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Abstract
The prediction of prosody from text information has long

been recognised as a requirement for natural sounding speech
synthesis. While an examination of the relationship between
text information and prosody typically focuses on the role of
accent, duration and phrasing both from a statistical and rule-
based perspective, this paper investigates the correlation be-
tween the similarities calculated with respect to text information
and those calculated with respect to prosody from an exemplar-
based perspective. Two text features are examined, the syntactic
tree and the dependency tree, along with two prosody features,
pitch and intensity. The work in this paper investigates 1) the
correlation between text information and prosody information
2) the conditional membership probability between text infor-
mation and prosodic information, and 3) the effect of the num-
ber of exemplars on the conditional membership probability.
Index Terms: prosody prediction, syntactic tree, dependency
tree, prosody text correlation, prosody text similarity

1. Introduction
Prosody modelling is an important factor in speech synthesis
where pitch and intensity contours play a demonstrable role in
the intelligibility and naturalness of synthesised speech. Sev-
eral studies on speech synthesis have been undertaken in or-
der to predict such contour information from text. Some of
these studies investigate the relationship between text informa-
tion and prosody using rule-based systems, others use statistical
and exemplar-based methodologies [1] [2] [3].

The work in this paper investigates the relationship be-
tween the text information and prosodic information from an
exemplar-based perspective. The exemplar-based model aims
to capture the detailed exemplar memory in which exemplars
are stored with rich information. When a new input is presented,
it is compared against the exemplars, and the closest exemplar
(or set of exemplars) found to the new input is selected. In such
models, the criteria for choosing an exemplar from the exem-
plars cloud play an important role in the model performance.
These criteria depend on the text features of the input.

The purpose of the work presented in this paper is to study
the relationship between text information (syntactic and de-
pendency information) and prosodic information (pitch model,
pitch contour, and intensity contour) from the exemplar-based
point of view. The study focuses on finding answers to three
main questions that are important for exemplar-based prosody
prediction:

1. What is the relationship between similarity calculated
with respect to text information (syntactic and depen-
dency trees) and similarity calculated with respect to
prosody (pitch and intensity contours), i.e. is there a cor-
relation between them, and if there is a correlation, is it
significant?

2. What is the probability of a sample utterance chosen
from the set which represents the closest α% to an el-
ement i on the text level being also an element of the set
which represents the closest β% to that element i on the
prosody level (i.e. the conditional membership probabil-
ity)?

3. What is the impact of the number of exemplars on the
conditional membership probability?

The conditional membership probability will answer the
question as to whether for a new input, which does not exist
in the corpus and for which only text information is available,
an exemplar with similar text information can be found with as-
sociated prosodic information that can be adapted to serve as an
appropriate prosody model for this input.

2. Previous work
The relationship between prosody of speech and syntactic struc-
ture of an utterance has been considered by several studies. The
purpose of most studies is to improve the naturalness of synthe-
sised speech. Traditionally, the syntactic tree, the dependency
tree and part of speech features (POS) are used as potential
text features. Some studies assume the existence of a relation-
ship between text information and prosody [4]; others focus on
defining the relationship between the syntactic or dependency
tree and pitch accent, duration and phrasing from a statistical
and rule-based point of view [5] [6] [7] [8] [9] [10] [11]. Nev-
ertheless, accent, phrasing and duration are not the only im-
portant features in prosody. The global contours of pitch and
intensity play also important roles in the prosody of synthesised
speech. Analysing study is done on the relation between the
dependency graph and prosodic phrasing and prominence [5].
In [11] the mapping between dependency trees prosodic phras-
ing and prominence has investigated to predict the prosody in-
formation in order to generate prediction rules. In [12] the same
approach is used but by mapping to the syntactic tree.

