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Abstract—Maximum likelihood-based trajectory mapping
considering global variance (MLGV-based trajectory napping)
has been proposed for improving the quality of theconverted
speech of Gaussian mixture model-based voice cons&Emn
(GMM-based VC). Although the quality of the convered speech
is significantly improved, the computational cost bthe online
conversion process is also increased because théeno closed
form solution for parameter generation in MLGV-based
trajectory mapping, and an iterative process is gegrally
required. To reduce the online computational cost, & propose to
incorporate GV in the training phase of GMM-based \C. Then,
the conversion process can simply adopt ML-based djectory
mapping (without considering GV in the conversion pase),
which has a closed form solution. In this way, itd expected that
the quality of the converted speech can be improvedithout
increasing the online computational cost. Our expémental
results demonstrate that the proposed method yields significant
improvement in the quality of the converted speecltomparing
to the conventional GMM-based VC method. Meanwhile,
comparing to MLGV-based trajectory mapping, the proposed
method provides comparable converted speech qualityvith
reduced computational cost in the conversion proces

. INTRODUCTION

Voice conversion (VC) is a technique that transferan
source speaker’s voice to that of a specific taspetaker [1-
11]. The overall VC includes two parts, namely $p@cand
prosody conversions.
conversion (SC). Many SC approaches have been gedgo
the past. Among them, GMM-based SC is a succesaiil A
typical framework of GMM-based SC consists of tiainand
conversion phases. In the training phase, a phrgleech
corpus is first prepared. Then, a preprocessing st
performed to time-align the spectral feature seqgesrof the
source and target feature vectors. Finally, a Ganssixture
model (GMM) is employed to model the feature vestirthe
source speaker [1] or the joint feature vectorshef source
and target speakers [2]. In the conversion phasst lsquares
(LS)-based mapping [1], minimum mean square erased
mapping (MMSE-based mapping) [2], maximum likelideo
based trajectory mapping (ML-based trajectory magp[3],
or maximum mutual information-based trajectory miagp
(MMI-based trajectory mapping) [6] is then adoptéal

convert a source feature sequence to a targetréesdguence
in a frame by frame [1, 2, 9] or sequence by secgiéashion

[3, 6-8, 10, 11]. Finally, a vocoding techniquesiaployed to

reconstruct the speech waveform from the conveigature

sequence.

Although GMM-based SC has been proven effective,

several issues remain unsolved, e.g., over-smaptf8ro],
time independent mapping [3, 10], and limited ftabdy [11].
In this study, we focus our attention on handlihg bver-
smoothing problem in the GMM-based SC. The over-
smoothing problem occurs when the spectra are d$radot
overly, thereby degrading the quality of the cotegrspeech.
Several methods have been proposed to handle ribidem
[3-9]. In this study, we focus on the global vadanGV)-
based method [3]. Todet al. [3] handle the over-smoothing
problem by incorporating the global variance (G¥oi the
ML-based trajectory mapping (referred to as MLG\&dd
mapping) process. Although the quality of the cotec
speech is significantly improved, the computationaét is
also increased accordingly due to the iterativecgse for
parameter generation. To overcome this problempmspose
to integrate GV in the training phase of GMM-bas&d and
use simple ML-based trajectory mapping insteadamffgex
MLGV-based mapping in the online conversion phase.

In the training phase of the proposed method, tloeah

This study focuses on Spec,[r(,j\parameters are optimized with a new objective fongt

which consists of conditional PDF and GV likelihgod he
GV likelihood works as a penalty term to make thé & the
converted static feature sequence closer to thaheotarget
(natural) one. Experimental results demonstrate #fter
updating the model parameters by the proposed mgethe
GV of the converted feature sequence (obtained bybkked
trajectory mapping) is closer to that of the natuoae.
Accordingly, the quality of the converted speech is
dramatically improved, and is almost as good ag tifa
MLGV-based mapping; but with reduced computatior@st
in the conversion process.

The remainder of this paper is organized as follows
Section 2 reviews the conventional GMM-based S® Wit -
based trajectory mapping. Section 3 describes thpoged
method. Section 4 presents our experimental redtiislly,
the conclusion is given in the last section.



