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ABSTRACT

ROVER [1] andits successowoting procedureshave been
shavn to be quite effective in reducingthe recognitionword er-
ror rate(WER). Thesuccessf thesemethodshasbeenattributed
to their minimum Bayes-risk(MBR) nature: they producethe
hypothesiswith the leastexpectedword error. In this paperwe
develop a generalprocedurewithin the MBR framework, called
seggmentalMBR recognition, that encompassesurrentvoting
techniquesand allows further extensionsthat yield lower ex-
pectedWER. It alsoallows incorporationof lossfunctionsother
thanthe WER. We presenta derivation of voting procedureof
N-bestROVER as an instanceof sggmentalMBR recognition.
We then presentan extension,called e-ROVER, that alleviates
someof therestrictionsof N-bestROVER by betterapproximat-
ing the WER. e-ROVER is comparedwith N-bestROVER on
multi-lingual acousticmodelingtaskandis shawvn to yield mod-
estyetsignificantandeasilyobtainedmprovements.

1. INTRODUCTION

Voting techniqueghat combineoutputsof multiple recogniz-
ersor multiple outputsof a singlerecognizehave beenshawvn to
beusefulin reducingtherecognitionworderrorrate(WER).First
in this serieswasNIST’s ROVER [1] methodthatcombinessin-
gle hypothesefrom multiple ASR systemsRecentlyintroduced
voting methodshave generalizedhis to combinemultiple recog-
nition hypotheses;ontainedn N-bestlists or lattices,produced
by individual [2, 3] andmultiple recognizer$4, 5].

Voting proceduresstart by producinga simultaneousalign-
mentof all the hypothesesThis alignmentis storedin a struc-
ture calledword transitionnetwork (WTN) [1] or confusionnet-
work [3]. An exampleWTN is shawn in Figurel. Wordsthat
align with eachotherare groupedtogetherin a correspondence
setor bin; {OH, O, INULL } is one correspondencsetin the
WTN of Figurel. A confidencescoreis thendeterminedor each
word andthe mostconfidentword is selectedrom eachcorre-
spondenceet. Theseselectedvordsareconcatenatetb produce
a hypothesighatformsthe outputof thesesystemsVariousvot-
ing methodsessentiallydiffer in the way they producethe WTN
andobtainword confidencescores.
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Figure 1: An exampleword transitionnetwork.

Thesuccessf voting methodsasbeenattributedto theirmin-
imum Bayes-riskiminimumexpectederror) nature[3, 4, 5, 6, 7,
8] : thecostof thealignmentspecifiedoy theWTN approximates
the word error rate, andthe procesf selectingmostconfident
wordsfrom correspondencsetsamountgo picking the hypoth-
esisthathastheleastexpectederrorunderthatapproximatiorto
WER.

Our intentin this paperis to demonstratehat voting proce-
duresarespecificinstance®f a generaprocedurevhich we call
segmental minimum Bayes-risk recognition. This formulation
leadsto animproved understandin@f the constraintsof voting
procedureslt alsoallows usto develop extensionsof thesepro-
cedureghatprovide a betterapproximatiorto theword errorrate
andthatareevenapplicableto lossfunctionsotherthanWER.

We start by presentingthe framewvork of segmental MBR
recognition. We then shav howv one voting method, N-best
ROVER [4, 5], canbe derived as a limiting caseof sggmental
MBR recognition. An extensionto N-bestROVER, called e-
ROVER, is thenpresented.e-ROVER is comparedwith N-best
ROVER onthetaskof multi-linguallanguagéndependenacous-
tic modeling[9].

