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ABSTRACT Gaussian process, which is parameterized by mixed-phase complex
cepstrum. Its training algorithm which can run sequentially in a
ample-by-sample or segment-by-segment manner is also derived.
The rest of the paper is organized as follows. Section 2 defines
signal model and the waveform-level probability density func-
ion. Section 3 derives the training algorithm. Preliminary experi-
ental results are presented in Section 4. Concluding remarks are
g}en in the final section.

This paper proposes a novel acoustic model based on neural n
works for statistical parametric speech synthesis. The neural net-
work outputs parameters of a non-zero mean Gaussian procesg,
which defines a probability density function of a speech wavefor

given linguistic features. The mean and covariance functions o
the Gaussian process represent deterministic (voiced) and stocha
(unvoiced) components of a speech waveform, whereas the previo
approach considered the unvoiced component only. Experimen-

tal results show that the proposed approach can generate speech WAVEFORM-LEVEL DEFINITION OF PROBABILITY
waveforms approximating natural speech waveforms. DENSITY FUNCTION OF SPEECH

Index Terms— Statistical parametric speech synthesis; neurab 1. signal model
network; wavefom
This paper adopts the signal model shown in Fig. 1. Thus, the
probability density function of a discrete-time speech signak
[£(0),z(1),...,z(T —1)]" corresponding to an utterance or

Typical statistical parametric speech synthesis systems first extra\é'thOle speech database is assumed to ero meastationary

a set of parametric representation of speexh,(cepstra [1], line aussian process, which can be written as

1. INTRODUCTION

spectrum pairs [2], fundamental frequency, and aperiodicity [3]) then p(x | \) =N (z;He,p, Be,) (1)
model relationships between the extracted acoustic parameters and Y “
linguistic features associated with the speech waveform using aghere) is the model parameter sgt= p(0),p(1),...,p(T — 1)]T

acoustic model [6] €.g, hidden Markov models [4], neural net- is a pulse sequence having valuat pitch mark positions otherwise
works [5]). There have been a couple of attempts to integrate acoug-

tic feature extraction into acoustic modeling, such as the log spec- p=10,...,0,1,0,...,0,1,0,...,0,1,0,.. ,’O]T , )
tral distortion-version of minimum generation error training [7], sta-

tistical vocoder [8], waveform-level statistical model [9], and mel- andH. is a deterministic component mattigiven as

cepstral analysis-integrated hidden Markov models [10]. h(0) h(=1) - h(=T+1)
Tokuda and Zen recently proposed a neural network-based ap- . .
proach to integrate acoustic feature extraction into acoustic model- H,, = | " rO , (3)
ing [11]. Here, a neural network outputs parameters oéramean : S e
Gaussian process, which defines a probability density function of R(T=1) - h(1) h(0)

a speech waveform given linguistic features. The covariance func- ) . .
tion of the Gaussian process is parameterized by minimum-phadi10se elements are given by the impulse response of the mixed
cepstrum. The network weights are optimized so as to maximiz8hase system functioH, (z):

the log likelihood of the Gaussian process given corresponding pairs 1 [ ) )

of speech waveforms (target) and linguistic feature sequences (in- h(n) = 2—/ H,(e?) e’ dw. (4)

put). This approach can overcome the limitations of the previous TS n

approaches, such as two-step optimization (acoustic feature extragy ihis paper, we assume that the system funchioriz) generating

tion — acoustic mod_eling), use (_)f spectra rather ¥han waveforms,giced component(t) is parameterized by complex cepstremas
and use of overlapping and shifting frames as unit. However, the

speech signal model used in this approach has only a stochastic (un- ) M )
voiced) component, whereas human speech has both stochastic and H,(e’) =exp Z co(m)e ¢, (5)
deterministic (voiced) components. m=—M
This paper extends the previous approach [11] to have both the -
voiced and unvoiced components in its speech signal model. A neitherec, = [cu(=M), ..., ¢y(0),. .., co(M)] . The systent], (z)

ral network outputs parameters ofhan-zeromean Gaussian pro- should not modd‘elaysince it causes an under-determined problem
cess, which defines a probability density function of a speech wave- 1atnough we assume that andp are infinite sequences, they are de-

