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Abstract

This paperpresentssomeup-to-dateaudio processingtech-
niqueswhich have beendevelopedandintegratedinto theUni-
versityof Colorado(CU) communicatorsystem.TheCU Com-
municatoris aninteractivehuman-machinedialoguesystemfor
airline, hotel andrentalcar information. The baselinesystem
wasfully functionalin June1999. Sincethen,many improve-
mentshave beenmade. The paperwill concentrateon acous-
tic echocancellation,voice activity detection(VAD) and lan-
guagemodelingtechniquesandprovide a paradigmfor speech
andaudioprocessingin a dialogsystemwith barge-incapabil-
ities. Specifically, a real-timeblock least-mean-square(LMS)
algorithmis discussed.A robust voice activity detectorusing
energy thresholdis appliedto detectuservoice. Experimental
resultsarepresentedandsomereal-timeimplementationissues
areaddressed.

1. Introduction
In April 1999,the speechgroupat theUniversity of Colorado
implementedtheCU communicatorsystem.Thebaselinesys-
tem wasfirst demonstratedat theJune1999DARPA Commu-
nicatormeeting.Sincethenwehavesetupadial-upCommuni-
catorsystemfor datacollection.To date,our systemhasabout
350registeredusers.1750calls totalingover 25000utterances
have beencollected[1].

TheCU Communicatorsystem[10] consistsof a hub and
several servers that interactwith eachother throughthe hub.
The user’s voice from the telephoneis first pre-processedby
the audio server and passedto the speechrecognitionserver
throughthe hub. The pre-processingoperationincludesecho
cancellationandspeechactivity detection.Thespeechrecogni-
tion resultsaresentto thenaturallanguageprocessorto obtain
a semanticparseof therecognitionresults.Thedialogueman-
agementserver generatesSQL queriesaccordingto the inter-
pretationgiven by thenaturallanguageprocessorandreceives
queryresultsfrom thewebvia databaseserver. Text-to-speech
synthesizerwill synthesizespeechaccordingto thequeryresult
text. Synthesizedspeechis outputto theuservia audioserver
[8].

During themonthsof JuneandJuly of 2000,theCU com-
municatortogetherwith systemsfrom AT&T, IBM, BBN, SRI,
CMU, MIT, LucentandMITRE, participateda multi-site data
collection effort conductedby the National Institute of Stan-
dardsandTechnology(NIST). Our systemachieveda word er-
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ror rateof 26.0%andtaskcompletionrateof 73.6%. An error
analysiscanbefoundin [1].

Carefulexaminationof theNIST datarevealedseveralde-
ficiencies in the baselinesystem. First, the systemenables
recordingafter playing a toneto theuser. If a userspeaksbe-
fore the tone,only partial utterancescanbe recordedandrec-
ognized. This causesincreasedrecognitionerrors,especially
on shortutterances.To solve the problem,we neededto im-
plementa Communicatorwith barge-in capabilities. Second,
in the presenceof loud backgroundnoise,thesystemmaynot
respondquickly enoughor even not respondat all after a user
speaks. This is becausethe systemcan not detectthe user’s
voice in loud noise. In sucha case,a morerobustvoicedetec-
tor is required.Third, thesystemhasto improve its recognition
accuracy andtaskcompletionrateto meetuserrequirements.

All theseproblemswill beaddressedin the following sec-
tions. Section2 introducesthe theoryand implementationof
barge-inaudioprocessing.Specifically, a fastnormalizedleast-
mean-square(LMS) algorithmis realizedto cancelechoes.Sec-
tion 3 describeshow we detectvoicein thepresenceof echoes
andnoise. Improvementsin the languagemodelingfor recog-
nition are given in Section4. Brief conclusionsare given in
Section5.

