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Fundamental frequency(F0) and duration are two important factors in prosody, map the linguistic features of input text to the prosodic features of a speaker,
and a significant amount of work has been done to model them in statisti- i.e., if D(xi ) denotes the DNN mapping of xi , then the error of mapping is
cal parametric speech synthesis. However, conventional techniques assume given by ε = ∑ kyi − D(xi )k2 is defined as
conditional independence between F0 and duration, and model them sepe n+1 )
arately. This paper proposes an approach to jointly model the high-level
D(xi ) = d(z
(4)
behaviour of F0 contours and duration within a deep neural network framezn+1 = d(w(n) d(zn ))
(5)
work.
e )=ϑ
d(ϑ ) = a tanh(bϑ ), d(ϑ
(6)
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Relation to prior work

Statistical parametric speech synthesis(SPSS) based on hidden Markov models (HMMs) [4] has flourished for many years now and offers greater flexibility to change its voice characteristics than concatenative speech synthesis
approaches. Most recently, neural networks have re-emerged as a potential
acoustic model for [3, 5] following their success in deep learning for ASR.
However, the naturalness of synthesized speech is still generally neutral in
terms of prosody and cannot compete with good unit selection systems. One
likely reason for this is that pitch variation continues to be modeled locally
at the frame level and these models unable to capture long-term behaviour
in the pitch contour. Additionally duration is always predicted first and independently of the pitch.
The Discrete Cosine Transform (DCT) is often used to represent F0 at
higher levels, which is able to compactly represent complex contours. The
Continuous Wavelet Transform (CWT) has also been proposed to improve
F0 within the HMM-framework [2]. Here some improvements were seen in
the accuracy of F0 modeling. The work proposed in [1] explored a multilevel representation of F0 by combining both DCT and CWT transforms and
modeled at different wavelet scales with each scale representing the variations in F0 contour from utterance/phrase level to phoneme level. However,
all these approaches require separate models to predict state-level duration
first and then use it here to predict the contour.
The novelty of this work is to jointly model duration and the F0 contour
above the frame level using on deep neural networks. For this, the DCT
representation of F0 contour, the duration of phone and its states are used as
input features to the network. This ensures the training to learn the phoneme
duration along with state duration with least deviation in between them. In
the current work, we also investigate the use of bottleneck features [3] from
the DNN as a richer representation of prosodic context to supplement the
input. Since, the proposed approach learns the representation at phoneme
level, the addition of bottleneck features provide wider context to help the
network learn more accurate longer-term variations in F0 contour.

where n represents number of hidden layers and w(n) represents the
weight matrix of nth hidden layer of the DNN model. We tried different
architectures by varying the total number of hidden layers from 3 to 6. The
best architecture with minimum generation error was found out to be with
6 layers consisting of 1024 nodes in first two hidden layers and 128 nodes
in the subsequent four hidden layers. Since the number of input nodes are
more in number compared to output layer, the architecture [1024 1024 128
128 128 128] performed better than all other architectures during training.
In another system, a first DNN with architecture [1024 32 1024 1024
1024 1024] is used to extract 32-dimensional bottleneck features with 10
frames context and are stacked with linguistic features as input to a second DNN with architecture [6*1024] to predict prosody features. The bottleneck features represent activation at the hidden layer for each phoneme.
The weights generated during DNN training are used to estimate the contour
shape (c1 - c8 ) and mean f0 . With the help of IDCT and voiced/Unvoiced
(V/UV) values from the baseline DNN, the F0 contour is reconstructed and
the output F0 values are normalized to zero based on the predicted value of
V/UV (if V/UV < 0.5). A STRAIGHT vocoder is used to synthesize the
waveform using the predicted Mel-Cepstral, BAP features from the baseline DNN’s frame-by-frame mapping and F0 from the proposed method. A
speech database from a British male speaker (Nick) was used in the experiments. Objective evaluation is shown in Table 1.
Table 1: Objective evaluations on Nick Database
F0 contour(Hz)
Duration(Frames)
Method
RMSE CORR
RMSE
HMM-GV
9.90
0.782
6.05
Baseline-DNN
9.34
0.812
DCT-DNN
9.00
0.818
5.15
DNN-DNN
8.86
0.825
5.24

We have proposed the use of joint modeling of F0 and duration in current state-of-the-art DNN-based speech synthesis. It has been shown that
Let xi = [xi (1), ..., xi (dx )]T and yi = [yi (1), ..., yi (dy )]T be static input and discrete cosine transform is a good representation of F0 contour and can
target feature vectors of phoneme i where dx and dy denote the dimensions be modeled using deep neural networks much better than frame level F0
of xi and yi , respectively, and T denotes transposition. The input features modeling. Objective evaluation also suggest that these are quite effective.
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f0 ERB = log10 (0.00437 ∗ f0 + 1)

(1)

∑

duration, si , ..., si represents duration of states. The DNN is then trained to

