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Abstract

We will treata taskof statisticaldetectionusingdiscretealpha-
betin thispaper. It is well known thatthelikelihoodratiodetec-
tor is theoptimalone,provided that “measurements”takenon
thedetectedobjectaremutuallyindependentandthatwe know
the featuredistributionsof target andbackgroundobjectspre-
cisely. The detectorpresentedhereis optimal usingonly the
independenceassumption.Insteadof requiringtheknowledge
of the underlyingdistributionsit relieson the training datait-
self. Further, we introducetheaveragingtechniquewhich aims
to lower theeffectsof statisticaldependence.Thisaveragedde-
tectoroutperformedsimilarly averagedlikelihoodratiodetector
by 7%relative in thetaskof speakerdetection.

1. Intr oduction
Thedetectiontaskusingthediscretealphabethasto do thefol-
lowing job: We have someobjectsdivided into two classes—
targetclassandbackgroundclass. Theobjectsexhibit somebe-
havior which canbemeasuredandrepresentedasa symbolof
somesuitable�nite alphabet.Dependingon circumstanceswe
canhave moremeasurementsbelongingto a singleobject. We
will treatthemasif they werestatisticallymutuallyindependent
(althoughit is rarelythecasein thereallife). For instance,think
of theobjectsasof speakers,of theresultof themeasurementas
of thephonethespeaker pronouncesduringa given1/100sec-
ondandof “more measurements”asof thecollectionof single
measurementsgatheredthru theconversation(they will bede-
pendent,soin factit is notverygoodexample).Now, wewould
like to have an algorithmwhich will decide,accordingto the
collectionof measurements,which classthe objectbelongsto
(outputting1 for targetclassand0 for backgroundclass).Pro-
vided we preciselyknew the distribution of measurementsfor
bothclassesandprior probabilityof theobjectbeinga target it
canbeprovedthatthealgorithmwhichminimizestheprobabil-
ity of classi�cationerroris thelikelihoodratiodetector.

To be more formal, let us have the �nite alphabet
f 0; 1; : : : ; F g andacollectionof measurements(X 1 ; : : : ; X L ).
Sinceweassumethemto beindependentit will bemorepracti-
cal to work with ahistogram~x (treatingit asF + 1-dimensional
vector)de�ned as:

xk = # f (X l ; l ) j X l = k; 1 � l � L g; 0 � k � F (1)
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Note that L(~x) :=
P F

0 xk = L . Let T = (T0 ; : : : ; TF )
be theprobabilitydistribution of measurementsfor targetsand
B = (B 0 ; : : : ; BF ) the samefor backgrounds.Let � be the
prior probability that the observed object is from target class
and~x bethehistogramof measurements(X 1 ; : : : ; X L ) on the
observedobject.Thenthelikelihoodratiodetectoris givenby

c(( x0 ; : : : ; xF ); � ; T; B ) := 1 ( )

Pr (X 1 ; : : : ; X L jT )
Pr (X 1 ; : : : ; X L jB )

=
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andit minimizestheprobabilityof classi�cationerror.

2. The newoptimal detector
The main drawbackof the precedingdetector(apartfrom the
independenceassumption)is the requirementof the precise
knowledgeof thedistributions.Althoughthey canbeestimated
from the trainingdata,theperformancetendsto bepoor if we
havea few of them.

The detectordescribedin this sectionwill treat this prob-
lem. Insteadof beinga functionof the input utteranceandthe
respectivedistributionsc(x; � ; T; B ) it will beafunctionof the
input utteranceandthetrainingdata.Formally, it will bea (de-
terministic)functionc(~x; � ;~t;~b), where~t and~b is the training
datafor targetandbackgroundrespectively.

Let uscharacterizetheoptimality in this case.We will as-
sumethatboththetargetandthebackgroundhavesomeunder-
lying distributionsT andB whichareunknown to us.Theonly
thing we actuallyknow arethetrainingdata~t and~b. Sincewe
assumethe independence,we canconsider~t to bea histogram
of a randomdraw from T. Similarly we consider~b to bea his-
togramof a randomdraw from B .

2.1 Observation For the �x ed L(~t), theprobabilityof ~t to
bedrawn from T is1

Pr ( ~t drawn from T j L(~t) = L t ) =
"

L t

t0 ; : : : ; tF

#

�
FY

k =0

T t k
k (3)

whereweput00 := 1 for sakeof 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 using the likelihood ratio. Thus the new detectorwould

1the symbol
� a1 ;::: ;a n

b1 ;:::;b m

�
is de�ned as a1 !��� an !

