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Abstract

We will treatataskof statisticaldetectionusingdiscretealpha-
betin thispaper It is well known thatthelik elihoodratio detec-
tor is the optimal one, provided that “measurementstaken on

the detectedbjectaremutuallyindependenandthatwe know

the featuredistributions of target and backgroundobjectspre-
cisely The detectorpresentechereis optimal using only the
independencassumption.Insteadof requiringthe knowledge
of the underlyingdistributionsit relieson the training datait-

self. Further we introducethe averagingtechniquewvhich aims
to lowertheeffectsof statisticaldependenceTl his averagedie-
tectoroutperformedsimilarly averagedik elihoodratio detector
by 7% relative in thetaskof spealer detection.

1. Intr oduction

Thedetectiontaskusingthediscretealphabethasto do thefol-
lowing job: We have someobjectsdivided into two classes—
targetclassandbadgroundclass Theobjectsexhibit somebe-
havior which canbe measuredndrepresentedsa symbol of
somesuitable nite alphabet.Dependingon circumstancesve
canhave moremeasurementselongingto a singleobject. We
will treatthemasif they werestatisticallymutuallyindependent
(althoughit is rarelythecasein thereallife). Forinstancethink
of theobjectsasof spealers,of theresultof themeasuremeras
of the phonethe spealer pronouncesluringa given 1/100sec-
ondandof “more measurementsisof the collectionof single
measurementgatheredhru the corversation(they will be de-
pendentsoin factit is notvery goodexample).Now, we would
like to have an algorithmwhich will decide,accordingto the
collectionof measurementsyhich classthe objectbelongsto
(outputtingl for targetclassandO for backgrounatlass).Pro-
vided we preciselyknew the distribution of measurementtor
both classesandprior probability of the objectbeinga targetit
canbe provedthatthealgorithmwhich minimizesthe probabil-
ity of classi cationerroris thelik elihoodratio detector

To be more formal, let us have the nite alphabet

Sincewe assumehemto beindependenit will bemorepracti-
calto work with ahistogramx (treatingit asF + 1-dimensional
vector)de ned as:

xk = #fT(X;;DjXi=k;1 | Lg; 0 k F (1
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NotethatL(x) :== [ xk = L. LetT = (To;:::;Te)
be the probability distribution of measurementfor targetsand
B = (Bo;:::;Bg) the samefor backgrounds.Let bethe

Pr(Xq1;:::;XLjB) Koo By Xk @)

andit minimizesthe probability of classi cationerror.

2. The newoptimal detector

The main dravback of the precedingdetector(apartfrom the
independencassumption)is the requirementof the precise
knowledgeof thedistributions. Althoughthey canbe estimated
from the training data,the performanceendsto be poorif we
have afew of them.

The detectordescribedn this sectionwill treatthis prob-
lem. Insteadof beinga function of the input utteranceandthe
respectie distributionsc(x; ; T;B) it will beafunctionof the
input utteranceandthetrainingdata.Formally, it will bea (de-
terministic)functionc(x; ;t;D), wheret andbis thetraining
datafor targetandbackgroundespectrely.

Let uscharacterizehe optimality in this case.We will as-
sumethatboththetargetandthe backgrounchave someunder
lying distributionsT andB which areunknowvn to us. Theonly
thing we actuallyknow arethetraining datat andb. Sincewe
assumeheindependenceye canconsidert to be a histogram
of arandomdraw from T. Similarly we considefb to be a his-
togramof arandomdraw from B .

2.1 Observation
bedravn from T is*

For the x edL(t), the probability of t to

Pr (tdravnfromT j L(t)#: Lt) =

T 3)

wherewe putQ® := 1 for sale of brevity.

The optimality criterion will be basedon minimizing the
probability of detectionerror. But we have to be more care-
ful heresincefor a x ed T andB the optimal detectoris the
one usingthe likelihood ratio. Thusthe nev detectorwould
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be suboptimalwerewe usingliterally the samecriterion. The
key pointis thatsincewe don't knowthe true distributions,we
will optimizefor the averageperformanceTo be morespeci ¢
let's imaginehow the detectors performancecould be tested.
Therecould be the examinerwho would simulatethe real use
of the detectorby giving it randomlyselectedrainingandtest-
ing dataand by countingthe detectors errorsthus estimating
its probability of the detectionerror. To formalizethis, we will
introducetheexaminingprocedurewhich lendsitself for deriv-
ing the probability of error analytically whatwill enableusto
designthe detectorsuchthatthis probability of errorwould be
minimized.