2. Audio pre-processing and echo
cancellation

Echoesarecausedby theimbalancebetweenthetwo-wire sub-
scriberloopandthefour-wire hybrid in atelephoneconnection.
In a barge-in audioserver, the systemasksquestionsand the
useranswersthem accordingto the systemprompts. A user
maycut throughduringsystemspeech.Therecordeddatais the
superpositionof theuser’s voice,echoesfrom systemprompts
andnoise.Theaudioserver mustdetectwhentheuserspeaks.
If theuserspeakswhenthesystemis playingprompts,thenthe
playingneedsto bestoppedimmediately. In orderto detectthe
uservoice,thesystemneedsto startrecordingwhile playing is
started.Simultaneously, theechosignalmustbecanceledfrom
the recordedsignal using the systemspeechas the reference
signal. The resultingsignal(error signal) is appliedfor voice
activity detection. All theseoperationshave to be performed
block by block. The block sizeneedsto be small enoughto
minimizethedelay.

Broadlyspeaking,echocancellationalgorithmscanbeclas-
sified into two types: least-mean-square(LMS) andrecursive-
least-squares(RLS).TheLMS algorithmis a typeof stochastic
gradientalgorithmandthe RLS algorithmcanbe viewed asa
specialcaseof theKalmanfilter. TheLMS algorithmvariants
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Figure1: Echocancelerdiagram

includeNormalizedLMS algorithm,Block LMS algorithmin
which tapweightsareupdatedoncein eachblock, Proportion-
ate NormalizedLMS algorithm [2], and FastLMS algorithm
in which FFT techniquesare usedin computingechoesand
new tap weights,etc. The RLS variantsincludeQR-RLS al-
gorithm which usesQR decomposition-basedRLS algorithm
and the QRD-LSL algorithm which usesQR decomposition-
basedleast-squarelattice filter [4]. Comparingthe RLS with
the LMS, the former typically hasfasterconvergencerateand
theconvergencerateis invariantto theeigenvaluespreadof the
correlationmatrix of the input speech.However, the simplic-
ity androbustnessof theLMS algorithmmakesit attractive in
practicalsystems.

2.1. Fast normalized LMS algorithm

In theCU Communicator, we useanadaptive filter to perform
echocancellation.Specialrequirementsfor the filter arereal-
time performanceand fast convergence. A block diagramis
shown in Fig. 1.

Let ������� denotesystemspeechand � ����� denoteuservoice
( � is a time index). The 
������ is the sum of � ����� from the
userandan echofrom the channelwith an unknown impulse
response

	 ����� . If
�	 ����� is a goodestimateof

	 ����� , then
�
������

approximatestheechoportionof 
������ and ������� is theerrorsig-
nalwhich is aboutequalto thespeech� ����� .

A classicnormalizedLMS algorithmis performedin three
steps:

1. Echocalculation

�
���������������� ���
�	 � ����������� �"!#� (1)

where $ is thenumberof taps.

2. Errorestimation

���������%
�������� �
������ (2)

3. Tap-weightadaptation

�	 � ���'&)(*�+� �	 � ������&-, �.�����������/�0!#�1 �'���2 ���43�576 ����� �-89� 6 :<; (3)

where !=�?>.@BACACAD@ $ ��( . The step-sizeparameter,
satisfies

>FEG,"E H1 �����2 �D�I3�576 ����� �J89� 6 : ; (4)
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Figure2: Waveforms of echo cancellation results. From top to
bottom (A) reference system speech ������� of the utterance “Wel-
cometo CU Communicator”, (B) echo signal 
������ , (C) error
signal �.����� , computed with $ � HMLMN , O �%P .

