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ABSTRACT

A new quantitative model of tonal perception for continuous speech is described. The
paper illustratesits ability for automatic stylization of pitch contours, with applicationsto
prosodic analysisand speech synthesisin mind, and eval uatesit in aperception experiment.

After a discussion of the psychoacoustics of tonal perception and an overview of
existing tonal perception models and systems for automatic analysis of intonation, the
model and its computer implementation are described in detail. It includes parameter
extraction, segmentation into syllables, perceptual integration of short term pitch change,
tonal segment computation, and pitch contour stylization.

Thisisfollowed by a perception experiment in which subjects are asked to distinguish
original signals from resynthesized signals with automatically stylized pitch contours.
Theaim of thisexperiment is to show the usefulness of the model asabasisfor intonation
representation, and to study the influence of the model parameters. It is shown that the
stylization obtained with the model is an economic representation of intonation which can
be useful for speech synthesis and prosodic analysis.



1 Introduction

Modelling the perception of intonation is a challenging problem to both fundamental and
applied studies of prosody. A computer model of intonation perception should be able
to process the acoustic speech signal and to yield a quantitative representation of how
the prosodic attributes of the signal are perceived. Perception research over the last 30
years has indeed shown the complex nature of auditory perception in general and of tonal
perception in particular. Recent work by House (1990), for instance, showed how spectral
and amplitude variations create a perceptua segmentation of the signa into syllable-
sized chunks. This process drastically influences the perception of prosodic attributes
(such as pitch, stress and duration), since it transforms the continuous speech signa
into a concatenation of short duration fragments. Earlier work established the glissando
threshold, a perceptua threshold for fundamenta frequency variation depending on the
extent and the duration of the variation. Taken together, these two mechanisms can
account for several observed phenomena. For instance, they explain why many short-
term fundamental frequency (FJ) variations will go unnoticed. Along the same line,
microprosodic variations may contribute to segmental perception but probably not to the
perception of sentence intonation. All these facts need to be taken into account by the
perceptual model.

The need for a perceptual model of intonation isfelt in several areas, like (automatic)
intonation analysis, (automatic) intonation transcription and intonation synthesis.

A key point in automatic analysis of speech intonationisthat the perceived pitchisnot
alwaysthe same asthe physical F@ . The FQ pattern, as it appears at the output of a pitch
tracker, seems difficult to interpret in astraightforward manner, for reasons which are well
known. The F@ pattern depends upon several independent factors some of which are well
described intheliterature: e.g. intrinsic pitch of vowelsand consonants, co-intrinsic pitch
phenomena linked to the place and mode of articulation of the segments, voice source
characteristics, loudness, phonatory force, etc. One can notice that a similar situation
is encountered in singing. In many situations, the melody indicated by the vocal score,
which is accurately appreciated by the audience, israther different from F@ tracings'.

Automatic analysisin turn isacrucial step towards the long awaited automatic tran-

1Observing F@ tracingsin singing, Seashore noted as early as 1938 that “ It is shockingly evident that the
musical ear which hears the tones indicated by the conventional notesis extremely generous and operates
in theinterpretativemood.” (Seashore (1938), p. 269).



scription of intonation. If this goal can be reached, it would make the work of prosodic
transcription less tedious and cumbersome, and would give the transcription the objective
basisthat itis till lacking. Since the automatic analysis procedure applies the findings of
psychoacoustic experiments, it provides a systematic transformation of the acoustic F&@
datainto an estimate of the perceived pitch, free from any bias introduced by the individ-
ual human transcriber. Automatic analysis and transcription will provide better tools for
corpus analysis in phonetics and linguistics, because it alows for the gathering of large
amounts of data. At the same time, it can serve as a stimulating test for modern theories
of intonation in linguistics, phonetics and acoustics. Eventually it will narrow the gap
between the acoustic data and the tonal decomposition assumed by linguistic analyses.

In the area of synthesis of prosody, the rationale behind the search for a perceptual
model of intonation is the need to generate a natural intonation contour with a minimal
amount of information. Rather than reproducing complete intonation contours, the goal
isto find the perceptually relevant parts and properties of the contour and to generate the
other parts from there.