form given linguistic feature_s. The deterministic (VOiCEd)_ComPO‘scribed as finite sequences for notation simplicity. When they are finite se-
nent of a speech waveform is modeled by the mean function of thquencesH should be a circulant matrix rather than a Toeplitz matrix.
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Pulse train Mixed  Voiced 2.2. Non-stationarity modeling

t phase = component ) .
p(t) o(t) Equation (12) can be rewritten as
> Hy(z) Speech T 1 -
o) 2(t) logp(z | ) = -3 log 27 + 3 log ‘Ac“ Ac,
e(t)~ N(0,1) —»{H,(2) - % (Ac,z — Gp)" (Ac,xz —Gp), (13)
White noise u(t)
Minimum  Unvoiced whereG = A., H., is given as
phase component
9(0) g(=1) -+ g(=T+1)
Fig. 1. Speech signal model. G=| M 90 (14)
D e
g(T'=1) - g(1) g(0)

when we estimatél, (z) and pulse positions gf(t) simultaneously.
The complex cepstral representation can avoid the problem becaugsd g(n) is the impulse response of the system functiofx) =
it intrinsically does not represedelayof the system. H,(2)H;* (2):

The covariance matri¥., is given as

M
7(0) r(1) - r(T-1) G(e') = exp Z {eo(m) — cu(m)} e 7™,
. . m=—M
r(1) r(0) - .
e S ) (cu(m) = 0,m < 0), (15)
; PEERE))
r(T—=1) - r(1) r(0) that is,
1 . jw jwn
where g(n) = E/ G(e?) " dw. (16)
1 T jw 2 jwk -

r(k) =5 [W Hu ()| %" dw, @) To model the non-stationary nature of the speech signa

‘ assumed to be segment-by-segment piecewise-statiopdsy: in
and |Hu(e’“)\2 is the power spectrum of the unvoiced componentEq. (10) and& in Eq. (14) are redefined as
u(t). This paper assumes that the corresponding minimum-phase

system functionf, (=) is parameterized by minimum cepstrum . .
as o a(i(—.)l) (0) ( .(>) .
. ) a'® (1) a'"(0) 0
Hu(ejw) = exp Z cu(m) 67]wm7 (8) a( (1) oM (0) 0
m=0 Acu = . . . L
wherec, = [cu(0), cu(1), cu(2), ..., cu(M)]T. The inverse of the OO I
covariance matri.. can be written as the same form in [11] as < &) oFD(0)
B = Al Ac,, ©) - ar
where and
a(0) 0 - 0 r b
A a(l) a(0) R 10 ’ g(i—l-)(m gD (—1
o - (10) N R S
a(T-1) -~ a(l) a(OO> G- g gt (0) ¢ (-1)
anda(n) is the impulse response of the inverse system given as )
g("“)(l) g(')(g) g(")(—l)
1 - . ] gD (1) gD (0)
a(n) = o /_7r H, (7)™ dw. (11) I ]
(18)
From the above definition, the logarithm of the probability den-where: is the segment index, is the size of each segment;) (n)
sity function can be written as is the impulse response of the inverse systefi gt () represented
by cepstrum
logp(x | ) T102+1lo ‘ATA T
—_— T4 = . . ) .
or g BT T g8 R e o) = [ (), ().... . (an)] (19)

L @-H.p)T Al A, (@—H.p) (12

2 as in Eq. (8) for the-th segment, and(” (n) is the impulse response

where the model parameter set is givendas= {c.,c.,p}. We Ofthe systenG")(z) represented by cepstrueti’ and
assume that pulse positionsgnare extracted by using an external ) ] ) ) T
pitch marker and therefopeis fixed in the following discussion. V) = [Cg)(*M), o e(0), CS;”(M)] (20)
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as in Eqg. (15) for the-th segment. Pulse train
Here the model parameter set of the probability density func- T Pt

tion p(x | A) can be written a8\ = ¢ = {c., .}, Wheree, = L e 22
0 1 I—-1 0 1 I—1 . 1
{c£)7c£)7...,c§, ) ,cu:{c;),ci),.,.,cqs )},andIIS W e _HTH_‘
the number of segments #ncorresponding to an utterance or whole S Py Y LU
speech database, and thiis= L x I. Note thatp is omitted from

