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Abstract
Wereportin detailthedecodingstrategy thatweusedfor
thepasttwoDarpaRichTranscriptionevaluations(RT’03
andRT’04) whichis basedonfinite stateautomata(FSA).
We discussthe format of thestaticdecodinggraphs,the
particularsof ourViterbi implementation,thelatticegen-
erationand the likelihoodevaluation. This paperis in-
tendedto familiarizethe readerwith someof the design
issuesencounteredwhenbuilding an FSA decoder. Ex-
perimentalresultsaregivenon the EARS database(En-
glish conversationaltelephonespeech)with emphasison
our fasterthanreal-timesystem.

1. Introduction

Recentadvancesin decodingalgorithmscoupledwith the
availability of everincreasingcomputingpowerhasmade
accurate,real-timeLVCSRpossiblefor variousdomains
suchasbroadcastnewstranscription[7] or conversational
telephonespeechrecognition[6]. Onesuchadvanceis
the useof weightedfinite-statetransducerswhich allow
to efficiently encodeall the variousknowledgesources
presentin a speechrecognitionsystem(languagemodel,
pronunciationdictionary, context decisiontrees,etc).The
network resultingfrom thecompositionof theseWFSTs,
after minimization,canbe directly usedin a Viterbi de-
coder[4]. Suchdecodershavebeenshown to yield excel-
lentperformancewhencomparedto classicapproaches[3].

This approachis currentlyso successfulat IBM that
no less than five different Viterbi decodersusing FSA
technologyhave beenwritten, threeof which werewrit-
ten by the authorsof this paper. While thesedecoders
sharemany commoncharacteristics,we focushereonly
on therecognizerthathasbeenusedduringthepasttwo
DarpaEARSevaluations.

2. Decoder description

2.1. Static decoding graphs

Ourdecoderoperatesonstaticgraphsobtainedbysucces-
sively expandingthewordsin ann-gramlanguagemodel
in termsof their pronunciationvariants,thephoneticse-
quencesof thesevariantsandthecontext dependentacous-
tic realizationsof the phones. The main advantageof
usingstaticgraphsis that the graphscanbe heavily op-

timizedat “compile” time (e.g. throughdeterminization
andminimization[4]) in advance,sothatminimaldecod-
ing work is requiredat “decode”time.

Thedecodinggraphsthatwe usehave somedistinc-
tive characteristicswhencomparedto standardWFSTs.
The first characteristicis that they areacceptors instead
of transducers.Thearcsin thegraphcanhave threedif-
ferenttypesof labels:

� leaf labels(context-dependentoutputdistributions),

� word labelsand

� epsilon labels(e.g.dueto LM back-off states).

Althoughnot assumedby thedecoder, it is helpful if
theword labelsarealwaysat theendof a word, i.e. right
after thesequenceof correspondingleaves.This ensures
that the time informationassociatedto a word sequence
is alwayscorrectwhich is not thecasefor WFSTssince
word labelscanbeshiftedaround.In the lattercase,the
1-bestword sequencesor latticeshave to beacoustically
re-alignedto getthecorrecttimesandscores.In addition,
the FSA representationis morecompactsinceonly one
integer per arc is requiredto storethe label. The draw-
backof having wordlabelsat theendis thatsuffixesfrom
different wordscannotbesharedanymore.

Thesecondcharacteristichasto do with thetypesof
statespresentin our graphs:

� emitting statesfor which all incomingarcsarela-
beledby thesame leaf and

� null stateswhich have incoming arcs labeledby
wordsor epsilon.

