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Abstract
Automaticpredictionof pitch accent assignmentis an important
but challenging task in text-to-speech synthesis (TTS). Early
work in accent prediction relied on simple word-class distinc-
tions, but recentlymore sophisticatedinductive learningmodels
using multiple features have been applied to the problem. For
our neural network accent classifier, we developed a corpus that
was labeled according to judgments of accent assignment ap-
propriateness in synthesized speech rather than the usual ToBI
annotation guidelines. Because the resulting training set was
imbalanced, the baseline neural network we developed for this
task had a very high accuracy rate (84%) but performed only
slightly better than chance according to our ROC analysis. Bal-
ancing our training data using downsizing, oversampling, and
cost-based post-processing yielded significant improvement in
this informative measure. We anticipate that balance adjust-
ments and the inclusion of more complex features will lead to
further improvement.

1. Introduction

Human speech is characterized by modulations in pitch, en-
ergy, segment duration, and spectral properties that cause cer-
tain words in an utterance to be perceived as more prominent,
or accented. Part of being able to speak a language is knowing
where to place accents in an utterance; native speakers assign
accent with little thought or difficulty. Automatic word accen-
tuation prediction,however, remains a difficult task akin, in the
words of one researcher, to mind-reading [1].

Because speech with no pitch accents or incorrectlyplaced
pitch accents can sound unnatural and even confusing, the abil-
ity to automaticallypredict which words in an utterance should
be accented is an important task for text-to-speech synthesis
(TTS).Word accentuationcan be viewed as a classificationtask:
a word in an utterancecan be classifiedas either accentedor un-
accented. Early accent classificationrelied on only simple fea-
tures such as function/contentdistinctionsor part of speech [2].
Recent work, however, has made use of more complex seman-
tic and syntactic features as well as techniques from machine
learning, including hidden Markov models, rule-learning algo-
rithms [3], decision trees [4], memory-based learning [5], and
neural networks [6].

In this paper, we describe a neural network [7, 8, 9] ap-
proach to pitch accent prediction. We have chosen to use neural
networks to model word accentuation for a number of reasons.

* This material is based on work supportedby the NationalScience
Foundation under Grants No. 0205731 (ITR: Prosody Generation for
Child Oriented Speech Synthesis, Jan van Santen, PI)

In neural networks, mappings are learned from examples rather
than from a priori rules, which require human supervision, or
probabilities, which would require a large labeled corpus. Be-
cause we plan to use our accentuation model to predict pitch
accent placement in novel utterances, we also need a system
whose mappings extend effectively to new input data. Neural
networks are also able to model nonlinear and complex rela-
tionships,which we suspect will be important for this particular
task.

2. Descriptionof the corpus

The corpus consists of 16263 words that were obtained from
1030 sentences. The sentences were extracted from the AP
newswire using a greedy search algorithm in order to maxi-
mally cover the feature space generated by three features: part
of speech tag of the previous word, part of speech tag of the cur-
rent word, and part of speech tag of the next word. There were
72 possible types of part of speech tags. To label the words as
accented or unaccented, an innovative iterative perceptual pro-
cedure was used in which a labeler used markup tags to indicate
accented words in each sentence, synthesized the marked-up
sentence using a synthesizer and listened to the resulting syn-
thesized utterance. If the accentuationof any of the words was
perceived as incorrect, the markup tags were changed and the
rest of the process was repeated until the labeler was satisfied
with the word accentuation. The labeler also adjusted the punc-
tuation. For our project, the labeler was a female adult native
speaker of American English.

