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Abstract
Unit selection synthesis has improved the quality of syn-

thetic speech by making it possible to concatenate speech from
a large database to produce intelligible synthesis while preserv-
ing much of the naturalness of the original signal. Such syn-
thesis is by no means perfect, however, and this paper describes
work to achieve more optimal joins between concatenated units.
Results from a psychoacoustic experiment, acoustic parameters
and phonetic factors are analyzed and used in statistical train-
ing of join costs so that audible discontinuities at concatenation
boundaries can be minimized.

1. Introduction
Many modern speech synthesizers use concatenative methods to
generate audible speech from text input. The most recent ver-
sions of concatenative synthesis, called unit selection [1], use
a large inventory of recorded speech in which multiple variants
of units are available for concatenation. The first unit selection
synthesizer [1] used phones as the minimal units for concate-
nation, but the introduction of half-phones as minimal units [2]
allowed for joins either in the middle of a phone or at a bound-
ary between phones.

Typically in unit selection two cost functions are used in
calculating an optimal set of units to form an utterance. The
target cost is related to evaluating how close (in terms of

� �
,

duration and other parameters) a database unit is to a synthesis
specification. The join cost should be related to the degree of
perceived discontinuity. The best overall cost, a weighted sum
of target and join costs for various possible speech units, should
indicate the sequence of units that give the best quality synthe-
sis. The costs should thus reflect what listeners hear as good or
bad synthesis. The relationship between properties of two con-
catenated units of speech and their perceived discontinuity, the
focus of this paper, is important but not well understood.

Most studies relating auditory judgments of concatenation
discontinuity to join costs have focused on using perceptual data
to evaluate various spectral distance measures – predictive al-
gorithms based on spectral representations of units at the con-
catenation point [3][4][5][6][7][8]. The goal of these studies
was to improve join cost estimates and thus to reduce concate-
nation artifacts in concatenative synthesis. A few researchers
have examined the relationship between phonetic variables and
concatenation discontinuities [3][4][5][9][10], and statistically
reliable phonetic effects were reported [9][10]. Thus far, all
experiments have studied audible discontinuities in mid-vowel
joins. Vowels were the initial focus of study because their rela-
tively higher energy was presumed to make concatenation dis-
continuities more salient.

Recently data-driven methods of determining perceptually-
based join costs for concatenative synthesis were introduced
[10]. The observed probability of listeners detecting a concate-

nation discontinuity for a given mid-vowel join was used to train
join cost models.

The current paper extends the data-driven approach to
mid-consonant joins and to consonant-vowel (CV) or vowel-
consonant (VC) joins at phone boundaries, and compares the
results to those from mid-vowel joins.

2. Perceptual experiment
A rigorous signal detection experiment was conducted on listen-
ers’ detection of concatenation discontinuities in words gener-
ated by concatenative synthesis from one adult female speaker.
Synthesized test words had a single concatenation point, and
listeners judged whether or not a test word contained an audible
discontinuity.

2.1. Test stimuli

The speech inventory used for test word synthesis consisted of
336 monosyllabic words that constitute the Modified Rhyme
Test (MRT) [11], a standard test of speech intelligibility. The
MRT is composed of 56 sets of six similar words. The six
words within a set differ by either the initial consonant(s) (such
as “book, took, shook, cook, hook, look”), or by the final conso-
nant(s) (such as “sing, sit, sin, sip, sick, sill”), and all words in
a set contain the same vowel nucleus. In several instances, sets
contain a word or words that are either vowel-initial or vowel-
final. A restricted domain system was built with the MRT inven-
tory using an experimental version of the AT&T unit selection
TTS system.

Synthetic test stimuli were synthesized by concatenation of
selected portions of the words contained in the acoustic inven-
tory. For mid-vowel joins, each recorded word in the inven-
tory was divided at mid-vowel into two parts. Concatenated test
words were synthesized by combining first and second halves
of words that contained the same vowel. For the mid-consonant
case, a join was either in the middle of the prevocalic consonant
or in the middle of the postvocalic consonant. In the phone-
boundary case, a join was either at the boundary between the
prevocalic consonant and vowel or at the boundary between
the vowel and postvocalic consonant. Examples of the various
types of joins are listed in Table 1.

A set of 336 control words was also included in the tests.
The control words were resynthesized versions of the first and
second halves of the same recorded word, and they would be
expected to contain no detectable concatenation discontinuities.