This is in effectequivalentto having theobservations
emittedon the states of the graphnot on the arcs. The
advantageis that the Viterbi scoresof the statescanbe
directly updatedwith theobservationlikelihoodsandthe
scoresof the incomingarcs. It alsomakesthe decoder
conceptuallysimpler: thereis no needto keeptrack of
active arcsduring the search,only of active states. It
canhappenhoweverthat,afterdeterminizationandmini-
mization,arcswith differentleaf labelspoint to thesame
emitting state. In this case,the stateis split into several
differentstateseachhaving incomingarcslabeledby the



sameleaf. Evenwhenusinglargespanphoneticcontext
suchascross-word septaphones,this phenomenonis rel-
atively rareand leadsto only a small increasein graph
size( � 10%). Finally, eachemittingstatehasa self-loop
labeledby the leaf of the incomingarcs.Null statescan
have incomingarcswith arbitraryword or epsilonlabels
(but no leaf labels).An illustrationof ourgraphformatis
givenin Figure1.
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Figure 1: Example of an FSA decodinggraph (with
phonelabelsinsteadof leaf labels).

2.2. Viterbi search

At a high level, theViterbi searchis a simpletokenpass-
ing algorithmwithout any context informationattached
to the tokens. It canbe basicallywritten asa loop over
timeframesandaninnerloopoversetsof activestates.A
complicationarisesin theprocessingof null states,which
do not accountfor any observations.Becauseof this, an
arbitrarynumberof null statesmightneedto betraversed
for eachspeechframe that is processed.Furthermore,
since multiple null-statepathsmight lead to the same
state,thenullsmustbeprocessedin topologicalorder.

In orderto recovertheViterbi word sequence,it is not
necessaryto storebackpointersfor all the active states.
Insteadonecanstoreonly the backpointerto the previ-
ousword in thesequence.More precisely, every time we
traverseanarc labeledby a word, we createa new word
trace structurecontainingthe identity of the word, the
endtime for thatword (which is thecurrenttime frame)
anda backpointerto the previous word trace. We then
passa pointerto this traceasa tokenduring the search.
This procedureis slightly modifiedfor latticegeneration
asit will beexplainedlateron. Storingonly word traces
ratherthanstatetracesduring the forward passreduces
thedynamicmemoryrequirementsdramatically(several
ordersof magnitudefor sometasks). The drawbackof
this techniquehowever is that theViterbi statesequence
cannotberecoveredanymore.

Eventhoughwestoreminimal informationduringthe
forward pass,for very large utterancesand/orwide de-
codingbeamsand/orlattice generation,the memoryus-
agecanbe excessive. We implementedgarbagecollec-
tion of the word tracesin the following way. We mark
all thetraceswhichareactiveat thecurrenttimeframeas
alive. Any predecessorof alivetracebecomesaliveitself.
In a secondpass,the arrayof tracesis overwrittenwith
only the live traces(with appropriatepointer changes).
Whendoneevery100framesor so,theruntimeoverhead
of this garbagecollectiontechniqueis negligible.

2.3. Search speed-ups

Herewepresentsomesearchoptimizationstrategieswhich
werefoundto bebeneficial.They haveto dowith theway
thesearchgraphis storedandaccessedandwith theway
pruningis performed.

� Graph memory layout. Thedecodinggraphisstored
asa lineararrayof arcssortedby origin state,each
arcbeingrepresentedby adestinationstate,a label
anda cost(12 bytes/arc).Eachstatehasa pointer
to the beginningof the sequenceof outgoingarcs
for thatstate,theendbeingmarkedby thepointer
of the following state(4 bytes/state).Thesedata
structuresaresimilar to theonesdescribedin [1].

� Successor look-up table. Thesecondoptimization
has to do with the useof a look-up table which
mapsstaticstateindices(from thestaticgraph)to
dynamicstateindices. The role of this tableis to
indicatewhetherasuccessorstatehasalreadybeen
accessedand,if yes,whatentry it hasin thelist of
activestates.

� Running beam pruning. For agivenframe,only the
hypotheseswhosescoreare greaterthan the cur-
rent maximumfor that frameminusthe beamare
expanded.Sincethisisanoverestimateof thenum-
ber of hypotheseswhich survived, the pathsare
prunedagainbasedon the absolutemaximumfor
that frame(minusthe beam)andbasedon a max-
imum numberof active states(rank or histogram
pruning). This resultedin a 10%-15%speed-up
overstandardbeampruning.

