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Abstract

This paper presents a new approach for designing a
concatenative text-to-speech (TTS) system based on
multi-domain unit selection. The method achieves
good synthetic quality with reasonable computational
cost for a general-purpose TTS system. The architec-
ture of the multi-domain database and the text classi-
fication algorithm for domain assignment are the basis
of the method. The performance of the adjusted text
classification algorithm for the multi-domain TTS aim
is analyzed in several encouraging experiments.

1 Introduction

Recently, concatenative Text-to-Speech (TTS) synthe-
sis systems have move from diphone based approaches,
with only one instance per unit, to unit selection based
methods [1, 2, 3]. These methods are based on a large
speech database allowing multiple instances per unit.

These corpus based methods have shown that natural-
sounding synthetic speech can be achieved by minimiz-
ing the number of concatenation points and reducing
the amount of prosodic modification, overcoming the
drawbacks of the diphone based techniques. The unit
selection module searches the database to obtain the
set of units that best matches the target specifications
(according to a cost function [1]) by means of dynamic
programming (for instance, the Viterbi algorithm).

In fact, it is important to note that the database has
to be designed to cover as much linguistic variability as
possible for a particular language or domain [4]. The
characterization of the database is still an on-going re-
search issue [5]. Nevertheless, it is clear that the com-
putational cost at synthesis time grows exponentially
with the size of the database. Furthermore, in order to
enhance the synthetic quality, the unit selection sys-
tems have been applied to restricted domains giving
high quality in synthetic speech within domain [6].

To take advantage of the speech quality obtained with
the limited-domain approach without discarding a gen-
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urpose system, we present a new TTS system
on a multi-domain structured database (see

n 2). In this framework, a procedure for do-
classification becomes indispensable, therefore,
ve designed an automatic algorithm based on nat-
language processing (NLP) for text classification
ection 3). Hence, the sentences that compose the
text are assigned to the appropriate domain or
domains. The accuracy of the algorithm is pre-

d in different experiments that evaluate its per-
nce as a text classifier. Moreover, after tuning

ext classification algorithm for the TTS purpose,
resent the improvements obtained by the multi-
in paradigm (see section 4). Finally, the conclu-
of this work are discussed (see section 5).

Multi-domain unit selection TTS

ain application for the unit selection speech syn-
is a general-purpose TTS system (GP-TTS),
can produce any desired utterance from an input

1, 2, 3]. Although the synthetic speech quality is
ly very high, there are still bad synthesis examples
unit selection GP-TTS conversion [6]. Therefore,

der to improve this issue, the unit selection pro-
has been applied to limited domains (LD-TTS),
ving very high quality within those domains (see
for a review).

ermore, it has been suggested that the synthetic
ty of the TTS conversion heavily reflects the style
overage of the recorded database [4, 8]. Thus,
ynthetic quality of a GP-TTS system decreases
the target domain of the input text mismatches

overage of the GP speech database [6, 9]. Chu et
9] also give good reasons for improving a GP-TTS
m. The work takes into account some domain
tation to achieve natural speech.

ing for these ideas, we present a multi-domain
(MD-TTS) system (see Figure 1), in order to ob-
igh synthetic quality (like the LD-TTS approach)
P-TTS. The system, by means of text classifica-

assigns the input sentences to a domain or set of



Figure 1: Block diagram of the proposed multi- domain
unit selection TTS system.

domains (Dnm ⊇ DNM ) from the database (see section
3). It is important to note that while the vocabulary of
every domain database will certainly be specialized, it
has to be designed with the same phonetic and prosodic
coverage of a GP-TTS, minimizing the OOV effect of
word concatenation LD-TTS systems [7].

3 Text classification algorithm

Text classification (TC) can be modelled as a super-
vised learning task with the main goal of classifying a
document into a set of predefined categories. TC meth-
ods are developed by the machine learning community
within the artificial intelligence paradigm. There are
many methods for TC, some of them are based on de-
cision trees, neural nets (NN), Bayesian approaches, or
Support-Vector Machines [10] among others.