Examining Procedure: Thereis a prior probability known
both to the examinerandto the detector In the rst step,the
examinerrandomlychooseghe distributions T andB. Since
we wantthe detectorto be completelydata-drven we assume
thatthe examinerchooseghe distribution uniformly (from the
setof all distributionsoverthegiven nite alphabet)Thiscould
be generalizedater by allowing somedistributionsto be more
probablethanothersthusincorporatingsomeprior knowledge
(suchasthe Zipf's law) into the detector But let's keepthings
simplenow. In the secondstepthe examinerrandomlydrawvs
trainingstreamdrom T andB . We will write their histograms
ast andb. Then,with probability hedraws testingdatawith
the histogramx form T, otherwise(with probability 1 )
from B. The probability of errorfor the x ed canbewritten
asfollows:

Pr (errof) = Pr (erroronx; t; D) 4
x4t
wherewe will minimize
Pr (erroronx; t;B) = c(*; ;tb) (1 ) (5)
Pr (x andbdravn from B, tfromT; T, B unknavn)
+ 1 cox; ;tDh)
Pr (bdravnfrom B, x andtfrom T; T, B unknavn)

for every single (x; t; D) separatel§. Essentiallythis number
is the probability that the examinercameup with somedata

(%; t; b) andthedetectorclaimedx to befrom thedifferentclass
than the examinerobtainedit from (which is what we call a
classi cationerror). Sincefor a x ed (¢; t; b) we have

Pr ())g andbdravn from B, tdravn from T; T, B unknown) =

= Pr (¥ andbdravn from B, t dravn from T (6)
LxiLtilp

T, B unknovn and|_(x) = Ly; L(t‘){7= Lt; L(D) = L?)

X
= Pr (x,bfromB, tfromT; T, B unknowvnj ) Pr( )
LxiLtiLp

we canwrite

Pr(erroronx;t;B) = Pe(x;tD) Pr( ) (7
LxiLtLp

2 rst, thiswill bring usto theminimumof theoriginalformulasince
it is asumof numbersandwe areminimizing eachof themseparately;
secondyve candoit, sincefor eachtermwe have unique(x; t; D) “iden-
tifying” it, andc( ) dependsight onthisidenti cation — sowe canal-
wayschoosec to be0 or 1 to minimizethetermindependentlyf other
termssincethey have different“identi cation”

where
Pe(x;t5D) = c(¢; ;tD) (1
+ 1 cx ;tD)

) F(xtb) ®)
M (%, £ D)

where

F(x t 1D = Pr(xbfromB,tfromT; T,B unknovnj ) (9)

M (%; £, D) = Pr (bfromB, x,tfromT; T ,B unknownj )

ThetermPr () is unknavn anddependingsolelyontheexam-
iner's will. Fromthe point of view of the detectorits distribu-
tionis x ed,sowe cangetto theminimumby minimizingPe( )

only. We canleavetheconstanterm M (x; t; D) out, sincethe
minimumdoesnotdependnit, andobtain
Po(x; t;b) = (10)

c(x; ;tB) (1 IF(stB)  M((xth)
Theright parenthesisakes positive andnegative values,while
the detectors outputis eitherO or 1. Therefore,to make the
formulaminimalit sufces to “use” all the negative parenthesis
and zero-outthe positive ones. This can be donesinceeach
parenthesiss determinedby detectors agument. The optimal
detectoiis givenby thefollowing formula:
M (x;t;D) 1
F (%t D)
In the restof this sectionwe will be computingprobabilities
M () andF () to obtainthe nal formulafor thedetectorNote
that

F (x;t D) := Pr(tdravnfrom T, T unknown j (12)

L(t) = L¢) Pr(x andbfromB, B unknovnj

L(%) = Lx; L(D) = Ly)

c(x; ;tb):=1 () (11

becaus®f independence.
2.2 De nition

P
1, Tk < 1gwill becalledthesimplex.
1

Thesimplex is a setof all possibledistrimtionsqp 0;:::;DF)
onF + 1featuresprovidedwede neDo = 1 t-, D¢ and

Pr (tdravnfrom T, T unknovnjL(t) = L¢) (13)

canbeexpresseds
z
Pr(tdravnfromT j L(t) = L¢) (T)dT 14)
T2Splx g
where (T) is probability densityfunction of the distribution

T. As we alreadynotedwe de ne (T) to bea constantCe .
Usingobsenation2.1we get

Z
Pr(tdravnfromT j L(t) = L) Cg dT = (15)
T2 Spl
pxg " #
Cr to'l'_-(l-h?tF Tk d(Te; 0 Te)
(TassT 2 Spix e A k=0
To=1 T« . 4
Cr - I (to;:::5tF)
to;:iitr



(TyunT ;FJZSpIxF k=0
To=1 b T
Similarly we get:
Pr (x andbfrom B, B unknawn | %.(*) = Ly; Lgb) = Lp) =

z
Cr L(B) L(*)

(Bp;:: 3B 2 Splx g
Bo=1 FP)F B
0= 1 Pk

B:k*’bk

d(B1;:::;Bg) 17)

to

Soit turnsout thatall we have to do is to computetheintegral
1().