This iterative perceptual labeling procedure that we have
outlined has enormous advantages over the commonly used pa-
per and pencil accent labeling procedure. In case of the paper
and pencil labeling procedure, the labeler has to imagine (or
mumble to him/herself) what it would sound like if different
words were accented or unaccented. Whereas in case of the it-
erative perceptual labeling procedure, the labeler will be able
to listen and perceive clearly the result of accenting or unac-
centing different sets of words in a given sentence, which cer-
tainly makes the labeling task easier for the labeler, but more
importantly, it makes the obtained accent labels more suitable
for building a word accent predictor/classifierthat will be used
for TTS. It is an unavoidable fact that there exists an interaction
between accentuationand the TTS-specificacoustic realization
of pitch accents. For example, if a TTS system creates ugly
pitch accents then it is better to accent fewer words - a reason-
able heuristic that the labeler can use and test by employing
the iterative perceptual labeling procedure, thus making the ob-
tained accent labels more suitable for building a word accent
predictor/classifierfor text-to-speechsynthesis.



2476th ISCA Workshop on Speech Synthesis, Bonn, Germany, August 22-24, 2007

Of the 16263 words in the data, 2580 were labeled as ac-
cented while 13683 were marked as unaccented. The sentences
were passed through the OGI version of the Festival Speech
Synthesis System [10] to obtain the following set of eight fea-
tures per word:

1. word position in the sentence (ranges from 1 to n);

2. type of left phrase boundary (0 or B, boundary type);

3. type of right phrase boundary (0 or B, boundary type);

4. distance from the left phrase boundary (0, 1, or 2);

5. distance from the right phrase boundary (0, 1, or 2);

6. part of speech of the previous word;

7. part of speech of the word; and

8. part of speech of the next word.

The part of speech tags were mapped to seven categories:
“noun”, “verb”, “adjective”, “adverb”, “number”, “pronoun”,
and “other”. This mapping procedure was performed because
using all the part-of-speech tags initially produced (18) would
drastically increase the amount of training data required. In
addition, the tags mapped to the category, “others”, consist of
function words of which approximately93% are unaccented.

The accentuation labels are the targets in the classifier,
while the low-level syntactic and prosodic features obtained
from Festival are the training features of the classifier. A bi-
nary encoded training vector is obtained from the accentuation
labels such that the class value for each element in the vector is
0 or 1, indicatingunaccentedand accented, respectively.

The training features, which have a variety of scales, are
also normalizedso that their values range from 0 to 1. The word
position in the sentence is scaled to be between 0 and 1 using
the simple scaling formula: Xscaled = (X−Xmin)/(Xmax−
Xmin). The remaining features extracted from Festival are en-
coded as n binary inputs, where n is the number of values that
each feature can take. For example, the feature relating to dis-
tance from the left phrase boundary can assume three values: 0,
1 or 2. This feature in its normalized form is represented as 3
binary input units, {(1 0 0), (0 1 0), (0 0 1)}. Normalizing the
data in this manner yields a total of 32 scaled feature vectors
that will be used as inputs to the classifier.

¿From this corpus, 20% of the data was randomly selected
as a test set, and 20% was randomly selected as the validation
set. The remaining60% (= 9757 words) was used as the training
set to train the neural net classifier.

3. Measuring classifier performance

The corpus is highly imbalanced. In this two-class corpus, 85%
of the corpus is the class of unaccented words, while only 15%
of the corpus is accented words, the class of interest in this pre-
diction task. Since the training, test, and validation sets were
selected randomly, it can be assumed that each of these sets
contains a bias similar to the bias of the whole corpus.

Most classifiers trained on such a biased training set can
predict instances of the majority class with a high degree of ac-
curacy but have very low predictive accuracy on instances of
the under-represented class. The measure, classification accu-
racy (defined as the ratio of the number of correctly predicted
instances to the total number of instances in the test set) is not
a good measure for assessing the performance of a classifier
trained and tested on such biased sets. Classification accuracy
assumes a test set in which both classes are equally represented.
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Figure 1: The tangent-sigmoid(tansig) function
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Figure 2: The log-sigmoid (logsig) function

However, as in our case, if the two classes are distributed in
the ratio 85:15, and the classifier predicts the unaccented class
with 100% accuracy but misclassifies the instances of the ac-
cented class completely, the classifier accuracy would still be
85%. This metric would not reflect the fact that the class of ac-
cented words, which is the class of interest, is completely mis-
classified.