Research on the similarity between the syntactic tree and
timing tree has been conducted to define the mapping between
two trees [6], and the mapping between the syntactic tree and
prosody tree using tree edit distance function has been used to
predict prosody in [4]. The relationship between intonational
phrasing and syntactic structure in sentence production has also
been investigated on the accent and phrasing boundary levels
[7] [8] [10]; and the relationship between POS and accent was
also a research question to find the mapping between these two
features [9].

Some approaches have considered the relationship between
the syntactic/dependency trees, pitch and intensity contours
from an exemplar-based point of view [1], but none of these
studies have used the notion of conditional membership proba-
bility.
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3. Description of the Data
The CMU Arctic speech corpus is used for the study done in
this paper. The corpus contains 1132 utterances spoken by a
US English male speaker.

For each utterance, two types of information are extracted:

1. Information about the text that includes

• Syntactic tree (ST): which represents the syntactic
structure of an utterance according to the language
grammar

• Dependency tree (DEP): which represents the
grammatical dependencies between words in the
utterance.

2. Information about the prosody, which contains:

(a) Pitch contour with its velocity and acceleration

(b) Pitch contour represented using a pitch model

(c) Statistical parameters of the pitch contour (max,
min, mean, standard deviation)

(d) Intensity contour with its velocity and acceleration

(e) Statistical parameters of the intensity contour
(max, min, mean, standard deviation)

The syntactic and dependency trees are extracted using the
Stanford parser [13] [14]. A distance matrix is calculated for
each type of information and the model used in (b) has been pre-
sented in [15]. For the text information, two distance functions
are used to calculate the distance matrix: the tree edit distance
function (TED) [16] which represents the number of insertion,
deletion and substitution operations required to transform the
tree representation of one text to the tree representation of an-
other, and tree kernel function distance (TKD) [17] which de-
pends on calculating the existence of all subtrees of the first tree
in the second one and vise versa. For the prosodic information,
dynamic time warping (DTW) with Euclidean distance is used
to calculate the distance matrix for (a) and (d) above. DTW with
a special distance function for the model [15] is used for (b),
and the Euclidean distance function is used for (c) and (e).

In the rest of this paper, the term ST-TED will be used for
the distance matrix of the syntactic tree calculated according to
the tree edit distance function, the term ST-TKD for the distance
matrix of the syntactic tree calculated according to the tree ker-
nel function, the term DEP-TED for the dependency tree calcu-
lated according to the tree edit distance function and the term
DEP-TKD for the dependency tree calculated according to the
tree kernel function.

4. Experiments
The experiments are performed to address the questions posed
in section 1.

4.1. Similarity Correlation

In order to answer the first question, it is necessary to calcu-
late the correlation between each pair of the distance matrices
and to determine the correlation between each pair of columns,
where each column represents the distance between the element
at that index and other elements of the corpus. Given matrix X
and matrix Y , the purpose of the first step is to calculate the
correlations between each pair of columns (Xi, Yi); e.g Xi is
a ST-TED vector of example i, Yi is the pitch model distance
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Figure 1: Scatter points of positive correlation (0.56) of two
columns from normalised pitch model distance matrix and nor-
malised ST-TED matrix; both columns have the same index.

with a correlation 0.56. A high positive value for the correla-
tion coefficient indicates that the correlation between the two
features is high and has a positive direction, which means that
the similarity values between the features increase in the same
direction as illustrated in Figure 1.

The second step is to take the average value of these cor-
relations. Table 1 presents the result of the average correlation.
To check if the correlation is statistically significant, the p value
is calculated for each of the correlations and then taking the av-
erage as shown in Table 2. The correlation values are merely
the threshold that indicates which features should be taken into
consideration in the next stage.

Table 1: Average correlation values between the studied text
features and prosody features distance matrices.

ST-TED DEP-TED ST-TKD DEP-TKD

Pitch model 0.476 0.475 -0.054 0.059
Pitch contour 0.336 0.306 0.006 0.062

Pitch statistical 0.023 0.008 0.011 0.022
Intensity contour 0.377 0.344 0.018 0.075

Intensity statistical 0.0006 -0.0009 0.052 0.051

Table 2: Average p-values for the correlation between the stud-
ied text features and prosody features distance matrices.

