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ABSTRACT

ROVER [1] and its successorvoting procedureshave been
shown to bequiteeffective in reducingthe recognitionword er-
ror rate(WER).Thesuccessof thesemethodshasbeenattributed
to their minimum Bayes-risk(MBR) nature: they producethe
hypothesiswith the leastexpectedword error. In this paperwe
develop a generalprocedurewithin theMBR framework, called
segmentalMBR recognition, that encompassescurrent voting
techniquesand allows further extensionsthat yield lower ex-
pectedWER. It alsoallows incorporationof lossfunctionsother
than the WER. We presenta derivation of voting procedureof
N-bestROVER as an instanceof segmentalMBR 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 shown to yield mod-
estyetsignificantandeasilyobtainedimprovements.

1. INTRODUCTION

Voting techniquesthatcombineoutputsof multiple recogniz-
ersor multipleoutputsof asinglerecognizerhavebeenshown to
beusefulin reducingtherecognitionworderrorrate(WER).First
in this serieswasNIST’s ROVER [1] methodthatcombinessin-
glehypothesesfrom multipleASRsystems.Recentlyintroduced
votingmethodshavegeneralizedthis to combinemultiple recog-
nition hypotheses,containedin N-bestlists or lattices,produced
by individual [2, 3] andmultiple recognizers[4, 5].

Voting proceduresstart by producinga simultaneousalign-
mentof all the hypotheses.This alignmentis storedin a struc-
turecalledword transitionnetwork (WTN) [1] or confusionnet-
work [3]. An exampleWTN is shown in Figure1. Wordsthat
align with eachotheraregroupedtogetherin a correspondence
set or bin; � OH, O, !NULL � is one correspondenceset in the
WTN of Figure1. A confidencescoreis thendeterminedfor each
word andthe mostconfidentword is selectedfrom eachcorre-
spondenceset.Theseselectedwordsareconcatenatedto produce
a hypothesisthatformstheoutputof thesesystems.Variousvot-
ing methodsessentiallydiffer in theway they producetheWTN
andobtainword confidencescores.
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Figure 1: An exampleword transitionnetwork.

Thesuccessof votingmethodshasbeenattributedto theirmin-
imum Bayes-risk(minimumexpectederror)nature[3, 4, 5, 6, 7,
8] : thecostof thealignmentspecifiedby theWTN approximates
the word error rate,andthe processof selectingmostconfident
wordsfrom correspondencesetsamountsto picking thehypoth-
esisthathastheleastexpectederrorunderthatapproximationto
WER.

Our intent in this paperis to demonstratethat voting proce-
duresarespecificinstancesof ageneralprocedurewhichwecall
segmental minimum Bayes-risk recognition. This formulation
leadsto an improved understandingof the constraintsof voting
procedures.It alsoallows usto developextensionsof thesepro-
ceduresthatprovideabetterapproximationto theworderrorrate
andthatareevenapplicableto lossfunctionsotherthanWER.

We start by presentingthe framework of segmental MBR
recognition. We then show how one voting method, N-best
ROVER [4, 5], canbe derived as a limiting caseof segmental
MBR recognition. An extensionto N-bestROVER, called e-
ROVER, is thenpresented.e-ROVER is comparedwith N-best
ROVERonthetaskof multi-linguallanguageindependentacous-
tic modeling[9].

2. SEGMENTAL MINIMUM
BAYES-RISK RECOGNITION

Let � be the acousticutteranceto be recognized. Let �	�
be thesetof recognitionhypothesesthatarelikely given � , i.e.
word stringsthathave a non-zeroprobability 
���
�� ��� . Let �	�
be the setof word stringsfrom which the recognizerselectsits
answer;in general, � � could be different from � � . We call
the former set the evidence space and the latter the hypothesis
space. Let ����
���
���� be a lossfunction that measuresthe error
incurredin hypothesizing
 � when � is producedby the evi-
denceword string 
 . The minimum Bayes-risk(MBR) recog-
nizerthatyieldstheleastexpectedlossunderthejoint distribution
���
������ is� ����� �"!$#&%('*),+-�.�/103254-6/7038 ����
���
 � ��
���
�� ����9 (1)