2. SEGMENTAL MINIMUM
BAYES-RISK RECOGNITION

Let A be the acousticutteranceto be recognized. Let W,
be the setof recognitionhypotheseshatarelikely given A4, i.e.
word stringsthathave a non-zeroprobability P(W|A). Let Wj,
be the setof word stringsfrom which the recognizerselectsits
answer;in general,W, could be differentfrom W;. We call
the former setthe evidence space andthe latter the hypothesis
space. Let (W, W') be alossfunctionthat measureshe error
incurredin hypothesizing’ when A is producedby the evi-
denceword string W. The minimum Bayes-risk(MBR) recog-
nizerthatyieldstheleastexpectedossunderthejoint distribution
P(W,A)is

5(A) = argmin Y (W, W')P(W|A).
W'ewy, WeW,.
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A simplificationof the MBR recognizemnf Equationl canbe
derivedby segmentingthehypothesisandevidencespacessfol-
lows. Let eachstringin the evidencespace/V. beuniquely seg-
mentednto M sub-string®f zeroor morewords. This givesrise
to M setsof sub-stringsgcalled evidence segment sets. Let W
denotethe 5t" evidencesegmentset. Similarly, let eachword
string in the hypothesisspaceW;, be sggmentedinto M sub-
stringsof zeromorewords,giving riseto M hypothesis segment
sets. Let Wi denotethe i** hypothesissggmentset. Further
more, let the hypothesisspacebe “closed” underconcatenation
of stringsfrom thehypothesiseggmentsets

Wh=Wp -Wi --- Wi, 2

We definea posteriomprobability P(W*| A) for sub-string¥*
of theevidenceseggmentsetsW; as

>

XEWe: Xi=W'

P(W'|A) = P(X|A). (3)

Thisis themaginal probabilityof W ¢ obtainecby summingover
all thoseevidencesetword stringsthat contrikbute sub-stringiv*
to theit” evidencesegmentset.

Assumethat the segmentationof the spaceds suchthat the
total loss betweenhypothesisand evidenceword stringscanbe
computedor approximatedlpy asumof thelossesetweertheir
segments

M
(W, W') =Y EwL W',

i=1

4

wherethe superscript on theword stringsdenotegheir ;** sub-
string sggment,andon thelossfunctionit denoteghe lossfunc-
tion definedover the;** sggmentset. Then,the MBR recognizer
of Equationl canbeimplementedhsa concatenationf M seg-
mental MBR recognizers

5(4)=4"(A4)-6°(A4) - 6" (A), (©)

where

§'(A) = argmin Y (W, W )P(W'|A).
W'iew; wicwi

©)

We notethatwhile the utterancdevel MBR recognizelis im-
plementedasa sequencef independensegmentalMBR recog-
nizerson hypothesisand evidencespacesegments,the acoustic
datais notsggmentedat all. Also, thereis no assumptiorof lin-
guisticindependencbetweenwvord stringsbelongingto adjacent
segments;the languagemodel spansacrosssegmentsand could
evenbeappliedatthe utterancdevel.

Also worth notingis thatsegmentalMBR recognitiondoesnot
provide a procedurefor selectingthe hypothesisand evidence
se@mentsets;it only specifieghe constraintghatthesesetsneed
to obey. Theconstructiorof sggmentsetsthereforeremainsade-
signproblemthatneeddo beaddresseth anapplicationspecific
manner On a relatednote, supposethat for a given designof

hypothesisand evidencesegmentsets,the assumptiorof Equa-
tion 4 is not satisfied. We canthendefinean induced utterance
level lossfunctionfor thatsegmentation

M
LW, w') =YW w'. (7)

Clearly, theseggmentalMBR recognizersf Equationt areequiv-
alentto an utterancdevel MBR recognizemunderthe lossfunc-
tionl;. Theirperformanceinderthedesiredossfunction! would
dependnhow well I; approximates.

3. VOTING ON SEGMENTS, N-BEST
ROVER, AND EXTENDED-ROVER

A speciakaseof sggmentaMBR recognitionarisesvheneach
evidenceseggmentsetcontainsat mostoneword from eachevi-
denceword string; eachhypothesisegmentsetcontainsat most
oneword from eachhypothesiswvord string; andthereis a 0/1
lossfunctiononthe sggmentsets

Oifw' =w'
1 otherwise.

lo/l(wi,w’i) = { 8)

We areusinglower casew’ to indicatethatthe membersof the
segmentsetsarewords (or NULL). Undertheseconditionsthe
segmentalMBR recognizeiof Equation6 becomes

§(A") = argmax P(w’i|A), 9)
w'iewj
where,
Py = Y PA). (10)

. .
weEWLwt=w'*

Equation9 is exactly the maximuma-posterioridecisionon
eachhypothesisggmentset. For eachword a posteriomprobabil-
ity is computedbasedon the evidencespaceandthenthe word
with highestposteriorprobability is selected.We call this seg-
mental MBR voting.