The synthesizer was set to use the synchronized overlap add
method (SOLA) [12] to concatenate the test words. In this way,
concatenation discontinuities due simply to arbitrary abutment
of the two halves were avoided, and pitch period continuity was
maintained. The original fundamental frequencies of the two
constituent word portions was unaltered. Stimuli were sampled
at 16 kHz.
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Join Type N Example

Mid-V: PostV Diff 840 sing + sip = sip
Mid-V: PreV Diff 840 book + look = book
Mid-V:
PreV & PostV Diff

873 kith + sing = king

Mid-V:
PreV & PostV Same

52 kit + kit = kit

PreV Mid-Consonant 1239 swell + way = sway
PostV Mid-Consonant 962 sent + bend = send
C-V Phone Boundary 300 shook + book = shook
V-C Phone Boundary 240 sing + sill = sill

Table 1: Types, numbers and examples of concatenated test
words

2.2. Procedure

Rigorous perceptual testing procedures allowed us to use meth-
ods of statistical decision theory that have been applied to the
general theory of signal detectability [13]. Although the gen-
eral theory of signal detectability was developed to specify the
mathematically optimal detection process, it also has been ac-
cepted as a good approximation to a descriptive theory of hu-
man detection and recognition behavior, and serves as a guide
for the study of human perceptual processes, specifying appro-
priate experimental methods and statistical treatment of results.

A single interval forced choice Yes/No signal detection
paradigm was used in the psychoacoustic experiments. After
hearing a test stimulus, a listener reported whether or not (s)he
heard a concatenation discontinuity. Each test stimulus was pre-
sented once per listener. The entire test battery was divided into
a series of subtests; each subtest contained from 45 to 75 test
stimuli and normally took from 10 to 15 minutes to complete.
Each listener received a different randomization of the stimuli
in a subtest. Listening tests were web-based and interactive, and
a large majority of listeners used headphones.

Each subtest was composed of both concatenated test
words, which had the potential for audible concatenation dis-
continuities, and control words, which did not. At least one-
sixth of the test stimuli in a subtest were control words. Control
words provided a means for monitoring of listeners’ false alarm
(false positive) errors. A listener’s false alarm rate together
with their hit rate (true positive responses) for a subtest deter-
mined a � � score, which is a measure of the listener’s sensory
capabilities. The parameter � � defines a specific ROC (receiver-
operating-characteristic) curve [13].

2.3. Listeners

Forty-five adult volunteer listeners participated in at least one
listening subtest. All listeners were employees or contractors
working at AT&T Labs – Research. They represented diverse
language backgrounds, since native language was not consid-
ered relevant for the auditory task of detecting concatenation
discontinuities.

The hit rate (correct detections), false alarm rate (false de-
tections), and corresponding � � per subtest were monitored for
each listener. A listener’s responses were rejected for a particu-
lar subtest if their � � score was substantially lower than the other
listeners’ � � scores for that subtest; however listener rejection
was rarely necessary (a listener was rejected from a subtest less
than 4% of the time). There were at least five acceptable listen-

ers for every subtest. The average number of listeners per vowel
subtest was 6.4; for phone-boundary subtest, 11.3; and for con-
sonant subtest, 8.0. There were 20,470 total acceptable obser-
vations for vowel joins, 19,913 for consonant joins, and 7,373
for phone-boundary joins, totaling 47,756 perceptual judgments
for the entire experiment.

3. Acoustic measures
Unlike earlier studies that evaluated spectral distance functions
by means of perceptual measures of concatenation discontinu-
ities, in [10] and the current study other acoustic measures were
also included as predictor variables. This assumes that a number
of factors contribute to the percept of a smooth join, including
continuity of

� �
and power as well as spectral similarity across

the join.
A set of seven acoustic variables are included in the exper-

iments described here. The choice is based on our previous re-
sults from modeling join costs in mid-vowel joins[10]. A com-
pacted set of six vector quantized (VQ) [14] parameters is used.
In addition, based on an evaluation of numerous other acoustic
parameters, a cross-correlation parameter is included among the
acoustic predictor variables.

