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Abstract

This paper presentssome up-to-dateaudio processingtech-
nigueswhich have beendevelopedandintegratedinto the Uni-
versity of Colorado(CU) communicatosystem.TheCU Com-
municatoris aninteractve human-machindialoguesystenfor
airline, hotel andrental carinformation. The baselinesystem
wasfully functionalin Junel999. Sincethen, mary improve-
mentshave beenmade. The paperwill concentraten acous-
tic echocancellation,voice actiity detection(VAD) andlan-
guagemodelingtechniquesandprovide a paradigmfor speech
andaudioprocessingn a dialog systemwith bage-in capabil-
ities. Specifically a real-timeblock least-mean-squar@MS)
algorithmis discussed.A robust voice actiity detectorusing
enepy thresholdis appliedto detectuservoice. Experimental
resultsarepresenteindsomereal-timeimplementatiorissues
areaddressed.

1. Introduction

In April 1999,the speechgroupat the University of Colorado
implementedhe CU communicatosystem.The baselinesys-
temwasfirst demonstrateet the June1999 DARPA Commu-
nicatormeeting.Sincethenwe have setup adial-upCommuni-
catorsystemfor datacollection. To date,our systemhasabout
350registeredusers.1750calls totaling over 25000utterances
have beencollected[1].

The CU Communicatoisystem[10] consistsof a hub and
several seners that interactwith eachother throughthe huh
The users voice from the telephoneis first pre-processety
the audio sener and passedo the speechrecognitionsener
throughthe huh The pre-processingperationincludesecho
cancellatiorandspeectactiity detection.Thespeectrecogni-
tion resultsaresentto the naturallanguageprocessoto obtain
a semantigoarseof the recognitionresults. The dialogueman-
agementsener generateSQL queriesaccordingto the inter
pretationgiven by the naturallanguageprocessoandreceves
queryresultsfrom the webvia databasesener. Text-to-speech
synthesizewill synthesizespeectaccordingo thequeryresult
text. Synthesizedspeechs outputto the uservia audiosener
(8]

During the monthsof JuneandJuly of 2000,the CU com-
municatortogethemwith systemgrom AT&T, IBM, BBN, SR,
CMU, MIT, LucentandMITRE, participateda multi-site data
collection effort conductedby the National Institute of Stan-
dardsand Technology(NIST). Our systemachieved a word er-
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ror rateof 26.0%andtaskcompletionrateof 73.6%. An error
analysiscanbefoundin [1].

Carefulexaminationof the NIST datarevealedseveral de-
ficienciesin the baselinesystem. First, the systemenables
recordingafter playing a toneto the user If a userspeakse-
fore the tone, only partial utterancesanbe recordedandrec-
ognized. This causesncreasedecognitionerrors, especially
on shortutterances.To solve the problem,we neededo im-
plementa Communicatowith baige-in capabilities. Second,
in the presencef loud backgrouncdhoise,the systemmay not
respondquickly enoughor even not respondat all aftera user
speaks. This is becauseghe systemcan not detectthe users
voicein loud noise. In sucha case,a morerobustvoice detec-
tor is required.Third, the systemhasto improve its recognition
accuray andtaskcompletionrateto meetuserrequirements.

All theseproblemswill be addresseéh the following sec-
tions. Section2 introducesthe theory and implementationof
bamge-inaudioprocessingSpecifically afastnormalizedeast-
mean-squarfMS) algorithmis realizedto cancelechoesSec-
tion 3 describeiow we detectvoicein the presencef echoes
andnoise. Improvementsin the languagemodelingfor recog-
nition are given in Section4. Brief conclusionsare givenin
Sectionb.

2. Audio pre-processing and echo
cancellation

Echoesarecausedy theimbalancebetweerthe two-wire sub-
scriberloop andthefour-wire hybridin atelephoneonnection.
In a bage-in audio sener, the systemasksquestionsand the
useranswersthem accordingto the systemprompts. A user
may cutthroughduringsystenspeechTherecordediatais the
superpositiorof the users voice, echoesrom systemprompts
andnoise. Theaudiosener mustdetectwhenthe userspeaks.
If theuserspeaksvhenthe systemis playingpromptsthenthe
playingneedso be stoppedmmediately In orderto detectthe
uservoice,the systemneeddo startrecordingwhile playingis
started.Simultaneouslythe echosignalmustbe canceledrom
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 size needsto be small enoughto
minimizethedelay
Broadlyspeakinggechocancellatioralgorithmscanbeclas-
sifiedinto two types: least-mean-squaf&MS) andrecursve-
least-squarefRLS). The LMS algorithmis atype of stochastic
gradientalgorithmandthe RLS algorithmcanbe viewed asa
specialcaseof the Kalmanfilter. The LMS algorithmvariants
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Figurel: Echocancelediagram