2.3 Lemma
z ¥ #

Proof Usinga suitablechangeof variableswe cantransform
thisintegralto a productof integralsof thesamekind with F =

1 which is essentiallythe de nition for Euler's betafunction.
See[2] for details. Q.E.D.

Now, substituting
Pr (tdrawn f;r#om.T, T unknﬁcéwnj L(t) = Ly) =# (20)

L(t) to;:iiite L(T)
TP L)+ F

Pr (x andbfrom E B unkn(wrg.L(x) = Lx; L(D) = Lb;; =

c L(B) L(*) Xo+ bojiiiiXe + be
F

into thede nition of F (¥; t; B) we endup with

#
. _ 2 L(t)
F(xtD) = Cr L)+ F (21)
L(B); L(¢); Xo+ bo;:ii;Xe + be
L(x)+ L(D) + F; xo;:::5%e; bojiiisbe
Similarly we couldderive that
" #
. _ o~ 2 L(B)
MsED) = Ce® )+ F (22)

Hence
Scoref; t; B) = M(xED) _ (23)
: )
Xo + to;iii;XE + tF L(t)+ F
. to;:::;tr L)+ L)+ Fﬁ
Xo+ boiiiiixe + b L)+ F
bo;:iiibe L(x)+ L)+ F
The nal formulade ning thedetectoris then
c(x; ;tb):=1 () Scorefs; t. D r (24)

andit is optimalin theabove sense.

3. Asymptotic behavior

3.1 Theorem The moretraining datado we have, the more
thenew detectorapproximatesheold one,providedthatT and
B distributionshave non-zergorobabilitiesfor all features For-
mally, fora x edx and :

8">0 lim (25)
(L(r)Lm)! (1 ;1)
T

X
Pr log Scoref;t; b) Xk log B <" =1
k
k=0

wheret is dravn form T, D is dravn fromB andBy, Tx > 0
for all k. Thetermwith the sumsignis the log versionof the
likelihoodratio detector

Proof Se€[2]. Q.E.D.

3.2 Corollary  The probability of error of the new detector
convergesto the probability of error of the old oneaswe have

moretrainingdata(assumind By > 0O for eactk). Formally,

fora x edx, T,B and :

Nliin Pr (new detectomalesanerroron (x¥; ;t 1), (26)

tfromT,DformB,L(M) > N andL(t) > N ) =
Pr (old detectomalkesanerroron(x; ;T;B))

Proof See[2]. Q.E.D.

4. Practical tests

We testedhis detectoonthe problemof spealer detection.We
conductedhe experimentson Switchboard-Icorpusaccording
to the NIST ExtendedDataparadigm. In this paradigmthere
areb training conditionsconsistingof 1, 2, 4, 8 and 16 corver
sationsides wherea sideis nominally 2.5 minutesin duration.
Testingis doneon entirecorversationside. Theevaluationcon-
sistsof a 6-split jack-knife over the entire corpus. Two back-
groundmodelswere usedfor testing. One modelwastrained
using datafrom splits 1-3 and appliedwhen testingon splits
4-6, the otherwastrainedon splits 4-6 and usedon splits 1-3.
We usedthe open-loopphonerecognizelLincoln PPRLM-LID
which provided us with the English phonestreamrepresenta-
tion of the given utterance. We further removed silencesde-
tectedby Lincoln-Labspeechactivity detectobeforeusingthis



stream.Thusa singlemeasuremerftom the detectors point of
view wasoneof 47 possiblephonesappearingn a given1/100
secondrame,while the collectionof measurementwasa his-
togramof single measurementsaken over all non-silenceand
non-noiséramesof the utterance.

We rst determinedthe Equal Error Ratesof the original
likelihoodratio detectorasour baseline:

Tablel: EERsof theoriginal (likelihoodratio) detector
L | 2 (4 [8 [16 |
[ 15.17%] 12.22%] 9.99% | 9.14% [ 9.22% |

Eachcolumnrepresentgiven training conditionasdenotedn
its headingoy anumberof trainingcorversationslt canbeseen
thattheperformancaelegradesaswe have lesstrainingdata.

