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ABSTRACT
A lazy decision tree approach is described in this paper
for the selection of concatenative units for Mandarin
speech synthesis. The concept is not to induce a concise
hypothesis from a given training data; the selection is
delayed until a test instance is given. Thus we can
construct the “best” decision tree for each selection. The
selection of waveform units is guided with other
simultaneously selected prosodic parameters. The
selected waveform units can be directly concatenated
into output speech or modified with the selected
prosodic parameters. This method can produce synthetic
speech that sounds very natural and resembles the
acoustic and prosodic characteristics of the original
speaker. A Mandarin speech synthesizer is described in
this paper. However, most of the technologies are
language independent and can be extended to a multi-
lingual system.

1. INTRODUCTION

The major problem of the current technologies of speech
synthesis is the naturalness. Most of the current systems
have high level of intelligibility, but their unnatural
prosody prevents them from many applications of man-
machine communication. However, most of the current
teleservice systems have pre-recorded the prompts and
key words for directed concatenation and outputs. The
method is widely used and works fine with most of the
applications without complicated or frequently changing
output. The only limitation is the contents of the output
must be known in advance. However, this is not the case
for many applications. CHATR [1] is the first synthesis
system that try to have the advantages but break the
limitations of such a directed concatenation approach.
CHATR uses a larger corpus than conventional
synthesis system for the selection and concatenation of
waveform units. The selection problem can be solved
with the lazy learning or case-based reasoning methods
if the input features and the output results can be
suitable defined and evaluated. In CHATR, a method
similar to the nearest neighbor is used. A cost function
is defined as a weighting sum of the feature distances.
The weightings are trained by the corpus with an
objective function and linear regression model [2].

However, it is difficult to define an objective function
that can reflect the overall quality of the speech units.
The overall quality of synthetic speech is mainly
affected by two factors, the intelligibility and the
naturalness. The first is mostly determined by the
segmental properties, and the second is mostly
determined by the prosodic parameters. This is also the
reason why conventional synthesis systems have
separated prosodic module and synthesis module. The
two modules can be separately optimized with different
criteria. However, the separation simplifies the problem,
but ignores the interaction of these two factors.

For the above problem, our methodology is to separate
the selection process into two stages. In the first stage,
waveform units and additional prosodic parameters are
separated selected with distinct prosodic criteria. In the
second stage, the prosodic parameters of the selected
waveform units are compared with the selected prosodic
parameters. The waveform units with prosodic distance
smaller than a threshold are selected and directly
concatenated. If no waveform unit can match the criteria,
the prosody of the units will be modified before
concatenation. The selection process used in this paper
is similar to the lazy decision trees that are originally
used for the classification problem [3]. The functional
diagrams of the system are illustrated in Figure 1. There
are two phases of processing in the system, the indexing
phase and the synthesis phase. The indexing phase
generates the linguistic features and prosodic
parameters.  The synthesis phase then select and
concatenate the units. The details are described in the
following sections.

Figure 1. The functional diagrams of the system
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2. THE INDEXING PHASE
In the indexing phase, the corpus is processed to
generate the linguistic features and prosodic parameters.
The strength of this approach highly depends on the
significance of the indexing and the diversity of units
stored in the corpus. In Mandarin, there are about 400
syllables without tones, which are the basic units in our
system. This unit could be changed for different
languages. In order to cover most of the contextual
variations in the corpus, the contents of the corpus
should be carefully designed. An INITIAL/FINAL
format can describe the composition of a Mandarin
syllable. INITIAL is the initial consonant and FINAL is
the vowel (or diphthong) part with an optional medial or
a nasal ending. In theory, there are about 2000 FINAL-
INITIAL and FINAL-FINAL (No INITIAL in the latter
syllable) patterns in the disyllabic junctures. The speech
corpus is designed to cover most of these combinations
[4]. Moreover, the corpus is organized as many short
paragraphs so as to cover many prosodic variations.
This corpus is read by the professional speakers at a
normal speaking rate in a recording studio. If there are
hesitations or mistakes, the speaker will be asked to read
the sentence again until each character is correctly
pronounced. This can reduce the errors for further
segmentation and labeling. In fact, the segmentation
and labeling are the major works in the indexing phase.
Two kinds of labels should be derived from the corpus,
the segmental labels and the prosodic labels. These
labels are used to generate the linguistic features and the
prosodic parameters.

2.1 Segmental Labeling

For the segmental labeling, the orthographic
transcription of the speech data is used as the input. The
possible pronunciations for the words in each sentence
are derived from a text analysis module, including
establishing a set of possible pronunciations for each
word, and transcribing the results into the HTK’s net
file format. A Viterbi process is then performed to
recognize and align the units in the speech data based
on the net. We can also increase the reliability of the
boundary with some boundary correction rules and
iterative the training processes. The details are
described in [5].

