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Abstract

Keyword spotting is an ef�cient approachfor search
of relevant recordingsin databasesof recordeduncon-
strainedspeech. Many algorithmshave beenproposed
in thepastfor this problemandseveral techniquesclaim
to be very ef�cient and accurate. Researchershave so
far attemptedto correctlycomparetheir resultsby using
standardizedReceiver OperatingCharacteristic(ROC)
curves,andperformingexperimentsonpublicly available
databaseswith known keywords.

However, whenit comesto comparetheexpectedbe-
havior of a techniquefor new keywordsandutterances,
the generalizationof publishedcomparisonsis not very
clear, andthechoiceof thebenchmark-keywordshascon-
siderableeffectsonthecomparison.In thispaperwepro-
poseanew measureof theaccuracy of akeywordspotter,
removing thebenchmark-keywordsselectionbiasandof-
fering a qualitative estimationof how well thetechnique
is expectedto performonnew keywords.

We apply our evaluation schemeto comparepre-
viously known algorithmsas well as a new technique
that we proposenow. The new techniqueis basedon a
con�dencemeasurethat evaluatesa keyword matchto
the worst of its phonemescores(wherethe scoreof a
phonemeis taken asthe ratio betweenthe log probabil-
ity of thatphonemeandthelengthof thephoneme).It is
remarkablethatthenewly proposedtechniquecandetect
all occurenciesof 100 keywordswith lessthan .5 false
alarms/keyword/hour.

1. Intr oduction

Keywordspotting(KWS) is therecognitionof prede�ned
keywordsin unconstrainedutterances.It is usedin appli-
cationsthatdonotrequiretheentiresequenceof wordsto
be recognized(e.g. searchin speechdatabases,classi�-
cationof speechmessages).It is observedthatthechoice
of keywordsin�uencestheperformanceof keywordspot-
ting algorithms.Certainwordsarerecognizedmoreeas-
ily thanotherwords,makingthe selectionof keywords
for fair benchmarkingadif�cult task.Comparisonof two
or more techniqueson a set of keywords may be inac-

curateif the keywordsfavor onealgorithm. Other than
proposinganew posteriorbasedcon�dencemeasureand
pruning techniques,we investigatean alternative evalu-
ationmethodwhich attemptsto remove the in�uence of
keywordsselectedfor recognition.The contributionsof
thispaperare:

� A new KWStechniquebasedonanovelcon�dence
measure,calledRealFitting is proposed.Themea-
suresresultsin highdetectionrates.

� Limitations of standardevaluation of keyword
spottingtechniquesarehighlighted.A novel eval-
uation,EqualOpportunityEvaluation,is proposed.

De�nition 1 (HMM) A Hidden Markov Model (HMM)
M is defined by a set of states Q = f q1, ..., qJ g, with a
unique starting and ending state, a space of possible out-
puts V , a set of transition probabilities aij = P (qi jqj ),
8i, j 2 [1..J ], and a set of probability density functions
defining the likelihood of each possible output for each
state, bi (v) = P (vjqi ), v 2 V .

Given a sequenceof acoustic vectors X =
f x1, . . . , xN g. TheKWS problem consistsof deciding
whetherthe keyword representedby a HMM M gener-
atesany segmentXe

b of X. Often,on detectionit is also
desiredto �nd thesegmentation(i.e., thebeginningb and
ende) andthe sequenceQ = f qb, ..., qeg of statesthat
representsthemostprobablepathin M generatingXe

b .
Typically a keyword spotterdecidesa match if an

algorithm-dependentscore of the match is above (or
below) somethreshold. Assuminga scoring function
SM ;X (Q, b, e) for the match(path)Q betweenM and
Xe

b , akeywordspotterreturns:

8
<

:

argmax
Q;b;e

(SM ;X (Q, b, e)) if max
Q;b;e

(SM ;X (Q, b, e)) � T

fail if max
Q;b;e

(SM ;X (Q, b, e)) > T

2. Background

Keywordspottinghasarich historyin speechprocessing.
TechniquescanuseDynamicTime Warping(DTW) [3],



aswell asHMMs [12, 11, 4, 7, 8]. Certainalgorithms
aim at computationalef�ciency [12, 4], othersaim at
theoreticalsigni�cance [3, 4, 7], while others aim at
experimentaly-provedaccuracy [11, 2, 8].

3. KWS Algorithms

The main issuein the designof KWS algorithm is the
choiceof a scoringfunctionSM ;X (Q, b, e). Thescoring
functionhasa de�niti ve impactnot only on theaccuracy
of the recognition,but also on the computationalcom-
plexity. Oftenonewill choosescoringfunctionsthatare
approximationsof some'optimal' measures,but thatare
easierto computethanthosemeasures[4].