In this paper, a new psychoacoustic model of pitch perception for short tones (d' Ales-
sandro & Castellengo (1994)) is applied to the problem of automatic stylization for
gyllable-sized units. The am is to compute one or several perceptually motivated tonal
movements for each syllable. An important property of the model is that it is hoped to
be language independant because it models perception prior to any process of linguistic
categorization.

The next section presents the different steps that are needed in a perceptual model
of intonation, emphasizing the problems addressed within the scope of the paper. It
also gives an overview of existing systems for automatic analysis of intonation, from
the point of view of intonation modelling, and presents the perceptual knowledge used
in the stylization algorithm. Section 111 describes an algorithm for automatic intonation
stylization. The procedure for automatic stylization was tested using a formal perception
experiment based on resynthesis of stylized contours. This experiment is described in
section V. The final section summarizes the work done, discusses the results obtained,
and indicates some future devel opements.



2 Towards a perceptual model of intonation

2.1 A review of automatic analysis of intonation

A variety of techniques and methods inherited from pattern matching, perception mod-
elling, expert systems, and natural language processing have been applied to automatic
analysis of intonation. Automatic analysis of intonation comprises severa distinct as-
pects, including automatic F@ stylization, stress detection, recognition and classification
of intonation units, prosodic parsing?.

Intonation stylization is a specific problem, which is different from the problem of
prosodic recognition. The aim is not to identify linguistic features, but to retain only
those parts of the F&@ contours which are perceptually relevant. Therefore, intonation
stylization should involve some sort of resynthesis. This aspect was aso studied in a
number of works.

Studies on automatic F@ stylization can be divided into two major groups, according
to the presence or absence of perception modelling. A first group, using an acoustic
approach, often useslinear regression analysisto obtainastylized Fd curve. Whenever the
correlation between successive F@ values drops below afixed value, a boundary between
successive line segmentsisfound (seee.g. Kloker (1976), Rietveld (1984)). Huber (1990)
used the same technique to construct grid lines, by computing the correlation between
successive peak values, or between successive trough values, generating a change of grid
at those points where the correlation drops.

Only afew studiesincorporate knowledge about tonal perceptionin at least some part
of the analysis and stylization process. We take a closer look at them here. For brevity
parameter extraction (FQ , intensity, voicing, etc.) isnot discussed.

The ideato stylize pitch contours originates from the research conducted in the mid
sixtiesat the I nstituteof Perception Research of Eindhoven (1PO). Pitch contour stylization
is based on the assumption that the pitch contour of an utterance can adequately be
synthesi zed, and hence be represented, by a sequence of straight lines. Thisrepresentation
is obtained via an interactive procedure, known as "close copy stylization”, in which a
subject judges the resynthesized utterance for which the F& data have been replaced by a

2The following studies were devoted to automatic recognition of prosody (i.e. stress and intonation
unitsdetection, prosodic parsing): Lea, Medress & Skinner (1975), Kloker (1976), Rietveld (1984), Gibbon
& Braun (1988), Waibel (1988), Vaissiere (1988) Huber (1990), Whightman & Ostendorf (1991, 1992),
Geoffrois (1993), Carbonell & Laprie (1993), Bagshaw (1993).



curve consisting of straight lines between points selected by the subject. In later studies,
the straight lines obtained using this ad hoc stylization are replaced by a set of prototype
straight lines, the “ standardized pitch movements’. Standard pitch movements constitute
the basic intonation units for the language under consideration. The original model for
Dutch has been adapted to other languages ('t Hart, Collier & Cohen, 1990). The timing
specifications of the standard pitch movements refer to vowel onset positions, so these
have to be supplied. Implicitly the timings aso refer to syllabic durations for a normal
speech rate. The lack of a preliminary segmentation into syllables makes the model of
course very economical, but less perceptually justified (see also Kohler (1991:121) for a
criticism of this approach). Several attempts towards automatic straight line stylization
have been made ('t Hart, 1979, Ten Bosch, 1993). Thistype of stylization isbased on F&@
alone, and not on intonation perception. Formal assessement of the the stylization process
has been carefully conducted for several languages. Section IV reports some comparison
of the results obtained using the I PO methodol ogy and the automatic stylization procedure
proposed below.

