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1 Intr oduction

In theARCOS-Gprojectexperimentsareconductedin a
new approachto ContinuousSpeechRecognitionwhere
basic elementsare detectedby (traditional) statistical
meanslike HMMs or ANNs, but then,putting theresult-
ing basicelementhypothesistogetherinto thedesiredso-
lution is doneby meansof chartparsingaccordingto lin-
guistic rules,e.g. lexicon, grammar, pronunciationrules
etc.

Problemsto solveareamongothersto adapttheclassi-
calmethodsof chartparsing– whicharebasedonagiven
sequenceof certainelements– to the muchmorevague
input typical for speechrecognition:a latticeof uncertain
hypotheses,with gaps,overlapsandmissinglinks.

In thefollowing,afteraninformalintroductionto chart-
parsingis given,someproblemsof applyingchartparsing
to CSRandpossiblewaysto solve theseareshown.

2 Parsing of Natural Language

“Parsing”is well known to usfrom computing.Giventhe
syntax(Grammar)of someprogramminglanguage,e.g.

ProgramModule =
’MODULE’ Ident ’;’
{Import} Block Ident ’.’ .

Import =
[ ’FROM’ Ident ]
’IMPORT’ IdentList ’;’ .

Block = ...

theaim of parsingany symbolsequenceclaimingto bea
programof thatlanguageis eitherfindingasyntaxtreeex-
plaining thesyntacticstructureof theprogramaccording

to thelanguage,or else,rejectingthesymbolsequenceas
underivablefrom thatlanguage.

For instance,giventhefollowing program,

MODULE hallo;
FROM InOut IMPORT

WriteString,WriteLn;
BEGIN

WriteString("Hallo World");
WriteLn;

END hallo.

the syntacticstructurethe parserproducesin this case
couldlook like this (with many partsleft out):

ProgramModule

’MODULE’ Ident ’;’ Import Ident Block ’.’

’FROM’ Ident ’IMPORT’ IdentList ’;’

Now, programminglanguages,and in generalformal
languages,aredesignedto beunambiguous,i.e. thatany
symbolsequencehaseitherone(a program)or zero(not
a program)derivationsfrom thesyntax.

Not so for natural languages:If parsingshouldbeap-
pliedto naturalLanguages(assumingwehaveaGrammar
describinganon-trivial subsetof somenaturallanguage),
we have to considerambiguities,sincenaturallanguages
areambiguous.A schoolbookexampleis thesentence

He saw themanwith thetelescope.

whereit is not clearwhether“the telescope”is theinstru-
ment of the observation or an object observed together
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with “the man”. The problemis increasedby ordersof
magnitudeif we not only considerthe ambiguity in one
wordsequencebut in a latticeof wordhypothesesasthey
occurin speechrecognition:

??? saw/sore??? man ??? telescope/tellus
cope.

The danger of course is that ambiguity will pro-
hibitively increasethe parsingeffort. On the otherhand,
we canobserve that while thereareseveral overall syn-
tactic structuresto one given input, thesestructuresare
almostentirely built from identical sub-structures.This
is wherechartparsingcomesinto play. Chartparsingis
designedto parseambiguousinputsin that it parseseach
sub-structureonly once,evenif it belongsto severalstruc-
tures.

To explain the working of chartparsing,let me usea
parable,wherea researchercommunitytries to solve a
problem(the overall structureof the input), which can
be doneby solving differentsetsof sub-problems(sub-
structures)first. The researchcommunityproceedsac-
cordingto thefollowing rules:� Don‘t repeatsuccesses:

– Makeyour (partial)resultspublic.

– Searchfor publishedresultsfirst beforetrying
to solvea (sub-)problemyourself.

� Don‘t repeatfailures:

– Publishwhatyouareplanningto dobeforeyou
startto solvea (sub-)problem.

– Don’t try to solve a (sub-)problemif someone
elsealreadyplansto do it.

