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ABSTRACT

Concatenative Text-to-Speech(TTS) systemssuch as
thosedescribedby Hunt andBlack [6] canselectat syn-
thesistime from a very large numberof recordedunits.
Theselectedunitsarechosento minimizea combination
of target andjoin costsfor agivensentence.However, the
join costs, in particular, canbe quite expensive to com-
pute,evenwhenthis computationhasbeenoptimized.If
possible,wewouldavoid thiscomputationby precomput-
ing andcachingall thepossiblejoin costs,but their num-
ber is prohibitive. Although thesearchspaceof possible
joins is large, we have found that only a small fraction
areselectedin practice.By synthesizinga largequantity
of text and logging the units actuallyselected,we were
able to gatherusagestatisticsand constructa practical
and efficient cacheof concatenationcosts. Use of this
cachedramaticallydecreasedthe runtime of the AT&T
Next-GenerationTTSsystem[1] with negligible effecton
speechquality. Experimentsshow thatby caching0.7%
of the possiblejoins, 99% of the join costcomputations
canbeavoided.

1. INTRODUCTION

Early concatenative speechsynthesissystemsusedone
storedacousticunit sequencethatmatchedeachphonetic
sequenceto be synthesized[8]. More recently, synthe-
sissystemshave emergedthatuseanentirespeechcorpus
astheacousticinventoryandthatautomaticallyselectthe
unitsatrun-timeto matchthephoneticandprosodicinput
[6, 3, 1].

This approachavoids time-consumingmanualselection,
and, with a large enoughdatabase,eliminatesor mini-
mizesthesignalprocessingof theunitsto matchprosodic
conditions. It resultsin a morenaturalvoice quality. A
potentialdisadvantageis theprohibitivecomputationalre-
quirementsof run-timeunit selection.It is this issue,es-
peciallyfor largedatabases,thatweaddressbelow.

2. RUN-TIME UNIT SELECTION

Theautomaticunit selectionproblemis formulatedby in-
troducingtwo costfunctions[6]: (1) a target cost defined

betweeneachacousticunit andeachphonein a particular
phoneticand prosodiccontext, and (2) a concatenation
(or join) cost definedbetweeneachpair of acousticunits.
Theselectedacousticunit sequenceis the onethatmini-
mizesthesumof thetargetandconcatenationcostsfor a
givenphoneticandprosodicinput.

Unit selectionbeginswith a phoneticandprosodicspeci-
ficationfor a desiredutterance.Eachphonehasa feature
vector, including at leastpitch, duration,andstress,and
(implicitly) alsocarriesthephoneticcontext from its pre-
cedingandfollowing phones.

The target cost is an estimateof the mismatchbetween
a recordedacousticunit and the predictedspecification.
Its function is to choose“appropriate”units, i.e., a good
fit to the specificationthat will requirelittle or no signal
processing.

Target cost ��� for a phonespecification��� andacoustic
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The concatenationcostestimatesthe acousticmismatch
with thegoalof smoothsegmentaljoins, andis indepen-
dentof thepredictedfeatures.Concatenationcost ��" for
units �	��# � and �	� is the weightedsum of subcosts��"

acrossacousticfeatures� from � to 
 .
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Thetaskof unit selectionthenis to find units �	� from the
recordedinventorywhich minimizethesumof thesetwo
costs,accumulatedacrossall phones' in theutterance:
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Thisapproachis well describedby HuntandBlack in [6],
alongwith the trainingwhich producessomeof the spe-



cific weights.However, asimplemented,thesubcostcom-
putationsthemselvesarelesselegant,andemployheuris-
tics at several points, for example,by providing special
treatmentfor stops,or by predisposingmid-phonecon-
catenation.

3. THE AT&T LABS TTS SYSTEM
TheAT&T LabsNext-GenerationTTSsystem[1] is ahy-
brid of ourpreviousFlextalk system[9], theCHATR sys-
tem[3] from ATR, andtheFestival system[4] from Uni-
versity of Edinburgh. Within the generalarchitectureof
Festival, FlexTalk modulesprovide text analysisandpro-
ducethephonetic/prosodicspecifications.Unit selection
is basedon CHATR’s implementationof unit selection,
but hasbeenmodifiedextensively. Synthesisis typically
performedby HNM [10].