3.1. DoubleNormalization (DN)

A doubleaveragingof the probability of a matchwith
�rst the numberof framesper phoneandthenthe num-
ber of phonesin the keyword wasknown to yield good
accuracy [1, 10, 7]. Assuming1 stateperphone,this is:

SM ;X (Q, b, e) def=
� 1
J

JX

j =1

 P ej

n = bj
logP (qn

j jxn )

ej � bj + 1

!

(1)
whereJ representsthenumberof phonesinM andqn

j the
hypothesizedphoneqj for input framexn . Thequalityof
amatchincreaseswith thedecreaseof thisscore.

TheDN2 algorithmtestedin this articlediffers from
DN in [7] in the criteria for pruning the paths. If the
HMM of eachphonemeis considereda level in a word
HMM, DN2 comparestwo pathsfor pruningaslong as
the pathsend in statesemitting the samephonemein a
frame, irrespective of the level. DN, on the otherhand
requiresthatthepathsalsoendin thesamelevel for them
to be compared.Experimentsdetailedin [9] show DN2
to beslightly betterthanDN.

3.2. ExtendedRealFitting (XRF)

We alsode�ne a new con�dencemeasurethatrepresents
differently the exigenciesof the recognition. Sincethe
phonemesand the absentstatescanbe modeledby the
usedHMMs offering suf�cient �e xibility , we wantedto
verify the impact of requestinga good scoreof each
matchedphoneme. We measurethe con�dence level
of a matchas being equalwith the maximumover all
phonemesof theminusof thelogarithmof thecumulated
posteriorof thephone,normalizedwith its length:

SM ;X (Q, b, e) def= max
qj 2 Q

P ej

n = bj
logP (qn

j jxn )

ej � bj + 1
(2)

In comparisonto DN2, theXRF algorithm1 evaluated
in thisarticlehasthepropertythatpruningdoesnotretain

1Patent [6].

justonepathperphonemein thetrellis. Instead,it retains
a set2 of pathsper phonemesatisfyingsomeconstraints
independentof the other paths. The constraintsare as
follows:1) The lengthof every statein a candidatepath
is shorterthan a maximumallowed value and 2) Aver-
ageposteriorof everyphonemeis alsowithin athreshold.
Thevaluesof thesethresholdsis predetermined.Thebest
pathssatisfyingtheseconstraintsperframeareretained.

4. ExtendedEvaluation Methodology

The standardevaluationof keyword spottingtechniques
is doneby plottingROCcurvesonthefalsepositives(FP)
andtrue positives/falsenegatives(FN) generatedby the
techniquesonasetof randomlyselectedkeywords.As it
is highlightedby experimentsdescribedlater, theperfor-
manceof a techniqueis stronglyin�uencedby thechoice
of keywords. Thus, to evaluatetechniqueson a set of
randomlyselectedkeywordsis not fair. To overcomethis
issue,wenow proposeanextensionof thestandardevalu-
ationmethodology, calledEqual Opportunity Evaluation.

Equalopportunityevaluation(EOE) selectsthe best
keywordsfor eachtechniqueandthencomparestheper-
formancesof eachtechniqueon its respective list of best
keywordstherebyremoving bias. Bestkeywordsfor an
algorithmarepicked by selectingkeywordswith lowest
areaundertheROCcurve formedby FPsandFNsatdif-
ferentthresholds(seeFigures1 and2). The areaunder
the curvesin Figures1 and2 evaluateto (2 � 3) + (4 �
2)+ (8� 1) = 26and(4� 3)+ (6� 2)+ (10� 1) = 34respec-
tively, indicatingtheROCof theformerword in Figure1
is better, asrequired.100 wordswith lowestareaunder
the ROC areselected.We comparedthe techniquesby
plottingROCsof these100words.