b1 !��� bm ! ; note that
� n

k

�
=

� n
k ;n � k

�
for n � k � 0; n,k naturalnumbers



be suboptimalwerewe usingliterally the samecriterion. The
key point is thatsincewe don't knowthetruedistributions,we
will optimizefor theaverageperformance.To bemorespeci�c
let's imaginehow the detector's performancecould be tested.
Therecould be the examinerwho would simulatethe real use
of thedetectorby giving it randomlyselectedtrainingandtest-
ing dataandby countingthe detector's errorsthusestimating
its probabilityof thedetectionerror. To formalizethis,we will
introducetheexaminingprocedure,whichlendsitself for deriv-
ing theprobabilityof erroranalytically, whatwill enableus to
designthedetectorsuchthat this probabilityof errorwould be
minimized.
Examining Procedure: Thereis a prior probability � known
both to the examinerandto the detector. In the �rst step,the
examinerrandomlychoosesthe distributionsT andB . Since
we want the detectorto be completelydata-driven we assume
that theexaminerchoosesthedistribution uniformly (from the
setof all distributionsoverthegiven�nite alphabet).Thiscould
begeneralizedlaterby allowing somedistributionsto bemore
probablethanothersthusincorporatingsomeprior knowledge
(suchastheZipf 's law) into thedetector. But let's keepthings
simplenow. In the secondstepthe examinerrandomlydraws
trainingstreamsfrom T andB . We will write their histograms
as~t and~b. Then,with probability � hedraws testingdatawith
the histogram~x form T, otherwise(with probability 1 � � )
from B . Theprobabilityof errorfor the�x ed� canbewritten
asfollows:

Pr (error) =
X

~x ;~t; ~b

Pr (erroron~x; ~t; ~b) (4)

wherewewill minimize

Pr (erroron~x; ~t; ~b) = c(~x; � ;~t; ~b) � (1 � � ) � (5)

� Pr (~x and~bdrawn from B , ~t from T; T , B unknown)

+
�
1 � c(~x; � ;~t; ~b)

�
� � �

� Pr (~bdrawn from B , ~x and~t from T; T , B unknown)

for every single (~x;~t;~b) separately2. Essentiallythis number
is the probability that the examinercameup with somedata
(~x;~t; ~b) andthedetectorclaimed~x tobefromthedifferentclass
than the examinerobtainedit from (which is what we call a
classi�cationerror).Sincefor a �x ed(~x; ~t; ~b) wehave

Pr (~x and~bdrawn from B , ~t drawn from T; T , B unknown) =

=
X

L x ;L t ;L b

Pr (~x and~bdrawn from B , ~t drawn from T; (6)

;T , B unknown and L(~x) = L x ; L(~t ) = L t ; L(~b) = L b
| {z }

�

)

=
X

L x ;L t ;L b

Pr (~x,~b from B , ~t from T; T , B unknownj� ) � Pr (� )

wecanwrite

Pr (erroron~x;~t; ~b) =
X

L x ;L t ;L b

Pe(~x;~t; ~b) � Pr (� ) (7)

2�rst, thiswill bringusto theminimumof theoriginal formulasince
it is a sumof numbersandwe areminimizing eachof themseparately;
second,wecandoit, sincefor eachtermwehaveunique(~x; ~t; ~b) “iden-
tifying” it, andc(�) dependsright on this identi�cation — sowecanal-
wayschoosec to be0 or 1 to minimizethetermindependentlyof other
termssincethey havedifferent“identi�cation”

where

Pe(~x;~t;~b) = c(~x; � ;~t; ~b) � (1 � � ) � F (~x; ~t; ~b) (8)

+
�
1 � c(~x; � ;~t; ~b)

�
� � � M (~x; ~t; ~b)

where

F (~x; ~t; ~b) = Pr (~x,~b from B , ~t from T; T ,B unknownj� ) (9)

M (~x; ~t; ~b) = Pr (~b from B , ~x,~t from T; T ,B unknownj� )

ThetermPr (� ) is unknown anddependingsolelyontheexam-
iner's will. Fromthepoint of view of thedetectorits distribu-
tion is �x ed,sowecangetto theminimumby minimizingPe(�)
only. Wecanleavetheconstantterm� M (~x; ~t; ~b) out,sincethe
minimumdoesnotdependon it, andobtain

P 0
e(~x; ~t;~b) := (10)

c(~x; � ;~t; ~b)
�

(1 � � )F (~x; ~t;~b) � � M (~x;~t; ~b)
�

Theright parenthesistakespositive andnegative values,while
the detector's output is either0 or 1. Therefore,to make the
formulaminimal it suf�ces to “use” all thenegativeparenthesis
and zero-outthe positive ones. This can be donesinceeach
parenthesisis determinedby detector's argument.Theoptimal
detectoris givenby thefollowing formula:

c(~x; � ;~t; ~b) := 1 ( )
M (~x;~t;~b)

F (~x;~t; ~b)
�

1 � �
�

(11)

In the rest of this sectionwe will be computingprobabilities
M (�) andF (�) to obtainthe�nal formulafor thedetector. Note
that

F (~x; ~t; ~b) := Pr (~t drawn from T, T unknown j (12)

L(~t ) = L t ) � Pr (~x and~b from B , B unknown j

L(~x) = L x ; L(~b) = L b)

becauseof independence.