2.2 Prosodic Labeling

The prosodic labeling task requires mapping a sequence
of feature vectors (mostly derived from the acoustics) to
a sequence of prosodic labels. In our case, the prosodic
labels include break indices and emphasis levels1. We
use decision trees to output these two labels with the
prosodic acoustic features of the speech waveforms. The

                                                       
1 The emphasis levels are not used in the synthesis, because
the text analysis still can not predict this levels from the text

major difficulty encountered is the coupled interaction
between the lexical tonal system and the prosodic
system in Mandarin. We try to de-couple these features
with some normalization procedures. The details can be
found in [6].

The prosodic structures are determined after the labeling
of the break indices. The hierarchical structures include
breath groups, major prosodic phrases, minor prosodic
phrases, words and syllables. The realization of acoustic
prosodic features is highly dependent on this prosodic
structure. So the relative positions in the prosodic
structure are labeled into each syllable as linguistic
features.

2.3 The Index Files

In the indexing phase, two kinds of file will be
generated. One kind is the linguistic feature file that
records the segmental identities, tonal identities, and
other position and contextual information. The other is
the prosodic parameter file that stores the fundamental
frequency values, energy values, and the cepstral
information. The indices and features in the linguistic
feature files are list in Table 1. Some of the features will
affect the segmental properties of the units, and some
will affect the prosodic parameters. There are also some
features that will affect both. The fundamental
frequency values and energy values in the prosodic
parameter file are derived by the ESPS. The cepstral
information is an index of the cepstral codebook that
derived with a VQ process. To reduce the computation,
the distance matrix for the codewords in the cepstral
codebook is calculated and stored in a file for real time
processing.

 SID Syllable identity 408 syllables

PCP Preceding phoneme class 8 types

PCF Following phoneme class 12 types

LIW Location in the word 3 types

LIP1 Location in the minor phrase 3 types

LIP2 Location in the major phrase 3 types

LIP3 Location in the breath group 3 types

TID Tonal identity 5 tones

TIDP Preceding tonal identity 6(5+beginning)

TIDF Following Tonal identity 6(5+ending)

BIP The preceding break index 6 types

BIF The following break index 6 types

PM Punctuation mark 4 types

Table 1: The linguistic features of the index files



3. THE SYNTHESIS PHASE

3.1 Lazy Decision Trees

Decision trees are widely used in the machine learning
because the results are fair and quite interpretable. They
are also used in the clustering of phonetic units or
generation of prosodic parameters in speech engineering.
There are two kinds of trees, classification trees and
regression trees [7]. The goal of the classification tree is
a discrete category value, and the goal of the regression
trees is a continuous variable. In our case, the goal is to
select the units by their linguistic features. The criteria
are the prosodic parameters or the segmental properties.
This is like a regression problem. The regression trees
perform induction by means of an efficient recursive-
partitioning algorithm. The choice of the test at each
node of the tree is usually guided by a least squared
error criterion. For example, binary trees consider two-
way splits at each tree node. The best split at each node t
is the split s that maximizes the error decreasing.

Where Err(t) is the mean squared error at node t, PL and
PR are the proportions of instances that fall respectively
to the left and right branch of the node t; Err(tL) and
Err(tR) are the error of the left and right branches.

Since a single decision tree built from the training set is
making a compromise: the test at the root of each sub-
tree is chosen to be the best split on average. Here, we
use an approach called lazy decision trees (LazyDT)–
that conceptually constructs the “best” decision tree for
each test instance. As with many lazy algorithms, the
first part of the induction process (building a decision
tree) is not existent. All the work is done during the
processing of a given instance. The lazy decision tree
algorithm, which gets the test instance as part of the
input, follows a separate and classify methodology. A
test that minimizes the mean squared error of the data
that has the same outcome with the test instance is
selected. The tests are performed recursively. The
overall effect is like to trace a path in an imaginary tree
made specifically for the test instance. The algorithm is
described below:

Input: A data set T contains all the instances in the
corpus, each instance is represented as:

 t={tf1, tf2, …, tfn, tv} (2)
where f1, f2,…, fn are the linguistic features and v is the
acoustic value. For an input i with the linguistic features:

 i={i f1,if2,….,ifn} (3)
the procedures are:
1. if all instances in T have the same feature values,

return all the instances and their acoustic values
2. Otherwise, select a feature fx that minimizes the

mean squared error of the sub set Ts that match the
condition tfx=i fx

3. Let T=Ts, recursive the program

The heart of the algorithm is the selection of a feature
for test at each recursive call. Common measures used
in decision tree algorithms usually indicate the average
gain of the chosen feature. In this lazy decision
algorithm, the test instance could give extra information
to choose the appropriate feature.

The acoustic value in the above algorithm could be the
duration values, energy values, fundamental frequency
values or cepstral values. For the fundamental frequency
values, a normalized vector can be used to represent the
fundamental frequency contour of a syllable. The
cepstral values are also represented as a normalized
cepstral vector. The mean squared errors are calculated
on these vectors.