It is easilyseerthatN-bestROVER is aninstanceof segmental
MBR voting. Let N, bethenumberof systemseingcombined.
Let P, (W |A) bethedistribution of the k** systemyestrictedto
its N-bestlist. A singledistribution, P(W|A), is generatedy
takinga convex combinationof Py, (W |A). The N-bestROVER
procedureeanbe summarizedn thefollowing steps.

1. Constructa WTN from the union of N-bestoutputsof N,
systems.

2. Using the distribution P(W|A) andthe WTN, computea
posteriorprobabilityaccordingo Equation3 for eachword
in eachcorrespondenceet.

3. Fromeachcorrespondenceet,selecttheword with highest
posteriorprobability Concatenatéhesewordsto produce
thefinal hypothesis.

Clearly, the evidencespacein N-bestROVER is the union
of N-bestlists. The distribution over this evidence spaceis



P(W|A). Thecorrespondencsgetsplay therole of boththe evi-
denceandthe hypothesisegmentsets,andthe hypothesispace
is the setof all the pathsthatarecontainedn the WTN. Thein-
ducedutterancdevel lossfunctionin N-bestROVER is

M
lR(W, W’) = Zlo/l(’wi,’w Z)

i=1

(11

Sincethe WTN is constructedo geta goodsimultaneouslign-
mentbetweenhypotheseslg approximateshe word error rate.
HenceN-bestROVER is asggmentalMBR voting procedureain-
deranapproximateVER lossfunction.

Having atmostoneword in eachsegmentsetrestrictssggmen-
tal MBR voting procedureén thatit cannotincorporatelependen-
ciesin thelossfunctionthatspanmultiple words. This limitation
maybe of significancen tasksthataresensitve to multiple word
dependenciesuchasdetectionof phrasesin fact, evenfor the
taskof minimizingword errorrate,whichis themainobjectie of
N-bestROVER, thisrestrictionis of significanceIn somecasest
may not be possibleto find a simultaneousvord level alignment
for whichthe sentencéevel lossequalsthe Levenshteirdistance
betweenary pair of sentencesasshavn by the following three
sentences.

OH WELL WE INULL
O WELL WE'RE INULL
INULL  WELL WE WE'RE

We now specifya procedurdhatallows two or moreconsecu-
tive wordsin eachcorrespondencset. We first definea process
of joining two consecutie correspondencsets. In joining two
correspondencsetswe replacethosetwo setsby one expanded
setthatcontainsall the pathsfrom the original pair of sets.This
isillustratedin Figure2.

—a

INULL WE'RE

Figure 2: Joiningtwo correspondenceets.

We now introducethe e-ROVER lossfunction. In a WTN if
we join ary two consecutie correspondencgets sayabsorksets
m + 1 into setm, andusethe Levenshteindistancdossfunction
L ontheexpandedsetm, thentheutterancdevel lossfunction,

M

>

i=1,iFm,i#Fm+1

Ler(W,W') = Lo (w',w') + LOW™, W'™),
12)
satisfiegheinequalities

LW, W") < lL.r(W,W") < lg(W,W").

Thesdanequalitiedollow asadirectconsequencef thedefinition
of Levenshteirdistance.

The joining procedurecanbe carriedout mary timesto yield
successkely betterapproximationgo the Levenshteindistance.
The WTN obtainedafter eachjoining operationspecifiesa new
segmentationof the evidenceand hypothesisspaces. It is im-
portantto notethatonly the sgmentationof the hypothesisand
evidencespaceshangesvith joining operationtheactualspaces
remainunchanged.