These methods are often based on the bag-of-words ap-
proach, representing texts by means of a vector space
model [11]. As a result, each document is represented
using a vector of weights related to the occurrence of
terms within the text, ignoring their relationships. Be-
fore the final term representation, some pre-processing
strategies are applied for classification looking for rel-
evant linguistic components (stop listing and stem-
ming) and significant semantic features (dimensional-
ity reduction)[10]. Neither strategies are applied in our
TC algorithm, since our main goal is to classify the full
sentence in the appropriate domain, paying more at-
tention to the style of the text. As depicted in the
Figure 1, the only applied pre-processing step is the
typical NLP normalization module in the TTS conver-
sion process (expanding numbers, dates, etc.).
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re 2: Weighted ARN obtained from the text ”The
sky is blue and the sea is blue in Barcelona”.

ssociative Relation Networks
e speech generation paradigm, the continuity and
tyle of speech are two key features to obtain a
synthetic speech quality. In this context, it is

rtant to find an alternate representation for the
al vector-space model, taking into account word
ons. This approach seems to be unfeasible due to
arameterization of the input text as a weighted
tion of independent words.

rst approximation, the proposed TC system rep-
ts the information of each domain by means of
ssociative Relation Network (ARN) [12] defined
weighted graph of connected nodes. In the ARN
ach, patterns are made up of the terms which
ose the input text, but also by their relationships
ch other. The nodes of the graph represent words
heir connections describe the co-occurrences with
words in the same text, including its direction
igure 2 for an example). As a result, this kind

twork encodes the coarticulation effect at word
daries and information about the structure of the
style), which is an essential element in the multi-
in approach to unit selection TTS synthesis.

odeling the input text
e are several proposed text parameterization
es ranging from the simple boolean estimate to
sophisticated approaches. However, most of them
e the order of occurrence of terms and their or-
ation [10]. In order to take into account the lex-
tructure and the style of the text, within a real-
TC purpose, the considered parameters (par) are
:

Term frequency (tf): the number of times
that the word appears in the text [11], which is
included in every node of the ARN (Figure 2).

Co-occurrence frequency (cof): the number
of times that two words take place together in
the text, thus, the relations between words are
considered [12]. In our approach, this parameter
accounts for the connections of the text and it is
represented in the ARN as the weight between
two related nodes in the graph (see Figure 2).



• Pattern length (pl): the number of consecutive
words of the input text that appear successively
in the ARN of the model, normalized by the total
number of input words, thus, [0 ≤ pl ≤ 1]. It
evaluates the membership of the input text into
the model of the analyzed domain.

The standard idf parameter, i.e. the inverse document
frequency [11], is not included in this first approach
since it belongs to the semantic viewpoint for TC.

3.3 Similarity measures
Similarity measures are used to quantify the resem-
blance between the input text (tk) and the domain
model (Dnm). We have defined several distances for
text classification in the MD-TTS context:

�v =
(
tf1, cof11, .., tfi, cofi1, .., cofij , .., tfI , cofIJ

)
(1)

S1

(
tk, Dnm

)
=

�vtk
· �vDnm

‖�vtk
‖ · ‖�vDnm‖ (2)

S2

(
tk, Dnm

)
= p l · S1

(
tk, Dnm

)
(3)

sigmoid(x) =
1

1 + e−( x−µ
σ )

(4)

S3

(
tk, Dnm

)
=

(
p l · sigmoid

(∑
i

tf tk
i − tfDnm

i

)

·sigmoid
(∑

i,j

cof tk
ij − cofDnm

ij

))1/3

(5)

First, an adaptation of the popular cosine similarity
[11] is presented in Equation (2). This measure de-
termines the angle between two vectors of parameters
(tfi and cofij , in Equation (1)) as a comparison dis-
tance. Secondly, the cosine is weighted by the p l to
emphasize the linguistic structure of text (see Equa-
tion (3)). Finally, we present a measure derived from
the sigmoid function of the NN pattern (Equation (4)).
The sigmoid is tuned by its activation threshold µ and
its shape σ (a larger value making the curve flatter).
This similarity is obtained as the geometric average of
sigmoid differences in tf and cof , weighted by p l.