A simplificationof theMBR recognizerof Equation1 canbe
derivedby segmentingthehypothesisandevidencespacesasfol-
lows. Let eachstringin theevidencespace�:� beuniquely seg-
mentedinto ; sub-stringsof zeroor morewords.Thisgivesrise
to ; setsof sub-strings,calledevidence segment sets. Let ��<�
denotethe =�> � evidencesegmentset. Similarly, let eachword
string in the hypothesisspace�:� be segmentedinto ; sub-
stringsof zeromorewords,giving riseto ; hypothesis segment
sets. Let �?<� denotethe =@> � hypothesissegmentset. Further-
more, let the hypothesisspacebe “closed” underconcatenation
of stringsfrom thehypothesissegmentsets
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Wedefineaposteriorprobability 
���
 < � ��� for sub-strings
 <
of theevidencesegmentsets� <� as
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Thisis themarginalprobabilityof 
 < obtainedby summingover
all thoseevidencesetword stringsthatcontributesub-string
 <
to the = > � evidencesegmentset.

Assumethat the segmentationof the spacesis suchthat the
total lossbetweenhypothesisandevidenceword stringscanbe
computed(or approximated)by asumof thelossesbetweentheir
segments

����
��&
 � � � H4 < P C � < ��
 < ��
 . < ��� (4)

wherethesuperscript= on theword stringsdenotestheir = > � sub-
stringsegment,andon thelossfunctionit denotesthelossfunc-
tion definedover the = > � segmentset.Then,theMBR recognizer
of Equation1 canbeimplementedasa concatenationof ; seg-
mental MBR recognizers� ���I�U� � CV����� E � F(���I� E(E1E � HW���I��� (5)

where � < �����X�Y!$#&%('*),+- . N�/70 N2 4-�NZ/10*N8 � < ��
 < �&
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���
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We notethatwhile theutterancelevel MBR recognizeris im-
plementedasa sequenceof independentsegmentalMBR recog-
nizerson hypothesisandevidencespacesegments,the acoustic
datais not segmentedat all. Also, thereis no assumptionof lin-
guisticindependencebetweenwordstringsbelongingto adjacent
segments;the languagemodelspansacrosssegmentsandcould
evenbeappliedat theutterancelevel.

Also worthnotingis thatsegmentalMBR recognitiondoesnot
provide a procedurefor selectingthe hypothesisand evidence
segmentsets;it only specifiestheconstraintsthatthesesetsneed
to obey. Theconstructionof segmentsetsthereforeremainsade-
signproblemthatneedsto beaddressedin anapplicationspecific
manner. On a relatednote, supposethat for a given designof

hypothesisandevidencesegmentsets,the assumptionof Equa-
tion 4 is not satisfied.We canthendefinean induced utterance
level lossfunctionfor thatsegmentation

��[\��
��&
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Clearly, thesegmentalMBR recognizersof Equation6 areequiv-
alentto an utterancelevel MBR recognizerunderthe lossfunc-
tion � [ . Theirperformanceunderthedesiredlossfunction � would
dependonhow well �^[ approximates� .

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

A specialcaseof segmentalMBR recognitionariseswheneach
evidencesegmentsetcontainsat mostoneword from eachevi-
denceword string;eachhypothesissegmentsetcontainsat most
oneword from eachhypothesisword string; andthereis a 0/1
lossfunctionon thesegmentsets

��_&` C �Sa < ��a . < � �Dbdc if a < �Ba . <e
otherwise.

(8)

We areusinglower casea < to indicatethat themembersof the
segmentsetsarewords(or NULL). Undertheseconditionsthe
segmentalMBR recognizerof Equation6 becomes� ��� < �U�"!f#&%7'g!$hi . N�/10 N2 
��Sa . < � �I��� (9)

where,
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Equation9 is exactly the maximuma-posterioridecisionon
eachhypothesissegmentset.For eachwordaposteriorprobabil-
ity is computedbasedon the evidencespaceandthenthe word
with highestposteriorprobability is selected.We call this seg-
mental MBR voting.

