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Abstract

In this paper, we propose a discriminative trainifigT)
method to alleviate the muffled sound effect caulsgdver
smoothing in the Gaussian mixture model (GMM)-basgide
conversion (VC). For the conventional GMM-based V@& w
often observed a large degree of ambiguities anamogistic
classes (generative classes), determined by theeséeature
vectors for generating the converted feature vegtoausing
the “muffled sound” effect on the converted voicEhe
proposed DT method is applied to refine the paramaéh the
maximum likelihood (ML)-trained joint density GMM
(JDGMM) in the training stage to reduce the ambigsi
among acoustic classes (generative classes) teiaddethe
muffled sound effect. Experimental results dematstithat
the DT method significantly enhances the discrirtivtea
power between acoustic classes (generative clagse)e
objective evaluation and effectively alleviates thmffled
sound effect in the subjective evaluation.

Index Terms. Voice conversion, discriminative training,
GMM.

1. Introduction

Voice conversion (VC) is a technique that transforns
source speaker’s voice to that of a specific taspetaker [1-
12]. The overall VC includes two parts, namely sp#cand
prosody conversions. This study focuses on the tispec
conversion (SC). Many SC approaches have been pmjose
the past. Among them, the GMM-based SC is a suitdense.
Although the GMM-based SC has been proven effective
several issues remain, e.g., the muffled soundcteffe-8],
time independent mapping [3,9], and the limitecifidity of
the GMM-based SC framework [10]. In this study, weus
our attention on handling the muffled sound effethe
muffled sound effect occurs when the spectra areotimed
overly. Several methods have been proposed to dahdi
problem [3-8]. Erroet al. [4] and Godoyet al. [5] tackle this
problem by enhancing the converted spectral eneeldp
dynamic frequency warping (DFW). Todgal. [3] handle the
problem by incorporating the global variance (Gwjoi the
maximum likelihood (ML)-based conversion.

Our previous works [6, 7] proposed to tackle therev
smoothing problem by increasing the dependency dmivthe
source and target feature vectors. The maximum ahutu
information (MMI) criterion was incorporated in the
conversion [6] and training phases [7] to incretse quality
of the converted voice. Different from our previousrks, this
study investigates to tackle the probldm increasing the
discriminative power between acoustic classes rfiedeto as
generative classes in the following discussion).

By analyzing the conventional GMM-based SC and its
generated sounds, we observe that a large degree of
ambiguities among generative classes, determinedthly
source feature vectors, can cause the convertegs/sound
“muffled”. Therefore, an effective way to handlestmuffled
sound effect is to reduce the degree of ambiguiie®ng
generative classes. In this study, we propose aidimative
training (DT) method to enhance the discriminatp@wer
among generative classes and to overcome the owasthing
problem. To evaluate the proposed DT method, wetatie
posterior probability, denoted as Posterior, of ausdian
component (generative class) given the source vagcéhe
measure. Additionally, a formal listening test enducted as
the subjective evaluation. Evaluation results gomfihat with
the proposed DT method, the Posterior score isremth and
the muffled sound effect is effectively alleviated.

The remainder of this paper is organized as follows
Section 2 reviews the GMM-based SC with ML-based
trajectory mapping, and discusses the over-smogtmiablem.
Section 3 describes the proposed method. Sectipregents
our experimental results. Our conclusion is giverthe last
section.

2. GMM-based spectral conversion

2.1. Traininga JDGMM

Let X =[ X[, X] X} ] and Y :[YJ,---,YJ,---,YTT]T
be the source and target feature vectors, respégtiboth
feature vectors consist df feature framesX, =[x, xg 1"

and Y, =[y{,y,]" are the D-dimensional source and target

feature vectors consisting &f static andD dynamic feature
vectors at framet. The superscript T denotes the vector
transposition. A joint density GMM (JDGMM) is empked to

model the joint feature vectof, =[X/,Y,]" as
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2.2. ML-based trajectory mapping
In the conversion phase, the ML-based trajectorgpima
[3] is adopted to obtain the converted static feagequence
ys as
Jo=argmaP ¥ K 0P ), sty =Wy, , )
where W is a DT-by-DT weighting matrix (given in [3]) for
computing the joint static and dynamic features;
P(Y | X,09) is the conditional probability density function
(PDF) given as
P(Y [X,0®)= Y P [X .0 P X mE®),

allm
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where m=[m,---,m,---,m;] is an arbitrary mixture
component sequence. (3) can further be represesnted