Ross, Di Cristo, Hirst, Martin & Nishinuma (1981) give a good overview of the
work on stylization completed at the Ingtitut de Phonétique d’ Aix-en-Provence (1PA), for
avariety of languages. The proposed stylization process takes advantage of perceptual
thresholds. A detailed description can be found in Nishinuma (1979:109-121), presenting
aprosodic analysis system for Japanese. In contrast to the PO approach, Hirst, Nicolas
& Espesser (1991) proposed a stylization procedure in terms of target values, rather than
straight lines, for fully sonorant segments. Natural and synthetic contours are compared
intermsof visual similarity. No formal perceptual comparison onthe quality of intonation
stylization is reported.

In his study on French, Mertens (1987a) (University of Leuven) distinguishes three
levels of representation: the acoustic, the perceptual, and the linguistic levels, and hence
two main processing blocks: the ssmulation of perception and intonation parsing. Thefor-
mer block can be seen asaquantitativemodel of tonal perception and thewholeasasystem
for automatic prosodic recognition. Mertens (1989) updates the system and extends it to
Dutch intonation. The system includes the following processing steps. 1. segmentation
into syllabic nuclel and pauses (cf. Mertens (1987b), the nucleus corresponds to the
high energy voiced part of the syllable); 2. normalisation of co-intrinsic microprosody
(at vowel onset) and detection of pitch extraction errors; 3. simulation of perceptual



processing for each syllabic nucleus (glissando threshold, dependence of loudness upon
duration); 4. categorization of syllabic prosodic features (such as static/dynamic, slope
type, long/short, stressed/unstressed, stress type); the stress detection (from loudness and
duration) uses heuristic rules; 5. phrase-structure parsing of the list of syllables (with
their partially determined features) according to a grammar of intonation for the target
language. The last part transforms the system into an understanding system, which rec-
ognizes prosodic formsand assigns a structural interpretation to them on the basis of their
distributional (i.e. syntactic) properties. Stylization is seen as a side-effect of the percep-
tual integration and of the model-specific categorization. No resynthesis experiments are
reported.

In the work by House (1990), qualitative results on the influence of spectral changes
on intonation perception have been proposed, and a system for automatic recognition
of intonation in Swedish has been described (pp. 108-118), aong with an automatic
F@ stylization procedure. The results on the influence of spectral changes on intonation
perception serve as a basis of the stylization procedure proposed below. In the Lund
experiments, intonation stylization is performed by linear (straight-line) interpolation
between target values (the averaged FQ@ values in a 32 ms window) at vowel onset and
at the end of the syllable. LPC resynthesis of utterances with their stylized F& curve
indicates that the majority of the stylized sentences could not be distinguished from their
original couterparts, although the reduction did giverise to afew cases of clearly audible
tonal deviation. It must be emphasized that this statement was based on informal listening:
it will be discussed in the light of our formal experimentsin Section I V.

All intonation analysis systems incorporating some sort of perceptual modelling have
two things in common. (1) They acknowledge the need for an initial segmentation into
gyllable-sized units (syllables, syllabic nuclei, implicit vowel onsets for |PO). However
the segmentation itself is not done on perceptua grounds, it is either manual or based on
acoustic properties. (2) Heuristic rather than perceptua rules are used for pitch contour
stylization, because at the time these systems were built too little was known about tonal
perception. The most advanced systems clearly separate perceptual integration (of pitch
and other prosodic attributes) from linguistic categorization (of intonation units). Data
on the quality of intonation stylization, based on formal testing, is available only in IPO
work.



2.2 Thecomponents of a perceptual model of intonation

In summary, the following levels of processing can be identified in a perceptual model of
intonation.

1. Parameter determination (e.g. FQ, energy, zero-crossing rate, voiced-unvoiced
(V/UV) detection, . . .)

2. Primary segmentation of the speech signal, and hence of the pitch contour, into
gyllable-sized segments. This primary segmentation is based primarily upon rela-
tively large spectral variations and overall energy variations.

3. Perceptual integration of short-term intrasyllabic pitch variation, or perceptual F&
smoothing.

4. Secondary segmentation of the integrated pitch contour into successive tonal seg-
ments (these terms will be defined later on) and perceptual integration of mid-term
pitch variation, according to the glissando threshold (static vs. dynamic tones) and
the differential glissando threshold (rise-fall, rise-rise combinations etc.). At this
stage of processing, pitch targets (or pitch movements) are assigned to the tond
segments.