At AT&T, theunit selectionapproachhasbeenextended
by usinghalf-phoneunits[5]. This,togetherwith aa large
and accuratelylabeledspeechdatabase,hasresultedin
very high-qualitysynthesis[2, 1].

4. CACHING CONCATENATION COSTS
This section outlines the motivation for pre-tabulating
concatenationcosts,how the “concatenationcost” cache
was constructed,and most importantly, experimentsto
show that surprisinglygoodcoverageis achieved with a
very smallsubsetof thepossibleconcatenations.

4.1. Motivation for Using a Cache
The useof half-phones[5] greatly increasesthe flexibil-
ity of unit selection,allowingdiphone-stylesynthesiswith
mid-phonetransitions,and also phone-boundarytransi-
tions when warranted. Unfortunately, the use of half-
phonesdoublesthenumberof “phone” specificationsfor
which the searchmustfind optimal acousticunits. If a
sentencecontains0 phones,we mustnow dealwith & 0
half-phones.Eachhalf-phone
	� getssomenumber12� of
candidateacousticunits,eachof the correctphoneiden-
tity andwith suitablefeatures.A naiveViterbi searchwill
evaluate the concatenationcost of adjacenthalf-phone
units 1 ��# �	3 1 � timesfor eachof thehalf-phoneslots.This
searchis quadraticin thenumberof candidates,andsois
inherentlyexpensive for largedatabases.

Independentof pruning strategies to reducethe num-
ber of candidatesconsidered,the useof half-phonesre-
quirestwicetheworkof acomparablesystemusingwhole
phones.Theincreasemighthavebeenevenmoreextreme
if thebaseunits hadbeendiphones,sincethe numberof
allowedneighborsatphoneboundariesis not restrictedto
thesamephoneidentity.

Our most successfulsystemusesan 84,000half-phone
unit inventoryfrom ourspeakercorpus.With sucha large

inventoryandlargenumberof possibleunit combinations,
we foundtherun-timesearchasdescribedin [6] andim-
plementedin [3] wasthe predominanttime spentin the
overall synthesis:a run-timeprofile of ourFestival-based
systemshowedthatapproximately78%of theunit selec-
tion time and51%of the entiresynthesistime wasspent
in just computingthe concatenationcostsin the Viterbi
search.

To makethe synthesizerrun faster, we initially consid-
eredtabulating the possibleconcatenationcostsoff-line
anddoinga simplelookupat runtime,ratherthancalling
relatively expensive distancefunctions. The size of the
searchspacequickly led us insteadto considercachinga
subsetof thepossibletransitions.

4.2. The Search Space Of Concatenation Costs
With a databaseof 84,000half-phones,therearenearly
1.8billion possibleunit pairs.Eachof the42,000left-half
unitscanbejoinedto eachof the42,000right-half units,
in effect yielding 1.76billion diphones.Of course,some
diphonesdon’t occurnaturally, but sincethesynthesisof
anarbitraryphoneticsequencecanberequestedby a user
whoentersit manually, thesystemmustdosomethingrea-
sonablewith any phoneticinput.

In addition, eachof the 42,000 right-half units can be
joined to eachleft-half unit of the samephoneidentity,
e.g. /aa1/with /aa2/,wherethe1 suffix indicatesthefirst,
or left, half, andthe2 suffix thesecond,or right, half. The
phoneinstancesexist in unequalnumbers,but onaverage
thereare42,000units/ 48phonetypes,or 875units/type.
Thusthereare42,000 3 875,or about36million possible
joinscontributedby mid-phonetransitions.