P(Y1X.07)= []3PmIX, % PV, IX, mO% ), (4)

m=1

where
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The mean vector and the covariance matrix of the
conditional PDF,P(Y, | X,,m,0®), are given as

Bt = AGX + b, TP =T A ZIOALL(7)

where the transformation matrx, and the bias vectdo, are
given as

— y(YX) g (XX)-1 — () _ (X)
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In practical implementation, a suboptimal solutisroften
employed to ML-based trajectory mapping [3]. The
conditional PDF,P(Y |X,0®) in (2), can be approximated
asP(Y |X,09)=Pm |X 0@ P [X m 9% ), where the
mixture  component sequence is determined by
m=argmax (m X ©“ . As a result, the converted static
feature sequencg?S can be obtained by substituting the
approximated conditional PDF into (2) as

Js=argmax i K 0 P Y K O® ) st =Wy, ©)
zargmakP ¥ K ;i 0¥ ), s =Wy, .

2.3. The over-smoothing problem

From (9), each converted feature vector is mainly
generated from its corresponding acoustic classxt(ma
component) modeled by the conditional PDF,

P(Y, | X,,Mm6%), or equivalently,P(Z, | ,0%) ; where the
acoustic class (generative clasB) is determined by the
source feature vector at framby m=argmaxP (n X, @@ .

To estimate the degree of ambiguities among gemerat
classes, we use the posterior probability as thesore score

1

F(Z:0%) == logP(|Z, 0®). (10)

Notably, a lower posterior probability score indes a
larger degree of ambiguities among generative etads our
experimental results, as will be shown later, wermbbserved
a large degree of ambiguities among generativesetam the
ML-trained JDGMM. A possible reason for this is dioethe
one-to-many problem [11, 12], which occurs whenirgls
group of source features is associated with meltggbups of
target features. Consequently, the converted veigenerated
from ambiguous generative classes and sounds “edifflTo
overcome the “muffled sound” effect, this study ides a
discriminative training (DT) method to refine theLNtained
JDGMM to alleviate the ambiguities among generatiasses
and accordingly the “muffled sound” effect.

3. The proposed discriminative training
method

The goal of the proposed DT method is to deterntiree
parameter set0® in the JDGMM that maximizes the
posterior probability in (10). Notably, maximizinghe
posterior probability to alleviate the ambiguit@®song classes
is known as one of the most popular discriminatizning
methods in pattern recognition (equivalent to thaximum
mutual information (MMI) training in the field ofudomatic
speech recognition (ASR) [13]). Different from the
discriminative training methods employed in ASR][A8hich
aim to improve the recognition performance, the m&thod
here is to alleviate the “muffled sound” effectSe.

In the implementation, we first prepare an ML-tein
JDGMM with the parameter se®® . Then, the generative
classm is determined by the source feature vector at frame

asm=argmaxP (m X, @ . Finally, the updated parameter

set ©® can be obtained by maximizing the objective fusrcti

in (10). For ease of deriving the parameters, the objective
function in (10) can be further written by using tBayes’ rule

as

1o P(M| X, ,0P)P(Y, |X, mO%)

= M !
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where@® ={A b a, 40, L0 TP The proposed

DT method adopts a gradient-based approach to eigtat
parameters in@% . In this study, we only update the
transformation, bias, and covariance parameters,, i.
{A, b YAV - the remaining parameters are kept the
same as those of the ML-trained JDGMM set. Ouripieary
experiments show that applying DT on the compler@ameter
set @@ only slightly improves the objective function in1{l

For simplicity, we denote the parameter at, b , 2™}

F(xt,vt;e“)):%Z

by @, in the following discussion. The gradient-based
method update$p by

T 9l,(X,,Y;09)
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wheren denotes thaith iteration numberg is the step size,
and

P( X, 0@)P(Y, X, M O%)
S PUX,,0P)P(Y, X, 1.0@)

14(X,,Y,:09) = log .(13)