include NormalizedLMS 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 variantsinclude QR-RLS al-

gorithm which usesQR decomposition-baseBLS algorithm

and the QRD-LSL algorithm which usesQR decomposition-
basedleast-squardattice filter [4]. Comparingthe RLS with

the LMS, the former typically hasfastercorvergencerateand
the corvergencerateis invariantto the eigervalue spreadf the

correlationmatrix of the input speech.However, the simplic-

ity androbustnesof the LMS algorithmmalkesit attractie in

practicalsystems.

2.1. Fast normalized LM Salgorithm

In the CU Communicatgrwe usean adaptve filter to perform
echocancellation. Specialrequirementdor the filter arereal-
time performanceand fast convergence. A block diagramis
shavn in Fig. 1.

Letu(n) denotesystemspeectandz(n) denoteuservoice
(n is atime index). The v(n) is the sumof z(n) from the
userandan echofrom the channelwith an unknavn impulse
responséi(n). If h(n) is agoodestimateof i(n), thend(n)
approximatesheechoportionof v(n) ande(n) is theerrorsig-
nalwhichis aboutequalto the speeche(n).

A classicnormalizedLMS algorithmis performedin three
steps:

1. Echocalculation

d(n) = : by (n)u(n — k) 1)
k=0

o

whereM is the numberof taps.

2. Errorestimation
e(n) = v(n) — 9(n) )
3. Tap-weightadaptation

e(n)u(n — k)
Yils ! Ellu(n —9)|?]

wherek = 0,..., M — 1. The step-sizeparamete
satisfies

hi(n +1) = hi(n) + p ®3)
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Figure 2: Waveforms of echo cancellation results. From top to
bottom (A) reference system speech u(n) of the utterance “Wel-
cometo CU Communicator,” (B) echo signal v(n), (C) error
signal e(n), computed with M = 256, L = 8.

In our implementationjnsteadof updatingtap weightsat
eachtime n, we updateh over ablockinterval of length L. So
Equation(3) is changedo:

L-1

hi(n+1) = hi(n) + BY_e(n—i)u(n—i—k) (5)

=0

where 3 is a normalizedstep-sizeparameter The algorithm
corvergesto the optimumWienersolutionasthe numberof it-
erationsapproachesfinity if 3 satisfies

2

Amam

0<B< (6)
where,... is thelargesteigewalue of the correlationmatrix
of thesignalu(n).

2.2. Some considerations

We have presentedsomeequationsto implementa block nor

malizedLMS (NLMS) algorithm. However, for the Communi-
catorsystem,we needto selectappropriatevaluesfor the tap-
weightnumberM andthe updateinterval L. A typical choice
is M = 128,256 andL = 8, 16. Waveformsof systemspeech
u(n), echoedspeechw(n) andechocanceledspeeche(n) are
shavn in Figure2. In thefigure, the enduserdoesnot speak.
Soz(n) =0(n=0,1,...). Thed(n) is anestimateof v(n).

Whenthesystemis playingpromptsthev(n) is thesumof the
echosignalandthe noisesignalin thephoneline. In our practi-
calimplementationye have addressethefollowing problems:

e Selectan appropriatenitial value for h. If we can get
a good estimateof the channelcharacteristicsthenthe
algorithmcancancelechoesmore efficiently. We have
triedto playacosinesignalataspecifiedrequeng when



the Communicatorsystemjust goesoff hook andthen
recordthe echoego obtaininitial tapweights.However,
suchobtainedtapweightsarenot very usefulandtheal-
gorithmwill take almostthe sametime to reachthe con-
vergentpoint aswith all zeroinitial value. Our exper
imentsshav that playing white noiseis a goodway to
obtaininitial tapweights. The problemis thatthe noise
will make end useruncomfortablewhenthe userdials
into our system.In our system,a zeroinitial valuewas
usedfor .

e Decidethe echodelay We foundif we could calculate
thechannelelayin adwance thenthedelayinformation
would helpthe echocanceler In areal system,playing
andrecordingoperationscan not be startedsimultane-
ously Sotherewill alsoexist a hardware delay It is
possibleto measurehe delay using a cross-correlation
method.

