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Abstract

This pap er presen ts a new v oice con v ersion algorithm whic h mo di�es the utterance of a source

sp eak er to sound lik e sp eec h from a target sp eak er. W e refer to the metho d as Sp eak er T rans-

formation Algorithm using Segmen tal Co deb o oks (ST ASC). A no v el metho d is prop osed whic h

�nds accurate alignmen ts b et w een source and target sp eak er utterances. Using the alignmen ts,

source sp eak er acoustic c haracteristics are mapp ed to target sp eak er acoustic c haracteristics.

The acoustic parameters included in the mapping are v o cal tract, excitation, in tonation, energy ,

and duration c haracteristics. Informal listening tests suggest that con vincing v oice con v ersion

is ac hiev ed while main taining high sp eec h qualit y . The p erformance of the prop osed system is

also ev aluated on a simple Gaussian mixture mo del based sp eak er iden ti�cation system, and

the results sho w that the transformed sp eec h is assigned higher lik eliho o d b y the target sp eak er

mo del when compared to the source sp eak er mo del.
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1 In tro duction

There has b een a considerable amoun t of researc h e�ort directed at the problem of v oice trans-

formation recen tly (Ab e et al., 1988, Baudoin and St ylianou 1996, Childers 1995, Iw ahashi

and Sagisak a 1995, Ku w abara and Sagisak a 1995, Narendranath 1995, St ylinaou et al., 1995).

This topic has n umerous applications whic h include p ersoni�cation of text-to-sp eec h systems,

m ultimedia en tertainmen t, and as a prepro cessing step to sp eec h recognition to reduce sp eak er

v ariabilit y . In general, the approac h to the problem consists of a training phase where input

sp eec h training data from source and target sp eak ers are used to form ulate a sp ectral transfor-

mation that w ould map the acoustic space of the source sp eak er to that of the target sp eak er.

The acoustic space can b e c haracterized b y a n um b er of p ossible acoustic features whic h ha v e

b een studied extensiv ely in the literature. The most p opular features used for v oice transfor-

mation include forman t frequencies (Ab e et al., 1988, Narendranath et. al. 1995), and LPC

cepstrum co e�cien ts (Lee et al., 1996). The transformation is in general based on co deb o ok

mapping (Ab e et al., 1988, Acero 1993, Baudoin and St ylianou 1996, Lee et al., 1996). That

is, a one to one corresp ondence b et w een the sp ectral co deb o ok en tries of the source sp eak er

and the target sp eak er is dev elop ed b y some form of sup ervised v ector quan tization metho d.

In general, these metho ds face sev eral problems suc h as artifacts in tro duced at the b oundaries

b et w een successiv e sp eec h frames, limitation on robust estimation of parameters (e.g., forman t

frequency estimation), or distortion in tro duced during syn thesis of target sp eec h. Another issue

whic h has not b een explored in detail is the transformation of the excitation c haracteristics in

addition to the v o cal tract c haracteristics. Sev eral studies prop osed solutions to address this

issue recen tly (Childers 1995, Lee et al., 1996). In this study , w e prop ose new and e�ectiv e

solutions to b oth problems with the goal of main taining high sp eec h qualit y .

2 Algorithm Description

This section pro vides a general description of the ST ASC algorithm. W e will describ e the algo-

rithm under t w o main sections: i) transformation of sp ectral c haracteristics, ii) transformation

of proso dic c haracteristics.
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2.1 Sp ectral T ransformation

F or the represen tation of the v o cal tract c haracteristics of source and target sp eak ers line sp ectral

frequencies (LSF) are selected. The reason for selecting LSFs is that these parameters relate

closely to forman t frequencies (Crosmer 1985), but in con trast to forman t frequencies they can

b e estimated quite reliably . They ha v e b een used for a n um b er of applications successfully in

the literature (Hansen and Clemen ts 1991, Arslan et al., 1995, Arslan and T alkin 1997, Crosmer

1985, Laroia et al., 1991, Itakura 1975, P ellom and Hansen 1997). They ha v e go o d in terp olation

prop erties and they are stable (P aliw al 1995). In addition, they ha v e a �xed dynamic range

whic h mak es them attractiv e for real-time DSP implemen tation. LSFs can b e estimated b y

mo difying the LPC p olynomial, A( z ), in t w o w a ys: P ( z ) and Q( z ) are obtained b y augmen tingA( z )'s P AR COR sequence with a +1 and -1 resp ectiv ely . This results in the follo wing t w o

p olynomials whic h ha v e all their ro ots on the unit circleP ( z ) = (1 � z�1 )

P�1Yk=1;3;5;:::(1 � 2 cos w k ( z�1 + z�2 ))Q( z ) = (1 + z�1 )

P�1Yk=2;4;6;:::(1 � 2 cos w k ( z�1 + z�2 )) ; (1)

where P is the LPC analysis order, and the angles of the ro ots, w k , are line sp ectral frequencies.

In ST ASC algorithm, co deb o oks of line sp ectral frequencies are used to represen t the v o cal tract

c haracteristics of individual sp eak ers. The co deb o oks can b e generated in t w o w a ys.

The �rst metho d assumes that the orthographic transcription is a v ailable along with the

training data. The training sp eec h (sampled at 16 kHz) from source and target sp eak ers are �rst

segmen ted automatically using forced alignmen t to a phonetic translation of the orthographic

transcription. The segmen tation algorithm uses Mel-cepstrum co e�cien ts and delta co e�cien ts

within an HMM framew ork and is describ ed in detail in (Wigh tman and T alkin 1994). The

line sp ectral frequencies for source and target sp eak er utterances are calculated on a frame-

b y-frame basis and eac h LSF v ector is lab eled using the phonetic segmen ter. Next, a cen troid

LSF v ector for eac h phoneme is estimated for b oth source and target sp eak er co deb o oks b y

a v eraging across all the corresp onding sp eec h frames. The estimated co deb o ok sp ectra for an

example male source sp eak er and female target sp eak er com bination from the database is sho wn

in Figure 2 when monophones are selected as sp eec h units. A one-to-one mapping is established

b et w een the source and target co deb o oks to accomplish the v oice transformation.