If all the linguistic features must be tested on each step,
the computation cost will be very high. Sometimes, we
have the priori knowledge of relevant features for the
selection of specific target units. We can manual define
the feature set. Another solution is to perform a feature
selection process. The features selection tries to pick a
subset of features that are relevant to the target units.
This can decrease the on-line processing time and
increase the robustness. The features selection method
we used is to pre-process the data and record the
average order of the feature usage in the processing. The
order of the features can be used to significantly
decrease the on-line processing time. We use only 3
features for the compare of mean squared errors each
time and change the scope to the next 3 features
recursively. With this feature selection process, different
feature set and order will be used for different target
unit.

3.2 Selection and Concatenation

As described in the introduction, two kinds of units are
extracted separately, the waveform units and the
prosodic parameters. The selection for waveform units is
more complicated because both the segmental properties
and prosodic properties should be concerned. We can
define an objective distance function that combines
different weighting of the cepstral distance and prosodic
distance. However, there is no suitable method for the
determination of this weighting. In stead of the manual
assignment of arbitrary weighting, we predefine the
priorities of the feature sets. For examples, the features
that will significantly influence the segmental properties
will considered first. Only the cepstral distance will be
considered in this stage. The segmental features have
higher priorities because we can change the prosodic
parameters in the output stage if the prosodic features
are not satisfactory.  After the basic segmental
requirement is matched, the prosodic distance is then
considered. The weighting of the comparison of
different prosodic parameters (F0, duration, energy) are
based on the subjective cost of the modification on
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different prosodic parameters. The higher the cost, the
higher the weighting (F0 > duration > energy).

A text analysis and prosodic phrasing module pass the
text input. The module converts the text into the
corresponding linguistic features [8]. These features are
used as the input for the selection of “suitable”
waveform units and prosodic parameters. These units
are the candidates for further processing. The candidates
of waveform units are verified by the selected prosodic
parameters before concatenation. The processes are
described below:

1. Calculate the prosodic distance between the selected
waveform units and the selected prosodic parameters.
Remove the units that the distance is above a
threshold unless there is no unit left for the syllable.
If the waveform units match both the segmental and
prosodic features in the previous selection process,
the distance is set to zero.

2. The candidates of the waveform units are listed to
form a lattice. Choose a path in the lattice that
minimize the concatenation cost. The cost is defined
as the sum of the cepstral distance in the
concatenation points.

3. Modify the units that the prosodic distances are
above the threshold with TD-PSOLA. The units then
be concatenated and output to the speakers.

After the selection of units, there are three ways of
concatenation depend on the phonetic types.

1. Hard concatenation: The simplest way to put two
units together and no smoothing is needed. This is
used when the INITIAL of the second syllable is
plosive or affricates.

2. Soft concatenation: The concatenation takes place
at the syllabic boundaries. However, the segments are
smoothed by including the transition parts that
appear in the speech database. A certain amount of
overlap between the two units makes the transition
smoothly. This is used for the concatenation of any
two syllables, if the hard concatenation can't be
applied.

3. INITIAL-FINAL concatenation: This only
happened when you can't find a whole syllable that
matches the requirement.

4. SUMMARY AND DISCUSSION

This paper describes a new methodology for the
selection of prosodic parameters and waveform units for
direct concatenative synthesis. The purpose of the
prosodic parameters is to provide extra information for
the selection of suitable waveform units. This separation
of the segmental and prosodic requirement for the
waveform units can increase the stability of the synthetic
speech with a medium-sized corpus. When we consider
the coverage of a corpus, the number of possible
combinations will be multiplied if both the features are
considered. This is the main reason why we design such

a methodology to separate these two requirements but
also preserve the overall quality of the selected units.
This methodology is based on the facts that the relation
between the linguistic features and the prosodic
parameters is not a one-to-one mapping. A unit with
different linguistic features will have the same prosodic
parameters with another unit. That is why we can select
a waveform unit that doesn’t match the linguistic
prosodic features but have similar prosodic parameters.

Another advantage of this methodology is to use
different units for the selection of prosodic parameters
and waveform units. In the case of our Mandarin speech
synthesis, the units are both set as the syllable. This
could not be the case for different languages. As we
know, the prosodic parameters are embedded in the
supra-segmental domain. The unit can be a syllable, a
phrase, or even a sentence. We have tried to use the
minor phrase as the basic unit of the fundamental
frequency contour. This will make the program more
complicated but can output more smooth and natural
speech in most cases. For those applications that disk
usage is severely concerned, we can reduce the size of
the waveform units and cut down the waveform corpus.
It is also possible not to change the prosodic parameters
and index file because their size is relative small. This
will help to preserve the naturalness.

Initial test shows that this method will create more
natural speech than our previous version [5]. With the
same prosodic distance threshold, the ratio of the units
that does not need prosodic modification is changed
from 58% to 71%.
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