was last usedto reachthis state. The
transitionsleaving thesestateshave the samela-

bels as those leaving state [v1v16], and are now

weightedusingthe languagemodelprobability dis-

tributions pras (| prisoners), pra (-] captives), and
prum (| finally), respectrely.

Note that, at this point, we alreadyhave a naive
algorithmfor intersectinglDL-expressionswith n-
gramlanguagamodels.FromanIDL-expressionr,
following the mappingm — G(w) — A(m) —
W (r), we arrive at a weightedfinite-stateaccep-
tor, on which we can usea single-sourceshortest-
pathalgorithmfor directedacgyclic graphs(Cormen
etal., 2001)to extracttherealizationcorresponding
to themostprobablepath. The problemwith this al-
gorithm,however, is thatthe prematuraunfolding of
the IDL-graph into a finite-stateacceptordestrys
the representatiorcompactnes®f the IDL repre-
sentation. For this reason,we devise algorithms
that,althoughsimilarin spirit with thesingle-source
shortest-pathalgorithmfor directedagyclic graphs,
performon-the-flyunfoldingof the IDL-graph,with
a mechanismto control the unfolding basedon the
scoresof the pathsalreadyunfolded. Suchan ap-
proachhasthe adwantagethat prefixes that are ex-
tremelyunlikely underthe languagemodelmay be
regardedasnot so promising,andpartsof the IDL-
expressionthat containthem may not be unfolded,
leadingto significantsavings.

3.2 Generation via I ntersection of
I DL -expressions with Language Models

Algorithm IDL-NGLM-BFS Thefirstalgorithm
that we proposeis algorithmIDL-NGLM-BFS in
Figure4. The algorithm builds a weightedfinite-
state acceptorW correspondingo an IDL-graph
G incrementally by keepingtrack of a setof ac-
tive statescalled active. Theincrementalitycomes
from creatingnew transitionsandstatesn W orig-
inatingin theseactive statespy unfoldingthe IDL-
graph@G; the setof newly unfoldedstatesis called
unfold. Thenew transitionsin W areweightedac-

IDL-NGLM-BFS(G, LM)

1 active + {[vs%]}

2 flag <1

3 while flag

4 do unfold < UNFOLDIDL G(active, G)
5 EVALUATENGLM (unfold, LM )

6 if FINALIDLG(unfold, Q)

7 then flag <+ 0
8 active < unfold
9 return active

Figure4: Pseudo-codfor intersectinganIDL-graph
G with ann-gramlanguagemodel LM usingincre-
mentalunfoldingandbreadth-firssearch.

cording to the languagemodel. If a final stateof
W is not yet reachedthe while loop is closedby
makingthe unfold setof stateso bethenext setof
active states. Note that this is actually a breadth-
first search(BFS) with incrementalunfolding. This
algorithm still unfolds the IDL-graph completely
andthereforesuffersfrom the samedravbackasthe
nave algorithm.

The interesting contritution of algorithm
IDL-NGLM-BFS, however, is the incremental
unfolding. If, insteadof line 8 in Figure 4, we
introduce mechanismsto control which unfold
statesbecomepart of the active statesetfor the
next unfolding iteration,we obtaina seriesof more
effective algorithms.

Algorithm IDL-NGLM-A* We arrive at algo-
rithm IDL-NGLM-A* by modifying line 8 in Fig-
ure 4, thusobtainingthe algorithmin Figure5. We
useascontrol mechanisna priority queue astar@,
in whichthe statedrom unfold arePusH-ed,sorted
accordingto an admissibleheuristicfunction (Rus-
sellandNorvig, 1995). In the next iteration, active
is a singletonset containingthe state popP-ed out
from thetop of the priority queue.

Algorithm IDL-NGLM-BEAM We arrive at al-
gorithm IDL-NGLM-BEaM by again modifying
line 8 in Figure 4, thus obtainingthe algorithmin
Figure 6. We control the unfolding using a prob-
abilistic beambeam, which, via the BEAMSTATES
function, selectsas active statesonly the statesin



IDL-NGLM-A*(G, LM)
1 active + {[vs%]}

2 flag <1

3 while flag

4 do unfold < UNFOLDIDL G(active, G)
5 EVALUATENGLM (unfold, LM)

6 if FINALIDLG(unfold, Q)

7 then flag <+ 0

8 for eachstate In unfold

do PUSH(astar@, state)
active < POP(astar@)
9 return active

Figure5: Pseudo-codfor intersectinganIDL-graph
G with ann-gramlanguagemodel LM usingincre-
mentalunfoldingandA* search.