2.2 De�nition ThesetSplxF = f (T1 ; : : : ; TF ) j 0 < Tk <

1;
FP

1
Tk < 1g will becalledthesimplex.

Thesimplex is a setof all possibledistributions(D 0 ; : : : ; D F )
onF + 1 features,providedwede�ne D 0 = 1�

P F
k =1 D k and

take (D 1 ; : : : ; D F ) 2 SplxF . Thereforetheprobability

Pr (~t drawn from T, T unknown j L(~t ) = L t ) (13)

canbeexpressedas
Z

T 2 Splx F

Pr (~t drawn from T j L(~t ) = L t )� (T )dT (14)

where� (T ) is probability densityfunction of the distribution
T . As we alreadynotedwe de�ne � (T ) to be a constantCF .
Usingobservation2.1weget

Z

T 2 Splx F

Pr (~t drawn from T j L(~t ) = L t ) � CF � dT = (15)

CF �
Z

( T1 ;:::;T F ) 2 Splx F
T0 =1 �

P F
1 Tk
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#

�
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I (t0 ; : : : ; tF )



where

I (t0 ; : : : ; tF ) :=
Z

( T1 ;:::;T F ) 2 Splx F
T0 =1 �

P F
1 Tk

FY

k =0

T t k
k d(T1 ; : : : ; TF ) (16)

Similarly weget:

Pr (~x and~b from B , B unknown j L(~x) = L x ; L(~b) = L b) =

CF �
Z

( B 1 ;::: ;B F ) 2 Splx F
B 0 =1 �

P F
1 B k

"
L(~b)

b0 ; : : : ; bF

#"
L(~x )

x0 ; : : : ; xF

#
FY

k =0

B x k + bk
k

�d(B 1 ; : : : ; BF ) (17)

becauseof independenceof drawing~x and~bfrom B . Thisleads
to

CF

"
L(~b)

b0 ; : : : ; bF

#"
L(~x )

x0 ; : : : ; xF

#

I (x0 + b0 ; : : : ; xF + bF ) (18)

Soit turnsout thatall we have to do is to computethe integral
I (�).

2.3 Lemma
Z

( T1 ;:::;T F ) 2 Splx F
T0 =1 �

P F
1 Tk

FY

k =0

T t k
k d(T1 ; : : : ; TF ) =

"
t0 ; : : : ; tF

L(~t ) + F

#

(19)

Proof Usinga suitablechangeof variableswe cantransform
this integral to aproductof integralsof thesamekind with F =
1 which is essentiallythe de�nition for Euler's betafunction.
See[2] for details. Q.E.D.

Now, substituting

Pr (~t drawn from T, T unknown j L(~t ) = L t ) = (20)

CF �

"
L(~t )

t0 ; : : : ; tF

#

�

"
t0 ; : : : ; tF

L(~t ) + F

#

= CF

"
L(~t )

L(~t ) + F

#

Pr (~x and~b from B , B unknownj L(~x) = L x ; L(~b) = L b) =

CF

"
L(~b)

b0 ; : : : ; bF

#"
L(~x )

x0 ; : : : ; xF

#"
x0 + b0 ; : : : ; xF + bF

L(~x) + L(~b) + F

#

=

CF

"
L(~b); L(~x ); x0 + b0 ; : : : ; xF + bF

L(~x) + L(~b) + F; x0 ; : : : ; xF ; b0 ; : : : ; bF

#

into thede�nition of F (~x; ~t; ~b) weendupwith

F (~x;~t; ~b) = CF
2 �

"
L(~t )

L(~t ) + F

#

� (21)

�

"
L(~b); L(~x ); x0 + b0 ; : : : ; xF + bF

L(~x) + L(~b) + F; x0 ; : : : ; xF ; b0 ; : : : ; bF

#

Similarly wecouldderive that

M (~x; ~t; ~b) = CF
2 �

"
L(~b)

L(~b) + F

#

� (22)

�

"
L(~t ); L(~x ); x0 + t0 ; : : : ; xF + tF

L(~x) + L(~t) + F; x0 ; : : : ; xF ; t0 ; : : : ; tF

#

Hence

Score(~x;~t; ~b) :=
M (~x; ~t; ~b)

F (~x;~t; ~b)
= (23)

=

"
x0 + t0 ; : : : ; xF + tF

t0 ; : : : ; tF

#

"
x0 + b0 ; : : : ; xF + bF

b0 ; : : : ; bF

# �

"
L(~t ) + F

L(~x ) + L(~t ) + F

#

"
L(~b) + F

L(~x ) + L(~b) + F

#

The�nal formulade�ning thedetectoris then

c(~x; � ;~t;~b) := 1 ( ) Score(~x;~t; ~b
�

�
1 � �

�
(24)

andit is optimalin theabovesense.