In our implementation,insteadof updatingtap weightsat
eachtime � , we update

�	
over a block interval of length O . So

Equation(3) is changedto:

�	 � ���Q&%(B��� �	 � ������&0RTSU���� 2 ��� �����V�"8��������V�"8��"!W� (5)

where R is a normalizedstep-sizeparameter. The algorithm
convergesto theoptimumWienersolutionasthenumberof it-
erationsapproachesinfinity if R satisfies

>XEGR-E HYUZ\[B] (6)

where
YUZ\[B]

is the largesteigenvalueof thecorrelationmatrix
of thesignal ������� .
2.2. Some considerations

We have presentedsomeequationsto implementa block nor-
malizedLMS (NLMS) algorithm.However, for theCommuni-
catorsystem,we needto selectappropriatevaluesfor the tap-
weightnumber$ andtheupdateinterval O . A typical choice
is $ �^( H P.@ H_LMN and O �`Pa@B( N . Waveformsof systemspeech������� , echoedspeech
������ andechocanceledspeech������� are
shown in Figure2. In thefigure, the enduserdoesnot speak.
So � �����b��>c���d�e>.@C(_@BACAfAg� . The

�
������ is anestimateof 
������ .
Whenthesystemis playingprompts,the 
������ is thesumof the
echosignalandthenoisesignalin thephoneline. In ourpracti-
cal implementation,wehaveaddressedthefollowing problems:h Selectan appropriateinitial value for

�	
. If we canget

a goodestimateof the channelcharacteristics,thenthe
algorithmcancancelechoesmoreefficiently. We have
triedtoplayacosinesignalataspecifiedfrequency when



the Communicatorsystemjust goesoff hook and then
recordtheechoesto obtaininitial tapweights.However,
suchobtainedtapweightsarenotvery usefulandtheal-
gorithmwill take almostthesametime to reachthecon-
vergentpoint aswith all zero initial value. Our exper-
imentsshow that playing white noiseis a goodway to
obtaininitial tapweights.Theproblemis that thenoise
will make end useruncomfortablewhen the userdials
into our system.In our system,a zeroinitial valuewas
usedfor

�	
.h Decidethe echodelay. We found if we couldcalculate

thechanneldelayin advance,thenthedelayinformation
would help theechocanceler. In a realsystem,playing
and recordingoperationscan not be startedsimultane-
ously. So therewill also exist a hardware delay. It is
possibleto measurethe delayusinga cross-correlation
method.h Attenuatethe discontinuity. The discontinuity in the
waveform meanstherearehigh frequency components
in the power spectrum.In suchcase,the echocanceler
doesnot work very well. We canseethatnearthesam-
pling time 1.32sand1.71s,theechosignalhasnot been
efficiently canceled.This requiresthe applicationof a
window to attenuatethediscontinuity.

3. Voice activity detection
Decidingwhetheran enduseris speakingis the secondchal-
lengingaspectin theCommunicator. Efficientvoiceactivity de-
tection(VAD) algorithmsneedto bedevelopedto performstart-
ing point detection.Thealgorithmmustavoid falsetriggering.
Currently, approachesusingenergy threshold,zerocrossingrate
andleast-squareperiodicity estimatorhave beenproposed[3].
The Communicatorusesthe classicenergy thresholdmethod.
In this method,the speechsignal is blocked into framesof i
samples.Usually, for speechdigitizedata frequency of j � Hz� ,>aA > H_LXk iQl_j k >aA > L is chosen.UnliketheLPCor MFCCfea-
tureextractorof aspeechrecognizer, thereis nosampleoverlap
betweenadjacentframes.The mon�p frameenergy is calculatedas

3 � m ����qr���� 2 �D� 6 ��� ism &t8�� 6 : (7)

wherem�u > . Theterm ��� ism &t8�� canbeobtainedfrom (2).
Weneedto payattentionto energy computationandthresh-

old estimation:

1. Theerrorsignalis usedto computeframeenergy. Dueto
theconvergencerateof theechocanceler, thebeginning>.A Lwv (Bx samplesneedto beskipped.Wehavealsotried
a short-termpower methodby comparingtheestimated
powerof 
������ with

�
������ . If theestimatedpowerof 
������
is greaterthanthelargestpower of

�
������ within thepasti samples,thena speechevent is triggered. Compar-
ing theshort-termpower methodwith theabove energy
thresholdmethod,the former is fastbut the latter is ro-
bust.