Thenwe ranthe new detectoron the samedata. In theim-
plementatiorwe actuallycomputedog-scoreby summingthe
log-factorialsup to numberl1000. For highernumbershe Stir-
ling approximationvasused. The resultswere surprising,un-
fortunately:

Table2: EERsof thenew detector
1 [ 2 [ 4 | 8 (16 ]
[27.49% ] 20.12% [ 14.46% [ 11.17% | 10.10%]

Nearly two timesasworseat the 1 conversationtraining than
the old detector Ironically the new detectorwas designedo
help especiallythis case. It wasfound thatthe reasonfor this
behaior is in the assumptiorof mutual independencef the
measurementsAlthough the likelihoodratio detectoralsode-
pendson this assumptiorit is seeminglymoreresistanto its
violationthanthenew detector Ontheotherhandnew detector
is ableto outperformthe old onewhenwe make measurements
“less dependent”. This canbe doneby a randomdraw of the
framesfrom the whole utterance.We did an experimentusing
thenew detectorwherewe draw somerandomframesfrom the
whole conversationusingthemastheinputfor thedetector We
found out thatthe performancedropis quite modestcompared
to how small portion of the le we actuallyused. In eachut-
terancesvaluationwe took randomly96 framesfrom the tested
utterance 48 framesfrom tamget training dataand 48 frames
from backgroundraining data. Totally lessthan2 secondsof
non-silencesoundscatteredpseudoyandomlyover the origi-
nal data:

Table3: EERsof the new detector;randomdraw
1 | 2 | 4 | 8 (16 |
[ 39.08%] 39.88% [ 38.36% | 39.52% | 40.22% |

Table4: EERsof theold detector;randomdraw
1 [ 2 [ 4 | 8 (16 ]
[44.87% | 45.55% [ 45.16% | 44.51% | 46.82% ]

Thatmeanghatthenew detectorachiered39:06=27:49 = 1:42
timesworse EER, while the old oneis 44:87=15:17 = 2:96
timesworse. In this particularcasethe new detectoroutper
formedtheold one44:87=39:06 = 1:15times.

Whenwetook 10randomsample®f this sizeandaveraged
thelog-scorestheresultswereevenbetter:

Table5: EERsof the new detector;10 randomdraws
1 | 2 | 4 | 8 |16 |
| 26.45%| 25.56%| 24.26%| 24.49%| 25.04%\

Table6: EERsof theold detector;10 randomdraws
1 [ 2 | 4 | 8 (16 |
| 38.31%[ 37.94%[ 37.19%[ 36.78%[ 37.52%|

Here,the new detectoroutperformedhe old oneby the factor
of 38:31=26:45 = 1:45.

5. Fighting the statistical dependence

The resultsof practicaltestswith small samplesindicatethat
we couldtake mary smallscatteredhencenearlyindependent)
samplesut of theutteranceandcomputethe optimalscoreon
all of them. Thenwe could usethe averagescorevaluefor the
detectors decision. For exampleif we knew that the features
80 framesapartare nearlyindependentve could take random
sample®f sizel (x¥)=160satisfyingthedistanceconstrain.The
dravback s that this is computationallyintractablesince we
would needdozensof trials. But we couldtry to solve this an-
alytically. To easethe problemlet us sumall of the possible
samplesof the given size (this allows us to completelyforget
the spatialarrangemendf theframesin the utteranceandwork
with histogramsasbefore). For simplicity of the formulas,we
will furtherallow the sameframeto be selectedmultiple times
into a given sample. Provided the samplesize is reasonably
smallin comparisorwith theutterancdength,therewill bema-
jority of the samplessatisfyingthe distanceconstrain.Therest
of themwill notdisturbthe scorevaluetoo muchthen.

We'll introducethe averagingformulafor the nev optimal
detectoiin this section.Let ushave histogramsf notnecessar

ily independentraining data® and® andthe histogramof the
testedutteranceX. Let us choosethe numbersspecifyingthe
sizeof thesampledyLx  L(X),L: L(F) andLy, L(B).

Denoteyy = R¢=L(%X), vk = f=L(® andwx = B=L(®).
Thenthe averagedog-scorecomputedover all samplesof the
lengthL 4, L andL, respectiely is givenby thefollowing for-
mula:

" #
X Ly
ALscore(Lx; Lt;Lp;¥;¥;w) =
Xo; i XF
*tb
Xk=Lx
i
k= L%b
" #
\F X Lt \F t
Y foreee t Vi
o . 0;:10tF k=0
Lo ¥ Wi K (27)
bo; oo br k=0 “
" # 0" #
Xo + to;:11lIXg + tF L+ F |
to;:iiite Ly + L+ F
log * # - #
Xo+ bo;iiiiXe + be Lo+ F
bo;:iiibe Lx+ Lo+ F



Dueto themultinomial expansionwe canwrite

ALscore(Ly;Lt;Lp; ¥ v, w) = (28)
HalfALscorgLx;Lt;¥;%) HalfALscorgLx;Lp;¥;w)
where
" #
X Ly
HalfALscore(Lx;L¢;¥;¥) = (29)
Xo; it XF
% T
Xk=Lx
. te=Lt¢
b Y Y i
to;iii te _
" g K0 #1
Xo + to; i Xg + tg Li+ F
lo
g to;iiiitr Lx+ L+ F

