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Abstract

In large corpus-based concatenative Text-to-Speech, unit selec-
tion is critical for the quality of synthetic speech. Dynamic
programming algorithms have been used for unit-searching by
minimizing atotal cost (1) between target specificationand can-
didate units and (2) between candidate units for concatenation.
The cost function is often a weighted sum of sub-costs, which
are the costs for each of the acoustic and phonetic features of
units. The weights control the individual contribution of the
sub-coststo thetotal cost. They also determinethe relative sen-
sitivity of afeature to the quality degradation when signal pro-
cessing is applied to modify the feature. However, determining
the weights for the cost function has not been asimple task.

In this paper, we propose a new method for unit-searching
based on a perceptual preferencetest. The proposed algorithm
is designed to find the weights in more systematic and mean-
ingful way. The algorithm searchesfor a set of weightsthat can
produce a ranking of renditions, that is close to the perceptual
test results. The downhill simplex method is used for the multi-
dimensional search of the weights. A dissimilarity measureis
proposed to evaluate the closeness of two rankings. About 83
percent of the cases, the unit selection algorithm using the opti-
mal set of weights choose the same rendition that human listen-
ers prefer. The results show that the proposed weight optimiza-
tion agorithm can successfully predict the human preference
pattern. The synthetic speech using the optimal weights consis-
tantly showed smoother transition and higher voice quality than
the one using manually determined weights.

1. Introduction

In concatenative Text-to-Speech, there is a trade-off between
corpus size and speech quality. Smaller corpus-based TTS sys-
tems, typically diphone-based, require more frequent unit con-
catenations, often resulting in speech quality degradation. For
applications with limited resources (e.g. hand-held devices),
TTS systemswith asmall set of diphone units are more appro-
priate. Research in this field is focused on better speech pro-
duction models and signal processing methods to improve the
quality of synthetic speech from the limited set of units.

On the other hand, TTS applications based on personal
computers or larger computer systems can afford the large
corpus-based approach, which have more potential for higher
quality synthetic speech. In large corpus systems, units of any
size, from diphone, triphone, or longer, can be used for synthe-
sis. Longer units can better preserve the naturalness of the orig-
inal speech. Moreover, the same unit can have multiple entries
in the speech corpus, each entry recorded with different prosody
and in different contexts. By selecting a unit whose prosody is

already close to the target prosody, the burden of signa pro-
cessing for prosody modification can be alleviated. Fewer con-
catenations and less signal processing enable large corpus TTS
systems to produce smoother and more natural sounding syn-
thetic speech.

Recent research issuesin this area are speech corpus con-
struction, appropriate unit-searching algorithm, etc. Nakgima
and Hamada [1] suggested an automatic synthesis unit gen-
eration method using a statistical clustering technique. Allo-
phones are determined and automatically generated from ala-
beled speech corpus. Hunt and Black [2] proposed a phoneme-
based unit-searching algorithm, where the Viterbi searching al-
gorithm is applied to select the best units. Two cost functions,
target cost and concatenation cost, are defined. To determine
the weights of sub-cost functions, two methods were proposed:
weight space search and regression training. The agorithms
find a set of weights, which minimize the difference between
the natural and synthetic speech. Donovan [3] constructed a
large speech corpus based on decision-tree state-clustered hid-
den Markov models. Dynamic programming search is car-
ried out to determine synthesis units, which will join and have
prosody (duration, energy and pitch) such that the amount of
quality degradation introduced by the following signal process-
ing module (TD-PSOLA) is minimized. Breen and Jackson [4]
dynamically generated a sequence of units based on a global
cost. The costswere based on purely phonologically motivated
criteria without reference to any acoustic features. The unit se-
lection process made no direct use of acoustic information.

In general, given the target specification from the front-
end of TTS systems, unit selection algorithms search through
speech corpusto find a set of unitsthat (1) connect well, (2) are
from similar context, (3) are close to the target prosody specifi-
cation, and (4) are aslong as possible. However, the calculation
of costs, especially determining the weights of the sub-costsis
avery complicated issue.

In this paper, we propose a new method for unit-searching
based on a perceptual preferencetest. The agorithm searches
a set of weights that can produce ranking that are close to the
perceptual test results. The downhill simplex method is used
for the multi-dimensional search of theweights. A dissimilarity
measure is proposed to evaluate the closeness of two rankings,
one from the perceptual test and the other from the agorithm.

In section 2, we present an overview of the proposed sys-
tem. Cost functionsincluding an acoustic cost and a concatena-
tion cost are explained in section 3. Section 4 describesacoustic
and phonetic features that are used for calculation of sub-costs.
Then, the downhill simplex method is briefly introduced in sec-
tion 5. The dissimilarity measure is described in section 6. Fi-
nally, we present the simul ation results and concluding remarks.
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2. System Overview

A schematic diagram of the proposed system is shown in Fig-
urel. Thegoa isto optimize the sub-cost weights such that the
unit-searching algorithm behaves as human listeners do.