The metric better suited to such imbalanced datasets is the
area under the ROC curve. ROC refers to the Receiver Opera-
tor Characteristicsof a classifier. It is obtained by plotting the
true positive rate against the false positive rate, thus illustrat-
ing the tradeoff between these two quantities. The false positive
rate is the rate at which negative instanceswere misclassifiedas
positive, while the true positive rate is the rate at which posi-
tive instances were classified as positive. The ROC curve has a
0-to-1 scale on both axes.

The area under the ROC curve is a good metric for compar-
ing the performanceof different classifiers. The larger the area,
the better the classifier. A perfect classifier has an area of 1,
indicating a 100% true positive rate and 0% false positive rate.
A classifier that randomly guesses has a ROC curve that lies on
the diagonal line connecting (0, 0) and (1, 1) and has an area of
0.5. For our project, we will be considering the area under the
ROC curve as the metric for measuring the performance of the
classifiers that predict word accentuation.

4. Baseline classifier

The neural network classifier was created as a three-layer feed-
forward backpropagation neural network, using the Matlab
command,newff [11]. This command takes as input the max-
imum and minimum values of the input nodes, the number
of hidden neurons, the number of output neurons, the transfer
functions of each layer, and the network training function that
updates weight and bias values.

We selected tansig [12], the tangent-sigmoid function,
depicted in Figure 1 as the transfer function at the hidden layer.
The tansig function used in the Matlab Neural Networks
Toolbox, is mathematically equivalent to the hyperbolic tan-
gent function, whose output values range from -1 to +1. The
input data was accordingly normalized to lie on the -1 to +1



2486th ISCA Workshop on Speech Synthesis, Bonn, Germany, August 22-24, 2007

0 10 20 30 40 50
0.498

0.5

0.502

0.504

0.506

0.508

0.51

0.512
Area under the curve for different configurations of hidden node and step size

Different configurations

Ar
ea

 u
nd

er
 th

e 
cu

rv
e

 

 

Best configuration:
30 hidden nodes and
stepsize of 0.01

Figure 3: The change in area under the ROC curve for different
configurations of hidden nodes and step size and no momentum
values.

scale. The transfer functionwe selectedfor the output layer was
logsig [13], the log-sigmoid transfer function shown in Fig-
ure 2, whose output values range from 0 to 1, the desired output
range of our classifier. We selectedtraingdx [14] as the net-
work training function. This function updates weight and bias
values according to gradient descent momentum and an adap-
tive step size.

We specifieda single output neuron for this classifier. Since
the output transfer function is the log-sigmoidfunction, the out-
put values range from 0 to 1. The output value is treated as the
probability that the word is accented, and the word is classified
in the following manner: if the output value is less than 0.5, the
word is unaccented; if the output value greater than or equal to
0.5, the word is accented.

We also specified 30 hidden layer neurons, a learning rate
(or step size) of 0.01, and a momentum value of 0.6. The last
three values were obtained from a calibration process that is
described in Section 5. The weights and biases were randomly
specified by Matlab. Note that we used early stopping when
building our neural nets in order to avoid overfitting.

5. Calibrationof the neural net classifier

The calibration process was a two-step process. The first step
involved using no momentumvalues and systematicallyvarying
the number of hidden layer neurons and the step size (imple-
mented as a double for-loop in Matlab). The number of hidden
layer neurons were varied in this way: (5, 10, 15, 20, 25, 30,
33, 40, 45, 50). The step size was varied as follows: (0.00001,
0.0001, 0.001, 0.01, and 0.1). For each choice of hidden layer
neurons and step size, the neural net was initialized 10 times
with random weight and bias values.

For each initialization,the obtainedneural net classifierwas
used for accent prediction of the word examples in the valida-
tion set. Using the predicted values and the known true values,
the area under the ROC curve (AUC) was computed. For each
configuration of n hidden layer neurons, and step size m, the
mean AUC of the 10 initializations was plotted on a graph in
Figure 3. This was done for all 50 configurations that emerge
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Figure 4: The change in area under the ROC curve for different
momentum values for 30 hidden nodes and step size of 0.01

from the possiblevalues of step size and number of hidden layer
neurons. From the graph, the configurationwith 30 hidden layer
neurons and a step size of 0.01 was selected for the baseline
neural net, because it yielded the maximum mean AUC.