3. Asymptotic behavior

3.1 Theorem Themoretrainingdatado we have, themore
thenew detectorapproximatestheold one,providedthatT and
B distributionshavenon-zeroprobabilitiesfor all features.For-
mally, for a �x ed~x and� :

8" > 0 lim
( L (~t ) ;L (~b )) ! ( 1 ;1 )

(25)

Pr
� �

�
�
�
�
log

�
Score(~x;~t; ~b)

�
�

FX

k =0

xk � log
�

Tk

B k

� �
�
�
�
�

< "
�

= 1

where~t is drawn form T, ~b is drawn from B andB k � Tk > 0
for all k. The termwith thesumsign is the log versionof the
likelihoodratiodetector.

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

3.2 Corollary The probabilityof errorof the new detector
convergesto theprobabilityof errorof theold oneaswe have
moretrainingdata(assumingTk �B k > 0 for eachk). Formally,
for a �x ed~x, T , B and� :

lim
N !1

Pr (new detectormakesanerroron (~x; � ; ~t; ~b), (26)

~t from T,~b form B , L(~b) > N andL(~t) > N ) =

Pr (old detectormakesanerroron (~x; � ; T; B ))

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

4. Practical tests
Wetestedthisdetectorontheproblemof speakerdetection.We
conductedtheexperimentson Switchboard-1corpusaccording
to the NIST ExtendedDataparadigm. In this paradigmthere
are5 trainingconditionsconsistingof 1, 2, 4, 8 and16 conver-
sationsides,wherea sideis nominally2.5minutesin duration.
Testingis doneonentireconversationside.Theevaluationcon-
sistsof a 6-split jack-knife over the entirecorpus. Two back-
groundmodelswereusedfor testing. Onemodelwastrained
using datafrom splits 1-3 and appliedwhen testingon splits
4-6, theotherwastrainedon splits4-6 andusedon splits 1-3.
We usedtheopen-loopphonerecognizerLincoln PPRLM-LID
which provided us with the Englishphonestreamrepresenta-
tion of the given utterance.We further removed silencesde-
tectedby Lincoln-Labspeechactivity detectorbeforeusingthis



stream.Thusasinglemeasurementfrom thedetector'spointof
view wasoneof 47 possiblephonesappearingin a given1/100
secondframe,while thecollectionof measurementswasa his-
togramof singlemeasurementstaken over all non-silenceand
non-noiseframesof theutterance.

We �rst determinedthe EqualError Ratesof the original
likelihoodratiodetectorasourbaseline:

Table1: EERsof theoriginal (likelihoodratio) detector
1 2 4 8 16
15.17% 12.22% 9.99% 9.14% 9.22%

Eachcolumnrepresentsgiven trainingconditionasdenotedin
its headingby anumberof trainingconversations.It canbeseen
thattheperformancedegradesaswehave lesstrainingdata.

Thenwe ranthenew detectoron thesamedata.In theim-
plementationwe actuallycomputedlog-scoreby summingthe
log-factorialsup to number1000.For highernumberstheStir-
ling approximationwasused.Theresultsweresurprising,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 detectorwasdesignedto
help especiallythis case.It wasfound that the reasonfor this
behavior is in the assumptionof mutual independenceof the
measurements.Although the likelihoodratio detectoralsode-
pendson this assumptionit is seeminglymoreresistantto its
violation thanthenew detector. Ontheotherhandnew detector
is ableto outperformtheold onewhenwe make measurements
“less dependent”.This canbe doneby a randomdraw of the
framesfrom thewholeutterance.We did anexperimentusing
thenew detector, wherewedraw somerandomframesfrom the
wholeconversationusingthemastheinput for thedetector. We
foundout that theperformancedrop is quitemodestcompared
to how small portion of the �le we actuallyused. In eachut-
teranceevaluationwe took randomly96 framesfrom thetested
utterance,48 framesfrom target training dataand 48 frames
from backgroundtraining data. Totally lessthan2 secondsof
non-silencesoundscattered(pseudo)randomlyover the origi-
naldata:

Table3: EERsof thenew 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%

Thatmeansthatthenew detectorachieved39:06=27:49 = 1:42
times worseEER, while the old one is 44:87=15:17 = 2:96
times worse. In this particularcasethe new detectoroutper-
formedtheold one44:87=39:06 = 1:15 times.

Whenwetook10randomsamplesof thissizeandaveraged
thelog-scores,theresultswereevenbetter:

Table5: EERsof thenew 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,thenew detectoroutperformedtheold oneby the factor
of 38:31=26:45 = 1:45.

5. Fighting the statistical dependence
The resultsof practicaltestswith small samplesindicatethat
wecouldtakemany smallscattered(hencenearlyindependent)
samplesoutof theutteranceandcomputetheoptimalscoreson
all of them. Thenwe couldusetheaveragescorevaluefor the
detector's decision. For exampleif we knew that the features
80 framesapartarenearlyindependentwe could take random
samplesof sizeL(~x)=160satisfyingthedistanceconstrain.The
drawback is that this is computationallyintractablesincewe
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
thespatialarrangementof theframesin theutteranceandwork
with histogramsasbefore).For simplicity of the formulas,we
will furtherallow thesameframeto beselectedmultiple times
into a given sample. Provided the samplesize is reasonably
smallin comparisonwith theutterancelength,therewill bema-
jority of thesamplessatisfyingthedistanceconstrain.Therest
of themwill notdisturbthescorevaluetoomuchthen.