After rathertechnicalmanipulationg(expandingthe products,
using the discreteFourier transformand corvolution lemma)
we getthe nal formula:

ljaIfALscore(L%' Le;y;w) = (30)
Li+ F
log Lo+ L+E T o D(p)

where

D)= G (1 vp)'' (1 yp)'* 1+
Nx2 1 )
2CiRe 1 vp+ve? TN b (31)
f=1

1 yp+ ypeZ if =N Lx 1

andwhereN isanumberdivisibleby4,N  2(Lx + L + 1),
C: isthediscreteFouriertransformof ¢k de ned asfollows:

C = on k= log(k!) for 0< k< N?
1 N N
= = —1 — |
ey 2Iog 2.+Iog(2 1!
1
G = ( De (32)

k=1

NotethatC; canbe precomputediuringinitialization soit is a
matterof tablelook-upin theruntime. In our implementation
we usedseveral tables,eachfor a distinctN = 2" (precom-
putedusing FFT). This causedhat the detectorhadto add at
most2 timeslongersequencéhanlL « + L was.SinceC; falls
to zeroasf goesto N=2, we computethe sumin the backward
directionto reduceroundof error. NotethatD (p) = 0 when-
everyp = 0; suchtermscanbe omittedaltogether Note that
the correspondindgormula for HalfALscorgL;Lp; ¥ ¥) can
be obtainedirom formula30 by substitutingL,, for L.

6. Averaginglik elihoodratio detector

We will not go into the detailshereand only remarkthat this
averagingcanbedone(moreeasily)to the old detectortoo. As
asurprisetheresultof it is the old detectoritself just with the
scorevaluedividedby thelengthof thetesteddata(L (x)). First,
it meanghattheresultof averagingdoesnotdependnthesizes

of randomdraw (L, L: andLy). Secondjt meanghatin case
whereall the testeddatahave approximatelythe samelength,
the original likelihoodratio detectorexhibits lesssensitvity to

statisticaldependencébecauséf thelengthsarethe same the
original detectomakesthe samedecisionsasthe averagedne,
providedthat parameteis scaledproperly). Thismayexplain
theold detectors resistancéo theindependencassumptiorvi-

olationasobsenedin caseof spealer detection.

7. Performanceof the averagednew
detector

The nal scorevalue dependon the sizesof sampleswe are
drawing from the histogramsUnfortunatelywe don't have suf-

ciently developedtheorywhich couldtell ustheright values
of samplesizesLx, L andL, basednthelengthof currently
testedutteranceand the sizesof the training data, or at least
which could give us someconstraintson their values. Thatis

why we did a simple repeatedine searchon split 3 (the one
beingthe hardesffor this detector)repeatedlyevaluatingit for

differentvaluesof L x while theothersizes(L,, L) were x ed.

After wefoundaminimum,we x edLx hereandletL: change
instead.Finally a minimum for changingL , wasfound. Note

thatsamplesizes(Lx, Ly, L) were x edherethroughouteach
evaluationof the split, not dependingon the length of the ut-

teranceand the size of the training data. We did two rounds
of this procedureanddiscoveredlocal optimumatL = 300,

L: = 250andL, = 145with thefollowing performancénowv

evaluatedusingall splits):

Table7: EERsof thenew avelaged detector
L | 2 (4 [8 [16 |
| 14.03%] 11.05%] 9.07% [ 7.78% [ 8.27% |

While the old detectoraveragedas describedin the previous
sectionachieved:

Table8: EERsof theold averageddetector
1 [ 2 (4 [8 |16 |
| 15.05%] 12.17%] 9.88% | 9.06% | 9.46% |

Note that the detectoroutperformedhe old averageddetector
by afactorof 15.05/14.03=1.0%t 1 corversationtrainingand
rathersurprisinglyby 9.06/7.78=1.1@t8 cornversatiortraining.
However, we found out that the areaof the minimum s quite
narrav and,whenmissed the performancdalls far behindthe
old detector The DET plotsof theaveragechew detectorarein

the gure 1.

8. Discussion

Let us note rst, thatthe averageddetectoris no longer opti-
mal. As we saw above it is ableto outperformthe old detector
whenthe parametersire properlytuned. The tuning itself re-
quiresfurtherresearchhowever. Also otherquestionarise for
examplewhatis theproperscore-fusiormethodfor this kind of
detectors.