The second metho d do es not require the phonetic translation of the orthographic transcrip-
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tion for the training utterances, ho w ev er it assumes that b oth source and target sp eak ers are

sp eaking the same sen tences during the training session. This metho d is a new metho d and it

is referred to as \Sen tence HMM" metho d. The metho d is as follo ws. First, template sen tences

are selected whic h are phonetically balanced to b e uttered b y the source and target sp eak ers.

After the training data are collected, silence regions at the b eginning and end of eac h utterance

are remo v ed. Eac h utterance is normalized in terms of its RMS energy to accoun t for di�erences

in the recording gain lev el. Next, cepstrum co e�cien ts are extracted along with log-energy and

zero-crossing for eac h analysis frame in eac h utterance. Zero-mean normalization is applied to

the parameter v ector to obtain a more robust sp ectral estimate. Based on the parameter v ector

sequences sen tence HMMs are trained for eac h template sen tence using data from the source

sp eak er. The n um b er of states for eac h sen tence HMM is set prop ortional to the duration of the

utterance. The training is done using a segmen tal k-means algorithm follo w ed b y the Baum-

W elc h algorithm. The initial co v ariance matrix is estimated o v er the complete training dataset,

and is not up dated during the training since the amoun t of data corresp onding to eac h state is

not su�cien t to mak e a reliable estimate of the v ariance. Next, the b est state sequence for eac h

utterance is estimated using the Viterbi algorithm. The a v erage LSF v ector for eac h state is

calculated for b oth source and target sp eak ers using frame v ectors corresp onding to that state

index. Finally , these a v erage LSF v ectors for eac h sen tence are collected to build the source

and target sp eak er co deb o oks. In Figure 1, the alignmen ts to the state indices are sho wn for

the utterance \She had y our" b oth for source and target sp eak er utterances. F rom the �gure,

it can b e observ ed that detailed acoustic alignmen t is ac hiev ed quite accurately using sen tence

HMMs. The transformation pro cess will b e explained in detail later in this section.

INCLUDE FIGURE 1 HERE.

INCLUDE FIGURE 2 HERE.

Another factor that in
uences sp eak er individualit y is excitation c haracteristic. The LPC

residual can b e a reasonable appro ximation to the excitation signal. It is w ell kno wn that

the residual can b e v ery di�eren t for di�eren t phonemes (e.g., p erio dic pulse train for v oiced

sounds v ersus white noise for un v oiced sounds). Therefore, w e form ulated a "co deb o ok based"

transformation of the excitation sp ectrum similar to the one discussed ab o v e for the v o cal

tract sp ectrum transformation. Excitation sp ectrum co deb o oks are obtained as follo ws: Using

the segmen tation information, the LPC residual signals for eac h sp eec h unit (i.e., phoneme
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or state) in the co deb o ok are collected from the training data. Next, a short-time a v erage

magnitude sp ectrum of the excitation signal is estimated for eac h sp eec h unit b oth for the

source sp eak er and the target sp eak er pitc h sync hronously . An excitation transformation �lter

can b e form ulated for eac h co dew ord en try using the excitation sp ectra of the source sp eak er and

the target sp eak er. This metho d not only transforms the general excitation c haracteristics, but

it estimates a reasonable transformation for the "zeros" in the sp ectrum as w ell, whic h are not

represen ted accurately b y the all-p ole mo deling. Therefore, this metho d resulted in impro v ed

v oice con v ersion p erformance esp ecially for nasalized sounds. It should b e noted here that an

attempt is b eing made here to only appro ximate the sp ectral c haracteristics of the LPC residual.

Other salien t prop erties of the glottal excitation and v oice qualit y suc h as pulse jitter, aspiration

and noise bursts ha v e not b een transformed.

The 
o w diagram of the ST ASC v oice transformation algorithm is sho wn in Figure 3. The

incoming sp eec h is �rst sampled at 16 kHz. Next, 20th order LPC analysis is p erformed to

estimate the prediction co e�cien ts v ector a .

INCLUDE FIGURE 3 HERE.

Based on the source-�lter theory , the incoming sp eec h sp ectrum X ( ! ) can b e represen ted asX ( ! ) = Gs ( ! ) Vs ( ! ) ; (2)

where Gs ( ! ) and Vs ( ! ) represen t source sp eak er excitation and v o cal tract sp ectrums resp ec-

tiv ely for the incoming sp eec h frame x( n).

The target sp eec h sp ectrum Y ( ! ) can b e form ulated as:Y ( ! ) =

"Gt ( ! )Gs ( ! )

# "Vt ( ! )Vs ( ! )

#X ( ! ) (3)

where Vt ( ! ) and Gt ( ! ) represen t co deb o ok estimated target v o cal tract and excitation sp ectrums

resp ectiv ely . This represen tation of the target sp ectrum can b e though t of as an excitation �lter,Hg ( ! ), follo w ed b y a v o cal tract �lter, Hv ( ! ):Y ( ! ) = Hg ( ! ) Hv ( ! ) : (4)

In the prop osed algorithm, the source sp eak er v o cal tract sp ectrum Vs ( ! ) is estimated from the

LPC sp ectrum of the incoming sp eec h frame:Vs ( ! ) =

����� 1

1 �PPk=1 a ke�jkw ����� : (5)
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The LPC v ector a can b e deriv ed in t w o w a ys: i) directly from the incoming sp eec h frame; or ii)

as an appro ximation from the source sp eak er co deb o ok. F or ii), �rst the incoming LSF v ector

can b e appro ximated as:

~
w k =

PLi=1 v i S ik k = 1 ; : : : ; P (6)

where L is the co deb o ok size S i is the ith co dew ord LSF v ector and v i represen ts its w eigh t.