The next calibrationstep involved finding the best momen-
tum value. Using 30 hidden layer neurons and the step-size
of 0.01, the momentum values were systematicallyvaried from
0.1 to 0.9. For each momentum value, the neural net was ini-
tialized 10 times with random weight and bias values. Again,
the resulting neural net was tested on the validation set. and the
mean area under the ROC curve for each momentum value was
plotted on a graph, as shown in Figure 4. From this figure, we
found that the maximum mean AUC was obtained for momen-
tum value 0.6, which we selected as the momentum value for
the baseline.

6. Imbalancedtraining set
As shown in Figure 5, the baseline classifierhas a false positive
rate (= 100-true negative rate) of 0.8364% on the validation set
and 0.9158% on the test set. The low false positive rate indi-
cates that the baseline classifierpredicts unaccented words with
high accuracy (99.17% for the validationset and 99.08% for the
test set). However, it does not predict accented words well, as
indicated by the low true positive rate (2.3857% on the valida-
tion set and 3.2505% on the test set). It misclassifies most of
them as unaccented. This state of the classifier performance is
reflected in the metric, the area under the ROC curve, which
value is only a little over 0.5 for both the validation set and the
test set, indicating that the baseline classifier performs barely
over chance. (The classification accuracies of 84.1992% and
83.6766% on the validation set and test sets, respectively, are a
reflection of the high proportion of unaccented examples in the
test set, which the classifier learned to predict well, as discussed
in Section 3.)

To improve the performanceof the baselineclassifierwhich
was trained on a highly imbalanced training set, we employ
three techniques that have been demonstrated to improve the
classifier’s ability to predict the minority class: 1) Downsizing,
2) Oversampling,and 3) Cost-basedthresholding.Each of these
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Baseline NN Downsizing NN OversamplingNN Cost-basedNN
Valset Testset Valset Testset Valset Testset Valset Testset

AUC 0.5077 0.5117 0.6759 0.6419 0.6808 0.6457 0.6597 0.6483
TPR 2.3857 3.2505 62.8231 56.2141 70.7753 62.9063 68.1909 64.2447
FPR 0.8364 0.9158 27.6364 27.8388 34.6182 33.7729 36.2545 34.5788
Acc 84.1992 83.6766 70.8884 69.5973 66.2158 65.6932 64.4328 65.2321

Figure 5: Results of the performance of the four different types of classifiers on the validation set and the test set. AUC = area under
curve, TPR = true positive rate, FPR = false positive rate, Acc = overall accuracy

methods will be described in the next sections.

7. Solution 1: Downsizing
The first solution that we used to improve the performance of
the neural net classifier is called downsizing. Downsizing in-
volves removing random examplesof the over-represented class
(in our case, unaccented words) from the training set to match
the number of examples in the under-represented class (in our
case, accented words) [15]. This method is called downsizing
because the size of the balanced training set is smaller than the
overall training set. This method hinges on the concept that
the under-represented class is the class of interest, and all ex-
amples of that class need to be retained. In [16], it was found
that downsizingis effective in improving the performanceof the
neural net classifier.

For our project, we downsized the training set in this man-
ner 100 times. For each of the 100 repetitions, the neural net
was initialized with random weight and bias values; however,
in all repetitions,the 30 hidden layer neurons, step size of 0.01,
and momentum value of 0.6 were used. For each repetition, the
resultingneural net was tested on the examples in the validation
set, and the area under the ROC curve was calculated. After
100 repetitions, the neural net that maximized the area under
the ROC curve was selected as the optimal neural net classifier
obtainedby downsizingour trainingset, and it was tested on the
examples on the test set.