ST-TED DEP-TED ST-TKD DEP-TKD

Pitch model 3.3e-07 0.00057 0.148 0.144
Pitch contour 0.036 0.032 0.137 0.15

Pitch statistical 0.183 0.227 0.385 0.425
Intensity contour 0.023 0.0262 0.141 0.121

Intensity statistical 0.359 0.411 0.212 0.191

The results in Table 1 and Table 2 show significant corre-
lation between the similarity of the syntactic tree and the de-
pendency tree using tree edit distance function with the pitch
model, the pitch contour and the intensity contour. However,
results do not indicate a significant correlation with the statisti-
cal parameters of the pitch and the intensity contours. The tree
kernel function similarity does not show a significant correla-
tion with any of the prosody information. The rest of this paper
focuses only on the matrices that show a significant correlation.
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Once the significantly correlated matrices are identified, the
correlations between the combinations of these matrices are cal-
culated:

1. ST-TED + DEP-TED

2. Pitch model + Intensity contour.

3. Pitch contour + Intensity contour.

These combinations are calculated by summing the nor-
malised distance of each matrix. Table 3 presents the correlation
coefficients and p-values for the combination matrices.

Table 3: Correlation coefficients and p-values for the combina-
tion matrices

ST-TED +DEP-TED
correlation coefficient p-value

Pitch model + Intensity contour 0.510 0.0039
Pitch contour + Intensity contour 0.404 0.0235

4.2. Conditional Membership Probability

The purpose of this experiment is to answer the question posed
in the introduction section above, namely, what is the probabil-
ity of a sample utterance chosen from the set which represents
the closest α% to an element i on the text level being also an
elements of the set which represents the closest β% to that ele-
ment i on the prosody level. This requires the calculation of the
conditional membership probability.

Given:

• The prosody information X = [x1....xn]; where xi =
[xi1.....xin] is the distance vector between example i and
the rest of the data according to the defined prosody dis-
tance function, xi a sorted distance vector to the example
i according to the prosody information.

• The text information Y = [y1....yn]; where yi =
[yi1.....yin] is the distance vector between example i and
the rest of the data according to the defined text distance
function, yi a sorted distance vector to the example i ac-
cording to the text information.

If the closest a% from xi is chosen and called xαi and the
closest β% from yi is chosen and called yβi, then

P (z ∈ xαi|z ∈ yβi) =
P (z ∈ xαi ∩ z ∈ yβi)

P (z ∈ yβi)
(1)

The experiment was carried out on the matrices which show
a significant correlation for two text information distance matri-
ces: ST-TED, and DEP-TED; and three prosody matrices; pitch
model distance matrix, pitch contour distance matrix and in-
tensity contour distance matrix. Different values for α and β
were used to calculate the probability for each pair of matri-
ces. Table 4 illustrates the conditional membership probability
between ST-TED and pitch model distance matrix.

The results from Table 4 shows that increasing the posterior
membership data increases the conditional membership proba-
bility, but this also leads to a decrease in the accuracy of se-
lection. On the other hand, increasing the prior membership
data has no large effect on the probability value, but this leads
to a reduction in the size of the intersection between the prior
and posterior data and a decrease in the accuracy of selection
as well. A trade-off is needed between the membership proba-
bility and the percentage of selected data which represents the

Table 4: Conditional membership probabilities between ST-
TED closest data and pitch model closest data

ST-TED closest data (prior)
10% 20% 30% 40% 50%

Pitch 10% 0.28 0.25 0.23 0.21 0.20
model 20% 0.46 0.43 0.40 0.37 0.34
closest 30% 0.60 0.58 0.54 0.51 0.47

data 40% 0.72 0.70 0.66 0.63 0.60
(posterior) 50% 0.81 0.79 0.77 0.74 0.71

accuracy of the similarity. From Table 4 we can see that choos-
ing 10% for the text information and 30% from the prosody in-
formation gives good accuracy. The same experiment was car-
ried out for the other distance matrices. Table 5 illustrates the
probability of picking an exemplar from 10% closest exemplars
to the input for text information, and finding it in the 30% of
closest exemplars in prosody information, where the first three
rows represent the conditional membership probability calcu-
lated using independent models; the fourth and fifth represent
the conditional membership probability using the combinations
of similarity matrices, and the last two rows represent the condi-
tional membership probability of an exemplar belonging to two
similarity matrices (∧).