Next,
~

w can b e con v erted to the LPC v ector a to b e used in Equation 5. In practice, w e found

that using metho d i) for v oiced segmen ts and metho d ii) for un v oiced segmen ts pro duces b est

results in terms of output sp eec h qualit y . F or b oth metho ds i) and ii) the co deb o ok w eigh ts

need to b e calculated for the target sp ectrum estimate Vt ( ! ). The co deb o ok size L is the total

n um b er of states for the sen tence HMM-based ST ASC, and is the total n um b er of a v ailable

common phonetic units b et w een source and target sp eak er utterances for the phonetic ST ASC

algorithm. Av erage co deb o ok size in our ev aluations ranged from 50 to 2000 dep ending on the

size of the training data. The t ypical segmen t size w as 50 ms. The co deb o ok w eigh t estimation

pro cedure is as follo ws.

2.1.1 Co deb o ok W eigh t Estimation Metho d

First, using Equation 1, line sp ectral frequencies, w , are deriv ed from prediction co e�cien ts. The

line sp ectral frequency v ector w is compared with eac h LSF cen troid, S i , in the source co deb o ok

and the distance, d i , corresp onding to eac h co dew ord is calculated. The distance calculation is

based on a p erceptual criterion where closely spaced line sp ectral frequencies whic h are lik ely

to corresp ond to forman t lo cations are assigned higher w eigh ts (Laroia et al., 1991),

h k =

1

argmin( jw k � w k�1j; jw k � w k+1j)

k = 1 ; : : : ; P
d i =

PXk=1 h kjw k � S ikj i = 1 ; : : : ; L (7)

Based on the distances from eac h co deb o ok en try , an expression for the normalized co deb o ok

w eigh ts can b e obtained as (Arslan et al., 1995):

v i =

e� 
 d

iP
L

l =1

e� 
 d

l

i = 1 ; : : : ; L (8)

where the v alue of 
 for eac h frame is found b y an incremen tal searc h in the range of 0.2 to

2 with the criterion of minimizing the p erceptual w eigh ted distance b et w een the appro ximated

LSF v ector
~

w and original LSF v ector w . Ho w ev er this set of w eigh ts ma y still not b e the
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optimal set of w eigh ts that w ould represen t the original sp eec h sp ectrum. In order to impro v e

the estimate of w eigh ts a gradien t descen t algorithm is emplo y ed. The previously estimated

set of w eigh ts v i are used as the initial seed to the gradien t descen t algorithm. The w eigh ts

are constrained to ha v e p ositiv e v alues after eac h iteration of the gradien t descen t algorithm to

prev en t unrealistic estimates. The co deb o ok w eigh t up date algorithm can b e summarized as

follo ws:

2.1.2 Co deb o ok W eigh t Up date b y Gradien t Descen t Metho dInitialize : E0
= 1�0 = 0 :1n = 1;Loop

e = h � ( w � Sv

n�1
)En

=

PPk=1 je kj
v

ni = v

n�1i + �n�1 e

T
S i i = 1 ; : : : ; L

v

ni = max ( v

ni ; 0) i = 1 ; : : : ; Lif En < En�1�n = 2 �n�1else �n = 0 :1 �n�1n = n + 1until kvn � vn�1k < 1 :0 e�4kvn�1k
where S is a P � L size matrix whose columns represen t a co dew ord LSF v ector, and �n is a

constan t whic h con trols the rate of con v ergence at iteration n. In our implemen tation, in order

to reduce the amoun t of computation, � is adjusted after eac h iteration based on the reduction

in error En
with resp ect to En�1

. If there is signi�can t amoun t of reduction in error then � is

increased, otherwise it is decreased. T ypical ending v alues for � are in the range of 1.0e-3 and

1.0e-5.

It w as also observ ed that only a few co deb o ok en tries w ere assigned signi�can tly large w eigh t

v alues in initial w eigh t v ector estimate v

0
. Therefore in order to sa v e computational resources

the gradien t descen t algorithm w as p erformed on only 5 most lik ely co dew ord w eigh ts. Using

the gradien t descen t metho d, a 15% additional reduction in a v erage Itakura-Saito distance

b et w een the original and appro ximated sp ectra w as ac hiev ed for the training data used in our

exp erimen ts. The a v erage sp ectral distortion (SD), whic h is a commonly used measure for

sp ectral quan tizer p erformance ev aluation, w as also reduced from 1.8 dB to 1.4 dB.
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2.1.3 Excitation Sp ectrum Mapping

The estimated set of co deb o ok w eigh ts can b e utilized in three separate domains: i) transforma-

tion of the excitation sp ectral c haracteristics, ii) transformation of the v o cal tract c haracteristics,

iii) transformation of proso dic c haracteristics. Although, one ma y b ene�t from estimating a dif-

feren t set of co deb o ok w eigh ts for eac h of the three domains men tioned ab o v e, in this study w e

c hose to apply the same set of w eigh ts v mainly for computational reasons. F or the transforma-

tion of the excitation sp ectrum, these w eigh ts are used to construct an o v erall �lter whic h is a

w eigh ted com bination of co dew ord excitation �lters:Hg ( ! ) =

LXi=1 v i U it ( ! )

U is ( ! )

(9)

where U it ( ! ) and U is ( ! ) denote a v erage target and source excitation magnitude sp ectra for theith co dew ord resp ectiv ely .

2.1.4 V o cal T ract Sp ectrum Mapping

The same set of co deb o ok w eigh ts ( v

i; i = 1 ; : : : ; L) are applied to target LSF v ectors ( T i; i =

1 ; : : : ; L) to construct the target line sp ectral frequency v ector
~

w

t
:

~
w

tk =

LXi=1 v i T ik; k = 1 ; : : : ; P (10)

Next, target line sp ectral frequencies are con v erted to prediction co e�cien ts, a

t
, whic h in turn

are used to estimate the target LPC v o cal tract �lter:Vt ( ! ) =

����� 1

1 �PPk=1 a

tke�jk! �����: (11)

In general, the w eigh ted co deb o ok represen tation of the target sp ectrum results in expansion of

forman t bandwidths due to the in terp olation of LSFs. In order to cop e with this problem a new

bandwidth mo di�cation algorithm is prop osed.

