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Abstract

A significant part of the work required to creatbigh quality speech synthesizer is the
creation of “synthetic voices”. Reusing an exigtunice database and making it sound
like a different speaker, or like the same speakardifferent emotional state, or using a
different speaking style, is obviously important iiacreasing the efficiency in creating
voice options for a synthesizer. This article esws techniques to change signal
characteristics like pitch and durations, and afsectral modifications. We conclude by
assessing the prospects of voice modification @esp synthesis in light of now-
available advanced machine learning techniques.

1. Introduction

Over the last decade, speech synthesis [16] has adong way towards producing
higher quality, more natural-sounding output. TWe most important reasons for this
paradigm shift are: 1) computers are now poweasfidugh to employ sophisticated data-
driven techniques such as unit selection (e.g), §81d 2) better software tools are now
available that allow for faster and cost-effecttveation of new TTS voices [18].

The advent of high quality text-to-speech (TTS) rhaye created the false notion of
speech synthesis being a “solved problem”, thahesjdea that speech synthesis can
replace a live human speaker (or a speaker’s rarih any application, service, or
product. This is definitely not the case, givea émormous richness and expressive
capabilities of the human voice that are impossitat least impractical, to match with
a speech synthesizer. What unit selection spegtthesis can do, however, is deliver
surprisingly good quality speech for somewhat narapplications, such as travel
reservations, weather reports, etc. [24]. Thi$ jgality is achieved by recording
special domain voice databases. For a given do(eain “travel”), voice talents are
being recorded while reading examples from thatalapsuch as “Your flight to
<destination> has been confirmed.” The idea iso\er as much material as possible
that is well suited for the given application. @Jshe reading style used (e.g., friendly
but affirmative) has to be appropriate for the aation. What unit-selection TTS
cannot do today (at least not in any practical way® turn an average voice, reading in a
“newsreader” (i.e., reserved, toned-down) styley mhighly desirable “spokesperson”
voice for marketing a new product (i.e., speakim@ highly expressive, enthusiastic
style). The reason for this inability is simpleete is no way that all the necessary
speech data (many hundreds of hours) can be reténata one single speaker, given the
time it would take and the fact that a speakerisezanight change over time.
Consequently, modifying recorded speech by sigradgssing is the only practical
option.



This chapter is organized as follows. In sectipw@ will review some of the algorithms
available for modifying speech signals in pitchtations, and other characteristics.
Section 3 will highlight methods available for miythig voice characteristics with the
goal of either changing speaking style or evenlsgreidentity. Finally, in section 4, we
conclude with a summary and an outlook at futureetimments.

2. Voice Signal Modification in Concatenative Speec  h Synthesis

Concatenative speech synthesis uses snippets)(ohiecorded speech, usually cut from
full sentences. Commonly employed units are diglsqibracketing exactly one phone-
to-phone transition, starting from the spectralbbée middle region of one phone to the
spectrally stable middle region of the next phooneemisyllables (comprising
consonants and vowels). At synthesis time, theionéntory (voice database) is
searched for the optimal sequence of units thaengkthe desired speech output.

Until about a decade ago, typical concatenativedpsynthesizers for English used
inventories of between 1,500 and 3,000 units tdBasides special cases such as /r/-
colorization of neighboring vowelsmostly single prototypical instances for any give
kind of unit were stored in the inventory, predoanitly for reasons of storage
restrictions and synthesis speed. Clearly, hapisgone or, at most, very few candidates
to chose from for a specific time slot necessitateslification of the unit by mean of
signal processing (e.g., in terms of pitch, duratemd amplitude) in order to “fit” it in
with its neighbors. Note also that the initialesgion of the one (or the few) prototypical
examples of each class of units to be includetienrventory is a critical process that
has much influence on the quality of the synthessgeeech (see, e.g., Section 7.3.3 in
[17]).

More recently, Unit Selection Synthesis (USEL) #]9][21] moved the selection
process from the off-line (synthesizer design) phtaghe on-line (actual time of)
synthesis when the sentence to be synthesizedwrknUSEL takes advantage of the
more powerful computers available to store andcbelanndreds of thousands of units in
total, narrowing down to at least a dozen or sempm| candidates for each time slot.
While the availability of several choices (e.g.ttwdlifferent pitch values) reduces (and
sometimes eliminates) the need for signal procgssie will see that it is still needed
because recording an inventory that covers allmateneeds is highly impractical.

