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Abstract

We reportin detailthedecodingstratgy thatwe usedfor

thepasttwo DarpaRich Transcriptiorevaluationgd RT’03

andRT’04) whichis basednfinite stateautomatgFSA).
We discussthe format of the staticdecodinggraphs the
particularsof our Viterbi implementationthelatticegen-
erationandthe likelihood evaluation. This paperis in-

tendedto familiarizethe readerwith someof the design
issuesencounteredvhenbuilding an FSA decoder Ex-

perimentalresultsare givenon the EARS databas€En-
glish conversationatelephonespeech)vith emphasion
our fasterthanreal-timesystem.

1. Introduction

Recentadvancesn decodingalgorithmscoupledwith the
availability of everincreasingcomputingpowerhasmade
accuratereal-timeLVCSR possiblefor variousdomains
suchasbroadcashewnstranscriptior{7] or corversational
telephonespeechrecognition[6]. One suchadvanceis
the useof weightedfinite-statetransducersvhich allow
to efficiently encodeall the variousknowledge sources
presenin a speectrecognitionsystem(languagemodel,
pronunciatiordictionary context decisiontrees gtc). The
network resultingfrom the compositionof theseWFSTs,
after minimization, canbe directly usedin a Viterbi de-
coderf4]. Suchdecoderhave beenshavnto yield excel-
lentperformancevhencomparedo classicapproachef3].

This approachs currentlyso successfult IBM that
no lessthan five different Viterbi decodersusing FSA
technologyhave beenwritten, threeof which werewrit-
ten by the authorsof this paper While thesedecoders
sharemary commoncharacteristicswe focushereonly
on therecognizeithathasbeenusedduring the pasttwo
DarpaEARSevaluations.

2. Decoder description
2.1. Static decoding graphs

Ourdecodepperate®nstaticgraphbtainedoy succes-
sively expandingthewordsin ann-gramlanguagemodel
in termsof their pronunciationvariants,the phoneticse-
guence®f thesevariantsandthecontext dependenacous-
tic realizationsof the phones. The main advantageof
usingstaticgraphsis that the graphscanbe heavily op-

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

The decodinggraphsthat we usehave somedistinc-
tive characteristicsvhencomparedo standardVFSTs.
Thefirst characteristids thatthey areacceptors instead
of transducersThe arcsin the graphcanhave threedif-
ferenttypesof labels:

o |eaf labels(context-dependenbutputdistributions),
e word labelsand

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

Althoughnot assumedy the decoderit is helpful if
theword labelsarealwaysat the endof aword, i.e. right
afterthe sequencef correspondindeaves. This ensures
thatthe time informationassociatedo a word sequence
is alwayscorrectwhich is not the casefor WFSTssince
word labelscanbe shiftedaround.In the latter case the
1-bestword sequencesr latticeshave to be acoustically
re-alignedo getthecorrecttimesandscoresin addition,
the FSA representatiois more compactsinceonly one
integer per arcis requiredto storethe label. The draw-
backof having word labelsattheendis thatsuffixesfrom
different wordscannotbe sharedanymore.

The secondcharacteristihasto do with the typesof
stategpresenin our graphs:

e emitting statesfor which all incomingarcsarela-
beledby the same leafand

e null stateswhich have incoming arcs labeled by
wordsor epsilon.

Thisis in effectequivalentto having the obsenations
emittedon the states of the graphnot on the arcs. The
adwantagels that the Viterbi scoresof the statescanbe
directly updatedwith the obsenationlikelihoodsandthe
scoresof the incomingarcs. It also makesthe decoder
conceptuallysimpler: thereis no needto keeptrack of
active arcsduring the search,only of active states. It
canhapperhoweverthat,afterdeterminizatiorandmini-
mization,arcswith differentleaflabelspointto thesame
emitting state. In this case the stateis split into several
differentstateseachhaving incomingarcslabeledby the



sameleaf. Evenwhenusinglarge spanphoneticcontext
suchascross-vord septaphoneshis phenomenoiris rel-
atively rare andleadsto only a small increasein graph
size(<10%). Finally, eachemitting statehasa self-loop
labeledby the leaf of theincomingarcs. Null statescan
have incomingarcswith arbitraryword or epsilonlabels
(but noleaflabels).An illustrationof our graphformatis
givenin Figurel.

<epsilon>

. = emitting state O = null state
Figure 1: Exampleof an FSA decodinggraph (with
phonelabelsinsteadof leaflabels).