2.1.5 Bandwidth Mo di�cation Metho d

The bandwidth mo di�cation algorithm mak es use of the kno wledge that a v erage forman t band-

width v alues of the target sp eec h should b e similar to the most lik ely target co dew ord. Once

an estimate of bandwidths for the most lik ely target co dew ord is obtained, bandwidths of the

target sp eec h can b e forced to b e similar to this estimate b y mo difying the distance b et w een
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line sp ectrum pairs represen ting eac h forman t. The algorithm can b e form ulated as follo ws.

First �nd the line sp ectral pair w

tj(i) and w

tj(i)+1 in the estimated target LSF v ector w

t
that

corresp onds to eac h forman t frequency lo cation f

ti , i = 1 : : : 4 (i.e., the smallest LSF > f

ti and

the largest LSF < f

ti ). Lik ewise, �nd the line sp ectral pair w

lk(i) and w

lk(i)+1 in the most lik ely

target co dew ord w

l
. Next, for eac h forman t frequency , f

ti , in the estimated target sp ectrum

estimate an appro ximation to the bandwidth, b

ti , based on the corresp onding LSF distances.

Estimate the most lik ely co dew ord bandwidths, b

li , in a similar fashion.

b

li = w

lk(i)+1 � w

lk(i) i = 1 : : : 4

b

ti = w

tj(i)+1 � w

tj(i) i = 1 : : : 4 (12)

Calculate a v erage forman t bandwidths, and �nd the bandwidth ratio r :

�

b

l
=

14 4Xi=1 b

li
�

b

t
=

14 4Xi=1 b

tir =

�

b

l
�

b

t ; (13)

Finally , apply the estimated bandwidth ratio to adjust the line sp ectral pairs around eac h

forman t:

^
w

tj(i) = w

tj(i) + (1 � r ) � ( f

ti � w

tj(i) )

^
w

tj(i)+1 = w

tj(i)+1 + (1 � r ) � ( f

ti � w

tj(i)+1 ) i = 1 : : : 4 (14)

where
^

w

tj(i) and
^

w

tj(i)+1 represen t the line sp ectral frequency pair around f

ti after bandwidth

mo di�cation. In order to prev en t the estimation of unreasonable bandwidths the minim um

bandwidth v alue is set to b e

f

t

i20 Hz.

INCLUDE FIGURE 4 HERE.

In Figure 4, a comparison of the target sp eec h sp ectrum for the /ah/ v o w el b efore and after

the application of the prop osed bandwidth reduction tec hnique is sho wn.

2.1.6 Com bined Output

The v o cal tract �lter and excitation �lters are next applied to the magnitude sp ectrum of the

original signal to get an estimate of the DFT corresp onding to the target sp eec h signal:Y ( ! ) = Hg ( ! ) Hv ( ! ) X ( ! ) : (15)
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Finally , in v erse DFT is applied to pro duce the syn thetic target v oice,y ( n) = Real fIDFT fY ( ! ) gg: (16)

2.2 Proso dic T ransformation

In the ST ASC algorithm a frequency domain pitc h sync hronous analysis syn thesis framew ork is

adopted in order to b e able to realize b oth sp ectral and proso dic transformations sim ultaneously .

In addition to the sp ectral transformation discussed in the previous section, pitc h, duration, and

energy are mo di�ed to mimic target sp eak er proso dic c haracteristics. Analysis frame length is

set to b e constan t for un v oiced regions. F or v oiced regions the frame length is set to t w o or

three pitc h p erio ds dep ending on the pitc h mo di�cation factor. It is observ ed that when the

pitc h mo di�cation factor is less than one, using a shorter frame length (i.e., 2 pitc h p erio ds)

reduces artifacts in tro duced b y the mo di�cation.

2.2.1 Pitc h-Scale Mo di�cation

The pitc h mo di�cation in v olv es matc hing b oth the a v erage pitc h v alue and range for the target

sp eak er. This is accomplished b y mo difying the instan taneous source sp eak er fundamen tal

frequency

2 f s0 ( t) b y a m ultiplicativ e constan t a and an additiv e constan t b at eac h time frame t:f t0 ( t) = af s0 ( t) + b (17)

The v alue for a is set so that the source sp eak er pitc h v ariance, �2s , and target sp eak er pitc h

v ariance, �2t , matc h, i.e., a =

vuut�2t�2s (18)

Once the v alue for a is set, the v alue for the additiv e constan t b can b e found b y matc hing the

a v erage f0 v alues. b = �t � a�s (19)

where �s and �t represen t the source and target mean pitc h v alues. Therefore, the instan taneous

pitc h scale mo di�cation factor � ( t) can b e set as� ( t) =

af s0 ( t) + bf s0 ( t)

(20)

in order to ac hiev e the desired target sp eak er pitc h v alue and range.
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2.2.2 Duration-Scale Mo di�cation

The duration c haracteristics can v ary across di�eren t sp eak ers signi�can tly due to a n um b er of

factors including accen t or dialect. Although mo difying the sp eaking rate uniformly to matc h

the target sp eak er duration c haracteristics reduces timing di�erences b et w een sp eak ers to some

exten t, it is observ ed that this is not su�cien t in general. In Figure 5, a comparison of the

duration statistics of monophones for the t w o sp eak ers in our database are giv en. The sp eak ers

uttered the same sen tences, therefore the e�ect of duration v ariation based on con text w as

normalized in the comparison. It can b e seen from the table that the prop ortion of a v erage

durations are quite di�eren t among di�eren t phonemes. F or example, the a v erage duration of

/ah/ v o w el is 100 ms for source sp eak er, and 67 ms for target sp eak er. On the other hand, for

the /uh/ v o w el the target sp eak er has a longer a v erage duration (64 ms v ersus 37 ms). Although

on the a v erage the target sp eak er has 1.2 times longer a v erage duration than the source sp eak er,

there exists a signi�can t n um b er of phonemes that the target sp eak er uses shorter duration for.

INCLUDE FIGURE 5 HERE.