For thesereasonghe detectorwas not usedas a replace-
mentfor thelikelihoodratio detectoiin thereal-world detection
problemsyet. Theintendedusefor it wasin theconditionalpro-
nunciatiormodelingspealer detectiormethod(asintroducedn

[1]).
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Figurel: TheDET curvesof theavelaged optimal detector

We still have a few pagedeft, sowe will briey describe
this methodhere,becauséts EERsarenow almosttwo times
betterthanit is describedn [1]. Theprincipleof themethodre-
mainsunchangedhowever. Betterfeatureselectionis respon-
siblefor theimprovement.

9. Principle of the pronunciation modeling

Conditionalpronunciationmodeling (CPM) was developedat
JHU/CLSP SummerWorkshop 2002 and it is a methodfor
open-sespealer detectiontask that doesnot rely on acoustic
vectors. Insteadit triesto usehigherlevel informationcarried
by the speechsignal. By a "pronunciationmodel” is meant
an ambiguous’'mapping” from phonemesghat the spealer in-
tendsto pronounceo phonesheactuallypronouncedSincewe
don't know spealer's intentionwe use ASR to decodewords
spolen followed by lookup of phonemesn the lexicon (one
word can have multiple lexicon pronunciations). Then these
lexicon pronunciationgreforce-alignedvith audioandtheone
with the highestscoreis selectedasthe phonetictranscription
of theword. Thisis how time alignedphonemestreamis com-
puted. Phonesactually pronouncedare taken from open-loop
phonerecognizer Theseopen-loopphonesalonewereusedin
the previous testingof the averagednew detector Pronuncia-
tion modelingestimatesonditionalprobabilitiesof open-loop
phonegjiventheASR-phonemeghatis "reality” giventhe”in-
tention”) on per frame basis. Then, standardikelihood ratio
detectoiis appliedto theseprobabilities,aswill bedescribedn
thenext two sections.

Therelationof whathasbeensaid (phonemesyersushow
it hasbeensaid(phonesj)s crucialto the pronunciatiormodel-
ing method;see[1] for details.

10. Training

Sincewe areusinglikelihoodratio detectorwe have two mod-
els: thebackgroundnodel(Pgg ) andthespealer model(Psp).
Both consistof conditionalprobability estimatef open-loop

phonesgiven the ASR phonemesand are trainedin the same
way:

#f(e;at)j9t: (e;a;t) 2 INPUTg
#(x at)jox t:(x;at) 2 INPUTg

P(eja):= (33)

WhereINPUT is a setof (E; A; F) tripleswherethe rst el-
ementis the open-loopphonerecognizedin frame F, while
the seconds the force alignedphonemeassignedo frameF .
We further assumethat INPUT (both in training and testing)
hasbeen ltered by remaring frameswhich ASR marked asa
silenceand framescontainingcrosstalk. No thresholdingnor

smoothingof the estimatedprobabilitiesis being usedin the
currentimplementation.

11. Testing

Scoreof thetestutteranceas computedasfollows:

1 .
Score= ys (log(Psr (€ja))

(e;at )2M

log(Psc (eja))) (34)

where

M = f(e;a;t)j(e;a;t) 2 INPUT s.t.bothPsp(eja) (35)
andPgc (€ja) arede nedg

Thismeanghatonly thosepairs(e;a) thathasheenseerduring
thetrainingof bothspealer andbackgroundnodelarecounted.
Theslightdifferencerom theoriginalmethods in thepresence
of factorﬁ which lowerstheeffectsof statisticaldependence
amongframes.

12. Split phones

At WSO02 (see[4, 5]) we devised an ad-hocbut working en-
hancementlinsteadof usingwhole phonemedo conditionto,
we would like to conditionto the HMM statesof ASR recog-
nizer Unfortunately thesewerenot availableto us, sowe did
anad-hoclabelingof the respectre framesof the phonemeoy
four labelsas short/head/body/tail Thuswe obtained4 times
larger phonealphabetandwe could usethe samealgorithmon
therespectie preprocessedata.Se€[1] for moredetailedspec-
i cation.

13. Experiments

Experimentsvere conductedon the Switchboard-Icorpusac-
cordingto the NIST ExtendedDataparadigm.We usedphone
sequencefrom ve languages:English (EG), German(GE),
Spanish(SP),Japanes¢]A), and Mandarin(MA). The phone
recognizeris from the Lincoln PPRLM LID systemand uses
genderdependenphonemodels. Its outputis a time-aligned
phone stream. For phonemestreamwe usedtime aligned
phonemeputputfrom SRIASR system(30% WER).