3.1. Spectral distance

A VQ procedure was applied, with each dataset vector of mel-
frequency cepstral coefficients (MFCCs) � � being labeled as
falling into one of 128 categories (variable � � 
 ). A subset of
the data was used to find an initial codebook, and then by suc-
cessive splitting of all the codebook vectors the codebook was
increased by factors of 2 to 128. Each frame in the database was
labeled with a VQ codebook value. An appropriately normal-
ized VQ distance table was also calculated.

Two separate codebooks were calculated, one to deal with
the standard MFCCs and another codebook to deal with delta
MFCCs ( � � ’s), with associated variable � � � 
 .

The relevant data frame closest to a unit boundary (in this
case the units were half phones) was marked so that when it
was time to calculate the concatenation cost between two units,
the relevant frame numbers were easily available. Via the frame
numbers, the VQ numbers could be fed into the distance matrix
to find two overall “spectral costs”. These costs were between
zero and one (one for each codebook).

3.2. Power and
� �

For
� �

and power there were a total of four variables considered.� �
and power were both extracted from the speech database files

at 10ms intervals using a pitch algorithm developed for speech
coding (variables

� �
and 
 � � ). Delta values were derived by

differencing adjacent frames, for both
� �

and power (variable
names �

� �
and � 
 � � ). The

� �
and �

� �
values were rounded to

the nearest integer while for the 
 � � and � 
 � � variables, log
values (with a floor) were used rather than raw values. After
appropriate scaling, these values were rounded to the nearest
integer.

3.3. Cross-correlation

A sequence of samples from a 40ms region round the nomi-
nal concatenation point in the speech file was used as data for
cross-correlation. Two sequences were obtained, one for each
speech segment to be used for the synthesis join. No window-
ing was performed on the sequences. The cross-correlation se-



quence � was calculated with a delay of approximately plus or
minus one pitch period from the nominal position. The maxi-
mum value for � within the sequence calculated was used as the
cross-correlation value for the join cost experiments.

4. Phonetic variables
A classification and regression tree (CART) model [15] us-
ing seven phonetic variables was found to account for 30%
of the variability in human detection of mid-vowel concatena-
tion discontinuties [10], performing better than models using
strictly acoustic variables. The best results were obtained from
acoustic-phonetic CARTs, which combined acoustic parame-
ters and phonetic variables. The current paper is primarily fo-
cused on acoustic models, although analyses of phonetic effects
on concatenation discontinuities and some modeling results in-
corporating phonetic predictors are presented.

The same seven phonetic variables described in our 2004
study [10] were used in the current experiments. Phonetic vari-
ables included a broad phonetic classification of the prevocalic,
vocalic, and postvocalic phones in each of the two constituent
words plus two binary indicators of whether pre-join and post-
join phone pairs were the same or different.

5. Training methods
Linear regression (LR) was the primary statistical modeling
technique used in the current study. Previous work [10] consis-
tently found that LR and optimally pruned CART models per-
formed equivalently in modeling join costs with acoustic pre-
dictor variables. In that experiment, each model was trained on
the same training data set (80% of the total data set) and tested
on the remaining 20% of the total data set. CART models fit the
training set very well but were poor predictors of the test set un-
less they were severely pruned. LR models, on the other hand,
performed equivalently well for training and test sets. Conse-
quently, for LR models in the current study the entire data set
was used rather than separate sets for training and testing. The
output variable of the model was the predicted probability that
listeners will hear an audible concatenation discontinuity given
a set of predictor variables describing characteristics of the con-
catenated word.

5.1. Models

The Linear regression (LR) model used in this experiment fits
a linear model using the method of least-squares [16]. Linear
regression models a numeric response variable, in this case ob-
served detection probability, by a linear combination of numeric
predictor variables, in this case, seven acoustic measures. An
LR model was trained on each of three data sets representing
the three different types of joins: mid-vowel, mid-consonant,
and phone-boundary.

A CART model was also used for phonetic and acoustic
predictors, as previously described in [10].

6. Join cost evaluation method
Each model’s predicted join costs were correlated (using Pear-
son’s product-moment correlation, which yields correlation co-
efficient � ) with observed human detection rates. The squared
correlation coefficient �

�
was also calculated; this value repre-

sents the proportion of the total variability in the human detec-
tion rates that was explained by the predicted join costs.