IDL-NGLM-BEAM (G, LM, beam)

1 active + {[vs%]}

2 flag +1

3 while flag

4 do unfold < UNFOLDIDL G(active, Q)

5 EVALUATENGLM (unfold, LM)

6 if FINALIDLG(unfold, G)

7 then flag «+ 0

8 active < BEAMSTATES(unfold, beam)
9 return active

Figure6: Pseudo-codor intersectinganIDL-graph
G with ann-gramlanguagemodel LM usingincre-
mentalunfoldingandprobabilisticbeamsearch.

unfold reachablewvith a probability higheror equal
to the currentmaximumprobability timesthe prob-
ability beambeam.

3.3 Computing Admissible Heuristics for
IDL-expressions

The IDL representations ideally suitedfor com-
puting accurateadmissible heuristics under lan-
guagemodels. Theseheuristicsare neededby the
IDL-NGLM-A* algorithm,andarealsoemplo/ed
for pruningby theIDL-NGLM-BEAM algorithm.
For eachstateS in a weightedfinite-stateaccep-
tor W correspondingo an IDL-graph G, onecan
efficiently extractfrom G — without further unfold-

ing — the set of all edgelabelsthat canbe usedto
reachthe final statesof W. This setof labels,de-
noted FE¥!, is an overestimatiornof the setof fu-
tureeventsreachabldrom S, becausé¢helabelsun-
derthe Vv operatorsareall considered From FEY!
andthen-1 labels(whenusingann-gramlanguage
model)recordedn stateS we obtainthe setof label
sequencesf lengthn-1. Thisset,denotedF'CE g, is
an (over)estimatedetof possiblefuture condition-
ing eventsfor stateS, guaranteetb containthemost
cost-eficient future conditioningeventsfor stateS.
Using FCE s, oneneedsto extractfrom FEY! the
setof most cost-eficient future eventsfrom under
eachv operator We usethis set,denotedFE g, to
arrive at an admissibleheuristicfor stateS undera
languagemodel LM, usingEquation2:

h(S) = Beerrs —log( max prm(elce)) (2)

cecFCEg

If h*(S) is thetrue future costfor stateS, we guar

anteethat h(S) < h*(S) from the way FEg and
FCFE g areconstructedNotethat,asit usuallyhap-
penswith admissibleheuristics we canmake h(S)

comearbitrarily closeto h*(S), by computingin-

creasinglybetterapproximationsF’'CE g of FCEY.

Suchapproximationshowever, requireincreasingly
adwancedunfoldingsof the IDL-graph G (a com-
plete unfolding of G for stateS gives FCEg =

FCE%, and consequentlyh(S) = h*(S)). It fol-

lows that arbitrarily accurateadmissibleheuristics
exist for IDL-expressionsput computingthemon-
the-fly requiresfinding a balancebetweenthe time
andspaceaequirement$or computingbetterheuris-
tics andthe speed-umbtainedby usingthemin the
searchalgorithms.

3.4 Formal Propertiesof IDL-NGLM
algorithms

Thefollowing theoremstatesthe correctnessf our
algorithms,in the sensehatthey find the maximum
probability pathencodedy anIDL-graphunderan
n-gramlanguagenodel.

Theorem 1 Let # be an IDL-expression, G(r)
its IDL-graph, and W(r) its wWFSA under
an n-gram languaye model LM. Algorithms
IDL-NGLM-BFS and IDL-NGLM-A* find the

IActually, thesearemultisets aswe treatmultiply-occurring
labelsasseparatétems.



path of maximumprobability underLM. Algorithm
IDL-NGLM-BEAaM finds the path of maximum
probability under LM, if all statesin W(x) along
this pathare selectedy its BEAM STATES function.

The proof of the theoremfollows directly from the
correctnes®f theBFSandA* searchandfrom the
conditionimposedon thebeamsearch.

Thenext theorenmcharacterizetherun-timecom-
plexity of thesealgorithmsjn termsof aninputIDL-
expressionr andits correspondingDL-graphG(n)
compl«ity. Therearethreefactorsthatlinearly in-
fluencethe run-time compleity of our algorithms:
a is themaximumnumberof nodesin G() needed
to represenéstatein A(w) —a dependsolelyon;
w is themaximumnumberof nodesn G(w) needed
to represent statein W (r) — w dependon « and
n, thelengthof the contet usedby then-gramlan-
guagemodel;andK is thenumberof stateof W ()
— K alsodepend®nr andn. Of thesethreefactors,
K is by farthepredominanbne,andwe simply call
K thecompl«ity of anIDL-expression.

Theorem 2 Let = be an IDL-expression,G(r) its
IDL-graph, A(w) its FSA, and W () its wWFSA
under an n-gram languaye model. Let V[A(w)]
be the set of states of A(x), and V[W(x)]
the set of states of W(x). Let also a =
maXeevian)lel, w = maxeeviw(nle, and
K = |V[W(x)]|. AlgorithmsIDL-NGLM-BFS
and IDL-NGLM-BEAM haverun-time compleity
O(awK). AlgorithmIDL-NGLM-A* hasrun-time
compleity O(awK log K).