) since it is assumed to be fixed in this paper. Speech

Y
[ ‘

) I d) J|---

3. TRAINING ALGORITHM

Cepstrum 1 Derivatives

3.1. Derivative of the log likelihood

With some elaboratiohthe partial derivative of Eq. (13) w.r.}” 58
. . . ®©
can be derived a8 = dlog p(z | ¢)/dc!) = [dff)(—M), e E >
Q
) . T o
dq(f)(O), sy d«(f”(M)] , Where o Back propagation
) L-1 . Linguistic
d¥(m) = Z eNLi+ k) fO(Li+k—m), (21) features
k=0 | Linguistic feature extraction |
and £ (t) is the output of7¥) (z), whose input i) (%), i.e.
; — TEXT
O =3 g m)p(t —n), (22)
- Fig. 2. Block diagram of the proposed waveform-based framework
The signak® (¢) is given as (M =2,L =1,ie.i=t). The element can be realized in the
training phase because it is in affline processing mode. For nota-
D) =) — fP), (23) tion simplicity, here acoustic model is illustrated as a feed-forward

neural network rather than long short-term memory recurrent neural
wheres(®) (1) is the output of the inverse di{” (z), whose inputis ~ Network (LSTM-RNN).

z(t), i.e.
sO(t) = Z a D (n) z(t —n). (24) s (¢) can be calculated as the output of the inverse syste_m
oy whose parameters change segment by segment as follows:
. - (i) : ) i
' The partial derivative qf Eq. (l??) W.I&y ‘ can also b? derlver as RO! (t) = s(t) = Z ar(n) z(t — n), @7
d) = dlogp(a | €)/0e) = [d(0).dP(1).....d (1) n=0
where where

, L1 , ar(n)=aP(n), t=1Li,...,Li+L—1 (28)
dD(m) = 3" €@ (Li+ k) e®(Li+ k—m) — S(m)L, (25) '

k=0 2. As an approximation, inverse filtering in Eq. (27) can be
] o ) efficiently calculated by the log magnitude approximation
andd(m) is the unit impulse function. (LMA) filter ® [12] whose coefficients are given by

— (1) — T ;
3.2. Sequential algorithm “Cw=—ew, t=Li... LitL-1 (29
The same approximation can be applied to calculatiosidft)
in Eq. (24), except that the system functi6iz) corresponding to
Eqg. (22) is decomposed into minimum- and maximum-phase com-
ponents a&i(z) = G4(z)G-(z), where

For calculating the impulse respons®’ (n) or ¢ (n) using a re-
cursive formula [13]O(M N) operations are required at each seg-
menti, even if it is truncated with a sufficiently large number/éf
Furthermore, for calculating® (¢) in Eq. (24) orf ) (¢) in Eq. (22),

O(N(M + L)) operations are required for each segment v M v
First, to reduce the computational burden in calculatifigyt) Gi(e™) =exp > {eu(m) —cu(m)} ™7™, (30)
in Eq. (24), the following two approximations are applied; m=0
-1
1. By assuming G_()=exp 3 cu(m)e M, (31)

. i1 m=—M
sOW) = e V), t=Li—M,...,Li—1 (26)

3The LMA filter is a special type of digital filter which can approximate
2Similar derivation can be found in Egs. (14) and (16) in [12]. the system function of Eq. (8).
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Each of them are implemented in the LMA filter structure. However,

G_(z) is an anticausal system whi{&, (z) is a causal system, and

thusG_ (z) should run in a time-reversal manner. .
With the above approximations, a simple structure for training

the neural network acoustic model, which represents a mapping 25001

from linguistic features to speech signals, can be derived. It can 2

run in a sequential manner as shown in Fig. 2. This neural net-

— Natural — Predicted o GCI

25091

Lt bl o e bt bl et e
ALl L (i bl
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25091

work outputs cepstrune given linguistic feature vector sequefice 0 b Vﬁwﬂﬁ A A A A
1= {l((’),l(l), . ,l“*l)}, which in turn gives a probability den- YYV VY
sity function of speech signals corresponding to an utterance or T T T T T
whole speech database conditioned as 26001

/’V\vﬁ\vﬁ\vf\vmv/\\vﬁvﬂvf\vf\\vﬁkvﬁ
where M denotes a set of network weighis(l) is given by acti- e —
vations at the output layer of the network given input linguistic fea-
tures, and the RHS is given by Eq. (12). By back-propagating thgsig. 3. A segment of the generated speech waveform for a sentence
derivative of the log likelihood function through the network, the “Tiyg elect only two” not included in the training data.
network weights can be updated to maximize the log likelihood.