2.1 Necessity of voice signal modifications

In a keynote paper at the 1997 Eurospeech confe@2¢, Jan van Santen presented far-
reaching statistical results that support the irtgrare of voice signal modifications. For
example, to cover all combinations of prosodic simta random test set of sentences
with probability 0.75, the inventory size needed&150,000 diphone units. He also
showed that the similarity of test (i.e., actuadges) and training (unit inventory) text
corpora in terms of triphone and vocabulary disiitns have a significant impact on

! Colorization is the influence of the sound of et (here, /r/) on neighboring sounds. For instan
formant frequencies of vowels immediately precedingpllowing an /r/ are influenced by it.
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this kind of inventory coverage. He concluded teatning algorithms for training TTS
systems (such as used in training unit selectioadigms) need to employ solid
generalization capabilities in order to make uptha rather poor coverage of even very
large training corpora. This means that the systemcope robustly with unit
combinations that are needed to synthesize speutiffut text but that have not been part
of the training set. Note that so far, the argutaigon used mainly the combinatorics of
language. However, another way to approach thielgmowould be to estimate total
inventory size based on assumptions of token niigitypin terms of variations in pitch
and durations (amplitude variations left asiderfow). Assuming, for illustration
purposes only, 2,000 unit types with voiced speswha multiplicity of 20 for pitch
variations and another factor of 10 for duratioregliations, we arrive at
2,000x20x10=400,000 unit tokens that would be ngedéis calculation assumes no
signal processing is used to change pitch and idasat Traditional diphone-based
synthesizers may be considered as existence pgraifsignal processing is helpful (here:
reducing the inventory back down to 2,000 unit g)palthough it seems that the reduced
inventory size surely would come with the costasftInaturalness when compared to
large inventory unit selection synthesizers.

One way to reduce unit inventory size significamglyo use smaller base units. Conkie
[4] proposed using half-phones (about 2x50=100gyipe English). A half-phone cuts a
diphone at the phone boundary that it containsns€quently, two half-phones can form
a diphone. For the scenario discussed abovetdtisteal advantage of using half-
phones over a full set of diphones is based offiaittehat the number of necessary unit
tokens in the inventory without using any signalqassing would be
100x20x10=20,000, which is a much more manageable s

From these considerations, it should be cleardiggtal modifications in terms of pitch
and durations should be useful for reducing themory size down to practical (i.e.,
recordable with one voice talent) levels. Howetds also clear that too much signal
processing tends to decrease the quality of synthpéech [10]. For pitch, the limit
might be 10-20%, for durations, perhaps 50%, ganailable signal processing methods.
Generally, the objective should be to maximize iquathile balancing inventory size,
amount of signal processing used, and, last buleast, choosing the specific algorithms
that allow for relatively large signal modificat®mvith no perceivable quality
degradation.

2.2 Methods for modifying voice signals

One of the key issues in concatenative speech asistis picking the specific speech
signal representation (parameterization) for effithy storing the inventory units,
smoothing over concatenation points, and for prgsoddification. The question of
which speech representation to use is tightly eeléd the question of which algorithm to
use for prosody modifications. Therefore, the iageethod for modifying voice signals
for speech synthesis purposes meets the followbfectves:

1. It employs a speech representation that enablespaaent (inaudible

distortions) encoding/decoding. When signal charéstics are being



modified, the result has to sound convincingly likkas been produced
by the recorded voice talent using different chemastics (e.g., pitch,
duration).

2. The speech representation needs to allow randoessito any indexed
inventory unit without large computational costs $witching from one
unit to another. For speech representations wémary (e.qg., filters), this
encompasses also storing algorithm-internal statames, plus
appropriately smoothing over the transition.

3. Although not a strict requirement, choosing a sheepresentation that
adds compression has the practical advantagesrofber inventory file
size (i.e., more recorded speech per megabyteskfstiorage) that makes
distribution of voice inventories and TTS servelimenance easier.

In the following, we will highlight the basics di¢ three most commonly used methods:
1) linear prediction coefficients (LPC) and thater in capturing spectral envelopes in
close correspondence to vocal tract geometryn&-domain overlap add (TDSOLA) as
a low complexity method for pitch and durationahibes, and 3) sinusoidal speech
representations, enabling more sophisticated spmedifications.