Based on the previous set of results it can b e concluded that the v ariation in duration c harac-

teristics b et w een t w o sp eak ers is hea vily dep enden t up on con text. Therefore it is highly desirable

to dev elop a metho d for automatically estimating the appropriate time-scale mo di�cation factor

in a certain con text. In the ST ASC algorithm, a co deb o ok based approac h to duration mo di�-

cation is implemen ted. The phonetic co deb o oks used for the sp ectral mapping can also b e used

to generate the appropriate duration mo di�cation factor for a giv en sp eec h frame. In order to

accomplish this, �rst duration statistics are estimated for b oth the source sp eak er and the target

sp eak er for all the sp eec h units in the co deb o ok. Then the same co deb o ok w eigh ts dev elop ed

for the sp ectral mapping can b e used to estimate the appropriate time-scale mo di�cation factor
 : 
 =

LXi=1 v i dtidsi ; (21)

where dsi and dti represen t a v erage source and target sp eak er durations for the ith co dew ord en try .

In Figure 6, the result of the duration mo di�cation is sho wn on a TIMIT sen tence. In this

case the duration statistics are generated from the lab el �les corresp onding to 10 sen tences

uttered b y t w o sp eak ers

3
. The top and middle plots in the �gure corresp ond to the source and

target sp eak er utterance \She had y our dark suit in greasy w ash w ater all y ear" resp ectiv ely .
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The b ottom plot in the �gure sho ws the duration mo di�ed signal obtained from the source

sp eak er utterance to matc h the duration statistics of the target sp eak er. Although this w as a

closed set example (i.e., the test utterance w as one of the training examples) it serv es w ell as an

example to illustrate the motiv ation b ehind the prop osed metho d. In order to tak e adv an tage of

the con text information triphones should b e used as sp eec h units. It should also b e noted that

the p erformance of the duration mo di�cation algorithm prop osed here is dep enden t on whether

the sp eak ers w ere sp eaking the same utterances or not. If the utterances are the same, then the

place of eac h phone in proso dic phrase will b e the same. Therefore a more accurate mapping

can b e ac hiev ed.

A ma jor application for curren t time-scale mo di�cation algorithms is to slo w do wn the sp eec h

for accurate transcription b y h umans. The problem with most of those systems is that they

use a constan t time scale mo di�cation factor when c hanging the sp eaking rate. Ho w ev er, not

all the phonemes are scaled to the same exten t when a sp eak er mo di�es his/her sp eaking rate.

Therefore, the same approac h prop osed here for transforming duration c haracteristics across

sp eak ers can b e applied to sp eaking rate mo di�cation algorithms if the statistics for slo w, normal

and fast sp eaking st yles are generated prior to the application.

INCLUDE FIGURE 6 HERE.

2.2.3 Energy-Scale Mo di�cation

In addition to pitc h and duration, energy is another imp ortan t comp onen t whic h c haracterizes

the proso dy of a sp eak er. In order to matc h target sp eak er's energy c haracteristics w e applied

a co deb o ok based energy mapping as w ell. The RMS energy is scaled with a v ariable � at eac h

time frame. The scaling factor can b e expressed as follo ws:� =

LXi=1 v i etiesi ; (22)

where esi and eti denote a v erage source and target sp eak er energies for the ith co dew ord.

Finally , the pitc h-scale mo di�cation factor � , the time-scale mo di�cation factor 
 , and the

energy scaling factor � are applied within a pitc h-sync hronous o v erlap-add syn thesis framew ork

to p erform proso dic mo di�cation

4
.

The next section discusses the ev aluations conducted to test the p erformance of the ST ASC

algorithm.
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3 Ev aluations

In order to ev aluate the p erformance of the ST ASC algorithm w e p erformed b oth ob jectiv e tests

and sub jectiv e listening tests.

3.1 Ob jectiv e T ests

W e prop ose t w o di�eren t metho ds to ev aluate v oice con v ersion p erformance. The �rst metho d

uses a simple sp eak er ID system to estimate lik eliho o ds for the source and target sp eak ers.

The second metho d emplo ys sen tence HMM based alignmen ts b et w een the mimic and target

utterances, and compares corresp onding sp eec h units in terms of their sp ectral and proso dic

parameters. Using the second metho d, the p erformance of the phonetic and sen tence HMM

metho ds are also compared and the in
uence of the amoun t of training data on the ST ASC

algorithm p erformance is also in v estigated.

3.1.1 Sp eak er ID Ev aluation

F or the �rst ob jectiv e test, w e used a simple sp eak er iden ti�cation system. The idea is that if

w e can mak e the sp eak er iden ti�cation (ID) system select the target sp eak er after pro cessing

the source sp eak er utterance, it means that the v oice con v ersion algorithm is p erforming w ell.

Of course b esides c hec king for the binary decision b et w een the t w o sp eak ers, one w ould lik e

to ha v e a con�dence measure on the decision as w ell. F or this reason, the log-lik eliho o d ratio

of the target sp eak er to that of the source sp eak er is adopted as an ob jectiv e measure in our

ev aluations. The p erformance measure �st can b e form ulated as:�st = log

P ( X j�t )P ( X j�s )

= log P ( X j�t ) � log P ( X j�s ) (23)

where X is the observ ation v ector sequence, �t is the target sp eak er mo del, and �s is the source

sp eak er mo del. The sp eak er ID system emplo ys 256 mixture Gaussian mixture mo dels (GMM).

The 24 dimensional feature v ector used in the GMM system consists of 12 Mel-Cepstrum co e�-

cien ts and their delta co e�cien ts. Initial v ector quan tization w as done using binary split v ector

quan tization metho d. This w as follo w ed b y 2 iterations of F orw ard-Bac kw ard training. During

data collection sessions 3 sp eak ers w ere ask ed to read a di�eren t story to the tap e recorder.

The recorded sp eec h w as appro ximately one hour long for eac h sp eak er. F ort y-�v e min utes of

12



the recording w as used as training data (b oth for sp eak er ID mo dels and v oice transformation

co deb o oks), and �fteen min utes of sp eec h w as set aside for testing. Since eac h sp eak er read a

di�eren t story , sen tence HMMs w ere not used for this exp erimen t. T riphone co deb o oks w ere

generated based on phonetic alignmen ts. W e can hear an example transformation from the �rst

sp eak er (Sp1) to the third sp eak er (Sp3) for this exp erimen tal set-up on Signal 1c. Signal 1a

and Signal 1b corresp ond to (Sp1) and (Sp3) utterances resp ectiv ely .