e Attenuatethe discontinuity The discontinuity in the
waveform meansthereare high frequeng components
in the power spectrum.In suchcase the echocanceler
doesnot work very well. We canseethatnearthe sam-
pling time 1.32sand1.71s,the echosignalhasnot been
efficiently canceled. This requiresthe applicationof a
window to attenuatehe discontinuity

3. Voice activity detection

Decidingwhetheran end useris speakingis the secondchal-
lengingaspectn the CommunicatarEfficientvoiceactvity de-
tection(VAD) algorithmsneedo bedevelopedto performstart-
ing point detection.The algorithmmustavoid falsetriggering.
Currently approachessingenepgy thresholdzerocrossingate
andleast-squargeriodicity estimatorhave beenproposed3].

The Communicatorusesthe classicenegy thresholdmethod.
In this method,the speechsignalis blocked into framesof N

samplesUsually, for speechdigitizedatafrequeny of f(Hz),

0.025 < N/f < 0.05 is chosenUnliketheLPC or MFCCfea-
tureextractorof a speechrecognizerthereis no sampleoverlap
betweeradjacenframes.Thel" frameenepy is calculatedas

N-1

E() =) le(Nt+i) Y]

=0

wherel > 0. Theterme(N! + i) canbeobtainedrrom (2).
We needto payattentionto enegy computatiorandthresh-
old estimation:

1. Theerrorsignalis usedto computeframeenegy. Dueto
the corvergencerateof the echocancelerthe beginning
0.5 ~ 1s sampleseedto beskipped.We have alsotried
a short-termpower methodby comparingthe estimated
power of v(n) with (n). If theestimategower of v(n)
is greaterthanthe largestpower of ©(n) within the past
N samplesthena speecheventis triggered. Compar
ing the short-termpower methodwith the above enegy
thresholdmethod,the formeris fastbut the latteris ro-
bust.

2. Carefully selectthreshold. If the enegy thresholdis
high,thenauserwill feeldifficult to cutthrough.Other
wise, the falsetriggeringratewill be high. In the Com-
municator the enegy thresholdis adapteddynamically
with thecurrentenepgy thresholdandall the pastonesso
thatimpulsenoisecanbe smoothed.

In the next Sectionwe consideiimprovementsn language
modelingin the CU Communicatar

4. Improvementsin language modeling

Firstwe will introducesomelanguaganodelingtechniques.

4.1. Review of language modeling techniques

Thefundamentafoal of a speechrecognizeiis to find the best
word sequencdV basedon the acousticobseration sequence
Y. It canbeexpressedis[7]:

W =argmax P(W|Y) (8)
w
UsingBayes’'Rule,theterm P(W|Y") canbewritten as:

P(Y|W)P(W)

POWIY) = ==5as

9)

SinceP(Y) is independentf W, Equation(8) becomes

W = argrr‘}[%xP(Y|W)P(W) (10)

Thefirstterm P(Y'|W) in (10)is calledtheacousticnodel
andtheseconderm P(W) is calledthelanguagemodel.

The Communicatousesthe CMU SPHINX-II recognizer
Like mary otherones,the recognizethasto male a trade-of
betweerspeedandrecognitionaccurag. Two schemesxist in
modernrecognizerspne-passchemes&ndtwo- or multi-pass
schemes.In one-passchemespowerful languagemodelsare
usedin the singledecodingpass.As a result,the optimalword
sequenceanbe obtainedin a frame synchronousvay. How-
ever, Sincethe languagemodelis appliedfor every possible
word combinationin the searchpath, the algorithmis usually
muchslower thanthat of two- or multi-passschemesln two-
or multi-passschemesa simplified languagemodelis usedin
thefirst pass.The aim of the first passis to decodethe speech
sequencénto aword lattice. More powerful languagemodels
areappliedin thesecondpasgo searchtheword latticeandfind
the optimalword sequenceComparedo theone-passcheme,
thelatteris moreefficient.