2.2.1 Linear Prediction

A linear prediction filter of integer ord@rdefines the output signgin) (here:
synthesized speech) as the result of an excitatgiralx(n) filtered by a recursive
(autoregressive) filtea(K):

Y =x()+ " a(k)y(n- k) (1)

It can be shown (e.g., [14], see. Fig. 4.1) thatfilker coefficientsa(k) represent a vocal
tract model comprised @f sections of an acoustic tube of stepwise constast-
sectional areas. Wave propagation in the tubsssraed to be without losses and one-
dimensional (plane), and tube walls are assumée togid. Any side branch (e.g., nasal
tract) is not part of the model.

In the simplest version of LPC-synthesis, the etidh signak(n) is either a train of
pulses or white Gaussian noise (see Fig. 1). Tieegrain approximates the glottal
excitation for voiced sounds, while the white Gaarssioise represents the turbulent
noise that excites the vocal tract for unvoicednsisu Note that both the noise and the
(single) pulse excitation are assumed to havetddleer frequency) spectrum. Note also
that the LPC filter gives the synthetic speechdésired spectral envelope
(approximating the spectral envelope of human dpaed matching its formants), while
the simplistic pulse/noise excitations clearly failmatch spectral details.

LPC synthesis as described so far violates prodestated above. LPC synthesis clearly
sounds “buzzy” (due to the repetitive nature ofgthéses that do not match the spectral
details of human glottal excitation) and, henceastransparent as a speech



presentation. However, because of its relationghimcal tract geometry, LPC lends
itself to spectral modifications that are basedjeametric differences of vocal tracts
(e.g., male to female speech conversion, see segtobelow). Improvements to speech
guality can be achieved by using more sophisticatedels of the excitation, such as
glottal pulse models (see [17]section 7.4.3; atsoraulti-pulse models [3]). In any case,
it should be obvious that pitch can be modifiecchgnging the pulse rate of the
excitation and durations can be modified by chaggive updated rate of the LPC filter
coefficients during synthesis. Also, smoothindha filter can be used to achieve better
concatenation between units.

2.2.2 Time Domain Pitch Synchronous Overlap Add (TD -PSOLA)

An intriguingly low-complexity way of modifying pth and duration of recorded speech
was introduced in [15]. The basic idea is outlime&ig. 2.

The left column of Fig. 2 shows time-domain speeeleforms and the right column
shows spectra related to the waveforms on the kdt.voiced speech as depicted in the
top row, we recognize the quasi-periodic wavefdnat gives rise to the comb-filter like
fine structure that is visible in the spectrum dégd on the top right.

In the second row of graphs in Fig. 2, four semavaveforms have been extracted.
Each of them encompasses L= two pitch periods asdben tapered with a Hanning
(raised squared cosine) window so the waveformisl i and die down gradually. Note
also that the individual waveforms have been remrsd in time relative to each other.
The right panel in the second row shows the spectiuione of the individual
waveforms. Very little of the harmonic structuesrmains visible.

Finally, in the third row in Fig. 2, we see theuk®f adding the individual waveforms in
their new positions in time. In this example, thécome is a speech signal of lower
pitch and longer duration. The related spectruntherright shows the harmonic
structure of that lower pitch.

Higher pitches can be achieved by staggering ttieiagual waveforms closer together in
time before adding them up. Shorter durationsaahéeved by dropping individual
waveforms, while longer durations are achieveddpeating individual waveforms as
needed. Finally, note that the Hanning windowthasconvenient property that
reproduces the original speech signal when no noadiibns of pitch or durations are
performed.

While the TD-PSOLA method may be applied to theespesignal itself, a possible
variant would be to apply it to the so-called LR&Sidual. The LPC residual is the
specific excitation signa{(t) in Eg. 1 above that would be needed to matclotiggnal
speech exactly with the synthetic outg(t). The LPC residual can be obtained by
inverse filtering of the speech signal. Inverserfing has the effect of “whitening” the
individual waveforms used in TD-PSOLA. CombinitgtPC and TD-PSOLA
methods this way also allows for spectral envelpeothing between inventory units.