2. Carefully selectthreshold. If the energy thresholdis
high,thena userwill feeldifficult to cut through.Other-
wise,the falsetriggeringratewill behigh. In theCom-
municator, theenergy thresholdis adapteddynamically
with thecurrentenergy thresholdandall thepastonesso
thatimpulsenoisecanbesmoothed.

In thenext Section,we considerimprovementsin language
modelingin theCU Communicator.

4. Improvements in language modeling
First we will introducesomelanguagemodelingtechniques.

4.1. Review of language modeling techniques

Thefundamentalgoalof a speechrecognizeris to find thebest
word sequence

�y
basedon theacousticobservation sequencez

. It canbeexpressedas[7]:�y �%{.|*} y~'�*�r�Q� y 6 z � (8)

UsingBayes’Rule,theterm �Q� y 6 z � canbewritten as:

�Q� y 6 z ��� �Q� z 6 y ���Q� y ��Q� z � (9)

Since �Q� z � is independentof
y

, Equation(8) becomes�y ��{a|*} y~'�����Q� z 6 y ���Q� y � (10)

Thefirst term �Q� z 6 y � in (10) is calledtheacousticmodel
andthesecondterm �Q� y � is calledthelanguagemodel.

TheCommunicatorusestheCMU SPHINX-II recognizer.
Like many otherones,the recognizerhasto make a trade-off
betweenspeedandrecognitionaccuracy. Two schemesexist in
modernrecognizers,one-passschemesandtwo- or multi-pass
schemes.In one-passschemes,powerful languagemodelsare
usedin thesingledecodingpass.As a result,theoptimalword
sequencecanbe obtainedin a framesynchronousway. How-
ever, Sincethe languagemodel is appliedfor every possible
word combinationin the searchpath, the algorithmis usually
muchslower thanthatof two- or multi-passschemes.In two-
or multi-passschemes,a simplified languagemodelis usedin
thefirst pass.Theaim of thefirst passis to decodethespeech
sequenceinto a word lattice. More powerful languagemodels
areappliedin thesecondpassto searchthewordlatticeandfind
theoptimalword sequence.Comparedto theone-passscheme,
thelatteris moreefficient.

Sincea languagemodel is indispensablein a recognition
system,variouslanguagemodelingtechniqueshave beenpro-
posed. Among them, word-based� -gram languagemodels
aremostwidely used. Becauseit is difficult to capturelong-
distanceword constraintswith an � -gram,othermodelssuch
asmaximumentropy [5] andlatentsemanticanalysis[6] have
beendeveloped.Since � -gramprobabilitiesaredifficult to es-
timatereliably for � u H whentrainedfrom very sparsedata,
class-basedlanguagemodelsaremorerealisticin this case[7].
Also, to port a languagemodelfrom onedomainto anotherdo-
main,languagemodeladaptationis oftenapplied.In our Com-
municator, class-basedlanguagemodelsareused.

In languagemodeling,perplexity is calculatedto evaluate
the performanceof a modelgiven a corpus. The definition of
languagemodelperplexity ��� is givenbelow:

�_� ���Q��� � @�� : @CACACAD@����+� ���9�
�

(11)

where � is the total numberof words in the corpus. The�Q��� � @�� : @CAfACA�@����\� is the probability of the word sequence� � @�� : @BACAfA�@�� � , giventhelanguagemodel.



Original utterance:
I wantto go from BOSTON to PORTLAND atNINE A M.

Tagged utterance:
I wantto go from [city:BOSTON] to [city:PORTLAND]
at [hour number:NINE][am pm:A M].

Figure3: A tagged utterance

4.2. Language modeling improvement

TheCommunicatorsystemis designedfor endusersto getup-
to-dateworld-wide air travel, hotel andrentalcar information
via the telephone.Therearemany namesfor countries,states,
provinces,cities, airlines. To train a robust languagemodel,
namesare clusteredinto different classes.An utterancewith
classtaggingis shown in Fig. 3. In thefigure,city, hour name
andam pmareclassnames.