5. Categorisation of the tona segments within the language specific prosodic cate-
gories. Here, the various sources of information (durations, pitch targets, loudness)
are combined and interpreted in order to map the perceptual events onto the lin-
guistic units. For instance the micro-prosodic aspects will be separated from the
intonational aspects at this stage of processing. Also stress will be determined on
the basis of duration, loudness, and pitch data.

These processing steps are all strictly local, i.e. restricted to a single syllable, and
are followed by non-local processing in the intonation parser, which takes into account
severa syllables.

Themodel developedinthispaper will addressonly points1-4 of the program presented
above: parameter extraction, primary syllabic segmentation, perceptual integration and
the secondary segmentation of the integrated pitch contour.
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Three basic properties of tona perception are exploited in the processing scheme
proposed above, and have to be examined here. The first property is the primary seg-
mentation of intonation into syllable-sized chunks. The second property is related to F&@
integration. The third property is linked to absolute and differential thresholds of pitch
change (glissando and differentia glissando thresholds).

2.3 Intonation segmentation

It is generally held that a syllabic decomposition takes place at an early stage in speech
perception. It is reasonable to assume that a model of intonation perception should be
based on the segmentation introduced by the syllabic stream.

Following Kohler (1991, p.122), we assume that F& contours should not beinterpreted
in isolation, but rather in conjunction with other phonetic and prosodic characteristics of
the speech signal. For instance there is some evidence ( House, 1990, pp. 36-63) that
the same F@ movement will be percelved either as a pitch glide or as two level tones
depending on the segmental context, because of the inherent perceptual segmentation of
the speech signal into syllabic units due to spectral and intensity change.

This perceptual mechanism transforms the utterance’s F@ contours into sequences
of short-duration tones. No quantitative data are yet available on this segmentation
mechanism, and more work is clearly needed. In the following, syllabic segmentation
will be considered as afirst approximation of the tonal contour segmentation process.

2.4 F@ integration and the WTA model

Fundamenta frequency is a physical parameter: it should not be confused with the
perceived tonal height, or pitch. Since the pitch will be estimated from F& the accuracy
of the tonal perception model is in principle limited by the accuracy of the initial F@
measurement. Under good conditions, for long pure tones, the difference limen (DL)
for F@ changes is around 0.3 to 0.5 % (Hess, 1983, p. 78). These DLs can degrade
by one order of magnitude for short tones extracted from natural speech. According
to a comparison of the accuracy of pitch trackers with that of humans (Hess, 1983), it
appearsthat theformer are accurate enough to assume that the measurement of F& contour
introduces, on the average, no or very little error. Pitch determination algorithms (PDAS)
can introduce a smoothing of the F@ data, due to the analysis window (typically 25 to 40

11



ms); thisis the case for frequency domain PDAS, in particular.

The auditory system seems unable to follow rapid changes in fundamental frequency.
There is some evidence that an integration process takes place in pitch perception for
short-term F@ changes. d’ Alessandro & Castellengo (1994) demonstrated thisintegration
phenomenon in a study on vibrato perception. They proposed a weighted time-average
model (WTAM) for pitch perception of short tones with time-varying fundamental fre-
guency. In their study, a large set of experimental data on pitch perception for short-
duration tones with changing frequency were obtained. It appeared from the experiments
that the final part of the tone had a larger weight on the pitch judgement than the initial
one. The experimental results also suggested that the F& patterns weretime-averaged. A
guantitative model for such a process has been proposed. It consist of atime-average of
the FQ pattern viewed through a datawindow. A ssmple model for the data window is a
raised exponential memory function. Let p[t} denote the pitch perceived at time, f the
time-varying F@ function, beginning at time 0, and let ¢+ be a constant. The WTAM for
pitch perception thenis:

_ et (rhdr
pli)= J'g p—oft— (1)

where the constant « accounts for weighting of the past. The free parameter « has

been estimated by minimizing the Root Mean Square distance between model response
and experimental data. The optimal value was found to be &+ = 22.3

This function represents the actually perceived pitch, i.e. the fundamental frequency
of astatic tonethat would give rise to the same pitch judgement at the considered point in
the pitch contour.