II.  GMM-BASED SPECTRAL CONVERSION
A. Training a JDGMM
Let X =[X],~- X X1]" and Y =[Y/, YY1 be

the source and target feature vectors, respectiviebth
feature vectors consist df feature framesX, =[xg,xg5]"

andY, =[yg,yp]" are the B-dimensional source and target
feature vectors consisting €f static andD dynamic feature

B0 =50 - A BEOAT, ®)

where the transformation maty, and the bias vectds, are
given as

An =IO by = ul Ay (9)

The parameter seB™™ ={q, u% E¥) A b TV

can be directly obtained from the parameter €&t), of the
ML-trained JDGMM. In practical implementation, a

vectors at framet. The superscript T denotes the vector suboptimal solution is often employed to ML-basegeictory

transposition. A joint density GMM (JDGMM) is empyied
to model the joint feature vect@, =[X[,Y]"

P(Z, |10¥)= ZwN(zt. ©.x8), 1)

is the prior probability of themth mixture
0% Z,ﬁf”}
™

are the mean vector and covariance matrix ohttremixture
component. The covariance matricgs®, £, 2 and
™ are wusually diagonal. The parameter
0¥ ={w, &, %% ., , can be estimated via the
expectation maximization (EM) algorithm.
B. ML-Based Trajectory Mapping

In the conversion phase, the ML-based trajectorppimnag

[3] is adopted to obtain the converted static feasequence
y as

where @),

component; u@ =[(u%)",(u{")'1" and £ = [Zm

y=argmax { K 0" ), s¥ =wy , 2)
where W is a DT-by-DT weighting matrix (given in [3]) for
computing the joint static and dynamic
P(Y |X,0"™)) is the conditional probability density
function (PDF) given as

P(Y X,07)=3 P X 0" PY Km %)) (3)

allm

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

P(Y |X,0%)= ﬂZP(mlx“@”’“P(v K. me'*),

(4)
where
(X) $(XX)
p(mlx O(YIX)) a)N(XI’” P24 ) , (5)
> aNOX )
1=1
P(Y, IX,,me")) =N ;a0 25%)). (6)

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

pnl) =AX b, ™)

features;

mapping [3]. In this case, the conditional PDF RB), (is
approximated asP(Y |X,0™)=Pgh X 0" PY Km 0¥F)) |
where the mixture component sequence is determhmed
m=argmax h X @Y%) " As a result, the converted static
feature sequenceg/ can be obtained by substituting the
approximated conditional PDF into (2) as

§, =argma® i X 0" Py X m o
s.tY =Wy '
Finally, by solving (10), the converted static feat sequence

(10)

set iS given by

Yo =(WDEP™W)"WDEHERY (1)
where
(YIX) —[(ﬂ(YP<)) (ﬂ(‘(X )) (,u“ )) ]T
(YIX) -1 dalg[}l(”” . EKUK )—l . EYN H] (12)

ui? and £UPO™ can be calculated by (7)-(9), respectively,
with determinedi.

Ill.  THE PROPOSED TRAINING METHOD

A. The Objective Function

The goal of the proposed training method is togrdaee the
GV into the training phase of GMM-based VC. Thepmsed
objective function is defined as

Leror = Lepor t @ik,
N
o = 2 l0g PR, X, O P, X, 5, 07F),
n=1 Iy
1 N o (YIX) (v)
GV :ﬁzlog F)(V(yn)lrnn’O ,@ )! ()'
n=1

where the power weight» controls the balance between the
two log-scaled likelihoodd ., and L, ; n denotes thath
utterance)N is the total number of training utteranca@sis
the total number of frames of th utterancem, is the

mixture component sequence of tite utterance determined
by the source feature vectors;
v(y) =[v(@),---,v(d),-- ,v(D)]" (omitting utterance index

in (13) hereafter for clarity) is a GV vector oktharget static

feature sequence and is calculated in an utterdnce
utterance manner as



_1d 2
v(d) ‘?Z((yt () =(y@)) . (14) " Here, we denote the vecter, as the diagonal elements of the

t=1

1J transformation matrixA, . Then, by applying the partial
<Y(d)> =?; y.(d), (15) derivative on (18) with respect &, andb,,, we have
wherev(d) is the GV of thedth dimension;v(y) is modeled OLprop _ p. [1 U oX+a(VIQ. )" OX}
by a single Gaussian as da,, " " men ' (19)
oL’ _ 1
PVY) 11,077 ,0)= N W)V Fa) ™). (16) UG =R U ViR |

can be obtained using the GVs of the target feature

sequences calculated from individual utterancestha determined according to the mixiure component Secpien ;

U. isa DT-by-1 vector given by

training data as described in [3]. Note that thaveoted m
feature sequencg, is defined as the result of suboptimal
T
ML-based trajectory mapping given in (11), aité mean U, :[Umle,--~,UmytT,--~,UMT] ,
vector of the GV probability density is definedthe GV of T
the converted static feature sequence. As candreisg13), Uni =[Uni @y Ug @) Ug (D] (20)
the proposed training method is em|_o_loyed to updhee y, (d) - 27 (d)
parameter se®"™ such that the conditional PDA(, ) U, (d) = .
and the GV (, ) likelihoods are maximized. It is worth (Um (d))
noting that the GV likelihood works as a penaltynteto ' . _
make the GV of the converted static feature secrie(iL; ) where d represents theth dimension;y,(d) is the target
closer to that of the target (natural) one. feature vector at frame x\'*’(d) and o{'"’(d) are the