2.4. Lattice generation

Therole of a lattice (or word-graph)is to efficiently en-
codeall the possibleword sequenceswhich have appre-
ciable likelihoodgiven the acousticevidence. Standard
lattice generationin (dynamicsearchgraph)Viterbi de-
coding usesa word-dependentN-bestalgorithm where
multiplebackpointersto previouswordsarekeptat word
ends[5, 8]. Whenusingstaticgraphshowever, thereis
a complicationdueto themergesof statesequencesthat
canhappenin themiddleof words.



The strategy we adoptis to keeptrack of the N-best
distinct word sequencesarriving at every state. This is
achievedthroughhashingof thewordsequencesfrom the
beginning of the utteranceup to that state. More pre-
cisely, during the forward pass,we propagateN tokens
from a stateto its successors.Token � containsthe for-
wardscoreof the � th-bestpath,thehashcodeof theword
sequenceup to that point anda backpointerto the pre-
vious word trace. Oncewe traversean arc labeledby
a word, we createa new word tracewhich containsthe
word identity, the endtime andthe N tokensup to that
point. We thenpropagateonly the top-scoring path(to-
ken). At mergepoints,we performa mergesortuniq op-
erationto get from 2N down to N tokens(the tokensare
keptsortedin descendingscoreorder). This latticegen-
erationprocedureis illustratedin Figure2.
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Figure2: N-bestlatticegeneration(N=2). Herearcscarry
word labelsandscores(higherscoresarebetter). Word
sequencesarerepresentedby hashcodes.

In Table1, wereportthelink density(numberof arcs
in thelatticedividedby thenumberof wordsin therefer-
ence)asa functionof N for thesamepruningparameter
settings.WenormallyuseN=5 to achieveagoodbalance
betweenlatticesizeandlatticequality.

N-bestdegree 2 5 10
Latticelink density 29.4 451.0 1709.7

Table1: Latticelink densityasa functionof N.

Table2 shows theword errorratesfor threedifferent
test setsof the EARS databaseobtainedafter language
modelrescoringandconsensusprocessingof thelattices
at thespeakeradaptedlevel. Thelanguagemodelusedto
generatethe latticeshas4.1M n-gramswhile the rescor-
ing LM is significantlylargerwith 100Mn-grams(please
referto [9] for detailsonhow theselanguagemodelswere
trained).

2.5. Likelihood computation

In [6], we havepresenteda likelihoodcomputationstrat-
egy basedon a hierarchicalGaussianevaluationwhich is
decoupledfrom the search.Here,we contrastthis tech-
nique with “on-demand”likelihood computationin the

RT03 DEV04 RT04
Speaker-adapteddecoding 17.4 14.5 16.4
LM rescoring+ consensus 16.1 13.0 15.2

Table2: Worderrorratesfor LM rescoringandconsensus
processingon variousEARStestsets.

sensethat we evaluatethe Gaussiansonly for the states
which areaccessedduringthesearchassuggestedin [7].
A further refinementis achieved by combiningthe two
approaches.This works as follows: first, we perform
a top-down clusteringof all the mixture componentsin
the systemusinga Gaussianlikelihoodmetric until we
reach2048clusters(Gaussians).At runtime,we evalu-
atethe2048componentsfor every frameand,for agiven
stateaccessedduring the search,we only evaluatethose
Gaussianswhich map to one of the top � clustersfor
thatparticularframe.Figure3 shows theword errorrate
versusrun-time factor (including search)for the three
different likelihood schemes:“hierarchical decoupled”
(pre-computationandstorageof all thelikelihoods),“on-
demand”and“hierarchicalon-demand”(computingon-
demandonly thoseGaussianswhicharein themostlikely
clusters).For bothon-demandtechniques,we usea like-
lihoodbatchstrategy whichcomputesandstoresthelike-
lihoods for eight consecutive framesinto the future, as
describedin [7].
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Figure3: Word error rateversusreal time factorfor var-
ious likelihoodschemes(EARSRT’04 speaker indepen-
dentdecoding).Timesaremeasuredon Linux Pentium
IV 2.8GHzmachinesandareinclusiveof thesearch.