Chartparsingsavesefforts in the sametwo ways: the
chartis aplacewherepartialresultsbut alsointentionsare
storedandretrievedfrom. Therefore,sub-structures,once
found,canbereusedfor for building differentalternative
structures,but also, if one alternative failed, it is never
tried again,sincethe intention to find this alternative is
alsomarkedin thechartandprohibitsa secondtrial.

3 Chart-Parsing Basics

The following is a very informal, cartoon-like introduc-
tion to chartparsing,with all the formulasandmany de-
tails left out.

Let’s assumethe following toy grammarfor illustra-
tion:

NounPhrase = Art [ Color ] Noun.
Art = ’a’ | ’the’.
Color = ’red’ | ’green’ | ’blue’.
Noun = ’house’ | ’car’.

Chart

Thechartis adirectedgraph,built from nodesandlabeled
edges.Nodesrepresenttime pointsandedgesrepresent
eitheratoms(or terminals),i.e. the smallestpartsfrom
which to build thesolution,theleavesof theparsetree,or
morecomplex constituents(or non-terminals).

Thestartingsituationbeforetheparsingis a chart,ini-
tializedwith just all known atoms.

� � � �� � �
’a’ ’green’ ’house’

Non-Terminal Edges

Every non-terminaledgeis labeledwith the production
rule of the constituentit standsfor, e.g. NounPhrase
= Art Color . Noun. Thereis a dot in the right
handside of the productionrule separatingthe subcon-
stituentsalreadyfoundfrom thesubconstituentsyet to be
found. A dot to the very left of all subconstituentssig-
nifiesa purehypothesis,i.e., noneof thesubconstituents
was found yet. The top hypothesisis an exampleof a
purehypothesis.A dot to the very left signifiesa com-
pletely found constituent.An edgerepresentinga com-
pletely found constituentis called’inactive’, edgeswith
still somesubconstituentsto befoundarecalled’active’.

An edgespansspansonly thoseatomsthat belongto
its found subconstituents.For instancea purehypothsis
startsandendsin the samenodeasit coversno subcon-
stituentsyet.

2



Top Hypothesis

In order to trigger the search,the “Top Hypothesis”,an
edgerepresentingtheintentionto find thetopconstituent,
hasto beinsertedinto thechart.(Usually, thetophypoth-
esiswill be “Sentence”,but in our simpleexampleit is
NounPhrase.).

� � � �� � �
NounPhrase = . Art Color Noun

�
After insertionof thetop hypothesis,new edgescanbe

createdby applyingtwo basicoperations,the“Rule Invo-
cation” (hypothetization)andthe“Fundamentalrule”:

FundamentalRule (Expansion)

If an active edge (e.g. NounPhrase = . Art
Color Noun) endsin a nodewherean inactive edge
starts(e.g. Art = ’a’ .), andthis inactive edgecor-
respondsto the next subconstituentwhich is neededto
expandthe active edge,thenthe expansionis performed
by creatinga new edge,startingat theactive edge’sstart-
ing nodeandendingat the inactive edge’s endingnode,
labelled with the expandedrule (e.g.NounPhrase =
Art . Color Noun).

� � � �� � �
Art = ’a’ .

NounPhrase = . Art Color Noun

�
NounPhrase = Art . Color Noun

Rule Invocation

An active edge triggers the insertion of pure hy-
pothesis edges at its end node, corresponding to
the next subconstituent required in order to ex-
pand the triggering edge. In our example, the edge
“NounPhrase = Art . Color Noun” triggers
the creation of a pure hypothesis edge
“Color = . ’blue’” .