5. Experiments

The two algorithms,XRF andDN2, wereevaluatedon
242 sentencesof the BREF database[5]. Basedon our
novel evaluationtechnique,we comparethe two con�-
dencemeasures- DoubleNormalizationandRealFitting
for their bestkeywords. We picked thebestpruningsin
con�dencemeasuresDN and RF, referredas DN2 and
XRF, andcomparedtheirresults.TheROCsareshown in
Figures3 and4. As shown,althoughXRF startsathigher
detectionfor lowerFPs,DN2 goesonto achieve100per-
centdetectionbeforeXRF. Dependingon the threshold,
onetechniqueis betterthantheother. Also, if morenum-
berof pathsarepermittedperframein XRF, its detection
rate could surpassthe detectionrate of DN2. We also
comparedthe performanceof our techniqueswith Slid-
ing Window (SW) Technique.DN2 andXRF exceeded
theperformanceof SWassuggestedby theresultsin Fig-
ure5. Wealsocomparedthetimetakenby thethreetech-
niquesandXRF tooktheleasttimefollowedby DN2. On

2Our experiments retained 3 paths per trellis
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Figure1: ROC curve of �rst word, areabeingcomputed
by alternatemethod

anutteranceof 740 frames,XRF (with 3 pathsperstate
perframe)takes5.22seconds/keyword while DN2 takes
5.82seconds/keyword. For thesameutterance,SWtakes
20seconds/keyword! Clearly, notonly doDN2 andXRF
have betterdetectionrates,they have a muchlower time
complexity ascomparedto SlidingWindow technique.

5.1. Characteristics in BestWords

We alsoconductedsomeexperimentsto analyzetheper-
formanceof individualphonemes.An interestingfactob-
servedis that inspiteof thefact that thewordsconstitut-
ing thebest100wordsfor eachalgorithmweredifferent,
the ratio of recognizedphonemesis very similar across
algorithms. Someof the examplesof well recognized
phonemesin thetableare/E/, /R/, /i/. Not only aresome
wordsmoreeasilyspottedbyalgorithms,somephonemes
arealsoeasierrecognizedby theusedclassi�er (thismay
helpcombiningclassi�ers).

Anothersuchanalysiswasdoneon the lengthof the
mosteasilyrecognizedwords. It is observed thatall al-
gorithmsperformwell on keywordswith lengths6 and
7 phones. Thus it can be said that keywords of length
about6-7 form goodkeywords. XRF is betterat detect-
ing shorterkeywords than DN2 while DN2 is betterat
detectinglongerkeywords.A systemcomprisingof both
kindsof algorithmswould thusperformwell on a wider
rangeof lengthsof keywords. Also userscould be ad-
visedto preferkeywordsof theright lengthwhensearch-
ing in databases.
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Figure2: ROC curve of secondword, areabeingcom-
putedby alternatemethod

6. Conclusion

Keyword spotting(KWS) techniquesdealwith recogni-
tion of known vocabulary wordsin unconstrainedutter-
ances.This paperfocuseson areevaluationcriteriaand
con�dencemeasuresfor KWS.

Two con�dence measuresare comparedin this re-
search: Real Fitting and Double Normalization. Real
Fitting representsthe scoreof a pathby its worst phone
match. XRF achieves100 percentdetectionrateat 0.5
falsepositives/keyword/hour. For certainthresholds,it
also outperformsalgorithmsbasedon Double Normal-
ization.Resultsalsoshow thatour implementationbased
on RealFitting wasfasterthantheonebasedon Double
Normalization. DN2 achieves 100 percentdetectionat
0.3 falsealarms/keyword/hourin 5.82seconds/keyword.
XRF takes5.22seconds/keyword,outperformingtherest.

The resultsof a keyword spottingalgorithmcanbe
stronglyin�uenced by thechoiceof keywordson which
theexperimentsarerun. Thisassumptionis supportedby
the ROCsdrawn to compareDN2 andXRF on two sets
of keywords. Anothercontribution of this researchis an
evaluationtechniquethat allows differentalgorithmsto
be comparedwithout this in�uence. Equalopportunity
evaluationselectsthe bestkeywords for eachtechnique
andcomparestheperformanceof thetechniqueson their
respective bestkeywords. Although the bestkeywords
for eachtechniquediffer, the phonemesconstitutingthe
best keywords acrosstechniquesare consistent,which
leadsastoconcludethatsomephonemesareeasierto rec-
ognizeby the usedclassi�er. Most keywordswhich are
recognizedwell by algorithmsvaryin lengthbetween6-7



75

80

85

90

95

100

0 2 4 6 8 10

P
er

ce
nt

ag
e 

Tr
ue

 P
os

iti
ve

s

False Positives/Keyword/Hour

Extended Real Fitting
Double Normalization 2

Figure3: ROC curve comparingXRF andDN2 for the
�rst setof 100keywords
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Figure4: ROC curve comparingXRF andDN2 for the
secondsetof 100keywords

phoneslong. Anotherinterestingfact to noteis that RF
techniquesarebetterrecognizingshorterkeywordsthan
DN while thelatterrecognizelongerkeywordsmoreeas-
ily than the former. Hencea systemthat combinesthe
two is expectedto haveabroadrangeof detection.
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