We'll introducetheaveragingformulafor thenew optimal
detectorin thissection.Let ushavehistogramsof notnecessar-

ily independenttraining data~̂t and~̂b andthe histogramof the
testedutterance~̂x. Let us choosethe numbersspecifyingthe

sizeof thesamplesby L x � L(~̂x), L t � L(~̂t ) andL b � L(~̂b).

Denoteyk = x̂k =L(~̂x), vk = t̂k =L(~̂t) andwk = b̂k =L(~̂b).
Thentheaveragedlog-scorecomputedover all samplesof the
lengthL x , L t andL b respectively is givenby thefollowing for-
mula:

ALscore(L x ; L t ; L b; ~y; ~v; ~w) :=
X

~x; ~t; ~b
� x k = L x
� t k = L t
� bk = L b

"
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�
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� log
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"
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"
L t + F

L x + L t + F
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"
L b + F

L x + L b + F

#
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Dueto themultinomialexpansionwecanwrite

ALscore(L x ; L t ; L b; ~y; ~v; ~w) = (28)

HalfALscore(L x ; L t ; ~y; ~v) � HalfALscore(L x ; L b; ~y; ~w)

where

HalfALscore(L x ; L t ; ~y; ~v) :=
X

~x; ~t
� x k = L x
� t k = L t

"
L x

x0 ; : : : ; xF

#

� (29)
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"
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t0 ; : : : ; tF

#

�
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x k � vk

t k

�
�

� log

 "
x0 + t0 ; : : : ; xF + tF

t0 ; : : : ; tF

#

�

"
L t + F

L x + L t + F

#!

After rathertechnicalmanipulations(expandingthe products,
using the discreteFourier transformand convolution lemma)
wegetthe�nal formula:

HalfALscore(L x ; L t ; ~y; ~v) = (30)

log

"
L t + F

L x + L t + F

#

+
FX

p=0

D (p)

where

D (p) := � c0 � (1 � vp )L t
�
(1 � yp )L x � 1

�
+

N =2� 1X

f =1

2Cf Re
�

�
1 � vp + vpe2� if =N � L t � (31)

�
� �

1 � yp + ype2� if =N � L x � 1
� �

andwhereN is anumberdivisibleby 4, N � 2(L x + L t + 1),
Cf is thediscreteFouriertransformof ck de�ned asfollows:

ck := cN � k := log(k!) for 0 < k <
N
2

cN
2

:=
1
2

�
log

� N
2

!
�

+ log
�
(
N
2

� 1)!
� �

c0 := �
N � 1X

k =1

(� 1)k ck (32)

NotethatCf canbeprecomputedduringinitializationsoit is a
matterof tablelook-up in the runtime. In our implementation
we usedseveral tables,eachfor a distinct N = 2r (precom-
putedusingFFT). This causedthat the detectorhadto addat
most2 timeslongersequencethanL x + L t was.SinceCf falls
to zeroasf goesto N=2, wecomputethesumin thebackward
directionto reduceroundoff error. Note thatD (p) = 0 when-
ever yp = 0; suchtermscanbe omittedaltogether. Note that
the correspondingformula for HalfALscore(L x ; L b; ~y; ~v) can
beobtainedfrom formula30by substitutingL b for L t .

6. Averaging lik elihood ratio detector
We will not go into the detailshereandonly remarkthat this
averagingcanbedone(moreeasily)to theold detectortoo. As
a surprise,theresultof it is theold detectoritself just with the
scorevaluedividedby thelengthof thetesteddata(L(~x)). First,
it meansthattheresultof averagingdoesnotdependonthesizes

of randomdraw (L x , L t andL b). Second,it meansthatin case
whereall the testeddatahave approximatelythe samelength,
theoriginal likelihoodratio detectorexhibits lesssensitivity to
statisticaldependence(becauseif the lengthsarethesame,the
originaldetectormakesthesamedecisionsastheaveragedone,
providedthat� parameteris scaledproperly).Thismayexplain
theold detector's resistanceto theindependenceassumptionvi-
olationasobservedin caseof speakerdetection.