4.3. Building and Using a Cache
It wasnot practicalfor us to pre-tabulateall 1.8 billion
possiblejoin costsin any form that is usableat run-time.
But ourexperimentsshowedthatnotall unit pairsneedto
betabulated.To find themostfrequentlyusedtransitions,
we synthesized10,000AssociatedPress(AP) newswire
stories. The first 1000 files from eachof the first 10
monthsof 1995 wereselected.This correspondsto the
first 6 to 7 daysof newsacrossmostof a year, andsomay
besomewhatmorediversethantakingall thestoriesfrom
asmallerinterval. Thefull rangeof newstopicswasused,
including international,business,financial,weather, etc.
Duplicatestories,which arecommonas incrementalre-
visionsaresubmitted,hadpreviouslybeenremovedfrom
this corpus,leaving only themostrecentrevision of each
story.

These10,000 stories producedapproximately250,000
sentencescontaining48 million half phones.From each
sentence,we loggedwhichunitswereultimatelyselected



by theunit selectionmodule,alongwith theconcatenation
costbetweeneachpairof units.

Fifty million (non-unique)unit pair instanceswerepro-
ducedby unit selectionfor thefull setof sentences,repre-
senting1.2million distinctpairs.Thesesentencesandthe
unit pairsthey producewe declaredour training corpus.
A separatesetof 8000AP sentencesfrom thesametime
periodservedasour test corpus. Thetestcorpusproduced
1.5 million (non-unique)unit pair instances.Comparing
theseto theunit pairsin thetrainingset,we found99%of
unit pair instancesin thetestsetarepresentin thetraining
set.

To determinehow this coveragevariesas a function of
training setsize,we constructedtraining subsetsof var-
ioussizesby samplingthe full trainingsetandmeasured
thecoverageof unit pairinstancesfromthetestsetin these
trainingsubsets.Figure1 shows theresultsof this analy-
sis.Wesee,for example,thata trainingsubsetof only five
million unit pair instancesalreadycovers95%of thetest
unit pair instances.
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Figure1: Percentageof (non-unique)unit pair instances
from the testsetalsocontainedin the trainingsubsetsof
varioussizes.

Basedon the goodcoverageshown from thesestatistics,
we modifiedtheunit selectionto look up thejoin costsin
a pre-computedtableholdingthe1.2million unit training
pairs. The 1.2 million uniqueunit pairsaremuchmore
manageablethan1.8billion, andrepresentjust0.7%of the
distinctpossibleconcatenations.This tabulationspedup
unit selectionasa wholeby / �- times,andunit selection
also includestwo otherexpensive operations:the target
costcomputationsandtheViterbi searchalgorithmitself.

If a pair is not presentin the table,a defaultlargecostis
returned. Alternatively, we could have called the actual
costfunctions,but absencefrom thecachealreadytellsus
the transitionis unlikely to be chosen.The largedefault

costis sufficientto eliminatethejoin underany reasonable
pruning,but doesnot disallow the transitionsentirely. It
is possiblethat situationswill arisein which the Viterbi
searchconsiderstwo setsof candidatesfor which there
areno cachedtransitions.Unit selectioncontinuesbased
on the defaultcosts. The fact that all the concatenation
costsarethesameis mitigatedby theindividualunit costs,
which do still vary, and provide a meansto distinguish
betterunitsfrom worse.

We resynthesizedthe testsetusingthis modifiedunit se-
lection and found that 98.2%of units selectedwere the
sameasin theoriginalunit selection.Further, evenwhen
a differentunit wasselected,it wason averageclosein
cost to the original. One measureof this was that the
averageincreasein cost per sentencewas only 0.15%
whenswitchingto the pre-tabulatedjoin costs. Figure2
shows the per unit costdifferencesbetweenthe original
andresynthesizedcasesfor the1.8%of theunit instances
thatdodiffer. By comparison,theaverage(uncached)test
sentencecostis 203.162.

Informal listening testsconfirm that using this concate-
nationcostsubsetproducessynthesisthat is nearlyindis-
tinguishablefrom usingfull join costs.We hopeto have
formal testresultsto confirmthis later in theyear.
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Figure2: Perunit costdifferencebetweenthe uncached
andcachedcasesfor the1.8%unit instancesthatdiffer in
the testset. By comparison,the average(uncached)test
setsentencecostis 203.162.