For time-scale modifications without any pitch nfamition, the so-called WSOLA
approach may be used [30]. (Sound Clip examplesstuty”)

2.2.3 Sinusoidal Representations

The main drawback of the simplest form of LPC sgsth is its crude representation of
the glottal excitation signal. On a frame-by-frabasis, that is over 5-50ms intervals, the
amplitude and phase relationships of the first fl@nmonics may contain crucial
information on speaker identity (independent ofsbper-segmental prosodic and
phonetic cues). Therefore, sinusoidal speech septations can be viewed as a more
sophisticated means to meet the transparency esqgeirt stated in the beginning of this
section. As with TD-PSOLA, we have the choicermuding LPC filtering to allow for
vocal-tract geometry motivated modifications of gpectral envelope and for its
smoothing at concatenation points. Different froBxPSOLA, however, pitch
modifications are done in the frequency domaingdypressing or stretching the
spectrum. Slowing down and speeding up dependseoparameter update rate.

For the following, we chose to follow the pionegrimork of [20]. Lets(t) be a signal of
interest, either speech or LPC residual, then

= AMcosW Ol  wih W©= w(s)ds+f, 2)

where A (t )s the slowly time-varying amplitude of theh sine waveW, (t i}s
instantaneous phasg the radian frequency of theh sine wave, and, its phase. The

analysis task is comprised of estimating harmom@gudencies and phases. Potential
problems are the “birth” and “death” of specifiagsoids and the representation of
unvoiced speech.

Several variants of the sinusoidal approach existe is the HNM (Harmonic plus Noise
Model) representation [26][12] that splits the sgespectrum into a low-frequency
voiced part that is modeled by the sinusoidal aggmpand a high-frequency unvoiced
part that represents the more noise-like charatieof speech spectra at high
frequencies. The “maximum voiced frequency”, whiglkhe cut-over frequency
between the two representations, may be a fixepiénecy or may be set once for each
speaker individually or may be even updated ovee tor dependent on the specific
speech sound. Another approach is STRAIGHT [13nelspecial care is given to
estimating the harmonic amplitudes accurately (bi@s). Both, HNM and STRAIGHT,
however, assume that all sinusoids are at freqasrtbat are integer multiples of the
fundamental frequency of the signal. For practaggllications in speech synthesis, the
reader should be aware of the fact that speciakprs’ voices may be less suitable for
sinusoidal speech representations than other spgeaker a “bad” speaker, the
coded/decoded speech may sound somewhat busy alficp&thich is in clear violation
of the transparency requirement. (Sound Clip examfprosody”)



3. Modification of voice characteristics

Variability in speech has several dimensions, tlestnmportant ones for speech
synthesis purposes being speaker variability, istguvariability (inter and intra-
speaker), and task variability. The acoustic dates of these dimensions are variations
in pitch, duration, amplitude, and spectrum. Weady discussed how to change these
low-level attributes with the exception of spectrhbracteristics.

In the following, we will focus on higher level dpgations of signal processing that are
used to change voice characteristics on a morebsmale. Among these applications
are modifications to speaker identity (voice transfation, voice alteration targeted at
changing gender, individual differences, or evaietit), and modifications to speaking
style and/or emotions for a given speaker (changimgtions or adapting the speech to
fit environmental needs such as Lombard speechtfil]is appropriate for noisy
environments). Although the algorithms used mayesboth classes of applications,
there are important differences between the twdil&¢thanging the speaker identity can
leverage the significant effort that went into ¢neg one high quality TTS voice for the
purpose of being able to offer several such voices]ifying intra-speaker characteristics
such as speaking style or emotion avoids the sffafrhaving to re-record large parts of
an existing voice database with the same speakei, tane using a different speaking
style or emotion.

In order to mimic real-life variability of speechtiva synthesizer, it is helpful to list
different speech and speaker characteristics thgttrhe changed by signal processing.
Linguistic variability encompasses variations doi@tonation plus the fact that
phonemes may also have different spectral propetgpending on context
(coarticulation), speaking style/emotion, and spealGender differences include the fact
that average pitch and formant frequencies areehifgit females than for males. Dialect
differences consist of the use of different phonefoe a word and the use of different
allophones for the same phoneme in a given corpéxd,differences in prosody. As an
example, Fig. 3 shows data for male and fem¥ed 3 formant frequencies
depending on the dialect of US-English for the viblwe[27]. Some of the variability of
speech between individuals clearly has reasons#mabe traced to differences in vocal
tract geometry. Consequently, spectral (vocalttnaativated) changes, as well as
“individualized” prosody models that capture a sfiespeaker and/or emotion/speaking
style, are being summarized next.

3.1 Spectral models for changing speaker and/or spe  aking style

Here we outline methods for transforming speecbinef speaker either to sound like
speech from another speaker, or to sound like spefethie same speaker, but in a
different speaking style or with different emotion#/e focus primarily on vocal-tract
related characteristics of speech but note thabalsec concepts also apply to
representations of the glottal excitation.