We think that the model obtained for singing is fully applicable to intonation analysis
in speech, because: 1) the durations, extents and F@ patterns used in d’'Alessandro
& Castellengo (1994) experiments are comparable to those observed in speech; 2) the
psychological thresholds are probably more servere for musical perception, compared to
speech perception; 3) these thresholds are also probably more severe for short-tones in
isolation, compared to short-tonesin context (Watson, Foyle & Kidd, 1990).

However acrucia difference between thelistening conditionsin thevibrato experiment

3In the work by d’Alessandro & Castellengo, two equations have been proposed for the WTAM,
depending on the FJ extent of the stimuli compared to the glissando threshold. In the present work we take
only theform of the WTAM which correspondsto the situation where the F extent of the stimuli are above
the glissando threshold.

12



and those of continuous speech is that in the former the listener was asked to judge a pair
of isolated stimuli repeated several times, whereas in the latter, the tone appears in the
context of other tones and is only given once.

In the context of prosody, the only study on pitch integration in short tones that we
have been ableto locate isin the work of Ross (1971, 1978). He postul ated the so-called
perceptual “2/3 rule”, which can be stated as follows:

For dynamic tones in a vowel, the pitch perceived corresponds to a point
between the second and the third third of the vowel.

The WTAM applied to unidirectional linear frequency glissandi is fully in agreement
with Ross’srule. Comparedto Ross’sresult, theWTAM isableto predict moreaccurately
where isthe “ point between the second and the third third of the vowel.” Furthermore,
it is able to predict the pitch perceived for any F@ contours, and not only unidirectional
glissandi.

2.5 Audibility of pitch changes
2.5.1 Tones, tonal segments, and pitch targets

Some terminology will be introduced here in order to avoid confusion. In our case, atone
is the pitch object perceived for a stretch of speech corresponding to a phonetic syllable
(as defined below). The tone can be either static or dynamic depending on the absence
or presence of a perceived pitch movement within the syllable. Within a given tone one
or more tonal segments may be isolated, for which the perceived pitch shows a uniform
dope (either level, rising or falling). Whereas static tones have just one tonal segment,
dynamic tones may have more. A simple tone contains exactly one tonal segment (either
level, rise or fall). A compound tone or complex tone, is a combination of two or more
tonal segments (e.g. in concave or convex tones). Itishypothesized that any pitch contour
may be represented by a concatenation of tones, and therefore of tonal segments, both at
the syllable and at the utterance level.

Since each tonal segment has a uniform slope, it can be represented by one or two
pitch targets (for smple static tones and simple dynamic tones respectively). Put the other
way round: if more than two targets are needed, then we are dealing with a compound
tone, consisting of two or more tonal segments, and there must be achange in slope at the
boundary between two consecutive tonal segments.

13



For syllabic pitch contours, which are short-duration tones, a model of tonal percep-
tion should determine whether they are ssimple or compound tones. In the latter case a
segmentation of the syllabic pitch contour has to be made. In the former case, the tone
contains only one tonal segment.

A model of tonal perception should also tell us which pitch is perceived for every
point in the contour. The question of the perceived targets involves a numerical model of
pitch perception.

The aspect of the audibility of pitch changesisrelated to the glissando threshold, which
has been studied in many psycho-acoustic experiments. The aspects of the segmentation
of complex tones and of the perceived pitch have received very little attention in the
literature. These three aspects are discussed in the next sections.

But let us first add a note on the distinction between the perceptual targets and those
used in linguistic analyses of prosody.

In somesyllablesasequenceof tonal segmentsisheard, for instancewhen thepitchfirst
rises (segment 1) and fallsafterwards (segment 2). The maximum number of concatenated
tone segments to be expected is limited by language-specific properties, in particular by
the inventory of syllabic pitch contours for the language.