3. Experimental setup

We study the behaviour of the LVCSR decoderon our
EARS2004evaluationsubmissionin theonetimesreal-
time (or 1xRT) category. The architecturewe propose
usesanextremelyfastinitial speaker-independentdecod-
ing toestimateVTL warpfactors,feature-spaceandmodel-



spaceMLLR transformationsthatareusedin afinalspeaker-
adapteddecoding[6]. The decodinggraphsfor the two
decodingpassesare built using identical vocabularies,
similarly sized 4-gram languagemodels,but very dif-
ferentcontext decisiontrees.For the compilationof the
phoneticdecisiontreesinto FSTs,weappliedanefficient
incrementaltechniquedescribedrecentlyin [2]. Table3
shows variousdecodinggraphstatistics.The maximum
amountof memoryusedduring thedeterminizationstep
was4GB.

SI SA
Phoneticcontext � 2 � 3
Numberof leaves 7.9K 21.5K
Numberof words 32.9K 32.9K
Numberof n-grams 3.9M 4.2M
Numberof states 18.5M 26.7M
Numberof arcs 44.5M 68.7M

Table3: Graphstatisticsfor thespeaker-independentand
speaker-adapteddecodingpasses.Thenumberof arcsin-
cludesself-loops.

Thedrasticruntimeconstraintsfor the1xRT submis-
sion forcedus to choosequitedifferentoperatingpoints
for thespeaker-independentandspeaker adapteddecod-
ing. Thus,theSI decodingwasallottedaruntimefraction
of only 0.14xRT, whereastheSA decodingranat a more
“leisurelypace”of 0.55xRT. Thishadaninfluenceonthe
numberof searcherrorsascanbeseenfrom Table4. In
thesametable,we indicatetheerrorratesandvariousde-
codingstatisticsfor thetwo passes.Thetestsetconsists
of 36 two-channeltelephoneconversations(72 speakers)
totaling3 hoursof speechand37.8Kwords.Timeswere
measuredonaLinux PentiumIV 3.4GHzmachine(with-
out hyperthreading).

SI SA
Word errorrate 28.7% 19.0%
Searcherrors 2.2% 0.3%
Likelihood/searchratio 60/40 55/45
Avg. numberof Gaussians/frame 7.5K 43.5K
Max. numberof states/frame 5.0K 15.0K

Table4: Error ratesanddecodingstatisticson RT’04 for
the1xRT system.

Lastly, we discussthe memoryrequirementsfor the
speaker adapteddecoding,which is by far the most re-
sourceconsuming. The memoryusagecanbe summa-
rized as follows: 1.2Gb of static memorydivided into
932Mbfor thedecodinggraphand275Mbfor 850K 40-
dimensionalGaussiansand133Mb of dynamicmemory
(220Mbwith latticegeneration).

4. Conclusion

In this paperwe exploredsomeof the designissuesen-
counteredin FSA-baseddecoding.Specifically, we dis-
cussed:(a) the choiceof acceptorsinsteadof transduc-
ers asstaticdecodinggraphswith observationsemitted
on statesinsteadof arcs(b) the useof word tracesfor
tracebackinformation(c) a lattice generationprocedure
basedon N-bestdistinct word sequencesand(d) an on-
demandhierarchicallikelihoodcomputation.Usingthese
techniques,we showedthatit is possibleto performvery
accurateLVCSRdecodingundertight time constraints.
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