We omittheproofheredueto spaceconstraintsThe
factthatthe run-time behaior of our algorithmsis
linearin thecomplity of theinput IDL-expression
(with an additional log factor in the caseof A*
searchdueto priority queuemanagemenllows us
to saythatour algorithmsare efficient with respect
to thetaskthey accomplish.

We note here, however, that dependingon the
input IDL-expression,the task addressedan vary
in complity from linear to exponential. That
is, for the intersectionof an IDL-expressiont =
||(w1,...,w,) (bagof n words)with atrigramlan-
guagemodel,we have a(r) = n, w(r) = n + 2,
K = c",c > 1, andthereforea O(n%c") com-
plexity. This exponentialcompleity comesasno
surprisegiventhatthe problemof intersectingann-

gramlanguagemodelwith a bagof wordsis known
to be NP-complete(Knight, 1999). On the other
hand,for intersectingan IDL-expressionr = wy -
... - wy, (sequencef n words)with a trigram lan-
guagemodel,we have a(7) = 1, w(r) = 3, and
K = n, andthereforeanO(n) generatioralgorithm.

In general,for IDL-expressionsfor which a is
boundedwhich we expectto be the casefor most
practicalproblems,our algorithmsperformin poly-
nomial time in the numberof words available for
genegtion.

4 Evaluation of IDL-NGLM Algorithms

In this section, we present results concerning
the performanceof our algorithms on a word-
orderingtask. This task can be easily definedas
follows: from a bag of words originating from
somesentencereconstructhe original sentenceas
faithfully aspossible.In our casefrom anoriginal
sentencesuch as “the gifts are donatedby amer
icancompanies; we createthelDL-expression(s) -
||(the, gifts, donated, companies, by, are, american )-
(/s), from which somealgorithm realizesa sen-
tencesuchas“donated by the americancompanies
are gifts”. Note the naturalway we representn
an IDL-expressionbeginning and end of sentence
constraints, using the - operator Since this is
generatiorfrom bag-of-words, the taskis known to
be at the high-compleity extremeof the run-time
behaior of our algorithms.As such,we considerit
a goodtestfor the ability of our algorithmsto scale
uptoincreasinglycomple inputs.

We use a state-of-the-art, publicly available
toolkit? to train a trigram languagemodel using
KneserNey smoothing, on 10 million sentences
(170 million words) from the Wall StreetJournal
(WSJ),lower caseandnofinal punctuation.Thetest
datais alsolower case(suchthatuppercasewords
cannotbe hypothesizedas first words), with final
punctuationremoved (suchthat periodscannotbe
hypothesizeds final words), and consistsof 2000
unseenWSJsentencesf length3-7, and 2000 un-
seenwWSJsentencesf length10-25.

Thealgorithmswetestedn thisexperimentsvere
the onespresentedn Section3.2, plustwo baseline
algorithms. Thefirst baselinealgorithm,L, usesan

2http://www.speech.sri.com/projects/srilm/



inverse-lgicograplhic orderfor the bagitemsasits
output,in orderto gettheword the on sentencéni-
tial position. The secondbaselinealgorithm, G, is
a greedyalgorithmthatrealizessentenceby maxi-
mizing the probability of joining ary two word se-
guenceantil only onesequencés left.

For the A* algorithm,an admissiblecostis com-
putedfor eachstateS in a weightedfinite-stateau-
tomaton,asthe sum (over all unusedwords)of the
minimumlanguagemodelcost(i.e.,maximumprob-
ability) of eachunusedvord whenconditioningover
all sequencesf two wordsavailableat thatparticu-
lar statefor futureconditioning(seeEquation2, with
FEs = FE¥). Theseestimatesare alsousedby
the beamalgorithm for decidingwhich IDL-graph
nodesare not unfolded. We alsotesta greedyver-
sion of the A* algorithm, denotedA?7, which con-
sidersfor unfolding only the nodesextractedfrom
the priority queuewhich alreadyunfoldeda pathof
lengthgreaterthanor equalto the maximumlength
alreadyunfoldedminus % (in this notation,the A*
algorithmwould be denotedA? ). For the beamal-
gorithms,we usethenotationB,, to specifya proba-
bilistic beamof sizep, i.e., analgorithmthatbeams
outthestategeachablavith probabilitylessthanthe
currentmaximumprobabilitytimesp.