The test words consists of a set of single-syllable words,
W={W; |i=1--N}, where N is the number of words. For
each word W, multiple renditions R;={r;; | j = 1 - -n;} are
synthesized using various candidate units, which have different
prosody and are from different context. The number of ren-
ditions n; depends on the number of candidatesin the speech

corpus.
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Figure 1: A schematic diagram of the proposed algorithm.

Listening tests are performed on the set of renditions. Lis-
teners are asked to rank their preference of the renditions R; for
each word W;. The ranking will be referred as the reference
ranking. Thetotal referencerankings RR={RR; |1 =1--N}
represent the perceptual preference of human listeners.

Meanwhile, using a set of heuristically chosen initial
weights, the total cost of each of the n; renditions in R; are
calculated (see Section 3). Then, the renditions are ranked ac-
cordingtothetotal costs. Itisreferred to asthetest ranking. The
total test rankings for all thewords, TR={TR; |1 = 1--N}
are delivered to the next block, where a dissimilarity measure
of thetwo rankings, RR and T'R, is calculated.

The dissmilarity measure is the average distance between
thetest and referencerankingsfor all N words (see Section 5).
Then, the downhill simplex method [5] is used to adjust the
weights to minimize the dissimilarity measure. When the dis-
similarity measureis minimized, the weights producearanking
that is similar to the reference ranking.

3. Cost functions

We denote the target specification provided by the front-end of
aTTS systemas T={T; | ¢« = 1--P} for an input sentence
of P phonemes. Each target phoneme T'; is further annotated
with M; features, i.e, T;={t;; | 7 = 1--M;}. Candidates
from the speech corpus are also annotated with M features, i.e.,
Ui={uij | j =1--M;}.

The cost functions consist of an acoustic cost and a con-
catenation cost. The acoustic cost is a measure of the compat-
ibility between a candidate unit and its target specification. A
small acoustic cost means that the candidate has features that

are close to the target specification. The acoustic cost between
T; and acandidate U; can be calculated as

M,
A =D wi - ci(tin, uik)- @
k=1

The functions ¢, & = 1--- M;, are sub-cost functions for
the acoustic feature elements, and each sub-cost function is
weighted by wj,. The concatenation cost is a measure of the
compatibility between two consecutive units. Similarly, asmall
concatenation cost will result in smooth concatenation. The
connection cost between the (: — 1) unit and ¢*" unit is

M;

C; = Z 1112~cz(u(i,1)k,u,‘k). 2

k=1

The functionscy, &k = 1--- M;, are sub-cost functionsfor the
feature elements, which will be explained in Section 3.1. Each
sub-cost function is weighted by wj,. Tota cost is the sum of
the acoustic cost and the connection cost:

P
C = D (Ai+ G (©)

A set of candidate units that minimizethe total cost for an input
sentence can be found by Viterbi searching algorithm.

The weights, wj and wy, control the individual contribu-
tion of the sub-costs to the total cost. If the weight for pitch
mismatch islarger than the other weights, the unit-searching al-
gorithm will try to find a set of units whose pitch is close to
the target pitch, neglecting other features. The weightsalso de-
termine the relative sensitivity of afeature to the quality degra-
dation when signal processing is applied to modify the feature.
For example, if theratio of theweight for pitch mismatch to the
weight for stressmismatchis % it implies that pitch modifica-
tion by 50 Hz is equivalent (in terms of the quality degradation)
to synthesizing a stressed vowel using a non-stressed unit.

Unfortunately, determining the weightsis not asimpletask.
It hasbeen an art rather than a science. The proposed algorithm
is designed to find the weights in more systematic and mean-
ingful way.

3.1. Sub-cost Functions

For the calculation of the sub-costs, ¢ and cj,, & = 1--- M;,
we use acoustic features as well as phonetic features of units.
Acoustical features include pitch, duration, RMS energy, and
the first three formants frequencies. Phonological features used
are accent and phonemic context.

Most signal processing algorithmsincluding PSOLA suffer
degradation of the original speech quality as the pitch is mod-
ified. The larger the modification factor, the more severe the
degradation which will be introduced into the synthetic speech.
Concatenating two units that have different pitch frequencies
generates a distortion due to the pitch mismatch [6]. Thus, a
sub-cost function for pitch frequency is defined as the absolute
pitch difference between units. The quality degradation due to
duration and energy modification isrelatively minor but are not
negligible. Thus, we also define sub-cost functions for duration
and energy in similar forms as that of pitch function. Spectral
discontinuity between concatenating units is measured by anor-
malized Euclidean distance of the first three formants as:

3 1 2
c Fz — Fz
Cspectral(FlaF2) = E | w: ‘a (4)
=1 '
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where w; =50, w»=100, and w3=180. The first three formant
frequenciesare estimated by the phone dependent formant esti-
mation method describedin [7].