INCLUDE T ABLE 1 HERE.

The a v erage lik eliho o d of the �rst sp eak er's sp eec h data for the �rst sp eak er mo del, log P ( X j�1 ),

w as -70.53. After using ST ASC for transformation to the second sp eak er, the �rst sp eak er mo del

lik eliho o d reduced to -72.62, and the second sp eak er mo del lik eliho o d increased from -76.12 to

-67.15. This is expressed in T able 1 in terms of log-lik eliho o d ratio as an increase from -5.59 to

+5.47. The transformation w as not as successful for ev ery sp eak er com bination. F or instance

after con v ersion from the third sp eak er (Sp3) to the �rst sp eak er (Sp1) the lik eliho o ds sho w ed

smaller di�erences ( �31 : �3 :57 ! +0 :47). Ho w ev er, in all cases the lik eliho o ds mo v ed signi�-

can tly in the righ t directions for source and target sp eak ers (i.e., a w a y from the source sp eak er,

and to w ards the target sp eak er).

INCLUDE FIGURE 7 HERE.

In Figure 7, the illustration of the algorithm p erformance using sp eak er lik eliho o d criterion on

a sample test utterance is sho wn. Here, it can b e seen that the v oice con v ersion p erformance

also dep ends on the con text, and for some phonemes it is more successful, whereas it do es not

p erform as w ell for others. P art of this can b e explained b y the fact that the same V Q indices are

not forced to b e used in sp eak er ID system, and another mixture com bination from the source

sp eak er ma y represen t the target sp eak er c haracteristics in some cases. In order to eliminate

this problem, w e dev elop ed another ob jectiv e measure whic h is describ ed in the next section.

3.1.2 Sen tence-HMM Based Ob jectiv e Ev aluation

The second metho d uses sen tence HMM alignmen t to force align the target utterance and the

mimic utterance. Based on the state alignmen ts the acoustic features corresp onding to the same

state indices for the target and mimic sp eec h signals are compared. Ho w ev er, one dra wbac k of

this new sc heme is that it requires access to target sp eak er's sp eec h for the test utterance. W e
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p erformed a series of exp erimen ts to measure the p erformance of b oth the sen tence-HMM based

and phonetic ST ASC algorithms in terms of ob jectiv e measures in all the dimensions of sp eec h

that are considered in this pap er: v o cal tract sp ectrum, excitation sp ectrum, duration, F0, and

RMS energy . W e had a total of 15 min utes of sp eec h from eac h of the three sp eak ers (2 male,

1 female) with the same text. W e used one of the male sp eak ers as the source sp eak er, and

trained co deb o oks for transformation to the other t w o sp eak ers. W e set aside 5 min utes of

sp eec h from the source sp eak er for testing. The remaining 10 min utes w ere used in the training.

In order to understand the a�ect of the size of the training data on the p erformance of the

ST ASC algorithm w e used di�eren t duration lengths for training ranging from 10 seconds to 600

seconds. In this exp erimen t, since the sp eak ers read the same text, w e w ere able to use sen tence-

HMM based alignmen ts to generate the co deb o oks. F or comparison w e also generated triphone

co deb o oks based on phonetic alignmen ts. The results are sho wn in Figure 8. In the �gure,

the measures that corresp ond to time 0 sho w the distance b et w een the unpro cessed sp eec h and

target sp eec h. The smaller distances imply b etter mimic king of the target sp eak er. Dark lines

in eac h plot corresp ond to the sen tence HMM based ST ASC, and ligh t lines sho w the phonetic

ST ASC algorithm p erformance. Eac h of the ob jectiv e measures represen ted in the �gure are

describ ed b elo w:

INCLUDE FIGURE 8 HERE.� cepstrum distance : a v erage distance b et w een the LPC-deriv ed cepstrum v ectors (�rst

8 cepstrum co e�cien ts) of target and mimic utterance states:dceps =

1S SXs=1( c

ts � c

ms )

T
�

�1
( c

ts � c

ms ) ; (24)

where S is the total n um b er of states in all sen tence HMMs trained on all test utterances

of the target sp eak er, c

ts and c

ms denote the a v erage target and mimic cepstrum co e�cien t

v ectors resp ectiv ely for the sth state, and �

�1
is the global diagonal co v ariance matrix of

all cepstrum v ectors.� excitation sp ectrum distance : ro ot mean square error di�erence b et w een the normal-

ized LPC residual sp ectra of target and mimic utterances.dexct =

1S SXs=1vuut 1

256

256Xk=1( f

ts ( k ) � f

ms ( k ))

2; (25)
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where f

ts and f

ms denote a v erage normalized target and mimic excitation magnitude sp ec-

tra for the sth state resp ectiv ely . Normalization of the sp ectra w as p erformed prior to

comparison in order to minimize the e�ect of gain lev el di�erences (i.e.,

P256k=1 f

t
( k ) = 1,

and

P256k=1 f

m
( k ) = 1).� RMS energy distance (dB) : a v erage frame energy di�erence b et w een target and mimic

utterance states in dB. drms =

1S SXs=1(10 log 10 Ets � 10 log 10Ems ) ; (26)

where Ets and Ems denote the target and mimic RMS energy for the sth state resp ectiv ely .

Av erage gain lev els for the target and mimic utterances are equalized prior to RMS energy

estimation.� F0 distance (Hz): a v erage F0 di�erence b et w een v oiced states of target and mimic ut-

terances. dF0 =

1Sv S
vXs=1( F 0

ts � F 0

ms ) ; (27)

where Sv is the total n um b er of v oiced states. F 0

ts and F 0

ms denote the target and mimic

F0 v alues for the sth v oiced state resp ectiv ely .� duration distance (seconds) : a v erage di�erence in corresp onding sen tence HMM state

durations for target and mimic utterances.ddur =

1S SXs=1 1

3

s+1Xk=s�1( durtk � durmk ) ; (28)

where durtk and durmk denote the target and mimic state durations for the kth state re-

sp ectiv ely . Here eac h state duration is estimated based on the a v erage of 3 states (i.e.,

eac h state together with its t w o neigh b ours) in order to reduce the e�ect of early/late

transitions b et w een states in the Viterbi alignmen t.