Acoustic correlates of speaker individuality carfdaend in vocal-tract formants, spectral
tilt, and glottal characteristics. One obvious wayry to map “source speech” (what we
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have) with a certain set of characteristics (eseaker identity, etc.) to “target speech”
(what it should sound like) with another set of retederistics is to use two codebooks of
vector-quantized spectral (e.g., LPC) vectors, ¢ashed on one of the two sets, and
find a mapping between corresponding codebookemnt(This technique was pioneered
by Abe at NTT in Japan [1] using parallel corp@airce sef and target seB,
comprised of identical sentences. A challenge With approach is the time-alignment
of vectors from one set with the corresponding mectrom the other. Although ideally
the same material is recorded in both corpora, it always straight-forward to map
speech frames even for a given single word, inqdar when two different speakers
spoke the word, because of differences in vowalctadns, phone omissions or
additions, or other individual pronunciation dié@ices. Dynamic Time Warping (DTW)
is used to establish this correspondence and hésteyof these correspondences serve as
weights for the mapping function:

J
(B)
W; S|

Si(A® B) — j=1J ' (3)

j=1

HereAand B represent source and target sets, respectigl§” is thei-th spectral
vector of the mapped source codebook, apdre the histogram counts of how often
vectori of codebookAwas found to correspond to vectpm codebookB, itself
containingJ vectorsS(jB). Note that Eg. (3) can be viewed as an interpoidietween

different target spectral vectors. Therefores important to choose a representat®n
where linear interpolation makes sense and doeleadtto “over-smoothing”.

Another way to map features from a source corpuldse of a target corpus is to
estimate an appropriate transformation functiohe most popular method for doing this
is based on Gaussian Mixture Models (GMMs). Onthefearly adopters of GMM-
based methods for voice conversion is Stylianol.[26

Let w, denote then-th acoustic class out of a totalMfclasses. In a Gaussian mixture
density model, the probability density functionsaofy of theK observation vectorg,
(k=1...,K) is given by:

M

P0G =  P)PO ) = GGG ) o (@)

m
wherex, is a L -dimensional random vector. The conditional prolagtdensity for

each of the M classesg, is assumed to be a Gaussian component deNgity, ..S., ., )
and thec_’s (the probabilities for classesg, ) are the related normalized mixture weights

M
( ¢, =1). EachL-variate Gaussian component density is of the form:

m=1



N(X., .S,) |l,2 exp - 1(xk - SHX - L) (5)

(2p)"s, 2

Here | is anL-dimensional mean vector for theth component, an&,,is its

covariance matrix. Therefore, theth mixture component is characterized by its acente
(the mean) and the spread around that center, &squdy the covariance matrix. Note
that Eq. (4) expresses arbitrary distributions lsesar combination of Gaussians. If we
associate thenth component with a specific acoustic class (aasals, vowels, etc.), it
should be intuitively clear that mapping technigbased on Eqg. (4) are more robust than
those based on Eq. (3) above that do not explidifiinguish between different acoustic
classes while also lacking an inherent model (KBaressian) for generalizing to unseen
data.

In estimating a mappirng, (X , the goal is to minimize the mean-squared erronéen

the transformed set’ ={¥, =F.(x,),.k =1..K} of source data and the training set
={y,.k =1..K} of target data. Again, we assume that both daibservation vectors
are time-aligned using DTW.

Furthermore, let  (x) = P(w,, |x )e the conditional probability of belonging to class
w,,, and, using Eq. 4 and Bayes’ rule, we find:

P(W) POX| W) _ CuN(X, 1 Si)

h,(x) = P(w;, |x) = T (6)
P(X) cN(X, ,S)
i=1
The conversion functiofr, (x i9 chosen to be of the form
M
F00= " ool + @S- )] ™

The unknowrl-dimensional vectorg,and the unknowh” L matrices@, are obtained

by solving normal equations for the least-squareblpm between and " Details

can be found in [26]. Note also that the methadlwaimproved further by basing the
conversion function on joint source and target dmss[11] instead of basing them solely
on source densities as outlined above.