4.4. Cache Implementation
Thespeedof finding concatenationcostsis critical, even
if a cacheis used. A hashtablewasthe obviousway to
implementthis cachegiven that the valuesusedarevery
sparsecomparedto thetotalsearchspace.

Hash tablesprovide a more compactrepresentationof
sparsedata. The hashkey, or keys, areconvertedby a



hash function into anarrayindex wherethedesiredvalue
shouldbe found. In the caseat hand,our hashfunction
mapstwo unit numbersto a hashtableentry containing
thecost(plussomeadditionalinformation).

An initial trial with a very generalhashinglibrary pro-
videdsubstantialspeed-ups– / �- timesfasterfor unit se-
lectionasa whole– but wasstill far from optimal. Hash-
ing functionsmapkeys to hashtableelementsin a fixed
sizearray. In general,thereis nothingto preventtwo sets
of keys mappingto the sametableentry. The tableen-
triesthemselvescontainenoughinformationto determine
which valuesbelongto which keys. Also notethatmany
keys do not have valuesin the table– we’re usinga hash
tablepreciselybecausethedatais sparse.

To avoid the overheadassociatedwith the generalhash-
ing routines,we implementeda perfect hashing for the
cachelookup,whichperformedmorethan & �- timesfaster
than the original hashingscheme. The new hashgives
nearlyoptimalresults.Perfecthashingis theuseof hash-
ing functionswhichproduceno collisions, i.e. eachtable
entrycontainsat mostonehashitem, thusavoid theover-
headof examiningmultiple items. With suchtechniques
membershipqueriescanbeperformedin constanttime.

Our perfecthashingalgorithmis a refinementandexten-
sion of the techniquepresentedby [11]. It consistsof
compactinga large matrix into a one-dimensionaltable
by taking advantageof its sparness.The algorithmalso
usesa waiting thresholdto acceleratetheconstructionof
thetable(see[7] for a full descriptionandanalysisof the
algorithm).

Even more significant is the implementationof perfect
hashingdevelopedspecificallyfor this application.Each
of the two unit numbersis usedasanarrayindex, giving
the hashtable entry. One last test determinesif the ta-
ble entrymatchestherequestingkeys (theentrycouldbe
empty). Lookup timesareso small that it is difficult to
imaginea fasterimplementation.By comparison,saythe
concatenationcostis basedon the weightedsumof only
two features.At a minimum, this involvestwo subtrac-
tionsto find thefeaturedifferences,twomultiplicationsby
theweights,andoneadditionto gettheaggregatecost.In
practice,the full join computationinvolvesmultiple fea-
turesandthe featurecostsinvolve logic that singlesout
specialcasesandnon-integral features.Thenew hashin-
cursonly two arrayreferencesandanintegercomparison.

Primarily as a resultof this efficient cache,we arenow
ableto runTTSin asmallfractionof real-timeonstandard
computerhardware(e.g.a 400MHz PentiumII).

5. CONCLUSION

Experimentsshow that a cacheof 1.2 million unit pair
concatenationcosts,fromapossiblesetof 1.8billion, pro-

vides99%coverageof theunit pair instancesin held-out
testdata.A cacheconstructedoff-line fromthe1.2million
uniqueunit pairsproducesunit selectionsequenceswhich
are 98.2% identical to units selectedin the full search
space.Moreover, therelativecostdifferencein thoseunits
thatdochangeaveragesonly 0.15%.

Thespeedof the unit selectionmodulewasincreasedby
at leasta factor of four, which is particularlysignificant
sinceunit selectiondominatesthesystemruntime.

Informal listening tests confirm that audible output is
nearlyindistinguishable.Wehopeto haveformallistening
testresultsavailablelaterin theyear.

We finally note that with this methodwe are now free
to exploremuchmorecomplex join costfunctions,since
thesecannow becomputedoff-line. Existing costfunc-
tions appearto have beenchosenat leastin partwith an
eye on fastcomputation.Without this constraint,wemay
beableto find join functionsthatgivehigherqualitysyn-
thesis.
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