In general, sen tence HMM based ST ASC p erforms b etter when compared to phonetic ST ASC.

The a v erage acoustic distance b et w een the transformed and target utterances decreases as more

training data is used for ST ASC transformation. F or example the a v erage cepstral distance

b et w een original source sp eak er utterances and target sp eak er utterances reduced from 0.99 to

0.46 after 10 min utes of training data w ere used for the phonetic ST ASC algorithm. The sen tence
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HMM based ST ASC reduced the cepstral distance further do wn to 0.37. There is noticeable

p erformance di�erence b et w een the t w o metho ds in terms of cepstrum, excitation sp ectrum, and

RMS energy parameters. In terms of duration and F0 parameters b oth metho ds p erformed at

the same lev el. W e can hear on Signal 2a and 2b the original source and male target sp eak er

utterances resp ectiv ely . Signal 2c corresp onds to the output of the sen tence HMM based ST ASC

algorithm after 10 min utes of training data w ere used. Here, a gradual transformation is applied

in order to b e able to illustrate another p ossible application of the ST ASC algorithm (i.e., v oice

morphing). As can b e seen in Figure 8 the p erformance of the algorithm lev els o� after sev eral

min utes of training data are pro vided. In fact, the F0 distance for b oth metho ds did not impro v e

after 30 seconds of training data w ere pro vided. This is largely due to the fact that the degrees

of freedom for the F0 mo del w ere v ery limited (mean and v ariance), and the mo del did not use

an y con text information. Therefore, F0 is the most signi�can t acoustic dimension where the

ST ASC algorithm can b ene�t from further dev elopmen ts.

3.2 Sub jectiv e T ests

W e p erformed t w o listening exp erimen ts to test the p erformance of the ST ASC algorithm. The

�rst test, forced c hoice ABX test, w as designed to test ho w con vincing the mimic w as. The

second test, in telligibilit y test, w as p erformed to in v estigate whether the prop osed algorithm

w as causing an y degradation in in telligibilit y .

3.2.1 F orced Choice ABX T est

In this exp erimen t, w e presen ted 20 stim uli A, B, and X, and then ask ed, \is X p erceptually closer

to A or to B in terms of sp eak er iden tit y?" A and B w ere short training utterances from source

and target sp eak ers resp ectiv ely (the order of assignmen t w as randomized). X w as the result

of sen tence-HMM based transformation from sp eak er A to sp eak er B. 10 stim uli w ere obtained

from a male to male transformation, and the other 10 stim uli w ere obtained from a male to

female transformation. T en min utes of training data w ere used in b oth transformations. Eac h

stim ulus consisted of 2-3 w ord phrases from unseen test data. W e used three inexp erienced

listeners in the exp erimen ts. The results are presen ted in T able 2. F or the male to female

transformation 100% of the time the listeners iden ti�ed the transformed sp eec h to b e closer

to the target sp eak er. As exp ected, the p erformance of the ST ASC algorithm w as b etter for

the male to female transformation (100%) when compared to the male to male transformation
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(78%).

INCLUDE T ABLE 2 HERE.

3.2.2 In telligibilit y T est

While informal listening tests sho w ed that the transformation of sp eak er c haracteristics w as

con vincing, w e w an ted to test whether the transformation pro cess in tro duced a degradation in

in telligibilit y . This w as necessary , since the most imp ortan t application (i.e., text to sp eec h

p ersoni�cation) relies hea vily on the lev el of in telligibilit y . The test material w as 150 short

nonsense sen tences. One example of the sen tences used in the test w as \Shipping gra y pain t

hands ev en". The main purp ose of using nonsense sen tences w as to limit the abilit y of the

listener to an ticipate w ords based on con text. Tw o conditions, transformed sp eec h and natural

sp eec h, w ere presen ted to the listeners with random order. W e used three inexp erienced listeners

to transcrib e the w ords of the test material. Listeners w ere allo w ed to listen to eac h sen tence

up to three times. The standard NIST scoring algorithm (a v ailable through LDC from D ARP A

resource managemen t con tin uous sp eec h database) w as then used to compare the utterance and

transcrib ed phone strings. The phone sequences w ere determined b y dictionary lo ok-up. The

transformation tested in this exp erimen t w as from a male sp eak er to another male sp eak er. The

result of the exp erimen t w as surprising. The phone accuracy for the transformed sp eec h (93.8%)

w as sligh tly higher than it w as for natural sp eec h (93.4%). The reason for the sligh t increase in

in telligibilit y migh t b e due to measuremen t noise. Another p ossible reason migh t b e that the

target sp eak er w as more in telligible than the source sp eak er, and the transformation algorithm

to ok adv an tage of that. Of course, the transformation b et w een di�eren t sp eak er com binations

ma y rev eal di�eren t results. When the acoustic c haracteristics of t w o sp eak ers are extremely

di�eren t (e.g., male to female transformation), w e ma y exp ect degradation in in telligibilit y . Our

future plans include testing other sp eak er com binations.

4 Conclusion

In this study , a new v oice con v ersion algorithm is dev elop ed. The algorithm is based on co de-

b o ok mapping idea, ho w ev er it uses a w eigh ted a v erage of co dew ords to represen t eac h sp eec h

frame whic h results in smo other transition across successiv e frames. Both sp ectral and proso dic

c haracteristics are transformed within the same framew ork whic h mak es the algorithm compu-
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tationally tractable. P art of the database used for training the co deb o oks did not ha v e the

same text across di�eren t sp eak ers. The sp eak ers w ere selected to b e far apart from eac h other

in terms of their sp eaking st yles and acoustic sp ectrum. In spite of these factors, high qualit y

sp eec h whic h c haracterizes the target sp eak er w as obtained after the ST ASC algorithm w as

emplo y ed for v oice con v ersion. The p erformance of the algorithm w as tested b y ob jectiv e tests

and sub jectiv e listening tests. The ob jectiv e ev aluations v eri�ed that the target sp eak er c harac-

teristics are captured to a large exten t after the ST ASC algorithm is emplo y ed. The sub jectiv e

ev aluations v eri�ed that con vincing and high qualit y v oice con v ersion can b e ac hiev ed with the

prop osed algorithm.
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List of Figure Captions

Figure 1: The state alignmen ts for source and target sp eak er utterances \She had y our".