7. Results
7.1. Phonetic effects on concatenation detection

The previous observation [9] that discontinuities were more
likely to be detected in diphthongs than in other broad pho-
netic classes of vowels was confirmed in the current expanded
set of mid-vowel joins. The detection rate of 74.5% for diph-
thongs was about 15% higher than rates observed in other vowel
classes. Table 2 lists listener detection rates for each of the four
types of mid-vowel joins tested. If the original postvocalic con-
texts differed for the two vowels that were joined, the resulting
joins were from 16.4% to 28.6% more likely to be detected as
discontinuous. This result replicates and extends earlier results
[9].

Prevocalic Postvocalic % Joins detected

Same Diff 71.2
Diff Same 50.5
Diff Diff 66.9
Same Same 42.6

Table 2: Listeners’ detection of concatenation discontinuities
for four types of mid-vowel joins

The perceptual salience of mid-consonant joins varied
greatly among consonant classes. Table 3 lists the percentage
of discontinuities that were detected by listeners for the various
broad phonetic categories of consonants studied. Postvocalic
consonant joins were detected 49.2% of the time, and prevo-
calic joins, 46.7%.

Broad phonetic class % Joins detected

Liquid sonorant 54.7
Glide sonorant 54.7
Aspirated glottal fricative 54.3
Nasal sonorant 47.4
Unvoiced weak fricative 35.3
Voiced weak fricative 23.3
Voiced strong fricative 22.2
Unvoiced strong fricative 13.6

Table 3: Concatenation detection observed in mid-consonant
joins

In the case of concatenation at phone boundaries, more
discontinuities were detected at vowel-consonant boundaries
(68.4%) than at consonant-vowel boundary joins (62.0%).
Large effects of phonetic context on the detection of discon-
tinuities in phone boundary joins were observed, but they are
too numerous to describe in detail here.

The overall detectability of discontinuities in the three
classes of joins studied is compared in Table 4.

Join class % Joins detected

Phone boundary 64.8
Mid-vowel 62.5
Mid-consonant 46.6

Table 4: Join discontinuity detection for three types of joins



7.2. Join Cost Prediction

Table 5 lists the � and �
�

values obtained for each of the three
linear regression join cost models tested on their own respec-
tive type of join and the mid-vowel model tested on the mid-
consonant and phone-boundary joins. The last row of the ta-
ble shows the results obtained for mid-consonant joins from a
pruned acoustic-phonetic CART model.

Model Training set Test set � �
�

LR Mid-V Mid-V 0.48 0.23
LR Mid-V P-bound 0.30 0.09
LR P-bound P-bound 0.52 0.27
LR Mid-V Mid-C 0.06 0.00
LR Mid-C Mid-C 0.33 0.11
AP-CART Mid-C Mid-C 0.56 0.31

Table 5: Test Results for Join Cost Models

8. Discussion and Conclusions
The LR model trained on mid-vowel joins predicted audible dis-
continuities in mid-vowel concatenated words quite well. Re-
sults were comparable to a previously evaluated model [10] that
used Euclidean distances on MFCCs, a high-end reference con-
dition that is impractical for real-time unit selection TTS. How-
ever, the mid-vowel LR model was a relatively poor predictor of
audible discontinuities in either mid-consonant joins or phone-
boundary joins.

The phone-boundary LR model performed well in predict-
ing the probability of audible discontinuities in phone-boundary
joins. The mid-consonant LR model was relatively less suc-
cessful, although it was clearly superior to mid-consonant pre-
dictions made by the mid-vowel LR model. Acoustic vari-
ability among the consonants is probably too wide for a sin-
gle LR model to be successful. Much better results for mid-
consonant joins were achieved by the acoustic-phonetic CART
model, where consonants were divided into subsets and differ-
ent decision criteria used for each.

The relative importance of the seven acoustic predictors
varied considerably among the three LR models, as indicated
by the t-values and associated probabilities calculated by the
linear model. For example, cross-correlation was the best pre-
dictor of mid-vowel join discontinuities, but it was third of five
significant predictors for phone-boundary joins and was not a
significant predictor of mid-consonant joins. Cepstral distance
was the best predictor for phone-boundary joins, second of three
significant predictors for mid-consonant joins, and fifth of six
predictors for mid-vowel joins. Although

� �
was a highly sig-

nificant predictor for mid-vowel joins, it was not a significant
(� � � � � � ) predictor for either of the other types of joins.

Fundamental research on the perception of concatenation
discontinuities and use of perceptual data to train join cost func-
tions provide a disciplined empirical approach to improving the
quality of concatenative synthesis.
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