2.2. Viterbi search

At ahigh level, the Viterbi searchis a simpletoken pass-
ing algorithmwithout any context information attached
to the tokens. It canbe basicallywritten asa loop over
timeframesandaninnerloop oversetsof active states A
complicationarisesn theprocessin@f null statesyhich
do notaccountfor any obsenations. Becauseof this, an
arbitrarynumberof null statesmight needto betraversed
for eachspeechframe thatis processed.Furthermore,
since multiple null-state paths might lead to the same
state the nulls mustbe processedh topologicalorder

In orderto recovertheViterbi word sequencsit is not
necessaryo storebackpointersor all the active states.
Insteadone canstoreonly the backpointerto the previ-
ousword in the sequenceMore precisely every time we
traversean arclabeledby a word, we createa new word
trace structurecontainingthe identity of the word, the
endtime for thatword (which is the currenttime frame)
and a backpointerto the previous word trace. We then
passa pointerto this traceasa token during the search.
This proceduras slightly modifiedfor lattice generation
asit will be explainedlateron. Storingonly word traces
ratherthan statetracesduring the forward passreduces
the dynamicmemoryrequirementsiramatically(several
ordersof magnitudefor sometasks). The drawback of
this techniquehowever is thatthe Viterbi statesequence
cannotberecoseredarnymore.

Eventhoughwe storeminimalinformationduringthe
forward pass,for very large utterancesand/orwide de-
codingbeamsand/orlattice generationthe memoryus-
agecanbe excessie. We implementedyarbagecollec-
tion of the word tracesin the following way. We mark
all thetraceswhich areactive atthecurrenttime frameas
alive. Any predecessasf alivetracebecomesliveitself.
In a secondpass.the array of tracesis overwrittenwith
only the live traces(with appropriatepointer changes).
Whendoneevery 100framesor so,theruntimeoverhead
of this garbagecollectiontechniqués negligible.

2.3. Search speed-ups

Herewe presensomesearchoptimizationstratgjieswhich
werefoundto bebeneficial.They haveto dowith theway
the searchgraphis storedandaccessedndwith theway
pruningis performed.

e Graph memory layout. Thedecodinggraphis stored
asalineararrayof arcssortedby origin state,each
arcbeingrepresentetly a destinatiorstate alabel
anda cost(12 bytes/arc).Eachstatehasa pointer
to the beginning of the sequencef outgoingarcs
for that state the endbeingmarked by the pointer
of the following state(4 bytes/state).Thesedata
structuresaresimilar to the onesdescribedn [1].

e Successor look-up table. The secondoptimization
hasto do with the use of a look-up table which
mapsstatic stateindices(from the staticgraph)to
dynamicstateindices. The role of this tableis to
indicatewhethera successostatehasalreadybeen
accessednd,if yes,whatentryit hasin thelist of
active states.

e Running beam pruning. For agivenframe,only the
hypothesesvhosescoreare greaterthan the cur-
rent maximumfor that frame minusthe beamare
expanded Sincethisis anoverestimatef thenum-
ber of hypotheseswvhich survived, the pathsare
prunedagainbasedon the absolutemaximumfor
thatframe (minusthe beam)andbasedon a max-
imum numberof active states(rank or histogram
pruning). This resultedin a 10%-15%speed-up
over standarcbeampruning.

2.4. Latticegeneration

Therole of alattice (or word-graph)is to efficiently en-
codeall the possibleword sequencewshich have appre-
ciablelikelihood given the acousticevidence. Standard
lattice generationin (dynamicsearchgraph)Viterbi de-
coding usesa word-dependenN-bestalgorithm where
multiple backpointerdo previouswordsarekeptatword
ends[5, 8]. Whenusingstaticgraphshowever, thereis
a complicationdueto the mergesof statesequencethat
canhapperin themiddle of words.



The stratgy we adoptis to keeptrack of the N-best
distinct word sequencearriving at every state. This is
achievedthroughhashingof theword sequencesom the
beginning of the utteranceup to that state. More pre-
cisely, during the forward pass,we propagateN tokens
from a stateto its successorsToken ¢ containsthe for-
wardscoreof theith-bestpath,the hashcodeof theword
sequencaip to that point and a 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 memge points,we performa meigesortuniq op-
erationto getfrom 2N down to N tokens(the tokensare
keptsortedin descendingcoreorder). This lattice gen-
erationproceduras illustratedin Figure?2.
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Figure2: N-bestlatticegeneratio{N=2). Herearcscarry
word labelsandscores(higherscoresare better). Word
sequencearerepresentetty hashcodes.

In Tablel, we reportthelink density(numberof arcs
in thelattice dividedby the numberof wordsin therefer
ence)asa functionof N for the samepruningparameter
settings We normallyuseN=5 to achieve agoodbalance
betweerlattice sizeandlattice quality.

N-bestdegree 2 5 10
Latticelink density | 29.4 | 451.0| 1709.7

Tablel: Latticelink densityasafunctionof N.

Table2 shows theword errorratesfor threedifferent
testsetsof the EARS databasebtainedafter language
modelrescoringandconsensugrocessingf thelattices
atthespealer adaptedevel. Thelanguagenodelusedto
generateahe latticeshas4.1M n-gramswhile the rescor
ing LM is significantlylargerwith 100M n-gramgplease
referto [9] for detailsonhow thesdanguagemodelswere
trained).