Most recently, Toda [28] introduced a new stat@tmoethod based on maximizing the
likelihood (ML) function log p(y, x )for each class (mixture component). This leads to

generalization of the mean vectorand covariance matriceS in the simplified

derivation given above. Toda also included dynaasjuects (time derivatives) of
features to exploit their trajectories over tinioth measures led to less “erratic” feature
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trajectories of the transformed speech when condgaréhe basic GMM method while
keeping the global variance (observed over timd)igis as in the recorded target speech
(the GMM method usually reduces that variance amrably). The new method also
avoids over-smoothing of GMM-converted spectra Huahetimes leads to overly broad
formants in the converted speech. (Sound clipavta” — “conv44”)

3.2 Prosody models and prosody changes

Having the ability to change the frame/segmentteelaignal correlates to prosody, such
as pitch, durations, and amplitude, gives us tbettbapproach changing prosody aspects
of speech on a larger time scale. One purposepefrssegmental prosodic changes is to
convey (different) emotions. Another is to inde&bpic structure, or speech acts and
other functional aspects of intonation [7]. Howe\tkere is evidence that a perfect
“synthetic” copy (i.e., a TTS-based mimic) of a ramspeaker is only possible with a
data-driven prosody model that is trained on thexdijc speaker. Here the idea is to
enable powerful generalization from sparse traimiata by capturing the way a specific
speaker uses prosody in a specific context (en@ ,dialog scenario) and for a specific
speech act (e.g., greeting) and make the TTS systedict the right prosody so its unit
selection module can do a reasonable job of retmgethe correct speech segments,
and/or help a prosody-modification enabled back+emndb the necessary signal
modifications.

Recent developments in prosody models, much gseiach representations (i.e., “signal
models”) for speech coding or speech modificatiorppses, followed a similar trend:
from “knowledge-based” to “data-driven” paradigms$. [ Knowledge-based systems
incorporate the skills and intuition of the reséarc Data-driven models learn from
training data. As in many other cases, the “rightidle ground is to allow for data-
driven adaptability/flexibility while basing the rdels on generally accepted principals
for robustness and generalization [22]. CleaHg, future belongs to systems that use
machine learning techniques that are seeded witbrghly accepted intonation rules.

Intonation, the way we assign fundamental frequeEnto voiced signal segments of
speech, is an important part of prosody generatidreories of “tone sequences” pose
hierarchical structure on the problem that mayx@essed on a symbolic level in the
form of Tone and Break Indices (“ToBI”, [25]). Sua symbolic linguistic
representation then needs to be followed by a iagtoally assigning fundamental
frequency values. An example of an early modebfmerating actual fundamental
frequency contours for synthesis purposes is thiedki model [6]. The Fujisaki model
basically applies LPC (see above) to fundamenggjuiency contours in that it tries to
correlate major intonation events in timing, duras, and amplitudes with linguistically-
motivated notions of phrase and accents “commanidshodels these commands as step
functions and then filters these “excitation” signlay an LPC-like smoothing filter to
arrive at a fundamental frequency contour for aletutterance.

A second way to build an intonation model is toniafy proper “building blocks” of

intonation in the form of stylized fundamental foeqcy Fo) tracks and to associate each
of these tracks with the terminal leaves of a Gli@ssion and Decision Tree, such as
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CARTs or via neural networks (for details, see,,es@ction 6.9.2 in [5]). Such
representations are driven by syntactic featuresiged by automatic text analysis or
(manual) mark-up.

Most recently, ways have been found of to explogally the large speech databases
recorded with a single speaker for unit-selectimtisesis. Here, the idea is to search the
database for a reasonable prosody match at theadigntdvel and harvest appropridte
tracks [8]. Challenges of this method includegsparseness of the data even existing in a
large speech database and how to fill in the “Hol&sfferent ways to “fall-back” to
fundamental knowledge-based rules exist.

Any of the parametric intonation/prosody modelg fliscussed can be employed within
the signal transformation framework of section 3br convincing results, the feature
vectorsx andy of that framework have to include model parametéthe chosen
prosody model or representation.

3.3 Voice alteration

Voice alteration is the task of changing (“disgnggi) a source speaker’s voice so he/she
can no longer be recognized without actually tryimgnatch any peculiar target speaker.
Such capability is useful for speech synthesis gegp since any “new” voice obtained
through speaker alteration helps in marketing o1& system.