Another sources of quality degradation are the mismatch
of stress and phonetic environment. Using a stressed unit
for synthesizing an unstressed vowel, or vice versa, does not
produce very good speech quality. The acoustic cues for
stressed/unstressed vowel is not yet fully understood. We use
abinary cost function, i.e., when both the target and candidate
are stressed or unstressed, the sub-cost valueiszero. Otherwise,
thevalueisset to one. Similarly, if the surrounding phonemesof
the candidateare in the same class as the surrounding phonemes
of the target, the sub-cost is zero. Otherwise, the sub-cost value
is set to one. The phoneme classesare categorized by the place
of articulation and manner of each phoneme.

An additional sub-cost function is the continuity sub-cost
function. Theweight for continuity sub-cost functionis usually
very bigin order to encouragethe algorithm to find longer units.

4. Optimization - downhill ssmplex method

The optimization of weightsis performed by the downhill sim-
plex method. The downhill simplex method is a multidimen-
sional minimization algorithm [5]. It is simple and provides
quick solutions that minimize a function because it requires
only the function evaluation, not the calculation of the deriva-
tives.

A simplex isthe geometric figurein N dimension, where N
is the number of independent variables to be optimized. It con-
sists of N+1 points, all the line segments connecting the points,
and the polygonal faces. In 2-dimensionsasimplex isatriangle.
In 3-dimensions, it is atetrahedron. Figure 2(a) shows a tetra-
hedron. The downhill simplex optimization algorithm evaluates
the function at N+1 points in order to find a point where the
function valueis maximum (highest cost) and minimum (lowest
point). Then, the algorithm moves the highest cost point to the
opposite side of the simplex (Figure 2(b)), scale (Figure 2(c),
or contract it (Figure 2(d)). It may do a multiple contraction
(Figure 2(e)) dong al dimensions toward the low point. The
procedure repeats until atermination criteriais satisfied.
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Figure 2: A simplex(a) and its possible variations for a step in
the downhill simplex method. (b) reflection, (c) reflection and
expansion, (d) contraction along one dimension from the high
point, and (e) multiple contraction.

5. Dissimilarity measure of rankings

The downhill simplex method evaluatesa function of N dimen-
sional inputs in order to find the inputs that minimize the func-
tion. Theinputsto the function are the weights of the sub-cost
functions. The function value is calculated by the following
procedures:

1. Given the weights, the total cost is calculated for each
rendition for atest word.

2. Theranking of the renditions can be obtained by sorting
thetotal costsin ascending order.

3. Calculate the dissimilarity measure between the ranking
obtained from the previous step and the reference rank-
ing from the perceptual test.

4. Repeat the above stepsfor all test words.

5. Get the average of the dissimilarity measures of all test
words.

The average dissimilarity measure is the value of the function.
A set of sub-cost weights that minimize the average dissimilar-
ity measure will most likely lead to a unit-searching algorithm
that behaves as the human listeners participating in the percep-
tual test do.

The dissimilarity measure between any two rankingsshould
satisfy the following conditions:

Condition 1: Thedissimilarity measureisafunction of any two
rankings, D(r1, r2), whererl is areference ranking and r2 isa
ranking whosedissimilarity to thereferencerankingisto becal-
culated. The value should be proportional to the total distance
(or notches) that every element in r2 have to move in order to
position itself at the samerank inrl.

For example, let's assumethat there are 4 elements (denoted as
A, B, C and D) in the rankings. The distance between a ref-
erence ranking “ABCD” and atest ranking “BCAD” is 1(one
notch down for B) + 1(one notch down for C) + 2(two notches
up for A) + O(no movement for D) = 4. Of coursg, if the two
rankingsare identical, the distanceis zero. Since the dissimilar-
ity measureis relative to the reference ranking rl, the measure
isnot symmetric, i.e., D(r1,r2) # D(r2,r1).

The above condition, however, may lead to an ambiguous
situation, where different rankings have the same distance. For
example, d(“ABCD” “BCAD") and d(“ABCD” “ACDB") are
both 4, although the latter is more meaningful in the sense that
it has the right element at the first place. When there is a tie,
we must give a lower dissimilarity measure to a ranking that
matches higher ranked elements correctly. In the example,
“ACDB” should have a lower dissimilarity measure than
“BCAD”. We need an additional condition for the clarification.
Condition 2: When two rankings are tied, the ranking that
matches higher ranked elements should get a lower dissimilar-
ity measure.