7. Performanceof the averagednew
detector

The �nal scorevaluedependson the sizesof sampleswe are
drawing from thehistograms.Unfortunatelywedon't havesuf-
�ciently developedtheorywhich could tell us the right values
of samplesizesL x , L t andL b basedon thelengthof currently
testedutteranceand the sizesof the training data,or at least
which could give us someconstraintson their values. That is
why we did a simple repeatedline searchon split 3 (the one
beingthe hardestfor this detector)repeatedlyevaluatingit for
differentvaluesof L x while theothersizes(L b, L t ) were�x ed.
After wefoundaminimum,we�x edL x hereandlet L t change
instead.Finally a minimumfor changingL b wasfound. Note
thatsamplesizes(L x , L b, L t ) were�x edherethroughouteach
evaluationof the split, not dependingon the lengthof the ut-
teranceand the size of the training data. We did two rounds
of this procedureanddiscoveredlocal optimumat L x = 300,
L t = 250andL b = 145with thefollowing performance(now
evaluatedusingall splits):

Table7: EERsof thenew averageddetector
1 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 detectoroutperformedthe old averageddetector
by a factorof 15.05/14.03=1.07at 1 conversationtrainingand
rathersurprisinglyby 9.06/7.78=1.16at8 conversationtraining.
However, we found out that the areaof the minimum is quite
narrow and,whenmissed,theperformancefalls far behindthe
old detector. TheDET plotsof theaveragednew detectorarein
the�gure 1.

8. Discussion
Let us note �rst, that the averageddetectoris no longeropti-
mal. As we saw above it is ableto outperformtheold detector
whenthe parametersareproperlytuned. The tuning itself re-
quiresfurtherresearch,however. Also otherquestionsarise,for
examplewhatis theproperscore-fusionmethodfor thiskind of
detectors.

For thesereasonsthe detectorwasnot usedasa replace-
mentfor thelikelihoodratiodetectorin thereal-world detection
problemsyet. Theintendedusefor it wasin theconditionalpro-
nunciationmodelingspeakerdetectionmethod(asintroducedin
[1]).
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Figure1: TheDETcurvesof theaveragedoptimaldetector.

We still have a few pagesleft, so we will brie�y describe
this methodhere,becauseits EERsarenow almosttwo times
betterthanit is describedin [1]. Theprincipleof themethodre-
mainsunchanged,however. Betterfeatureselectionis respon-
siblefor theimprovement.

9. Principle of the pronunciation modeling
Conditionalpronunciationmodeling(CPM) wasdevelopedat
JHU/CLSPSummerWorkshop2002 and it is a methodfor
open-setspeaker detectiontask that doesnot rely on acoustic
vectors. Insteadit tries to usehigher-level informationcarried
by the speechsignal. By a ”pronunciationmodel” is meant
an ambiguous”mapping” from phonemesthat the speaker in-
tendsto pronounceto phonesheactuallypronounced.Sincewe
don't know speaker's intentionwe useASR to decodewords
spoken followed by lookup of phonemesin the lexicon (one
word can have multiple lexicon pronunciations). Then these
lexiconpronunciationsareforce-alignedwith audioandtheone
with the highestscoreis selectedasthe phonetictranscription
of theword. This is how time alignedphonemestreamis com-
puted. Phonesactuallypronouncedare taken from open-loop
phonerecognizer. Theseopen-loopphonesalonewereusedin
the previous testingof the averagednew detector. Pronuncia-
tion modelingestimatesconditionalprobabilitiesof open-loop
phonesgiventheASR-phonemes(thatis ”reality” giventhe”in-
tention”) on per frame basis. Then, standardlikelihood ratio
detectoris appliedto theseprobabilities,aswill bedescribedin
thenext two sections.

Therelationof whathasbeensaid(phonemes)versushow
it hasbeensaid(phones)is crucialto thepronunciationmodel-
ing method;see[1] for details.

10. Training
Sincewe areusinglikelihoodratio detectorwe have two mod-
els: thebackgroundmodel(PBG ) andthespeakermodel(PSP ).
Both consistof conditionalprobability estimatesof open-loop

phonesgiven the ASR phonemesandare trainedin the same
way:

P (e j a) :=
# f (e;a; t) j 9 t : (e;a; t) 2 INPUTg

# f (x; a; t) j 9 x; t : (x; a; t) 2 INPUTg
(33)

WhereINPUT is a setof (E ; A; F ) triples wherethe �rst el-
ementis the open-loopphonerecognizedin frame F , while
the secondis the force alignedphonemeassignedto frameF .
We further assumethat INPUT (both in training and testing)
hasbeen�ltered by removing frameswhich ASR markedasa
silenceand framescontainingcrosstalk. No thresholdingnor
smoothingof the estimatedprobabilitiesis being usedin the
currentimplementation.

11. Testing
Scoreof thetestutteranceis computedasfollows:

Score=
1

# M

X

( e;a;t ) 2 M

(log(PSP (eja)) � log(PBG (eja))) (34)

where

M = f (e;a; t) j (e;a; t) 2 INPUT s.t. bothPSP (eja) (35)

andPBG (eja) arede�nedg

Thismeansthatonly thosepairs(e;a) thathasbeenseenduring
thetrainingof bothspeakerandbackgroundmodelarecounted.
Theslightdifferencefrom theoriginalmethodis in thepresence
of factor 1

# M which lowerstheeffectsof statisticaldependence
amongframes.

12. Split phones
At WS02 (see[4, 5]) we devised an ad-hocbut working en-
hancement.Insteadof usingwhole phonemesto conditionto,
we would like to conditionto the HMM statesof ASR recog-
nizer. Unfortunately, thesewerenot availableto us,sowe did
anad-hoclabelingof therespective framesof thephonemeby
four labelsasshort/head/body/tail. Thuswe obtained4 times
largerphonealphabetandwe couldusethesamealgorithmon
therespectivepreprocesseddata.See[1] for moredetailedspec-
i�cation.