� � � �� � �
Art = ’a’ .
�

NounPhrase = Art . Color Noun

Color = . ’blue’

�
Agenda

We seethat the insertionof oneedgeinto the chartcan
triggertheproductionof many otheredges,which in turn
have to be insertedinto the chart. In ordernot to forget
any edges(andthusto leavepartsof thesearchspaceun-
explored),edgesarenotinserteddirectly into thechartbut
arefirst insertedin a so-calledagenda. Theparsingpro-
cessconsistsof takingoneedgeoutof theagenda,insert-
ing it into thechartwhile storingall newly creatededges
into theagenda,andsoforth. Theprocessis startedby in-
sertingthetophypothesisedgeinto theagendaandit stops
assoonastheagendabecomesempty. Thiscompletesan
exhaustivesearchtroughthewholesearchspace.

Search Strategy

Dependingon where newly creatededgesare put into
the agendarespectively how the next edgeto be taken
from the agendais selected,a search strategy canbede-
termined. The most simple queueor stack processing
producea width-first or depth-firststrategy, more com-
plex strategiescanconsiderrule weightings(prior scor-
ing) and/orterminalscores(posteriorscoring).Of course,
strategy is only relevantto non-exhaustivesearch:A good
strategy meansan increasedchanceto find the desired
parsemuchbeforethewholesearchspacewasexamined
(e.g. if resourcelimitationsforceusto stopprematurely).

4 Ar e Linguistic Rules useful for
CSR?

Evenif linguistic rulesandrule basedapproachesarenot
“in” in continuousspeechrecognition,they areneverthe-
lessobliviouslyusedin someareasof CSR.

3



Hard-wir edProbabilistic Network

For instance,a ’Hard-wired ProbabilisticNetwork’ can
be built from submodelsaccordingto a grammar. The
Grammar

Request = Subj V Obj .
Subj = ’I’ | ’we’ | ’he’.
V = ’want’ [’s’] | ’wish’ [’s’] |

’would’ ’like’ .
Obj = ’to’ ... .

canbe(automatically)convertedinto thefollowing inter-
mediaterecognitionnetwork:

�� ��
I

�� ��
want

�� ��
to

�� ��
we

�� ��
would

�� ��
like

�� ��
he

�
	 


� �� ��
s

� 	 
 �

�� ��
es

� 	 
 �
�
	 �� ��

wish



� �

	 

� �

	


�

Eachword can thenbe replacedby a detailedproba-
bilistic wordmodel(e.g.HMM), possiblyitself composed
of subwordmodels.

A hard-wiredrecognitionnetwork likethiscorresponds
to a slightly over-productivelanguagemodelin that it al-
lowsnon-grammaticalsolutionslike“I wishesto . . . ”, but
otherwiseeverypaththroughthenetwork is syntactically
correctand(allmost)no parsingis needed,oncethepath
thatcorrespondstheutteraceis selected.

This kind of recognition network is well-suited for
modellingshortphrasesfrom wordsor modellingwords
from subwordunits.

’Word Sequence’Model

State-of-the-ArtCSRuseprobabilisticlanguagemodels.
Spokenin thelanguageof rule basedmodelling,underly-
ing therecognitionnetwork is themostsimple,’minimal’
grammar:

Utterance = Word { Word } .
Word = Silence | Noise | ’none’

| ’why’ | ’was’ | ’nice’ ...

resultingin therecognitionnetwork

�


 �� ��none �

��

 �� ��why �

�� �� ��was
��

� �� ��nice
�



...

�

�

�

��
Unlike the hard-wired network, the word sequence

modeldescribesan’infinite’ searchspace.Of course,this
modelaloneis notsufficient to restrictthesearchspaceas
everywordsequenceis allowed.Instead,thesearchspace
mustbedynamicallyconstrainedby anoverlayedproba-
bilistic languagemodel (bigrametc.) anddynamicpro-
grammingwith pruningandotherheuristicsearchstrate-
gieshasto beapplied.Theresultof thesearchis usually
a word lattice(e.g.N-bestsearch).Here,rule basedpars-
ing is requiredaspost-processingto selecttheappropriate
pathout of thelattice.