Ouir first batchof experimentsconcernshags-of-
words of size 3-7, for which exhaustve searchis
possible. In Table 2, we presentthe resultson the
word-orderingtaskachiezed by variousalgorithms.
We evaluateaccurag performanceusingtwo auto-
matic metrics: an identity metric, ID, which mea-
suresthe percentbof sentencesecreatedxactly, and
BLEU (Papineniet al., 2002), which givesthe ge-
ometricaverageof the numberof uni-, bi-, tri-, and
four-gramsrecreate@xactly. We evaluatethesearch
performanceby the percentof SearchErrors made
by our algorithms,aswell asa percenfiigure of Es-
timated SearchErrors, computedas the percentof
searcheshat resultin a string with a lower proba-

bility thanthe probability of the original sentence.

To measureheimpactof usingIDL-expressiongor
this task,we alsomeasureahe percentof unfolding
of anIDL graphwith respecto afull unfolding. We
reportspeedresultsasthe averagenumberof sec-
ondsper bag-of-words,whenusinga 3.0GHzCPU
machineunderaLinux OS.

Thefirst notableresultin Table 2 is the savings

ALG ID BLEU Search Unfold Speed
(%) Errors (%) (%) (sec./bag)
L 25 | 95 | 97.2@s8 | N/A .000
G 30.9| 51.0| 67.5676 | N/A .000
BFS| 67.1| 79.2| 0.0¢0 | 100.0| .072
A* 67.1] 79.2| 0.0¢0 | 12.0 | .010
Al 60.5| 74.8| 21.1¢19 | 3.2 .004
A5 | 64.3|77.2| 8540 5.3 .005
Bpo | 65.0] 78.0| 9.2(.0) 7.2 .006
Bo: | 66.6] 78.8| 3.2w7n | 132 | .011

Table 2: Bags-of-vords of size 3-7: accurag (ID,
BLEU), SearchErrors (and EstimatedsearchErrors), Space
savings (Unfold), andspeedesults.

achieved by the A* algorithmunderthe IDL repre-
sentation. At no costin accurag, it unfolds only

12% of the edges,and achieres a 7 times speed-
up, comparedto the BFS algorithm. The savings
achiezed by not unfolding are especiallyimportant,
sincethe exponentialcompleity of the problemis

hidden by the IDL representatiorvia the folding

mechanisnof the || operator The algorithmsthat
find sub-optimakolutionsalsoperformwell. While

maintaininghigh accurayg, the A5 and By, algo-
rithmsunfoldonly about5-7%of theedgesat12-14
timesspeed-up.

Our secondbatchof experimentsconcernsbag-
of-wordsof size10-25,for which exhaustve search
is nolongerpossiblg(Table 3). Not only exhaustve
search,but alsofull A* searchis too expensve in
termsof memory(we werelimited to 2GiB of RAM
for our experiments)and speed. Only the greedy
versionsA] andAj, andthebeamsearchusingtight
probability beams(0.2-0.1) scale up to thesebag
sizes.Becausave nolongerhave accesso thestring
of maximum probability we report only the per
centof EstimatedSearchErrors. Notethat,in terms
of accurag, we getaround20% EstimatedSearch
Errorsfor the bestperformingalgorithms(A% and
Bo.1), which meansthat 80% of the time the algo-
rithms are ableto find sentence®f equalor better
probabilitythanthe original sentences.

5 Conclusions

In this paper we adwcate that IDL expressions
can provide an adequateframevork for develop-



ALG ID BLEU Est. Search Speed
(%) Errors(%) | (sec./bag)
L 00| 14 99.9 0.0
G 1.2 | 31.6| 83.6 0.0
A} 58 | 47.7| 34.0 0.7
A3 74 512 214 9.5
Boo | 9.0 | 52.1| 233 | 7.1
Bo.1 | 12.2| 52.6| 19.9 36.7

Table3: Bags-of-wordsof size10-25:accurag (1D,
BLEU), EstimatedSearchErrors,andspeedesults.

ing text-to-text generatiorcapabilities. Our contri-

bution concernsa newv generationmechanismthat
implementsntersectiorbetweeran|DL expression
and a probabilisticlanguagemodel. The IDL for-

malismis ideally suited for our approach,due to

its efficient representatiomnd, aswe shawv in this
paper efficient algorithmsfor intersecting scoring,
andrankingsentenceealizationsusingprobabilistic
languagemodels.

We presentheoreticakesultsconcerninghecor
rectnessand efficiengy of the proposedalgorithms,
and also presentempirical resultsthat shav that
ouralgorithmsscaleupto handlinglDL-expressions
of high compl«ity. Real-world text-to-text genera-
tion tasks,suchasheadlinegeneratiorandmachine
translationarelik ely to behandledyraciouslyin this
framawork, asthe compleity of IDL-expressions
for thesetaskstendsto be lower thanthe comple-
ity of the IDL-expressionswve worked with in our
experiments.
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