Table 5: The conditional membership probability for 10% clos-
est exemplars in text information, and 30% of closest exemplars
in prosody information.

ST-TED DEP-TED ST-TED+ DEP-TED

Pitch model 0.60 0.60 0.64
Pitch contour 0.51 0.49 0.52

Intensity contour 0.54 0.52 0.55

Pitch model + 0.61 0.59 0.63
Intensity contour
Pitch contour + 0.55 0.53 0.56

Intensity contour

Pitch model ∧ 0.38 0.36 0.40
Intensity contour
Pitch contour ∧ 0.35 0.33 0.35
Intensity contour

4.3. The effect of the number of exemplars

To determine the effect of the number of exemplars on the con-
ditional membership probability, different numbers of exem-
plars are used to calculate the conditional membership proba-
bility using 30% closest exemplars to an external example on
the prosody level and the 10% of closest exemplars on the text
level. Figure 2 shows the conditional membership probability
for different matrices along with different numbers of exem-
plars.

The results show a linear relationship between the condi-
tional membership probability and the number of exemplars in
the data. Increasing the number of exemplars results in an in-
crease in the membership probability but it also leads to an in-
crease in computational time and causes a reduction in the ac-
curacy of selection. For example, increasing the exemplar size
from 100 to 1000 yields an increase in the size of the data set i.e.
the best 10% of 100 exemplar yields a set of 10 exemplars while
the best 10% of 1000 exemplars yields a set of 100 exemplars.
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Figure 2: Conditional membership probability per number of
exemplars in percentage scale.

5. Discussion and Conclusion

This paper presented a set of experiments to examine the cor-
relation between the text information and prosody informa-
tion. Studying of the relationship between these two types of
information and defining a probability measure for this rela-
tionship provide the basis for identifying criteria for exemplar-
based prosody modelling [15]. Three experiments were per-
formed to achieve this goal. The first experiment showed a
significant correlation between three features of prosody infor-
mation; pitch model, pitch contour and intensity contour, and
two features from the text information; the syntactic and de-
pendency tree. The experiments showed a strong dependency
between the distance function and the correlation. In the sec-
ond experiment, the results indicated good conditional member-
ship probabilities for the correlated data, about 60% for pitch
model, 54% for the intensity contour and about 40% for the
pitchmodel ∧ intensitycontour when 10% from the text in-
formation and 30% from the prosodic information are chosen.
The third experiment showed a linear relationship between the
conditional membership probabilities and the number of used
exemplars, the more data it is used the higher membership prob-
ability it is observed, but this increases the computational time
and of course decreases selection accuracy. It is difficult to com-
pare these results with other approaches due to the fact that it
uses different features and methodologies to those employed
elsewhere; a comparison with other approaches will be possi-
ble when the results are incorporated into the speech synthesis
system.

The results of these experiments answered the main ques-
tions on the prosody and text levels and provide selection crite-
ria for exemplar-based prosody modelling. The importance of
this step is that it overcomes the shortcomings of traditional ex-
emplar selection, where the probability that the best exemplar
is chosen is very low. The next step involves integrating the
exemplar-based prosody model into unit selection speech syn-
thesis using the correlation between the text information and
prosodic information as a criterion to select an appropriate ex-
emplar from the corpus. Further work is required to investigate
the effect of using an intensity model instead of the intensity
contour on the correlation and also the relationship between the
duration and text information.
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