The size of eachexpandedsetgrowvs exponentiallywith the
numberof joining operationsmaking Equation6 progressiely
moredifficult to implement. Thus,eventhougheachjoining op-
erationimprovesword errorrateapproximationit is importantto
selectthe setsto be joined carefully We usea heuristicmethod
to determinesetsthatarejoined:

1. Construca WTN, asin N-bestROVER, using N hypothe-
seseachfrom N, systems.

2. Determinethe posteriorprobability of wordsin correspon-
dencesets,accordingto Equations3 and 10, asin N-best
ROVER.

3. “Pinch” correspondencsetsin which the largestvalue of
theposteriorprobabilityis above a pinching threshold. Join
all adjacenunpinchedcorrespondencsets.

4., Usethe Levenshteindistancdossfunctionwithin eachex-
pandedset.

The procedureof pinching and expandingthe correspondence
setsis shavn in Figure3. Hypothesesn e-ROVER areformed
sequentiallyaccordingto Equationss and6.
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Figure3: e-ROVER WTN construction.

As noted abore, the hypothesisand evidence spacesin e-
ROVER areidenticalto thosein N-bestROVER. However, the
lossfunctionin e-ROVER providesa betterapproximatiorto the
word errorratedueto theimproved sggmentation Sincethey are
bothinstantiation®f Equations, e-ROVER would bereasonably
expectedo yield alowerword errorratethanN-bestROVER.

4. PRELIMINARY RESULTS

Our preliminary comparisonsof N-best ROVER with e-
ROVER were performedon the multi-lingual languagendepen-
dentacoustionodelingtask[9]. Czechrecognitionoutputsfrom
threesystemsverecombined: atriphonesystemtrainedon one
hour of Czechvoice of America (Cz-VOA) databasd€Sys1l);a



triphonesystemtrainedon 72 hrs. of Englishandthenadapted
to onehourof Czech(Sys2);andSysloutputrescoredvith Sys2
models. The testsetconsistedof 748 held out utterancegrom
Cz-VOA broadcast.250 hypothesesveretaken from eachsys-
temalongwith theirdistributionsrestrictedo these250-bestists.
ThebaselinegMAP hypothesesin thesesystemdaderrorrates
of 29.42%,35.24%,and29.22% respectiely.

N-bestROVER yieldsanabsolutemprovementof 3.28%over
the 29.22%baseline Its comparisorwith e-ROVER is shavn in
Figure4. Thetop panelin this figure shavs the fraction of the
pinchedsetsasa function of the pinchingthreshold A threshold
of 0.0 pinchesall the sets- equivalentto N-bestROVER - while
ary thresholdabove 1.0 resultsin no pinchingatall. At higher
pinchingthresholdgi.e. for fewer pinchedsets)the size of ex-
pandedsetsgren beyond computationatapacitiesanda likeli-
hoodbasedpruningwasappliedwithin the expandedsets. This
resultedin a smallereffective hypothesispaceat higherthresh-
olds. The bottompanelin Figure 4 shaws the effect of pinch-
ing thresholdon the word error performanceof e-ROVER. We
notethatall thresholdgesultin betterthan N-bestROVER per
formance. The thresholdof 1.0 yields the bestperformanceof
0.56% absoluteimprovementover N-bestROVER and hencea
total of 3.84% absoluteover the baselineerror rate of 29.22%.
We seea degradationin performancefor thresholddarger than
1.0,0owing to the pruningof the expandedsets.
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Figure 4: Fractionof pinchedcorrespondencsetsand word
error rate performanceof e-ROVER as a function of pinching
threshold.

5. DISCUSSION AND CONCLUSIONS

In this paperwe have presentecsegmentalMBR recognition
andshavn how the voting methodof N-bestROVER canbede-
rived as a specialcaseof sggmentalMBR recognition. Conse-
guentto this formulationwe derived e-ROVER asan extension
to N-bestROVER. e-ROVER providesanimproved approxima-
tion to word errorrateandon onepracticaltaskyields smallbut
significantandeasilyobtainederrorratereduction.