5 Chartparsing as search mecha-
nism

Despitethe recentsuccessesof recognitionapproaches
with probabilistic languagemodels, still some weak-
nessescanbepointedout:� Probabilisticlanguagemodelsarenot optimalto de-

scribelinguistic regularities.(As anextremecase,a
lexicon canalsobe thoughtof asa setof linguistic
rules: Eachword consistsof a sequenceof phones,
sometimesalsowith alternativepathsin caseof pro-
nunciationvariants. Imaginenow that the lexicon
would bedescribedasa bigram,i.e. telling only the
probabilityof phonesfollowing oneanother.)
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� Parsingis neededanyway to selecta solutionout of
thewordgraphandin orderto ’understand’theutter-
ance.A rule-basedlanguagemodelis thereforethere
in any case.� Solutionsdiscardedby therecognizerdon’t reachthe
post-processingparseranymore.However, thedeci-
sioncriteriato discardthatsolutiondon’t usethefull
linguistic knowledgeavailable.� Going through the recognition network with dy-
namic programming,several pathshave to be kept
active at eachtime frame.But often,thosepathsare
activethatcontainsimilarparts.Sinceaprobabilistic
modelhasno knowledgeof ’constituents’,it cannot
exploit this similarity andeffort is wastedto do the
samework severaltimes.

Here,theideato usechartparsingfor CSRcomesin:� UseChart-Parsingassearchmechanism.� Operateit on a network of phoneticunits.� Useone languagemodelfor bothdynamicsearchre-
strictionand linguistic ’understanding’.� Partial hypotheses— phones,morphemes,syntac-
tic constituents– canbefoundonceandusedmany
times.� Schedulingmechanismcould be usedto reconsult
therecognizerwhenotherphoneticunitsareneeded.

6 The Boundary Hypothesis Prob-
lem

Considera traditional probabilistic recognizer– say an
HMM recognizer– analyzea pieceof signal, resulting
in the following two well-scoredpaths. (The ticks mark
segmetationborders.)

a: r n s

a: n t s

Of course,bothpathsarewell-scoredbecausethey are
phoneticallysimilar, and accordingly, equal or similar
phonemesappearin bothpaths.However, therecognizer
regardsthe corresponding’units’ in bothpathsasdiffer-
ent:

� Thesegmentationis differentbecauseit dependson
theneighbouringhypotheses

� The scoring is different becauseit dependson the
segmentationand– in caseof context-specificpho-
netic unit models– it dependson the neighbouring
units.

If we areto usechartparsingassearchmechanismand
choosethe nodesof the chartto representpointsin time
(i.e. segmentborders),thendifferently segmentedunits
correspondto differenthypotheses.Taketheaboveexam-
ple, whereseveral ’n’-hypotheseswith slightly different
segmentationsarelikely to gethighscores:

��� � �
n

n

n

n

�� ��
But isn’t it actually“the same”’n’, regardlessof what

the neighbourshappento be? For thechartparserto ex-
ploit its abilities(find once– usemany times),it wouldbe
crucial to regardall these’n’s asoneunit andreuseit in
many contexts.

To illustrate the situationin a differentway, an utter-
ance(it says“mamapapa”)is analyzedin anunusualway:
for eachpossiblesegment within the utterance,scores
are assignedfor how well the segmentmatchesthe ’a’
phonememodel(HMM). Theresultisshown in thegraph-
ics below, whereeachpoint representsonepossibleseg-
ment and the colour intensity of a point at coordinates�
start stop! correspondsto thefoundscore"$# � start stop!

of asegmentbetweenthetimepoints’start’and’stop’. (in
theoral representation,thephonemes’m’ and’p’ arealso
shown in differentcolors.)
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As expected, we see that there are 4 highly scored
“coloured spots” correspondingto the 4 occurencesof
thephoneme’a’ in theutterance,however thesespotsare
“smeared”,meaninguncertainboundaries.

Even if we selectedonly a few candidateboundaries
(only afew pointsfrom each“colouredspot”)wehadstill
toomany combinationsto parsethrough.Look at justone
symbol sequencebut two boundarycandidatesbetween
subsequentsymbols. We still would get ')( different hy-
potheses with the same symbol sequence!