A distance metric that satisfies the conditions can be cal-
culated by binary tree searching. We obtain the dissimilarity
measure by normalizing the distance metric. The pseudocode
for the procedure of calculating the dissimilarity measureis:

initialize distance to zero

foreachentryinarray T
find the location of entry in array R
set locR equal to theindex of entryin array R
set locT equal to theindex of entryinarray T
compute alocaldistance by locR - fact(n-locT-1)
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add localdistanceto distance
remove entry from R
end
normalize the distance by multiplying by 100/(fact(n)-1)

R and T are arrays of the reference and test rankings, respec-
tively. The number of entries of the ranking is n. The index
of the first entry in an array is zero and the function fact(x) =
1-2---- 2. Thedistance value is from O to fact(n)-1. Since
the maximum distance depends on the number of entries of the
rankings, the distance should be normalized by fact(n)-1. The
normalized distanceis the dissimilarity measure, which ranges
between 0 (the best match) to 100 (the worst match)

6. Experimental Results

The test database consists of six single-syllablewords asin Ta-
ble 1. Only single-syllable words were used so that listeners
can pay attention to the single concatenationin the middle of a
vowel.

Table 1: Optimization Results.

[ word | #renditions | reference | result [ DisMsr.
bob 5 AEDCB ACDBE 125
big 7 ABCEDFG | ABFECGD 157
bag 5 ABECD ADEBC 16.67

bought 7 AGEFDBC | ABCGFED 11.46

bed 7 GBAEFCD | AEDBCGF 35.43
book 7 ACGBEDF | AFDGCBE 13.92

[ mean | | | | 1526

Each word has a different number of renditions, which de-
pends on the number of available candidatesin the speech cor-
pus. To synthesize aword “bob”, four diphones, i.e., |*-b|, |b-
0|, |o-b|, and |b-*| arerequired. In the speech corpus, two can-
didates of |b-o| diphones, two of |o-b| diphones, and a |b-0-b|
triphone were available. Therefore, atotal of 5 different com-
binations of the available units were synthesized *. The 5 ren-
ditions have the same phonemic sequence “bob”, but different
units were used for each rendition. Residual PSOLA agorithm
was used for synthesis. The original pitch and duration were
modified according to the target prosody. However, the spec-
tral envelopewas not smoothed at the concatenation point. The
number of renditions for eachword is shownin 1.

The reference rankings of the renditions were obtained by
perceptual preference test. The test was one-interval, two-
alternative forced-choice experiment. Two randomly chosen
renditions were presented to listeners. The listeners were asked
to choose onethat sounds better. For atest word with = ; differ-
ent renditions, there are ﬁ possible pairs of renditions.
All the pairs are presented to the listenersin random order. The
results are collected to get the final rankings for all of the test
words. The reference rankingsfor all the test words are shown
in the third column of Table 1.

Finally, the downhill simplex optimization was performed
and the resulting weights were used for calculation of the to-
tal cost. Roughly 83 percent of the cases (5 out of 6 words),
the unit selection algorithm chose the same rendition that hu-
man listeners prefered. The average dissimilarity measure was

1 Concatenation of |*-b| and one of the following combinations {
A:|b-o|; + |o-b|1, B:|b-0|2 + |o-b|1, C:|b-0|; + |0-b|2, D:|b-0|> + |0O-
b|,, E:|b-0-b|; } followed by |b-*|.

15.26 on the scale of 0 to 100. Thefina rankingsare shownin
the fourth column of the Table 1. The results showed that the
weight optimization process was able to find a set of weights
that could successfully predict the human preference pattern.
We used the optimal weights for selecting unitsfor longer sen-
tences. The synthetic speech produced by the Bell Labs large
corpus TTS system using the optimal wei ghts showed smoother
transition and higher voice quality than the one using manually
determined weights.

7. Conclusion

In this paper, we proposed a new method for unit-searching
based on a perceptual preferencetest. The proposed algorithm
is designed to find the weightsin a more systematic and mean-
ingful way. The algorithm searches a set of weights that can
produce rankings of renditions that are close to the perceptual
test results. The downhill simplex method is used for the multi-
dimensional search of theweights. A dissimilarity measurewas
proposedto evaluatethe closenessof two rankings, onefrom the
perceptual test and the other from the algorithm.

About 83 percent of the cases, the unit selection algorithm
using the optimal set of weights chose the same rendition that
human listeners prefered. This results show that the optimiza-
tion of weights combined with the dissimilarity measure can
successfully predict the human preference pattern.
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