Sincea languagemodelis indispensabléen a recognition
system variouslanguagemodelingtechniqueshave beenpro-
posed. Among them, word-basedn-gram languagemodels
are mostwidely used. Becausat is difficult to capturelong-
distanceword constraintswith an n-gram, other modelssuch
asmaximumentropy [5] andlatentsemanticanalysis[6] have
beendeveloped. Sincen-gramprobabilitiesaredifficult to es-
timatereliably for n > 2 whentrainedfrom very sparsedata,
class-basethnguagemodelsaremorerealisticin this case[7].
Also, to portalanguagenodelfrom onedomainto anotherdo-
main,languagemodeladaptatioris oftenapplied.In our Com-
municator class-basethnguagemodelsareused.

In languagemodeling,perple&ity is calculatedto evaluate
the performanceof a modelgiven a corpus. The definition of
languagenodelperpleity pp is givenbelow:

pp:P(w11w2:"' 1wQ)71/Q (11)
where @) is the total numberof words in the corpus. The

P(w1,ws,... ,wq) is the probability of the word sequence
w1, wa, ... ,wqQ, giventhelanguagenodel.



Original utterance:
| wantto gofrom 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: Atagged utterance

4.2. Language modeling improvement

The Communicatosystemis designedor endusersto getup-
to-dateworld-wide air travel, hotel andrental car information
via thetelephone.Thereare mary nhamedor countries states,
provinces, cities, airlines. To train a robust languagemodel,
namesare clusteredinto different classes.An utterancewith
classtaggingis shawvn in Fig. 3. In thefigure, city, hourname
andam.pm areclassnames.

Theprobability of word w; givenclasse; is estimatedrom
trainingcorpora.After thecorporaarecorrectlytaggedaclass-
basedrigramlanguagemodelcanbecomputedrom thetagged
corporaasfollows:

o EstimateclasstransitionprobabilitiesP (c;|ci—2, ci—1).
Theclasstransitionprobabilitiescanbe obtainedas:

F(ci—a,¢i—1,¢

P(ci|ci—2,ci—1) = Flors ci—1)) (i>2) (12)

Where F(¢;—2, ci—1,¢;) is the countof the numberof
timesthattheword sequencéc;—2, ci—1, ¢;) appearsn
thetaggedcorpora.

e Estimateobsenration probability P(w;|c;). The proba-
bility of wordw; givenclassc; is:

F(wi, ci)

Pluiles) = —5en

(i >0) (13)
Note that F(c;) is the frequeng of the classe; in the
taggedcorpora.

Giventheabove equationsthe equatiorfor calculatingper
plexity of class-basetrigram languagemodelscanbe derived
from Equation(11). After P(w;|c;) is trainedfrom ourtagged
corpora,we useour testingdata. Perpl«ity is decreasedrom
23.84t0 20.19. The perplity of 23.84is calculatedby as-
suminguniform distribution amongall thewordsin aclass.As
a result, recognitionaccurag usingone-passchemesasin-
creasedrom 84.2%to 84.6%.

To improve the robustnessof our class-basedanguage
model, different discountingmethodshave beentestedto ad-
dressthe zero-frequeng problem. We know that even if the
training corporaarelarge, zero-frequeng itemsmay occur It
is not easyto gatherenoughtraining datato train a robustlan-
guagemodel.Soit is necessarjo try variousdiscountingmeth-
odsandselectanappropriateonefor our system.Four methods
areevaluated.They are: Witten-Bell, Good-Turing, linearand
absolute Thetheoryaspect®f thesediscountingnethodsvere
investigatedn [9].

The experimentalresultsare summarizedn Table 1. In
theexperiment2191sentencestteredby 10 malespealkrsare
usedfor testingdata. The overall perpleity of thetestingcor-
pusis 18.95.Thefirst columnis malespeakr number Number
of sentencesitteredby the correspondingpeakr is shavn in
the secondcolumn. Word error rates(in percentagejor four

discountingmethodsaregivenin columns3 to 6. Thelasttwo
rows areaverageword errorrate (averagedver sentencesand
meanword errorrate(averagedover speakrs).

Tablel: Results of different discounting methods

spkr #snt | Witten-Bell | Good-Turing | linear | absolute
mO0 34 12.4 15.7 12.4 14.4
ml 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/ag | 2191 10.2 10.2 11.0 10.1
mean | 219.1 145 155 15.6 15.4

FromTable1, we concludethatin the meansenseWitten-
Bell methodis thebestone.

5. Conclusions

We have improved the CU Communicatorsystemby adding
barge-in capability and fine tuning the classlanguagemodel.
Although the new audio sener operatesn the linux environ-
mentandusesDialogic D/41ESC,t is easyto portto otherunix
operatingsystemsandDialogic cards.
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