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Intr oduction� MinimumBayesRisk(MBR) decodershaveshown improvements
over MAP decodersusingN-bestList Rescoringand ��� search
overword lattices.� SegmentalMBR decoderssimplify implementationof MBR de-
codersby segmentingtheN-bestlistsor Lattices.� Wepresent:

–A methodto segmentWord Latticesinto regionsof low confi-
denceandhighconfidence.

–ThreeSMBRproceduresthatcanbeappliedon low confidence
segmentsets.

–Resultson the SWITCHBOARD speechcorpusshowing error
rateimprovementswith SMBRdecoding.

1 Minimum Bayes-Risk Speech
Recognizers� Minimum Bayes-risk(MBR) decoderonanutterance� :��� �
	���
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� A word lattice
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� N-bestrescoring1 or latticebased� � 2 implementations.

2 SegmentalMinimum Bayes-Risk
(SMBR) Decoders� A segmentedword lattice
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� Wewantto obtainasegmentationsuchthat:

! � "$#%"'& 	+� ! � "-,�#%"'&, 	 . ! � "�/0#%"'&/ 	 . ! � "�10#�"�&1 	� Segmental MBR decoder is a concatenation of MBR decoders :
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0� ����� ���� �6�87:9���6� ! � "$#%" & 	 ( ,�� "*) �
	 ;
0� ����� ���� �6��<*9���6��< ! � "$#�" & 	 ( /�� "*) �
	 ;
0� ����� ���� �6��=*9���6��= ! � "$#�" & 	 ( 1�� "*) �
	

3 Issuesin the SMBR Approach� Primarybenefitof SMBR is reductionin searchspace:A large
searchproblemis broken down into many smallersearchprob-
lems.� SMBR decodergenerateshypothesesnot presentin original lat-
tice.� SMBR involvestradeoff betweensearcherrors(no segmentation)
anderrorsin lossfunctionapproximation.� WehavedevelopedLatticeCuttingasaprocedurethatsegmentsa
word latticeinto low confidenceandhighconfidenceregions.� Segmentationrestrictsthepossiblestringalignments:

–We want the inducedlossdueto the segmentationto approxi-
matethedesiredlossfunction.

! � "$#%"'& 	+>@?� A B�, ! � "CA #%"'&A 	

4 A Lattice Cutting Method Based
on NodeSets� Cuttinga latticebasedon D�E and D�F

: Node of Ns

: Node of Ne
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� How to selectNodeSetsD E and D F ?

– Along eachpathin G , thereneedsto beat leastonenodein D E
andonenodein D F

– Nodesof H E precedenodesof H F on thatpath� Needto computemarginalprobabilitiesof pathsin thelatticeseg-
ment G A
– Marginal probabilitiesshouldbe computedover longestsub-

pathsin G A
5 Mar ginal Probabilitiesof Pathsin

Lattice Cuts� Goal: To compute ( A � "�A ) �I	 , the marginal probability of word
string

" A
in LatticesegmentG A� LatticeForwardProbabilityof thefirst nodeJ , of

" A
, J ,LK D E :M � J , 	+� ��LN O PRQ%S �LN T BVU 7 W�X Q S �YN T

Notation:

–
"�Z

is aprefixof a latticepath
"

– []\ � "�Z 	 : LastNodeof
"�Z

– ^ \ � "�Z 	 : Jointacousticandlanguagemodellog-likelihoodof"�Z
– [ � "�Z 	 : All latticenodesthroughwhich

"�Z
passes� DefineaRestrictedLatticeForwardProbabilityof nodeJ ,M � J ,%_ D E 	+� �� N O`P Q S � N T BaU 7PLS � N Tcb ?Rd B8e U 7 f
W0X Q S � N T

– For a node J , K D E , LatticePathsthatpassthrougha nodeofD E beforeJ , contributea segmentlongerthan
" A

to G A . Their
probabilitiesareto beexcluded.� LatticeBackwardProbabilityof thefinal nodeJ / of

" A
, J /gK D Fh � J / 	�� �� d O%P

� S � d T BaU < W�X`i
S � d T

Notation:

–
" E is asuffix of a latticepath

"
– []j � " E 	 is thestartingnodeof

" E
– ^Rk � " E%	 is thejoint acousticandlanguagemodellog-likelihood

of
" E conditionedonstartingnodeof

" E .� MarginalProbabilityof string
" A

in sectionl :( A � " A ) �
	�� M � J ,%_ D E 	 ( � " A # � � " A 	 ) J , 	 h � J / 	( � �I	
6 A ConfidenceBased

Lattice Cutting Procedure
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7 SMBR decodingof Lattice Cuts� ThreeMBR decodingprocedureson latticecuts

– ��� search
– N-bestlist rescoring
– LatticeCuttingE-ROVER (LCER)� For ��� searchandN-bestList rescoring,MBR decodingon a lat-
ticecut G A : m" A �n
0� ���]� �� �o �6� o �� o �6� o ! � " A #�"�&A 	 ( A � " A ) �I	 p� For LCER,thesearchandthesumareoverdifferentspaces

8 Lattice Cutting E-ROVER� Evidence Space Generation

TODAYALL

  HELLO                 HOW

 

 WELL        O           NOW 

   ARE                     YOU ALL             TODAY 

WELL           TODAY

WELL          TO         DAY

ALL             TO         DAY

HELLO                 NOW 

WELL         O           HOW

      HIGH 
LOWLOW

ARE YOU

WELL

WELL TO

TODAY

DAY

ALL

TO

WELL

HELLO     

   HELLO

O

   NOW

HOW

HOW

� Hypothesis Space Generation
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SMBR DECODING ON LOW CONFIDENCE SEGMENTS
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WORD TRANSITION NETWORK 
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9 Resultson SWITCHBOARD� JohnsHopkins University Hub-5 LVCSR 2001 EvaluationSys-
tem.

– Testsets:Swbd2-portionof 1998evalset(swbd2-98),Swbd-1
portionof 2000evalset(swbd1-00)and2001evalsets(swbd1-
01,swbd2-01,swbd2cell-01)

– SMBRMethods: N-BestList RescoringandE-ROVER
DecodingStrategy WER

swbd2-98 swbd1-00 swbd1-01 swbd2-01 swbd2cell-01
MAP (baseline) 41.1 26.0 26.8 32.4 37.7

N-bestrescoring Entirelattice 40.4 25.6 26.6 32.1 37.2
Latticecutting 40.2 25.4 - - -

e-ROVER Entirelattice 40.5 25.7 - - -
Latticecutting 40.0 25.2 26.5 31.5 36.8� ResultsNot Includedin JHU2001Evaluation

– TestSet:The1997JHULVCSRworkshoptestset
– SMBRProcedures: N-BestList Rescoringand ��� decoding

DecodingStrategy WER
MAP (baseline) 38.5

N-bestrescoring Entirelattice 37.9��� search Entirelattice 37.5
Latticecutting 37.1

10 Conclusionsand FutureWork� A lattice cutting procedurethat segmentslatticesinto regionsof
low andhighconfidence� Threeproceduresfor MBR decodingonsegmentedlattices� Performanceof MBR proceduresimproveswhenappliedto lattice
cuts� OngoingResearch

– Improvedlatticesegmentation:not relyingon time information
– ��� searchprocedureswith separatehypothesisand evidence

spaces
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