In addition to changing pitch as discussed pre\iguhanging the vocal tract size is
helpful. Starting from a male voice databaseefample, raising the pitch and
shortening the vocal tract may simulate a femalehdd voice. Several methods are
available to achieve such alteration. One spegithod summarized here exploits the
fact that Linear Prediction Coefficients (LPCs, seetion 2.2.1 above) can be converted
to log (pseudo) areas that define a correspondingsdic tube. Scaling that tube and
converting back to LPCs results in voice alteration

It can be shown (e.qg., [14], section 5.5.2] thabK filter LPCs can be converted into
reflection coefficients (k),k = p, p- 1,...,1, by starting a backward recursion with initial

LPCsb,, =1b,, =a,,....b, , =a,, and setting, =a,:

bk_l,—bk' "B for i =0,1,...,p- 1
1-r1?
extract e =b, (8)

andcheck |r, [<1

If any reflection coefficient has a magnitude tisaarger than unity, the corresponding
LPC filter is unstable.

From reflection coefficients obtained using Eq, (8¢ then computkog Areas using
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LA, =0

1+r
L =lo k 9
Ak+1 g l- rk ( )
for k=1,...p

Fig. 4 shows the log areas corresponding to a LR 6f orderp=16 for the vowel /i/.
Here the 17 log areas are shown as representedt&ns of the corresponding acoustic
tube. Note that the ubiquitolg,, =0 on the left corresponds to the “lips” (front) wéhil

LA, on the right corresponds to the “glottis” (baclk)lso shown in Fig. 4 is a straight-

line representation that can be used for interpaahe geometry of the pseudo vocal
tract.

Fig. 5 shows a pseudo tract that is shortened By I2p “compressing” the interpolated
straight line representation and resampling itteNbat the high-order log areas have
been “extrapolated” to be of the same value asitgjieest-order original log area.
Different, non-linear stretching or compressionesuols are admissible. For example, the
“back cavity” (i.e., pharynx section) could be stheed by a different factor as the “front
cavity” of the vocal tract. Interesting voices dancreated easily this way, for example,
“gnome”-like voices for computer games. (Sound @xamples “prosody”)

4. Conclusions

In this article, we have highlighted algorithms d@adhniques to transform speech from
one speaker using a specific speaking style andjbeia specific emotional state to
sound like either a different speaker or to fitffedent speaking style or representing a
different emotional state. All signal aspectstedato all parts of the human vocal
apparatus have to be included in order to arrivegit-quality results.

For the low-level signal processing, many algorishtan be borrowed from the most
advanced speech coding/compression efforts. Be#igestrict requirement of
transparency (i.e., non-detectability), speechrpd used to reduce storage
requirements, which is essential for distributimgl &ancorporating large voice databases
with/into Text-to-Speech systems. Nontraditiore|uirements of speech coding
algorithms and speech representations are relateshtlom access and modification of
signal parameters. An important open problem shiiineeds to be solved is the
effective representation and modification/transfation of glottal excitation.

In addition to the basic algorithms for signal nfaditions, there are higher-level
algorithms that capture (“learn”) a speaker’s spemtseveral time scales: frames,
segments, words, and whole sentences. The relaol@éidsexpect future research work
being applied in even larger contexts like paralgsaand whole “stories”. For this,
advanced machine learning techniques such as SW@ctior Machines [29] and
Boosting [30] may outperform traditional technigiesed on, for example, CARTS.
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The most advanced voice modification techniquestitenot good enough to deliver
convincing “transformed” speech. With increasinglkfy, however, the need for
extensive and comprehensive recording of voicebaatzs will be reduced to just the
“essentials”, while more and more “derivative” skieg styles, emotions, and/or
speakers will be created through modification efraller set of original recordings.
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FIGURES
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Figure 1: Block diagram of LPC synthesis. Periqalitses with pitch period are used
for voiced excitation. Gaussian noise of unit atagk is used for unvoiced excitation.
The excitation is scaled in amplitude by gain facto
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Fig. 2: Time-Domain Pitch-Synchronous Overlap-AG®{PSOLA). Adapted from [5],
Fig. 10.1, p. 252.
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Fig. 3: Second and third formant frequencies ferwbwel /u/ by dialect and gender.
(Ann Syrdal, priv. comm.)
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Fig. 4: Log Areas derived from LPC analysis for tosvel /i/.

-19 -



sealy bo7

Fig. 5: Same log areas as in Fig.4. However, tlterdinearly interpolated line segments
were “compressed” along the distance axis, reptegea 25% reduction in vocal tract
length. The final “stair case” representation wasipled from the linear segments and
then used to re-synthesize the vowel.
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