It is easilyseenthatN-bestROVER is aninstanceof segmental
MBR voting. Let jlk bethenumberof systemsbeingcombined.
Let 
Xmn��
�� �I� bethedistribution of the op> � system,restrictedto
its N-bestlist. A singledistribution, 
���
�� ��� , is generatedby
takinga convex combinationof 
Xmn��
q� �I� . TheN-bestROVER
procedurecanbesummarizedin thefollowing steps.

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

2. Using the distribution 
���
q� �I� andthe WTN, computea
posteriorprobabilityaccordingto Equation3 for eachword
in eachcorrespondenceset.

3. Fromeachcorrespondenceset,selecttheword with highest
posteriorprobability. Concatenatethesewordsto produce
thefinal hypothesis.

Clearly, the evidencespacein N-bestROVER is the union
of N-best lists. The distribution over this evidencespaceis




���
�� ��� . Thecorrespondencesetsplay therole of boththeevi-
denceandthehypothesissegmentsets,andthehypothesisspace
is thesetof all thepathsthatarecontainedin theWTN. Thein-
ducedutterancelevel lossfunctionin N-bestROVER is

�^rs��
t�&
 � �u� H4 < P C � _&` C �Sa < �&a
. < ��9 (11)

SincetheWTN is constructedto geta goodsimultaneousalign-
mentbetweenhypotheses,�^r approximatesthe word error rate.
Hence,N-bestROVER is asegmentalMBR votingprocedureun-
deranapproximateWERlossfunction.

Having atmostonewordin eachsegmentsetrestrictssegmen-
tal MBR votingprocedurein thatit cannotincorporatedependen-
ciesin thelossfunctionthatspanmultiplewords.This limitation
maybeof significancein tasksthataresensitive to multipleword
dependencies,suchasdetectionof phrases.In fact,evenfor the
taskof minimizingworderrorrate,whichis themainobjectiveof
N-bestROVER,thisrestrictionisof significance.In somecasesit
maynot bepossibleto find a simultaneousword level alignment
for which thesentencelevel lossequalstheLevenshteindistance
betweenany pair of sentences,asshown by the following three
sentences.

OH WELL WE !NULL
O WELL WE’RE !NULL

!NULL WELL WE WE’RE

Wenow specifyaprocedurethatallows two or moreconsecu-
tive wordsin eachcorrespondenceset. We first definea process
of joining two consecutive correspondencesets. In joining two
correspondencesetswe replacethosetwo setsby oneexpanded
setthatcontainsall thepathsfrom theoriginal pair of sets.This
is illustratedin Figure2.
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Figure 2: Joiningtwo correspondencesets.

We now introducethe e-ROVER lossfunction. In a WTN if
we join any two consecutivecorrespondencesets,sayabsorbsetsvDw e

into set v , andusetheLevenshteindistancelossfunctionx
on theexpandedset v , thentheutterancelevel lossfunction,
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satisfiestheinequalitiesx ��
���
 � �s�:�^��rs��
���
 � �����^rO��
t�Z
 � ��9
Theseinequalitiesfollow asadirectconsequenceof thedefinition
of Levenshteindistance.

The joining procedurecanbecarriedout many timesto yield
successively betterapproximationsto the Levenshteindistance.
TheWTN obtainedafter eachjoining operationspecifiesa new
segmentationof the evidenceand hypothesisspaces. It is im-
portantto notethatonly thesegmentationof thehypothesisand
evidencespaceschangeswith joiningoperation;theactualspaces
remainunchanged.

The size of eachexpandedset grows exponentiallywith the
numberof joining operations,makingEquation6 progressively
moredifficult to implement.Thus,eventhougheachjoining op-
erationimprovesworderrorrateapproximation,it is importantto
selectthesetsto be joinedcarefully. We usea heuristicmethod
to determinesetsthatarejoined:

1. Constructa WTN, asin N-bestROVER, using j hypothe-
seseachfrom jlk systems.

2. Determinetheposteriorprobabilityof wordsin correspon-
dencesets,accordingto Equations3 and10, as in N-best
ROVER.

3. “Pinch” correspondencesetsin which the largestvalueof
theposteriorprobabilityis above a pinching threshold. Join
all adjacentunpinchedcorrespondencesets.