3.4 Multi-domain model generation
Every model of a domain Dnm is an ARN that has
been implemented as a classic decision tree with a
superimposed indexing array (dashed line in Figure
2). The generation process can be supervised, start-
ing from a collection of manually labelled examples, or
automatically, by means of a similarity measure that
selects which texts have to be classified together and
determines the final number of arbitrary domain cat-
egories (a classic clustering method). After the basic
model generation (Dnm), a merging process, based on a
percentage of resemblance (for instance 50%), was de-
veloped to obtain a hierarchical clustering of domains
(Dn in Figure 1). The top of this structure is the full
database, as in unit selection GP-TTS systems.
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4 Experiments and evaluation

proposed method was evaluated with a pair of
iments involving two collections of preclassified
. CCat is a compilation of Catalan texts orga-
in 4 domains (styles): politics, society, litera-

and culture. CCat is an extension of the work de-
d in [8]. CSpa has been provided by the Centre
ngǘıstica Computacional (CLiC) from the Uni-
at de Barcelona (UB). It contains Spanish texts
fied in 8 domains: the four included in CCat plus
s, business, entertainment and philosophy. The
ing tests were developed with relational graphs
sic model level (Dnm).

xperiment 1 - Text classification task
C algorithm was run over the CSpa corpus (5000

nces). Table 1 presents a summary of the TC
-averaging precision (Pµ) effectiveness test [10].
test is used to choose the best similarity mea-
for the MD-TTS system. The performance of the
sed algorithm for classic TC is not spectacular,

ver this is not its final purpose.

µ 4 domains 6 domains 8 domains
est 15 20 15 20 15 20
1 .583 .471 .368 .343 .324 .322
2 .648 .635 .547 .566 .525 .529
3 .640 .628 .565 .533 .536 .520

e 1: Micro-averaging precision of the three proposed
similarity measures used for the TC algorithm
over six different test configurations.

result, the inclusion of pl in S2 enhances the cosine
ure efficiency. S3 (with µ = par/2 and σ = par/2
m) is also a good distance metric, achieving simi-
sults to S2. Its efficacy improves when increasing
umber of domains considered and the percentage
e training set. This is due to the tuning of µ

as the average for every par over all domains.
, adjusting them for every test configuration will
inly improve the performance of the algorithm.

xperiment 2 - MD-TTS synthesis task
TC algorithm has been integrated into the MD-
system modelling the CCat corpus of domains
0 sentences). This test evaluates the relationship
en the Average Execution Time (AET) and the
ge Segment Length (ASL) [8, 9] of the synthetic
h at sentence level. The time measures have been
d out over a Windows PC (PIV 1.6GHz - 256M
) using the Visual C++ compiler.

e MD-TTS method, AET is the addition of the
nd unit selection temporal costs (let unit be rep-
ting diphones and triphones [8]). Moreover, the
reflects the potential speech quality of the syn-
ed sentence [9].
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Figure 3: ASL vs. AET in four different Catalan domains
and several Dnm dimensions (from 20k to 80k
units, some of them interlaced by dashed lines).

Figure 3 plots the algorithm behavior found for vari-
ous MD database sizes (in 5k units increments). The
obtained curves are log-like functions. Politics and so-
ciety tests had the better performance in ASL, since
their higher mean unit length. However, the culture
and literature tests had better AET performance re-
gardless of database size (see the dashed lines).

Furthermore, the experiment has been developed for
comparing the results obtained with a multi-domain
database (M) against a full-domain database (F) (in
table 2). The test is realized with 20k units per do-
main, thus, the F contains 80k units. This database is
constructed as an ASL reference for the M database,
but it is not a classic GP database. The test presents
relative average reductions of 15% in ASL and 40% in
AET when synthesizing in M vs F databases. There-
fore, the computational cost of the unit selection pro-
cess is reduced without a heavy loss of quality.

Test Politics Society Culture Literat.
DB F M F M F M F M
ASL 3.2 2.6 3.5 2.8 4.0 3.3 4.0 3.4
AET 1.5 1.1 1.6 1.0 2.3 1.1 2.2 1.1

Table 2: Testing ASL vs AET [sec] in four domain (M)
database (each of 20k units) against the full (F)
database (DB) derived from it (80k units).

5 Conclusions

This paper has presented a first step in our on-going
research towards a MD-TTS system to cover the niche
between GP-TTS and LD-TTS applications. More-
over, we have introduced a domain classification al-
gorithm based on ARN. In order to adjust the TC
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have been examined. The MD-TTS approach

ases the cost of searching a full domain database
et yields good speech quality. In future exper-
s we will repeat this experiment against a GP-
database. We believe that the speech quality will
creased too, since the synthesis is done in the most
priate domain (style) of the database.
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