Theprobabilityof word � 2 givenclass� 2 is estimatedfrom
trainingcorpora.After thecorporaarecorrectlytagged,aclass-
basedtrigramlanguagemodelcanbecomputedfrom thetagged
corporaasfollows:h Estimateclasstransitionprobabilities �Q� � 2 6 � 2 � : @ � 2 ��� � .Theclasstransitionprobabilitiescanbeobtainedas:

�Q� � 2 6 � 2 � : @ � 2 ��� � v�I�
� � 2 � : @ � 2 ��� @ � 2 �� � � 2 � : @ � 2 ��� �

��8�� H � (12)

Where � � � 2 � : @ � 2 ��� @ � 2 � is the countof the numberof
timesthattheword sequence� � 2 � : @ � 2 ��� @ � 2 � appearsin
thetaggedcorpora.h Estimateobservation probability �Q��� 2 6 � 2 � . The proba-
bility of word � 2 givenclass� 2 is:

�Q��� 2 6 � 2 � v�I� ��� 2 @ � 2 �� � � 2 � ��8+��>�� (13)

Note that � � � 2 � is the frequency of the class � 2 in the
taggedcorpora.

Giventheaboveequations,theequationfor calculatingper-
plexity of class-basedtrigram languagemodelscanbederived
from Equation(11). After �Q��� 2 6 � 2 � is trainedfrom our tagged
corpora,we useour testingdata. Perplexity is decreasedfrom
23.84 to 20.19. The perplexity of 23.84 is calculatedby as-
suminguniform distributionamongall thewordsin a class.As
a result, recognitionaccuracy usingone-passschemeshasin-
creasedfrom 84.2%to 84.6%.

To improve the robustnessof our class-basedlanguage
model, differentdiscountingmethodshave beentestedto ad-
dressthe zero-frequency problem. We know that even if the
training corporaarelarge, zero-frequency itemsmay occur. It
is not easyto gatherenoughtrainingdatato train a robust lan-
guagemodel.Soit is necessaryto try variousdiscountingmeth-
odsandselectanappropriateonefor oursystem.Fourmethods
areevaluated.They are: Witten-Bell, Good-Turing, linearand
absolute.Thetheoryaspectsof thesediscountingmethodswere
investigatedin [9].

The experimentalresultsare summarizedin Table 1. In
theexperiment,2191sentencesutteredby 10malespeakersare
usedfor testingdata.Theoverall perplexity of the testingcor-
pusis 18.95.Thefirst columnis malespeakernumber. Number
of sentencesutteredby the correspondingspeaker is shown in
the secondcolumn. Word error rates(in percentage)for four

discountingmethodsaregiven in columns3 to 6. Thelast two
rows areaverageword errorrate(averagedover sentences)and
meanworderrorrate(averagedover speakers).

Table1: Results of different discounting methods

spkr #snt Witten-Bell Good-Turing linear absolute
m0 34 12.4 15.7 12.4 14.4
m1 18 24.2 27.3 27.3 27.3
m2 41 19.9 22.9 23.3 22.9
m3 26 20.4 20.4 19.8 19.8
m4 9 21.2 21.2 21.2 21.2
m5 46 11.8 11.1 14.1 11.8
m6 1470 9.7 9.4 10.5 9.4
m7 193 6.3 6.3 6.0 6.3
m8 50 8.2 8.7 10.0 10.0
m9 304 11.4 11.6 11.6 10.9

sum/avg 2191 10.2 10.2 11.0 10.1
mean 219.1 14.5 15.5 15.6 15.4

FromTable1, we concludethat in themeansense,Witten-
Bell methodis thebestone.

5. Conclusions
We have improved the CU Communicatorsystemby adding
barge-in capability and fine tuning the classlanguagemodel.
Although the new audioserver operatesin the linux environ-
mentandusesDialogicD/41ESC,it is easyto port to otherunix
operatingsystemsandDialogiccards.
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