4. UsetheLevenshteindistancelossfunctionwithin eachex-
pandedset.

The procedureof pinching and expandingthe correspondence
setsis shown in Figure3. Hypothesesin e-ROVER areformed
sequentiallyaccordingto Equations5 and6.
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Figure 3: e-ROVER WTN construction.

As noted above, the hypothesisand evidence spacesin e-
ROVER are identicalto thosein N-bestROVER. However, the
lossfunctionin e-ROVER providesabetterapproximationto the
worderrorratedueto theimprovedsegmentation.Sincethey are
bothinstantiationsof Equation5, e-ROVER wouldbereasonably
expectedto yield a lowerword errorratethanN-bestROVER.

4. PRELIMINARY RESULTS

Our preliminary comparisonsof N-best ROVER with e-
ROVER wereperformedon themulti-lingual languageindepen-
dentacousticmodelingtask[9]. Czechrecognitionoutputsfrom
threesystemswerecombined: a triphonesystemtrainedon one
hour of Czechvoice of America (Cz-VOA) database(Sys1);a



triphonesystemtrainedon 72 hrs. of Englishandthenadapted
to onehourof Czech(Sys2);andSys1outputrescoredwith Sys2
models. The testsetconsistedof 748 held out utterancesfrom
Cz-VOA broadcast.250 hypothesesweretaken from eachsys-
temalongwith theirdistributionsrestrictedto these250-bestlists.
Thebaselines(MAP hypotheses)in thesesystemshaderrorrates
of 29.42%,35.24%,and29.22%,respectively.

N-bestROVER yieldsanabsoluteimprovementof 3.28%over
the29.22%baseline.Its comparisonwith e-ROVER is shown in
Figure4. The top panelin this figureshows the fractionof the
pinchedsetsasa functionof thepinchingthreshold.A threshold
of 0.0pinchesall thesets- equivalentto N-bestROVER - while
any thresholdabove 1.0 resultsin no pinchingat all. At higher
pinchingthresholds(i.e. for fewer pinchedsets)the sizeof ex-
pandedsetsgrew beyond computationalcapacitiesanda likeli-
hoodbasedpruningwasappliedwithin theexpandedsets.This
resultedin a smallereffective hypothesisspaceat higherthresh-
olds. The bottompanelin Figure4 shows the effect of pinch-
ing thresholdon the word error performanceof e-ROVER. We
notethatall thresholdsresultin betterthanN-bestROVER per-
formance. The thresholdof 1.0 yields the bestperformanceof
0.56%absoluteimprovementover N-bestROVER andhencea
total of 3.84%absoluteover the baselineerror rateof 29.22%.
We seea degradationin performancefor thresholdslarger than
1.0,owing to thepruningof theexpandedsets.
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Figure 4: Fractionof pinchedcorrespondencesetsand word
error rate performanceof e-ROVER as a function of pinching
threshold.

5. DISCUSSION AND CONCLUSIONS

In this paperwe have presentedsegmentalMBR recognition
andshown how thevoting methodof N-bestROVER canbede-
rived asa specialcaseof segmentalMBR recognition. Conse-
quentto this formulationwe derived e-ROVER asan extension
to N-bestROVER. e-ROVER providesan improvedapproxima-
tion to word errorrateandon onepracticaltaskyieldssmallbut
significantandeasilyobtainederrorratereduction.

While e-ROVER allows incorporationof multiple consecutive
wordsin eachcorrespondenceset,the lossfunctionon eachset
is still theLevenshteindistance.An immediateextensionwould
be to useother interestingmeasuresof distancebetweenwords

andword strings;for example ��� HELLO � LOW � couldbe larger
than��� HELLO � YO! � . Thiswouldallow for many usefulsentence
level lossfunctionswithout addingtoo muchcomplexity to the
hypothesisselectionprocess.

One of the primary shortcomingsof e-ROVER, as it is de-
scribed here, is the ad-hoc pinching of correspondencesets.
Pinchingshouldbe driven by the overall Bayes-riskandnot by
posteriorprobabilitiesalone.Wearecurrentlyinvestigatingmore
rigorouslyformulatedWTN pinchingprocedures.
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