13. Experiments
Experimentswereconductedon the Switchboard-Icorpusac-
cordingto theNIST ExtendedDataparadigm.We usedphone
sequencesfrom � ve languages:English (EG), German(GE),
Spanish(SP),Japanese(JA), andMandarin(MA). The phone
recognizeris from the Lincoln PPRLM LID systemanduses
gender-dependentphonemodels. Its output is a time-aligned
phone stream. For phonemestreamwe used time aligned
phonemeoutputfrom SRIASRsystem(30%WER).

We re-implementedthe methodin the C language(origi-
nally we usedPerlat WS02).We alsoabandonedthetext cod-
ing of the phone�les. The new binary codingmadethe rep-
resentationof the SWB databaseroughly 50 timessmalleral-
lowing it to �t into the OS disk cache. Thesetwo factorsare
responsiblefor asigni�cant speed-up.ThewholeSWB-1train-
ing andtesting(all splits, all training conversationconditions)
took aboutseveralhoursat WS02usinga clusterof 5 comput-
ers. Now it takesabout20 to 40 secondson a single1.5 GHz
machine.This speedupallowed us to use“brute force” to test



Table9: EERsof bestCPMsystems,part 1

1 2
9.78%-J-JA.ASR 5.06%-J-GE.ASR.LL
9.78%-J-JA.ASR.ASR 5.25%-J-GE.ASR
9.80%-J-JA.ASR.LL 5.25%-J-GE.ASR.ASR
9.84%-J-SP.ASR.LL 5.38%-J-EG.ASR.LL
10.07%-J-SP.ASR 5.50%-J-JA.sASR.LL
10.07%-J-SP.ASR.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-JA.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-SP.ASR.LL
11.09%-J-EG.JA.ASR 5.76%-ASR.MA
11.28%-J-EG.SP.ASR 5.76%-ASR.MA.ASR
11.28%-JA.ASR.LL 5.78%-J-JA.sASR
11.32%-JA.ASR 5.78%-J-JA.sASR.ASR
11.32%-JA.ASR.ASR 5.80%-J-SP.ASR
11.36%-J-JA.GE.ASR 5.80%-J-SP.ASR.ASR

all (approximately1200)variationsof predictorandpredicted
streams.This brute force searchis responsiblefor the major
improvement. It allowed us to �nd muchbettercombinations
of streams.

In thetable9 and10wepresentEqualErrorRatesfor vari-
ouscombinationsof predictorandpredictedstreams.Eachcol-
umn of the tablecorrespondsto a distinct numberof training
conversationsasdenotedin its headline(16 conversationtrain-
ing is excludedbecauseof the lack of space).The respective
systemsarenamedasY.X.TRIGGERwherethe trigger is op-
tional (and�lters out framesfor which theTRIGGERstreamis
non-silence).Y is the nameof the predictedstream,while X
is the predictorstream.Leading`s' in the nameof the stream
meansthat the streamwaspreprocessedby a split-phonetag-
ger (markingphonesaccordingto their length). Leading`J-'
in thenameof thesystemmeansthat the joint probabilitiesof
(Y, X) wereused,insteadof YjX conditioning.NamesEG,SP,
GE, MA, JA refer to the open-loopphonestreams,LL is the
Lincoln-Labspeechactivity detector, ASR refersto 30%WER
ASRphonemestream(SRIsystem).For examplesGE.ASR.LL
denotesastreamof taggedGermanphonesconditionedby ASR
phonemesbothof themtriggeredby theLincoln-Labspeechac-
tivity detector.
Wehave fusedthebestsystemsfrom thesetablesby simplead-
dition of scorevaluesof the respective systems.We have pro-
duced5 systems,eachoptimizedfor its trainingcondition.For
examplethe systemws02-n-ASR-8is a fusion of the leading
systemsfrom the table10 trainedat eight conversations.The
systemswereaddedin theordergivenby their ERRaslong as
the resultingERR wasdecreasing.The fusion methodis cer-
tainly not thebestone,we usedit here,just to seewhatcanbe
reached.The fusion algorithmusedapproximatelytop 5 sys-
temsfrom theabovetablesonaverageto reachtheperformance
reportedin tables11 and12. TheDET plotsfor thebestof the
fusedsystemscanbefoundin the�gure 2.