While e-ROVER allows incorporationof multiple consecutie
wordsin eachcorrespondencset,the lossfunction on eachset
is still the Levenshteindistance.An immediateextensionwould
be to useotherinterestingmeasure®f distancebetweenwords

andword strings;for examplel(HELLO, LOW) could belarger
than/(HELLO, YO!). Thiswouldallow for mary usefulsentence
level lossfunctionswithout addingtoo much compleity to the
hypothesiselectionprocess.

One of the primary shortcomingsof e-ROVER, asit is de-
scribed here, is the ad-hoc pinching of correspondencesets.
Pinchingshouldbe driven by the overall Bayes-riskand not by
posterioprobabilitiesalone.We arecurrentlyinvestigatingmore
rigorouslyformulatedWTN pinchingprocedures.

6. REFERENCES

1. J. Fiscus. A post-processingystemto yield reduced
word error rates: Recognizemoutputvoting error reduction
(ROVER). IEEE Workshop on Automatic Speech Recogni-
tion and Understanding, pp. 347-354,SantaBarbara,CA,
1997.

2. L. Mangu,E. Brill, andA. Stolclke. Searchingor consen-
susto improve recognitionoutput. In Proceedingof the
9** Hub-5 Conversational Speech Recognition \brkshop,
LinthicumHeights,MD, 1998.

3. L. Mangu,E.Brill, andA. Stolcke. Findingconsensuamong
words: lattice-basedvord error minimization. Eurospeech-
99, pp.495-498BudapestHungary 1999.

4. G. EvermannandP. C. Woodland.PosterioProbabilityDe-
coding,ConfidenceEstimationandSystemCombination.In
Proceedingsf the Speech Transcription Workshop, May 16—
19, University of Maryland,College Park, MD, 2000.

5. V. Goeland W. Byrne. Applicationsof Minimum Bayes-
Risk Decodingto LVCSR. In Proceeding®f the Speech
Transcription Workshop, May 16-19, University of Mary-
land, College Park, MD, 2000.

6. V. GoelandW. Byrne(advisor).Thesisproposafor thedept.
of BiomedicalEngineering.April 30, 1999.Availableupon
request.

7. V. Goel and W. Byrne. Task dependentoss functionsin
speechrecognition: A* searchover recognition lattices.
Eurospeech-99, pp. 1243-1246BudapestHungary 1999.

8. V. Goel and W. Byrne. Minimum Bayes-riskautomatic
speectrecognition. Computer Speech and Language, Vol.
14(2),pp.115-135,2000.

9. W. Byrne, et.al. Towards languageindependentacoustic
modeling. 1CASSP00, pp. 1029-1032,Istantul, Turkey,
2000.



SEGMENTAL MINIMUM BAYES-RISK ASR VOTING
STRATEGIES

Vaibhava Goel , Shankar Kumar and William Byrne*

Centerfor LanguageandSpeechProcessing
TheJohnsHopkinsUniversity

Baltimore,MD 21218

{vgoel,skumarbyrne}@clsp.jhu.edu

ROVER [1] andits successovoting procedurefiave beenshavn
to be quite effective in reducingthe recognitionword error rate
(WER). The succes®f thesemethodshasbeenattributedto their
minimum Bayes-risk(MBR) nature: they producethe hypothe-
sis with the leastexpectedword error In this paperwe develop
a generalprocedurewithin the MBR framework, calledsegmen-
tal MBR recognition thatencompassesurrentvoting techniques
and allows further extensionsthat yield lower expectedWER. It
alsoallows incorporationof lossfunctionsotherthan the WER.
We presenta derivation of voting procedureof N-bestROVER as
an instanceof sggmentalMBR recognition. We then presentan
extensioncallede-ROVER, thatalleviatessomeof therestrictions
of N-bestROVER by betterapproximatingthe WER. e-ROVER
is comparedvith N-bestROVER on multi-lingual acousticmod-
eling taskandis shavn to yield modestyet significantandeasily
obtainedmprovements.