8. Solution 2: Oversampling
The second technique that we used to improve the performance
of the neural net classifier was oversampling. Oversampling
involves balancing the training set by duplicating random ex-
amples of the under-represented class [17] until the number of
examples in each class is equal. When the target concept (in
our case, ”is a word accented?”) is representedby fewer exam-
ples, oversamplingcan train the classifierto give more weight to
features determining the target concept. This method was also
studied in [16], and was found to improve the performance of
neural net classifiers. As the size of the training set increased,
however, downsizing outperformedoversampling.

For our project,we oversampledthe trainingset in this man-
ner 100 times. For each of the 100 repetitions, the neural net
was initialized with random weight and bias values; however,
in all repetitions,the 30 hidden layer neurons, step size of 0.01,
and momentum value of 0.6 were used. For each repetition, the
resultantneural net was tested on the examples in the validation
set, and the area under the ROC curve was calculated. After
100 repetitions, the neural net that maximized the area under
the ROC curve was selected as the optimal neural net classifier
obtained by oversampling on our training set, and it was tested
on the examples on the test set.

9. Solution 3: Cost-basedthresholding

Cost-based classificationis the third solution for improving the
performance of the neural net classifier on the word accentua-
tion task. This method looks at the different errors made by the
classifier in terms of relative cost [18]. Cost-based classifica-
tion is a post-process algorithm, i.e., the classification may be
performedusing any classifier that outputs the probabilityof an
instance being positive or negative. However, the probability
threshold that distinguishes the positive instance from the neg-
ative instance (so far, at 0.5) is not necessarily symmetric. It
takes the cost asymmetry into account as follows. Let:

• p, n be the positive and negative classes,

• Y, N be the classificationsproduced by a classifier,

• c(Y, n) be the cost of a false positive error,

• c(N, p) be the cost of a false negative error, and

• CR = c(Y, n)/c(N, p) be the cost ratio.

For an instance, E, the classifier outputs the probability
of being positive, p(p|E). The probability of being negative,
p(n|E), is computedas p(n|E) = 1−p(p|E), assuminga two-
class dataset. Thus, according to cost-based classification the-
ory, a word is classified as positive if p(n|E) ∗ CR < p(p|E).

For our project, we used the baseline neural net classifier
obtained in Section 4. We systematically varied the cost ratio
from 0.0001 and 2 with a step size of 0.001. For each value of
the cost ratio, we tested the neural net classifieron the validation
set and calculatedthe area under the ROC curve and plotted it on
a graph shown in Figure 6. ¿From this graph, we found that the
value of the cost ratio that maximizes the area under the ROC
curve is 0.1731. Thus, the cost ratio of 0.1731 in combination
with the baseline classifier formed the cost-based classifier.

10. Results and discussion
As the table in Figure 5 shows, the baseline neural net had the
highest overall accuracy but extremely low rates of both true
positives and false positives. We see that the area under the
curve is slightly larger than 0.5, indicating accent assignment
with this neural net is slightly better than chance. Earlier we
speculatedthat the imbalanced nature of our data, in which only
15% of elements are classified as positive (accented), would
lead to these kinds of results, since the classifier could learn to
always return negative and still achieve 85% accuracy. We in-
vestigated three different ways to alleviate the imbalance of our
data: downsizing, oversampling,and cost-based thresholding.

Figure 5 shows that the highest overall accuracy rate among
the three balanced alternatives, though still lower than the base-
line, comes from the neural network that was balanced using
downsizing (Acc = 69.59% in the test set). The false positive
rate of the downsized net is the lowest of the three alternative
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Figure 7: The performance of the four neural net classifiers in
terms of the area under the ROC curve.

nets. The true positive rate, however, while much higher than
that of the baseline neural network, is somewhat lower than the
true positive rates of the other two balanced models.

The performance measures of the neural network using
oversampling and the neural network using cost-based thresh-
olding are remarkably similar, particularly on the test set. We
observe only a slightlyhigher true positive rate in the cost-based
model (64.2447 v. 62.9063), accompanied by a slightly higher
false positive rate (34.5788 v. 33.7729). Notably, we see a
larger drop in true positive rate from the validation set to the
test set in the oversampled neural network than in the other two
models. We also observe that the results of the cost-based clas-
sifier are more consistentacross the validation and test sets that
those of the other balanced neural networks.