We re-implementedhe methodin the C language(origi-
nally we usedPerlat WS02). We alsoabandonedhe text cod-
ing of the phone les. The new binary coding madethe rep-
resentatiorof the SWB databaseoughly 50 timessmalleral-
lowing it to t into the OS disk cache. Thesetwo factorsare
responsibldor asigni cant speed-upThewhole SWB-1train-
ing andtesting(all splits, all training conversationconditions)
took aboutseveral hoursat WS02usinga clusterof 5 comput-
ers. Now it takesabout20 to 40 secondson a single1.5 GHz
machine. This speedupmllowed us to use“brute force” to test



Table9: EERsof bestCPM systemspart 1
1 [ 2 |
9.78%-J-8.ASR 5.06%-J-GE.ASR.LL
9.78%-J-4.ASR.ASR 5.25%-J-GE.ASR
9.80%-J-4.ASR.LL 5.25%-J-GE.ASR.ASR
9.84%-J-SASR.LL 5.38%-J-EG.ASR.LL
10.07%-J-SASR 5.50%-J-A.sASR.LL
10.07%-J-SASR.ASR | 5.55%-J-EG.ASR
10.80%-J-MA.ASR.LL | 5.55%-J-EG.ASR.ASR
10.82%-J-MA.ASR 5.59%-J-4.ASR.LL
10.82%-J-MA.ASR.ASR| 5.63%-J-MA.ASR.LL
10.99%-J-GE.ASR.LL | 5.65%-J-MA.ASR
11.07%-J-GE.ASR 5.65%-J-MA.ASR.ASR
11.07%-J-GE.ASR.ASR| 5.69%-J-SRASR.LL
11.09%-J-EGA.ASR 5.76%-ASR.MA
11.28%-J-EG.SRSR 5.76%-ASR.MA.ASR
11.28%-A.ASR.LL 5.78%-J-A.sASR
11.32%-A.ASR 5.78%-J-A.SASR.ASR
11.32%-A.ASR.ASR 5.80%-J-SFASR
11.36%-J-8.GE.ASR 5.80%-J-SRASR.ASR

all (approximatelyl200)variationsof predictorand predicted
streams. This brute force searchis responsibleor the major
improvement. It allowed usto nd muchbettercombinations
of streams.

In thetable9 and10we presen€qualError Ratesfor vari-
ouscombination®f predictorandpredictedstreamsEachcol-
umn of the table correspondgo a distinct numberof training
corversationsasdenotedn its headling(16 corversationtrain-
ing is excludedbecausef the lack of space). The respectie
systemsare namedas Y. X. TRIGGERwherethe trigger is op-
tional (and lters outframesfor which the TRIGGERSstreamis
non-silence).Y is the nameof the predictedstream,while X
is the predictorstream.Leading’s' in the nameof the stream
meansthat the streamwas preprocessetly a split-phonetag-
ger (marking phonesaccordingto their length). Leading J-'
in the nameof the systemmeansthatthe joint probabilitiesof
(Y, X) wereused,insteadof YjX conditioning.NamesEG, SP
GE, MA, JA referto the open-loopphonestreamsLL is the
Lincoln-Labspeectactiity detectoy ASR refersto 30%WER
ASR phonemestream(SRI system).For examplesGE.ASR.LL
denotes streanof taggedGermarphonesonditionecby ASR
phonemes$othof themtriggeredby theLincoln-Labspeectac-
tivity detector
We have fusedthe bestsystemdrom thesetablesby simplead-
dition of scorevaluesof the respectie systems.We have pro-
duced5 systemseachoptimizedfor its training condition. For
examplethe systemws02-n-ASR-8is a fusion of the leading
systemdrom the table 10 trainedat eight conversations.The
systemsvereaddedn the ordergivenby their ERRaslong as
the resultingERR was decreasing.The fusion methodis cer
tainly not the bestone,we usedit here,justto seewhatcanbe
reached. The fusion algorithm usedapproximatelytop 5 sys-
temsfrom theabove tableson averageto reachthe performance
reportedin tables11 and12. The DET plotsfor the bestof the
fusedsystemscanbefoundin the gure 2.

14. Discussion

The methodis ableto reachEER belov onepercentat 8 con-
versationtraining. On the other handone shouldnot be too

Table10: EERsof bestCPM systemspart 2

[ 4

| 8

2.47%-sASRA.LL
2.54%-sASRA
2.54%-sASRA.ASR
2.54%-sASR.MA.LL
2.60%-J-MA.sASR.LL
2.60%-sASR.MA
2.60%-sASR.MA.ASR
2.63%-ASR.MA.LL
2.67%-sASR.GE.LL
2.69%-ASR.GE
2.69%-ASR.GE.ASR
2.69%-ASR.MA
2.69%-ASR.MA.ASR
2.69%-J-SBASR.LL
2.72%-J-MA.sASR
2.72%-J-MA.sASR.ASR
2.74%-J-EG.ASR.LL
2.76%-sASR.GE