mean and standard deviation values of the conditi®DF,

B. Implementation
P(Y, |X,,m,0% )at framet, respectively;V, is a DT-by-1

In the implementation, we first prepare an ML-temn :
JDGMM with the parameter se®@ . Then, the mixture VECtOr given by
component at framet is determined by the source feature V. (d) = ‘E(9m(d)—<9m(d)>)(v(§’m)—V(y))Tpv(d), (21)
vector agh=argmaxP (n X, @ " Finally, the updated T )
, . where p,(d) is the dth column vector ofP, =™ ; and
parameter se@"™) can be obtained by maximizing the N YT
proposed objective function (13). mo 1S a DT-by-2DT ~ matrix  given  as
The proposed training method adopts a gradientebase Q. =(W'DYP'W) W DY¥ " Based on (17)-(21), we
approach to update the model parameters. In thidystve can updatd A, b } " iteratively
only update the transformation and bias parametees, " m=t '

{A_,b}" : while the remaining parameters are kept the
same as those of the conditional probability dgnfsibction )
(PDF),P(Y |X,0"%), derived from the ML-trained JDGMM A Experimental Setup
set. For simplicity, the parameter 4é¢t b} is denoted by This section describes the experimental setupvaluating
the proposed training method. For comparison, tiG&HV-
based SC systems with different training and cosiger
updates®,, by approaches were implemented and tested. The fistem
used the proposed method that considered GV irnrdieing

IV. EXPERIMENTS

@, in the following discussion. The gradient-basedrapch

_ 13 0iroe phase and adopted suboptimal ML-based trajectorypimg
@, (l +1)‘¢m(|)+£ﬁ;a¢. o’ (17) (10) in the conversion phase (denoted as Prop+Milke
where| denotes thdth iteration numberg is the step size, second system used the conventional GMM traininghote

and adopted suboptimal MLGV-based trajectory mappaj
in conversion (denoted as Conv+MLGV). The thirdteys
. ) ) used the conventional GMM training method and aglbpt
Lerop = Lepor + Wl suboptimal ML-based trajectory mapping (10) in cension
s 1 . YIX A (denoted as Conv+ML). In other words, the Prop+Nktem
Lceor —?Iog P [X.0FPK X m ©F), incorporates GV in the training phase, the Conv+NMLG
L., =logP(v(y) | o) QW) (18) system incorporates GV in the c_onversion phase|ewthie
v ’ ' Conv+ML system does not consider GV. The three GMM-

and



TABLE |
Conversion accuracy of the three GMM-based SC systéhe MCD
before the conversion is 9.37 dB.

Conv+ML| Conv+MLGV
5.12 5.67

Methods
MCD [dB]

Prop+ML
5.50

Proposed likelihood

L L I L I L
4 5 B 7 g 9 10

Number of iterations
. 1: The log-scaled likelihood curve of the pwsegd training
method on the training set.
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based SC systems were evaluated on a parallel Manda

speech corpus. This corpus consisted of two spsakere
female and one male. Eighty parallel sentences selexted
from both speakers. Among the 80 sentences, 4@rsees
were used to establish the conversion system ard
remaining 40 sentences were used to perform coveasd
conduct evaluation.

Speech signals were firstly recorded in a 20kHz i
rate, and then down-sampled to 16kHz. The resalupier
sample was 16 bits. The spectral features werefitee
through 24 Mel-cepstral coefficients. STRAIGHT [18hs
employed for the analysis-synthesis method. A dyodime

th

warping (DTW) algorithm was performed within each

syllable boundary to obtain a joint feature vecequence in
the training phase. The number of Gaussian mixturesach
JDGMM set was 64. The maximum number of iterations
the proposed training method was set to 10. The Sitee s

in (17) was empirically determined. The power weigh in
(18) was set to 2. We reported both the objectivel a
subjective evaluation results on the female to r8&leask.

B. Objective Evaluations

We conducted the objective evaluation in terms h#f t
conversion accuracy and the degree of the over-snmupof
the converted Mel-cepstra for comparing the thrédMs
based SC systems. To evaluate the conversion aggute
Mel-cepstral distortion (MCD)P,(y.,¥ ), was used to

compute the difference of the target and conveitésl-
cepstra in the evaluation set, which is given by

D
2 (=%

d=1

Do (¥e:5,) [dB] = -2 22)
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Fig. 2: The means of GV of the converted Mel-cepstrer all

training utterances.
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Fig. 3: The means of GV of the converted Mel-cepstrer all test
utterances.