Figure 7 illustrates perhaps the most interesting observa-
tion: our key metric, the area under the ROC curve, is roughly

the same for the test set in all three balanced neural networks
(0.6419, 0.6457, 0.6483) and is noticeably higher in all three
balanced nets than in the baseline (0.5117)

Since all three balanced neural networks had similar AUC
measures, choosing the ideal accentuation classifier from the
three balanced neural networks will depend on other factors.
Accenting a word that should be unaccented is perceived as
much more “wrong”than leaving a word unaccented that should
be accented. We therefore might prefer the downsized model,
since its false positive rate is the lowest of the three. On the
other hand, if we are concerned about replicating our findings
with new data, we might select the neural network with cost-
based thresholding since its performance was more consistent
between the validation and test sets.

We had hoped to compare our results to those reported in
other recent research in pitch accent prediction using machine
learning techniques. Few of these results, however, include
measures such as the area under the ROC curve or the false
positive and true positive rates. Pan and McKeown [3] report
70-74% accuracy rate with their word-informativeness-based
HMM and RIPPER models, a significant improvement over the
52% baseline they assume given the composition of their data
set, in which 52% of words are accented. Unfortunately, they
do not report other measures of accuracy. In addition, the com-
position of their data is so different from ours, in which only
15% of words were accented, that a comparison between the
two modelsmight not be valid. Similarly, Hirschberg [4] reports
overall accuracy of 80-98.3% with both hand-written rule sys-
tems and classificationand regress trees, but fails to report other
measures. Ross and Ostendorf [19], who also used CART tech-
niques, realizedsimilarlyhigh accuracy, but we cannot compare
their results to ours since they predicted accent on the syllable-
level rather than word level.

One valid point of comparisoncomes from Marsi et al. [5],
who report both higher accuracy (86%) and a higher true pos-
itive rate (or recall, 82-88%) than we achieved with our neural
network. Their data set, however, was more balanced(one-third
of words were accented), and their feature set was far richer.

The most telling results are found in Müller and Hoffman
[6], who also used neural networks to model accent prediction.
Their word-level neural network classifier achieved 84.5% av-
erage overall accuracy, with a low false positive rate (9.3%) and
a high true positive rate(85.5%), both of which are noticeably
better than the results we found. The HMM they developed
using the neural network output for the emission probabilities
had very similar accuracy, false positive rate, and true positive
rate. We suspect that their trainingdata was more balanced than
ours, given that they included secondary and emphatic accents,
while we consideredonly primary accent. In addition, although
their feature set was similar to ours, they looked at potentially
very long sequences of parts of speech and phrase break loca-
tions rather than the simply the properties of the immediately
adjacent words.

11. Conclusions
The three techniques we used to balance our unbalanced data
set yielded noticeable improvements over our baseline neural
network in the measure of area under the ROC curve and the
true positive rate, two of our key metrics. We expect to see
further improvement by expanding our feature set to include
higher-level syntactic properties, such as parent node or depth
in the syntactic tree, more precise information about the loca-
tion of the previous accented word and phrase break [6], and
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semantic features, such as word informativeness [3, 5] or the
features used with success in data-to-speech systems [20]. In
addition, we might see gains from using training data that are
nearly but not perfectly balanced, given Estabrooks’ [21] find-
ings that downsizing and oversampling achieve their lowest er-
ror rates when the training set is slightly imbalanced. Finally,
we would like to investigate training our neural net with other
corpora. Our corpus was labeled to maximize the naturalnessof
TTS output, which seems to have resulted in an imbalance not
seen in the corpora used in other machine learning approaches
to accent prediction. Our goal in choosing this labeling process
was to create a word accentuationmodel that would translateel-
egantly to real-world speech synthesisapplications,but perhaps
by training with a less skewed set of training data, we can real-
ize the recall and accuracy reported elsewhere in the literature.
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