2.5. Likelihood computation

In [6], we have presented likelihoodcomputatiorstrat-
egy basedon a hierarchicalGaussiarevaluationwhichis
decoupledrom the search.Here,we contrastthis tech-
nigue with “on-demand”likelihood computationin the

RTO03 | DEV04 | RT04
Spealkr-adaptediecoding| 17.4 145 16.4
LM rescoringt consensus 16.1 13.0 15.2

Table2: Word errorratesfor LM rescoringandconsensus
processingn variousEARStestsets.

sensethat we evaluatethe Gaussian®nly for the states
which areaccesseduringthe searchassuggestedh [7].
A further refinementis achiezed by combiningthe two
approaches.This works as follows: first, we perform
a top-down clusteringof all the mixture componentsn
the systemusing a Gaussiarik elihood metric until we
reach2048clusters(Gaussians) At runtime, we evalu-
atethe 2048componentgor every frameand,for agiven
stateaccessedluring the searchwe only evaluatethose
Gaussiansvhich mapto one of the top N clustersfor
thatparticularframe. Figure 3 shovs the word errorrate
versusrun-time factor (including search)for the three
different likelihood schemes:“hierarchical decoupled”
(pre-computatiomndstorageof all thelik elihoods),"on-
demand’and “hierarchicalon-demand’(computingon-
demandnly thoseGaussians/hicharein themostlikely
clusters).For both on-demandechniquesye useallik e-
lihood batchstratgyy which computesandstoreghelik e-
lihoods for eight consecutie framesinto the future, as
describedn [7].
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Figure3: Word errorrateversusrealtime factorfor var
iouslikelihoodschemegEARS RT'04 spealer indepen-
dentdecoding). Timesare measuredn Linux Pentium
IV 2.8GHzmachinesandareinclusive of the search.

3. Experimental setup

We study the behaiour of the LVCSR decoderon our
EARS 2004 evaluationsubmissiorin the onetimesreal-
time (or 1xRT) categyory. The architecturewe propose
usesanextremelyfastinitial spealerindependentlecod-
ingto estimate/TL warpfactorsfeature-spacandmodel-



spaceMLLR transformationshatareusedn afinal spealer-
adapteddecoding[6]. The decodinggraphsfor the two
decodingpassesare built using identical vocahularies,
similarly sized 4-gram languagemodels, but very dif-
ferentcontext decisiontrees. For the compilationof the
phoneticdecisiontreesinto FSTs,we appliedanefficient
incrementakechniquedescribedecentlyin [2]. Table3
shaws variousdecodinggraphstatistics. The maximum
amountof memoryusedduring the determinizatiorstep
was4GB.

Sl SA
Phoneticcontext +2 +3
Numberof leaves 79K | 21.5K
Numberof words 329K | 32.9K
Numberof n-grams| 3.9M | 4.2M
Numberof states 18.5M | 26.7M
Numberof arcs 44,5M | 68.7M

Table3: Graphstatisticsfor the spealer-independenand
spealer-adaptediecodingpassesThenumberof arcsin-
cludesself-loops.

Thedrasticruntimeconstraintdor the 1xRT submis-
sionforcedus to choosequite differentoperatingpoints
for the spealer-independenaind spealer adapteddecod-
ing. Thus,the Sl decodingvasallottedaruntimefraction
of only 0.14xRT, whereaghe SA decodingranata more
“leisurely pace”of 0.55xRT. Thishadaninfluenceonthe
numberof searcherrorsascanbe seenfrom Table4. In
thesametable,we indicatetheerrorratesandvariousde-
codingstatisticsfor thetwo passesThetestsetconsists
of 36 two-channetelephonecorversationg72 spealers)
totaling 3 hoursof speechand37.8K words. Timeswere
measurednalinux PentiumlV 3.4GHzmachingwith-
out hyperthreading).

Sl SA
Word errorrate 28.7% | 19.0%
Searclerrors 2.2% | 0.3%
Likelihood/searchatio 60/40 | 55/45
Avg. numberof Gaussians/frame¢ 7.5K | 43.5K
Max. numberof states/frame 5.0K | 15.0K

Table4: Errorratesanddecodingstatisticson RT’'04 for
the 1XRT system.

Lastly, we discussthe memoryrequirementdor the
spealer adapteddecoding,which is by far the mostre-
sourceconsuming. The memoryusagecan be summa-
rized as follows: 1.2Gb of static memorydivided into
932Mbfor the decodinggraphand275Mb for 850K 40-
dimensionalGaussiangnd 133Mb of dynamicmemory
(220Mbwith latticegeneration).

4. Conclusion

In this paperwe exploredsomeof the designissuesen-
counteredn FSA-basedlecoding. Specifically we dis-
cussed:(a) the choiceof acceptorgnsteadof transduc-
ers as static decodinggraphswith obsenationsemitted
on statesinsteadof arcs(b) the use of word tracesfor
tracebackinformation (c) a lattice generatiorprocedure
basedon N-bestdistinctword sequenceand (d) an on-
demanchierarchicalik elihoodcomputation Usingthese
techniqueswe shavedthatit is possibleto performvery
accuratd VCSRdecodingundertight time constraints.
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