Figure 2: Comparison of monophone co deb o oks deriv ed from the source sp eak er (solid line)

and the target sp eak er (dotted line).

Figure 3: Flo w-diagram of ST ASC v oice con v ersion algorithm.

Figure 4: Illustration of reduction of bandwidths using the prop osed metho d. The ligh t curv e

represen ts the normalized p o w er sp ectrum for the /ah/ v o w el b efore bandwidth mo di�cation,

and the dark curv e represen ts the p o w er sp ectrum after bandwidth mo di�cation.

Figure 5: Comparison of duration statistics b et w een a source sp eak er and a target sp eak er.

Figure 6: Illustration of the duration mo di�cation algorithm on a TIMIT utterance. T op :

Source sp eak er, Midd le : T arget sp eak er, Bottom : Mo di�ed from source to matc h target duration

c haracteristics.

Figure 7: Illustration of sp eak er con v ersion algorithm p erformance in terms of sp eak er ID

system lik eliho o ds across time. ( Solid line :source sp eak er lik eliho o d, Light line : target sp eak er

lik eliho o d).

Figure 8: P erformance of the sen tence-HMM based and phonetic ST ASC algorithms in terms

of ob jectiv e measures. Horizon tal axis corresp onds to the training duration. V ertical axis

corresp onds to the distance metric b et w een mimic and target utterances in eac h of the 5 acoustic

dimensions considered. The measures at time 0 indicate the a v erage ob jectiv e measures b et w een

the target sp eak er utterances and unpro cessed sp eec h from the source sp eak er. Dark lines:

sen tence-HMM based ST ASC Light lines: phonetic ST ASC.



List of T able Captions

T able 1: The sp eak er ID ev aluation for v oice con v ersion. Sp1: �rst sp eak er, Sp2: second

sp eak er, Sp3: third sp eak er.

T able 2: F orced-Choice ABX listening test results. Av erage n um b er of times the listeners

iden ti�ed the transformed sp eec h to b e closer to the target sp eak er than to the source sp eak er.



List of F o otnotes

1: The v alue of 
 basically con trols the dynamic range of co deb o ok w eigh ts. By setting this

v alue to in�nit y one can force the selection of a single co deb o ok en try from the co deb o ok.

2: pitc h and fundamen tal frequency are used in terc hangeably in this con text although they

di�er in their de�nitions. Pitc h is in fact the p erceiv ed fundamen tal frequency .

3: Only t w o of the sen tences w ere common to b oth sp eak ers, the remaining 8 sen tences p er

sp eak er w ere unique.

4: Ho w � and 
 are used within a pitc h-sync hronous analysis-syn thesis framew ork is describ ed

in detail in Moulines and Charp en tier (1990).
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Figure 1: The state alignmen ts for source and target sp eak er utterances \She had y our".

Sp eak er ID Ev aluation of V oice Con v ersion Algorithm

T est c ase �st b efore con v ersion �st after con v ersionSp1 � > Sp2 -5.59 +5.47Sp1 � > Sp3 -4.29 +3.22Sp2 � > Sp1 -6.22 +1.51Sp2 � > Sp3 -6.55 +3.98Sp3 � > Sp1 -3.57 +0.47Sp3 � > Sp2 -4.70 +4.53

T able 1: The sp eak er ID ev aluation for v oice con v ersion. Sp1: �rst sp eak er, Sp2: second sp eak er,Sp3: third sp eak er.
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Figure 2: Comparison of monophone co deb o oks deriv ed from the source sp eak er (solid line) and

the target sp eak er (dotted line).

F orced-Choice ABX listening test results

T est c ase Numb er of times tar get is sele cte dMale� > Female 100%Male� > Male 78%

T able 2: F orced-Choice ABX listening test results. Av erage n um b er of times the listeners iden ti-

�ed the transformed sp eec h to b e closer to the target sp eak er than to the source sp eak er.



Calculate LPC, a
k
, from incoming speech frame x(n)

Estimate source speaker’s excitation signal, gs (n), from LPC residual

Convert LPC, ak , to LSF, wk     k=1 ... P

Calculate distance di from each codeword LSF Si from source speaker’s codebook

Estimate weights on each codeword LSF based on distances vi  ~ e−γdi

Update weights, vi, using gradient descent method

Use these weights in estimating
Gt (ω) and Gs (ω)

Estimate glottal excitation filter  
Hg(ω) = Gt (ω) / Gs(ω) 

Use these weights in generating the
target LSF, wt, from target codebook

and (if unvoiced) source LSF, ws

Convert target LSF, wt , to target LPC

Estimate LPC spectrums, Vs (ω) and Vt (ω)
and vocal tract filter  Hv(ω) = Vt (ω) / Vs(ω) 

EXCITATION TRANSFORMATION VOCAL TRACT TRANSFORMATION

Estimate target speech DFT   
Y(ω) = Hg(ω) Hv(ω) X(ω)

Take inverse DFT   
y(n) = Re{IDFT{Y(ω)}}

Apply energy, duration, 
and pitch scaling

Apply hamming window

PROSODIC TRANSFORMATION

Output Speech

Input Speech

Figure 3: Flo w-diagram of ST ASC v oice con v ersion algorithm.
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Figure 4: Illustration of reduction of bandwidths using the prop osed metho d. The ligh t curv e

represen ts the normalized p o w er sp ectrum for the /ah/ v o w el b efore bandwidth mo di�cation, and

the dark curv e represen ts the p o w er sp ectrum after bandwidth mo di�cation.
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Figure 5: Comparison of duration statistics b et w een a source sp eak er and a target sp eak er.