It should be noted that the proposed approach optimizes the

acoustic feature extraction part and acoustic modeling part simul- 14 reduce the training time and the impact of having many si-
taneously. As a result, better modeling accuracy can be expected. |ences, 80% of silence regions were removed. After setting the

network weights randomly, they were first updated to minimize the
3.3. Synthesis structure mean squared error between the extracted and predicted acoustic fea-

tures. Then the last layer was replaced by a randomly initialized
The speech waveform can be generated by sampiirftom the  output layer with 119 unifsand linear activation. After updating
probability density functionp(z | !, M). It can be done by the weights associated with the output layer, all weights in the net-
using the signal model structure shown in Fig. 1. By decomposwork were updated by the proposed sequential algorithm so as to
ing H,(2) into minimum- and maximum-phase components asmaximize the log likelihood of Eq. (12). They were first updated
Hy(2) = Hoy (2)Hy—(2), the system function&l, . (2), Hv—(2) by non-distributed Adam [18] then distributed AdaGrad [19]. The
and Hy(z) can be implemented by using the LMA filter structure, mini-batch back propagation through time (BPTT) [20] algorithm
where H, ;. (z) runs in a time-reversal manner. It should be notedwas used [17] in both cases. Dropout [21] stochastic regularization
that we need an external, predictor for generating the pulse train (5096) was used throughout to prevent overfitting.

S

plx | L, M) =N (z; Heyp, Ze)) (32)

p(t). Fig. 3 shows a synthesized speech waveform generated from the
trained neural network. It can be seen from the figure that a speech
4. EXPERIMENTS waveform approximating the natural speech waveform is generated.

Speech data in US English from a female professional speaker was 5. CONCLUSIONS

used for the experiments. The training and development data sets
consisted of 35,497 and 100 utterances, respectively. A speakekn acoustic modeling approach based on neural networks to statisti-
dependent unidirectional LSTM-RNN [14] was trained. cal parametric speech synthesis was proposed. The network outputs
The linguistic features derived from speech data, transcriptiongyarameters of @on-zeromean Gaussian process, which defines a
and alignments, included 560 linguistic contexts, 10 numerical feaprobability density function of a speech waveform given linguistic
tures for coarse-coded position of the current frame within the curfeatures. The stochastic (unvoiced) component of a speech wave-
rent phoneme, and one numerical feature for duration of the curreiiorm is modeled by the covariance function of the Gaussian process,
phoneme. parameterized by minimum-phase cepstrum, whereas the determin-
The speech data was downsampled from 48 kHz to 16 kHzstic (voiced) component is modeled by the mean function of the
Then 0-39 mel-cepstrum, 5 band aperiodicitylog Fy, and 1 ~ Gaussian process, parameterized by mixed-phase complex cepstrum.
voiced/unvoiced binary flag were extracted at each frame. GlotHs training algorithm which can run sequentially on speech wave-
tal closure instants (GCI) locations were also extracted usingorm inasample-by-sample or segment-by-segment manner was de-
REAPER [15]. Both the input and output features were normalizedived.
to have zero-mean unit-variance. The architecture of the LSTM-  Future work includes simultaneously estimating pitch marks in-
RNN had 1 feed-forward hidden layer with 256 units and recti-cluding fractional pitch search in the model training. One of the
fied linear (ReLU) activation [16] followed by 3 forward-directed limitations of this approach is that both acoustic modelihg( c)
LSTMP [17] hidden layers with 512 memory blocks and 256 pro-and waveform modelinge( — «) error goes to the unvoiced com-
jection units, 1 feed-forward hidden layer with 256 units and ReLUponent. Introduction of a covariance structure for the voiced compo-
activation, and an output layer with 47 ufiiend linear activation. nent can alleviate this problem. Performance evaluation in practical
7 — — o conditions as a text-to-speech synthesis application is also included
Th_e definition of the linguistic feature vector used in this paper can bgn future work.
found in [5] and [14].
5t included 0-39 mel-cepstrum, 5 band aperiodicitylog F, and 1 81t included 0-39 minimum-phase unvoiced cepstrum, 0-39 minimum-
voiced/unvoiced flag. phase voiced cepstrum, and 1-39 maximum-phase voiced cepstrum.
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