To calculate the partial derivatives of (13) witsspect to
A, ,b,, and ZU'™ (where ZU'™ is positive definite), we
frrst transform the parameters to an unconstradwdain [14],
8,g = a4/, Bug =b,, /0% and G0 =loga'¥,
respectively, fora,,, b, , and o'l ; d represents theth
dimension; a,, is the dth dlagonal element of the
transformation matrixA ; b, is thedth element of the bias
vector b ; ol is the standard deviation value of the
conditional PDFP(Y [X,,mO0®). Then, by applylng the
partial derivative on (13) with respect &, , and
g, we have
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ui) is the mean value of the conditional PDF,

P(Y, | X,,mO®), at framet; X* and y'¥ are the source
and target feature vectors at frateespectively. The mean
vector #%) and covariance matrix@? in (15) can be
obtained by

E(mXX)AI1

(X) E(XX)
@ — Hn @ = m (16)
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Based on (12)-(16), we can updgté b, 0P
iteratively.

4. Experimental results
4.1. Evaluation setup

We evaluate SC using the JDGMMs trained by the
conventional ML training method and the proposed ML
followed by DT method (denoted as ML+DT hereaften) a
parallel Mandarin speech corpus. This corpus ctetsief 2
speakers, one female and one male. Eighty passigiences
were selected from both speakers. Among the 8Cesees,
we used 40 sentences to establish the conversgiansyand
the remaining 40 sentences to perform conversioncanduct
evaluation.

Speech signals were firstly recorded in a 20kHzpdam
rate, and then down-sampled to 16kHz. The resaiugier

sample was 16 bits. The spectral features werefitste 24
Mel-cepstral coefficients extracted from the STRAG
smoothed spectra [15]. The analysis window was piteh
synchronous window. A dynamic time warping (DTW)
algorithm was performed within each syllable bougdi
obtain a joint feature vector sequence in the itngipphase.
The number of Gaussian mixtures in each JDGMM st 64.
The maximum number of iterationdN(,, ) in the proposed

DT method was set to 10. The step sizavas empirically
determined and set tgx(1-n/N_,) . In the conversion

phase, ML-based trajectory mapping (9) (w/o corgidethe
GV) was adopted to generate the converted statture
sequence for both training methods. We report bibia
objective and subjective evaluation results on fireale to
male SC task.

4.2. Objective evaluations

We conducted the objective evaluation in termsvad t
metrics, namely, the conversion accuracy and trgregeof
ambiguities among generative classes, to compar&lthand
ML+DT trained JDGMMs. To evaluate the conversion
accuracy, the Mel-cepstral distortion (MCEDMCD(yS\,yS\),

was used to calculate the difference of the taagdtconverted
Mel-cepstra in the evaluation set, which is givgn b

MCD(ysvys) [dB] = n 101 22(3/3 )?

where Ys and )73 are the target and converted static feature
vectors, respectivelyA lower MCD value indicates a more
accurateconversion. Moreover, we calculate the posterior
probability (Posterior) based on (10) to measueedégree of
ambiguities among generative classes. A lower Fostealue
indicates a larger degree of ambiguities among rg¢ine
classes. Note that the maximum Posterior valueer® if
P(m|Z,,0%)=1 for all t, indicating no ambiguities among
generative classes. Moreover, the average Postesloe is
log(IM) if P(M|Z,,0@)=1/M for all t (M is the total
number of generative classes). In this study, therame
Posterior value is -4.16M =64).

Table 1 shows the MCD and Posterior results of thhe M
and ML+DT trained JDGMMs. From Table 1, we obsethe
the Posterior value given by the ML-trained JDGMd/Jeven
slightly lower than the average Posterior valueisTiesult
implies a serious mismatch/inconsistence betweer th
generative classes selected by the source and frdattire
vectors. In other words, the degree of ambiguitesong
generative classes is large in the ML-trained JDGMMis
result might be caused by the one-to-many probletailéd in
[11, 12]. It is obvious that ML+DT produces a sfggantly
higher Posterior value than ML. The Posterior vajien by
the ML+DT trained JDGMM is -2.25, while for the cta
case when the generative claBsin (10) is determined by the
joint feature vectoZ, , the Posterior value is -0.11. The result
confirms that the ambiguities among generativeselasan be
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Table 1:Objective tests of the conventional (ML) and
proposed ML followed by discriminative training (ML+DT)
methods. The MCD before the conversion is 9.37 dB. The
average Posterior valueis-4.16.