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

Table10: EERsof bestCPMsystems,part 2

4 8
2.47%-sASR.JA.LL 1.44%-sASR.MA
2.54%-sASR.JA 1.44%-sASR.MA.ASR
2.54%-sASR.JA.ASR 1.47%-sASR.GE
2.54%-sASR.MA.LL 1.47%-sASR.GE.ASR
2.60%-J-MA.sASR.LL 1.52%-sASR.MA.LL
2.60%-sASR.MA 1.57%-sASR.GE.LL
2.60%-sASR.MA.ASR 1.65%-sASR.JA
2.63%-ASR.MA.LL 1.65%-sASR.JA.ASR
2.67%-sASR.GE.LL 1.74%-sASR.JA.LL
2.69%-ASR.GE 1.79%-sASR.SP.LL
2.69%-ASR.GE.ASR 1.82%-ASR.sGE
2.69%-ASR.MA 1.82%-ASR.sGE.ASR
2.69%-ASR.MA.ASR 1.82%-J-EG.sASR
2.69%-J-SP.sASR.LL 1.82%-J-EG.sASR.ASR
2.72%-J-MA.sASR 1.82%-J-MA.sASR
2.72%-J-MA.sASR.ASR 1.82%-J-MA.sASR.ASR
2.74%-J-EG.ASR.LL 1.82%-J-MA.sASR.LL
2.76%-sASR.GE 1.84%-ASR.sMA

Table11: EERsof fusion,part 1

1 2
8.37%-ws02-n-ASR-1 3.97%-ws02-n-ASR-2
9.76%-ws02-n-ASR-2 4.95%-ws02-n-ASR-1
17.62%-ws02-n-ASR-4 5.63%-ws02-n-ASR-4
19.43%-ws02-n-ASR-8 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 0.97%-ws02-n-ASR-8
1.89%-ws02-n-ASR-4 1.13%-ws02-n-ASR-16
2.11%-ws02-n-ASR-2 1.24%-ws02-n-ASR-4
2.74%-ws02-n-ASR-1 1.67%-ws02-n-ASR-2
3.01%-ws02-n-ASR-16 2.65%-ws02-n-ASR-1

optimistic,becauseASR systemwe usedwastrainedon SWB-
1 too andPPRLM open-looprecognizerswereusingexternal
genderinformation.Sothetrueperformancecouldbelower.

In comparison,GMM-UBM [6] baselinewe were using
at WS02 achieved 0.65%EER using 8 conversationtraining.
While theGMM-UBM is betteranddoubtlesslyfaster(sinceit
doesnot requireASR) themethodpresentedherehasits advan-
tages.In situationswhereoneperformsASRanyway(anddoes
not mind to pay an extra costof runningthe open-looprecog-
nizers)it turnsout to bevery cheap.Oncewe have themodels
trained,thescorecalculationis amatterof innerproductof vec-
torsof dimensionsay30000(for 5 fusedstreams)which is very
fast in comparisonwith GMM-UBM. So it could be possibly
usedasa part of the ASR systemto trigger a speaker speci�c
languagemodelafter �rst threeminutesof his speech,for ex-
ample. Another applicationpossible,could be �nding the N
bestspeaker modelsout of many possible. ASR is expensive
but sincethe inner productis cheaperthanwhat GMM-UBM
usuallydoes,the resultingsystemcould be fasterif searching
thru a large database.It could be usedas a “f ast match” for
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Figure2: TheDETcurvesof thefusedsystemws02-n-ASR-8.

furtherre�nementby othermethodssuchasGMM-UBM. This
“f astmatch” could even constitutea recursive meanof itself,
sincewe canfor exampleusenon-fusedstreamswith non-split
phones(innerproductof sizeroughly1500)to �nd candidates
which could be later prunedby the samemethodwith more
complicatedstreams.

The future work will be aimedto searchfor a prediction
streamsthat doesnot requireASR, thuswill be fasterin one-
shotsystems.The otherdirectionof researchwill try to �nd
a systemworking with ASR alone, not using the open-loop
phones. Thesewill be intendedfor cheapintegratedusage
within the ASR systemsincewe think that it might be useful
for thework of theASR itself to know who is talking to it.

15. Conclusions

We have shown the new optimal detectorespeciallydesigned
for thecasewith the lack of the trainingdata. It turnsout that
this detectoris moresensitive to the violation of the assump-
tion of theindependenceof thefeaturesthananordinarylikeli-
hoodratiodetector. It can,however, outperformtheold detector
whenspecialactionssuchasaveragingaredone.Unfortunately,
westill havenogoodmethodof thepropersettingof theparam-
etersarisingin theaveragingprocess.This is themain reason
why thisdetectorcouldnotbeusedin complicatedsetupof con-
ditionalpronunciationmodeling.Thetestsof thisdetectorwere
carriedouton the”toy”-detectorusingonly Englishopenloop-
phonesasa features,wherethespeedof processingallowedus
to �nd theparametersusingthebruteforce.

Furtherwe reportedthe currentstatusof the conditional
pronunciationmodeling method,which is still using the old
likelihoodratio detector. The future researchwill concentrate
to thepossibilityof usingthenew detectorin CPM,andto �nd
betterfeaturesfor CPMaloneasstatedin theprevioussection.
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