1.44%-sASR.MA
1.44%-sASR.MA.ASR
1.47%-sASR.GE
1.47%-sASR.GE.ASR
1.52%-sASR.MA.LL
1.57%-sASR.GE.LL
1.65%-sASRA
1.65%-sASRA.ASR
1.74%-sASRA.LL
1.79%-sASR.SBL
1.82%-ASR.sGE
1.82%-ASR.sGE.ASR
1.82%-J-EG.sASR
1.82%-J-EG.sASR.ASR
1.82%-J-MA.sASR
1.82%-J-MA.sASR.ASR
1.82%-J-MA.SASR.LL
1.84%-ASR.sMA

Table11: EERsof fusion,part 1

[1

[ 2

8.37%-ws02-n-ASR-1
9.76%-ws02-n-ASR-2
17.62%-ws02-n-ASR-4
19.43%-ws02-n-ASR-8

3.97%-ws02-n-ASR-2
4.95%-ws02-n-ASR-1
5.63%-ws02-n-ASR-4
6.36%-ws02-n-ASR-8

26.45%-ws02-n-ASR-16 10.58%-ws02-n-ASR-16

Table12: EERsof fusion,part 2

[ 4

| 8 |

1.71%-ws02-n-ASR-8
1.89%-ws02-n-ASR-4
2.11%-ws02-n-ASR-2
2.74%-ws02-n-ASR-1
3.01%-ws02-n-ASR-16

0.97%-ws02-n-ASR-8
1.13%-ws02-n-ASR-14
1.24%-ws02-n-ASR-4
1.67%-ws02-n-ASR-2
2.65%-ws02-n-ASR-1

optimistic, becaus@SR systemwe usedwastrainedon SWB-
1 too and PPRLM open-looprecognizersvere using external
genderinformation. Sothetrue performanceouldbelower.

In comparison,GMM-UBM [6] baselinewe were using
at WS02 achieved 0.65% EER using 8 corversationtraining.
While the GMM-UBM is betteranddoubtlesshyfaster(sinceit
doesnotrequireASR) themethodpresentedherehasits advan-
tages.In situationsvhereoneperformsASR aryway (anddoes
not mind to pay an extra costof runningthe open-looprecog-
nizers)it turnsoutto bevery cheap.Oncewe have the models
trained thescorecalculationis amatterof innerproductof vec-
torsof dimensionsay30000(for 5 fusedstreamsvhichis very
fastin comparisorwith GMM-UBM. Soit could be possibly
usedasa part of the ASR systemto trigger a spealer speci ¢
languagemodelafter rst threeminutesof his speechfor ex-
ample. Anotherapplicationpossible,could be nding the N
bestspealer modelsout of mary possible. ASR is expensve
but sincethe inner productis cheapethanwhat GMM-UBM
usually does,the resultingsystemcould be fasterif searching
thru a large database.It could be usedas a “fastmatch” for
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Figure2: TheDET curvesof thefusedsystenws02-n-ASR-8.

furtherre nementby othermethodssuchasGMM-UBM. This
“fastmatch” could even constitutea recursve meanof itself,
sincewe canfor exampleusenon-fusedstreamswith non-split
phoneginner productof sizeroughly 1500)to nd candidates
which could be later prunedby the samemethodwith more
complicatedstreams.

The future work will be aimedto searchfor a prediction
streamghat doesnot require ASR, thuswill be fasterin one-
shotsystems. The other direction of researchwill try to nd
a systemworking with ASR alone, not using the open-loop
phones. Thesewill be intendedfor cheapintegrated usage
within the ASR systemsincewe think thatit might be useful
for thework of the ASR itself to know whoiis talking to it.

15. Conclusions

We have shovn the new optimal detectorespeciallydesigned
for the casewith the lack of the training data. It turnsout that
this detectoris more sensitve to the violation of the assump-
tion of theindependencef thefeatureghananordinarylik eli-
hoodratio detector It can,however, outperformtheold detector
whenspecialactionssuchasaveragingaredone.Unfortunately
we still have nogoodmethodof the propersettingof theparam-
etersarisingin the averagingprocess.This is the main reason
why thisdetectorcouldnotbeusedn complicatedsetupof con-
ditional pronunciatiormodeling. Thetestsof this detectomwere
carriedout on the"toy”-detectorusingonly Englishopenloop-
phonesasafeatureswherethe speedf processingllowed us
to nd theparametersisingthebruteforce.

Furtherwe reportedthe current statusof the conditional
pronunciationmodeling method, which is still using the old
likelihoodratio detector The future researctwill concentrate
to the possibility of usingthe new detectorin CPM, andto nd
betterfeaturefor CPM aloneasstatedn the previoussection.
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