Table 1 shows the MCD results of the three GMM-Hase
SC systems. From Table 1, we observe that Prop+hL a
Conv+MLGV give higher MCD values than Conv+ML. This
result implies that integration of GV in the traigi phase
(Prop+ML) and conversion phase (Conv+MLGV) may
decrease the conversion accuracy, thereby degrattiag
quality of the converted speech. However, previsuglies
have reported that the MCD values may not perfeefiect
the real subjective evaluation results when intoiaiy the GV
for GMM-based SC [3, 9]. Similar results are albsarved in
this study, which will be shown later in the sulbjee test.

To have a further analysis, Fig. 1 demonstratesldhe
scaled likelihood (13) as a function of the numtieiterations
of the proposed training method, where the logextal
likelihood at the Oth iteration is obtained by gsithe ML-
trained JDGMM as the initial model parameters. dh doe
seen that the log-scaled likelihood consistenttyaéases, and
then saturates after nine iterations. The resutvshthat the
training is quite successful.

Next, we evaluate the degree of the over-smoothintpe
converted Mel-cepstra given by the three GMM-baS&ul
systems. The GV measurement, computed by (14)-(1&3,
adopted to compare the GVs of the converted Mestta@nd
the natural Mel-cepstra of the target speech (nammed arget
GV hereafter). Fig. 2 compares the GVs of the cardeMel-
cepstra obtained by Conv+ML and Prop+ML and theg&ar

where y, and ¥, are the target and converted static featureGV on the training set. It can be seen that thedBtained by

vectors, respectivelyA lower MCD value indicates a more
accurateconversion.

Conv+ML is smaller than that obtained by Prop+Mlddhe
Target GV, in particular for higher order Mel-capst
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Fig. 4: Subjective test results of the speech caegey Prop+ML,
Conv+ML, and Conv+GV. Error bars indicate 95% cdafice
intervals. “Target” shown in the speech qualityleation denotes the
analysis-synthesized target speech.

Speaker individuality

Moreover, the GV obtained by Prop+ML is almost dcoa
the Target GV. This result implies that the conedrivel-
cepstra obtained by the conventional ML-trained MM\G
with ML-based trajectory mapping would be smootbedrly,
and the over-smoothing problem can be effectiviigveted
by the proposed training method.

The results for the same GV evaluation on the etin
set are shown in Fig. 3. Similar results can bendbas
compared to Fig. 2, which is evaluated on the imgirset. In
addition to Conv+ML and Prop+ML, we have also easddl
the GV obtained by Conv+MLGV for comparison. It dam
seen that the GV obtained by Conv+MLGV is very elds
the Target GV while the GV obtained by Prop+ML ausly
differs from the Target GV. This result indicatdwtt the
proposed training method with ML-based trajectogpming
is comparable with the conventional MLGV-basedet&gry

mapping in terms of GV evaluation; but with reduced

computational cost in the conversion process astiorad
earlier.

C. Subjective Evaluations

We conducted a formal listening test on the evaluaset
and used the mean opinion score (MOS) method tluatea
the speech quality and speaker individuality. Tésults for
three kinds of converted speech (by Prop+ML, ConiziM
and Conv+MLGV) and the analysis-synthesized tasgeech
are shown in Fig. 4. The evaluation was performgakight
subjects; Twenty five test sentences were randarhbsen
from the test set for the eight subjects. Samplesew
presented in random order for the 25 test senteigse this
study is focused on spectral conversion, the saimples
linear transformation-basde, conversion was applied for all
systems.

From Fig. 4, we can see that Prop+ML and Conv+MLGV

obviously outperform Conv+ML on both speech quadityd
speaker individuality tests. This result indicatest GV plays
an important cue to speech quality and speakeviohghlity.
Incorporating GV in either training or conversiomase of SC
systems effectively overcomes the over-smoothiraplem.
This result is consistent with previous studies, iclvh
employed GV for VC [3, 9, 10] and speech synth§s#] in

the online speech generation phase. Comparingathe&vV-
based SC systems, we can see that Prop+ML almdstips
as well as Conv+MLGV on both speech quality andakpe
individuality ~while requires a significantly lower
computational cost in the conversion proceBke current
Prop+ML performance achieved can be improved bylliagn
the overtraining problem and/or choosing betterining
parameters. This is worth of further study.

V. CONCLUSIONS

In this paper, we have proposed a new training atktb
incorporate GV into the training phase of the GMisbéd VC.
The major advantage of the proposed method is tiinat
online computational cost in the conversion prodess been
significantly reduced while the quality of the cented
speech can be maintained comparable with that 0ML@V-
based trajectory mapping. Our next step is to nategGV
into the trajectory GMM [10] for GMM-based VC, inspd
by the idea of integrating GV into the trajectoridden
Markov model (HMM) for HMM-based speech synthedig][
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