Methods Posterior MCD
ML -4.57 5.12
ML+DT -2.25 5.85




1.5

s
2st T

- Training
=r B Test i

Posterior
\

as|
-4

_asl

-5

=] E] E] 10

4 B
Number of iterations

Figure 1: The Posterior value curve of the proposed
discriminative training (DT) method on the training and
test sets.
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Figure 2:Example trajectories of MCC features. Target:
extracted from the target speech; ML: generated from the
ML trained JIDGMM; ML+DT: generated fromthe ML+DT
trained JDGMM.

effectively alleviated by the ML+DT method. Frombla 1,
we also observe that ML+DT gives slightly higher M@ian
ML. Although this result seems to imply that ML+Dbuld
degrade the voice quality, we obtain different obstons
from the subjective evaluation results, as will discussed
later.

Fig. 1 shows the Posterior value as a function ha&f t
number of iterations of the DT method, where thet&or
value at the Oth iteration is obtained by the Maiiried
JDGMM. We can see that the Posterior value comglgte
increases, and then saturates after nine iteratiorgldition to
MCD and Posterior, we evaluate the trajectory of the
converted features. Fig. 2 shows the trajectoridbe I, 3¢,
and 18" MCC (Mel-cepstral coefficient) of a speech utteenc
From Fig. 2, it is obvious that the ML-trained JDGM
generates  over-smoothed trajectoriesNotably, the
enhancement of the trajectory movements by theqsegp DT
method becomes unclear for high order MCCs, as @n b
observed from the #5MCC plot in Fig. 2. The similar
phenomena were observed for all of the 40 evaloatio
utterances. A previous study has shown that theamim
ranges of the higher order MCCs are usually smahan
those of the lower order MCCs in natural speech [8].
Therefore, to improve the voice quality, enhancitige
dynamic ranges of the lower order MCCs is more effect
than enhancing the dynamic ranges of the highesrdvtCCs.
This will be verified in the subjective evaluation.

4.3. Subjective evaluations

A formal listening test is conducted as the subject
evaluation in this study. The preference scoresused to
evaluate the speech quality and speaker indiviguali the

=EML+DT

OmMT.

Speech quality

Speaker individuality

Figure 3: Preference test results of speech converted by
models trained by the conventional and proposed
discriminative training methods. Error bars indicate 95%
confidence intervals. The unit of preference scoreis [%].

converted speech. Ten subjects were involved in the
evaluation, and all of these subjects have resdsackground

in the speech processing field. Twenty five sergenwere
randomly selected from the test set for each subged the
samples for each sentence were presented in amamdier in
the test of speech quality and speaker individpalit the
speech quality test, the subjects were asked terrdite
which voice sample sounded more natural. In thealspe
individuality test, an ABX test was performed. X dees the
analysis-synthesized target speech. The speechantes
generated by the ML and ML+DT trained JDGMMs were
presented to the subjects in random order as ABantdhe
subjects were asked which sample (A or B) soundede mo
similar to X. Since we focus our attention on SGhis study,

a same linear transformation [3] is applied for firesody
conversion throughout the evaluations.

Fig.3 illustrates the evaluation results of the two
preference tests. From Fig. 3, we observe that ML+D
outperforms ML in both speech quality and speaker
individuality tests. This result implies that thed®erior score
plays an important cue to both speech quality gpehlser
individuality. After an interview with the subjectshey all
agreed that the proposed DT method effectivelywites the
“muffled sound” effect. Although yielding a slightiworse
MCD value, applying the DT method to refine the JDIGM
trained by the ML training method can improve thasterior
scores, reduce the ambiguities among discriminatiasses,
and thus enhance the quality of the converted $peec

5. Conclusion

In this study, we propose a discriminative trainifigjr)
method to enhance the discriminative power amomngggive
classes for the joint density GMM (JDGMM) and teeasome
the over-smoothing problem in spectral conversion.
Experimental results demonstrate that the discetiie
power between generative classes can be indeed@thand
the muffled sound effect can be effectively allésia In order
to better understand the over-smoothing problentsMM-
based VC, our future works will investigate the cection
between the one-to-many and weak correlation probleith
the proposed DT method. Moreover, evaluations omemo
speaker pairs will be conducted in the future.
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