In a closerlook at the segmentationproblemwe can
seethat someborderhypothesesmight be eliminatedat
an early stage. The optimal boundary(e.g. the onese-
lectedby the HMM decoding)is a function of the con-
text, but only a narrow context (the adjacentneighbour
might be sufficient) is neededto determinethe optimal
boundary. (Think of how big a pieceof utteranceyou
have to hearin orderto determinea segmentborderman-
ually!) A clever basicelementdetectorcouldexploit this
fact to eliminatesomeof the superfluousboundaryhy-
potheses.For instance,in an N-bestviterbi decoder, if
two pathscorrespondto the samesymbolsequence,it is
oftenbecausetheactive pathbranchesat someplacebut
thetwo resultingpathsthenrejoin soonafterwards. (See
the sketchbelow.) A short trace-backfrom the point of
rejoining would suffice to detectthe redundancy and to
abandonthesuperfluousbranchagain.

* * *
* * *
+ + +, , , , , , , , , , , , , , , ,

, , , ,
, , , , , ,,,,,,,,,,,,

,,,,,,,,,,,,
,,,,,,,,,,,,
,

model 1

model 2

model 3

7 Chart-Parsing Revised

The basicproblemof using labeledspeechsegmentsas
terminalsof a chartparserremain,evenif somesuperflu-
oussegmentborders(andhencesegments)canbe elim-
inated alreadyin the decodingphase: if sub-structures
once found are to be reusedin different contexts, then
severaldecoderhypotheses,all interpretinga certainspot
of theutteranceasthesamephone,but slightly differring
in segmentation(differentdotswithin thesame“coloured
spot”),shouldberegardedasoneunit whentreatedby the
parser. However, thecontextualinfluenceonthescorehas
to beconsideredaswell.

The following approachwould take into accountboth
requirements:-

A (yet to be invented)recognizerdeliversonly one
basicelementhypothesisper“colouredspot”.-
Eachsuchhypothesisgetsan ’inherent’, context in-
dependentscore(e.g. an averageover a rangeof
boundaries).-
Basicelementhypothesesthatmight beadjacentget
connectedthroughsocalled“links”. BasicElements
andthelinks betweenthemform anetwork replacing
thetraditionalN-bestlattice.-
A link representsan“adjacency hypothesis”andcar-
riesits own score.-
Sincea link putstwo basicelementsinto eachothers
context, theoptimalborderfor thatcontext canbelo-
cally determined.Thelink’sscorecancontainacor-
rectionterm,helpingto calculatethejoint hypothesis
scorefrom the inherentscoresof both participating
basicelements.

This new basicelementstructurehasto bereflectedin
a new interpretationof thechart:
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� Basicelementsbecomenodesof thechart.� Links between(possibly)adjacentelementsbecome
theedges.

The following sketch shows an initialized chart with
the new structure,taking thebasicelementsfrom the in-
troductoryexample:

.
a: .

r

.
n

.
t .

s/ / / / / 0 0 0 0 0
0 0 0 0 0 / / / / /

We canseethat, for instance,thereis only one’n’-node
in the chart,but nevertheless,both postulatedpaths(and
two more)exist.

Thescoringis integratedinto thechartparsingprocess
in a naturalway: Whenapplying the fundamentalrule,
thescoreof thenew edgeis calculatedfrom thescoreof
thepartsandthescoreof thelink involved.

8 Unsolved problems

The suggestedideasstill have to be workedout in detail
andanswersto severalquestionsarestill open,e.g.:� How cana ‘colouredspot’ recognizerberealized?� What are the appropriate’inherent’ basic element

scores,how shouldlinks bescored?� How shouldthescorearithmeticlook like, i.e. what
is the formula to be usedduring fundamentalrule
application,when calculatingthe scoreof the new
edgefrom thescoreof thepartsandthescoreof the
link.
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