In many phonological modelsof prosody the set of syllabic contoursisrepresented asa
sequence of discrete, static parts (or structural positions, or morae), for which target values
(e.g. pitch levels) are used. The number of targets will depend on the set of contours to
be identified. For French, it is generally acknowledged that the (linguistically distinct)
syllabic pitch contours can be represented by two morae. This abstract representation
used in linguistics should not be understood to imply an equivalence relation between
the perceived tonal segments and the structural positions, but merely as an economic
and functional reanalysis of the observed perceptual objects. As a result the number
of perceived tonal segments can be larger than the number identified in the linguistic
anaysis. The perceived pitch contours can indeed consist of simple tones (such as static
level, or dynamic rise and fall) or compound tones (such as late rise, late fall, rise-fall,
etc.). Whereas a simple rising tone (2 targets) and a late rise compound tone (3 targets)
differ at the perceptual level, they may both be represented by two morae by a specific
linguistic analysis in which they would be considered as free variants of a single abstract
intonation unit.

14



25.2 Thedglissando threshold

The perception of pitch for tones with changing frequency has been studied for years,
particularly in the field of prosody. These studies generally focused on the audibility of
pitch changes, which is related to the absolute threshold of pitch change, or glissando
threshold. A glissando is an audible pitch change. Psycho-acoustic and psycho-phonetic
data on the glissando threshold have been obtained by Sergeant & Harris (1962), Klatt
(1973), Pollack (1968), Rossi (1971, 1978), Schouten (1985).

The threshold varies with stimulus duration. The rate of frequency change over time
isreferred to asthe glissando rate. The glissando rate specifies the dope of the frequency
change.

A unified view of these data has been presented first by 't Hart (1976), and has been
recently revisited by 't Hart et al. (1990).

The semi-tone per second ratio (ST/s) was proposed as the optimal unit for deal-
ing with the glissando threshold. When using the frequency intervals on a logarithmic
scale, a threshold is obtained, which is ailmost independent on the absolute frequency.
Studying the distribution of the glissando thresholds published in the literature, t' Hart
and coworkers showed that the glissando thresholds were distributed around a curve {7
which approximately satisfies the equation:

0.16
Gﬂ" = !|2 (2)

where T is the duration of the tone, and where {7, is expressed in ST/s. If Equation

(2) isplotted using adouble natural logarithmic scale, it becomes approximately astraight
line, in adomain of variation for 4' which is compatible with syllabic durations (roughly :
2" £ [0.054,0.2004] ):

fogli?,) = —2.00 x fogf1') — 1.83 )

't Hart et a. reported that more than 75 % of the data in the literature lie within
a distance of a factor of two from Equation 2, i.e. within the interval [fog[tFs) —
Long[ 2), Long [ €7} + fng[2)], in the double logarithmic scale. The aim of most of the studies
mentioned above is to estimate a psychologica threshold. Therefore, the glissando
threshold is generally obtained without any pitch measurement (except in the work of
Ross (1971, 1978)).

15



In most psycho-acoustic studies, only short tones without important spectral or energy
variation are considered*. Of course thisis not realistic for actual speech. However, due
to the lack of a quantitative perceptual model for the interaction between pitch, intensity
and spectral changes, it will be assumed here that the perceptual thresholds found for
sounds without major spectral or amplitude change can be applied to the voiced parts of
phonetic syllables as well.

For each tona segment the perceptual model makes a static/dynamic tone decision.
This decision is made on the basis of a comparison of the glissando rate for each tonal
segment with the glissando threshold. The tona segment will be labeled dynamic if it
exceeds the threshold, and static otherwise.

2.5.3 Differential threshold of pitch change

't Hart (1976, p. 17) studied how temporal proximity of tones affects our ability to
distinguish their sizes or dopes. He stated that:

It then turns out that, within the range of excursions that can be found in
normal speech, more than one slope can be distinguished only for the longer
durations.

Thedifferential threshold of pitch changeisthe minimum differencein dope necessary
to distinguish between two successive glissandi, more precisely between two successive
tonal segments. It can be formulated in several ways.

Pollack (1968) and 't Hart et a. (1990, p. 33) use the ratio gl/g2, where gl and
g2 are the dopes of the first and the second part, respectively, each expressed in Hz/s .
The required minimum ratio was found to be about 2 to 10, depending on the duration
of the stimulus and on the slope value itself. Because by using a logarithmic scale (such
as the semitone scale) thresholds and pitch intervals can be expressed without reference
to absolute frequency, we will use the logarithm of the ratio g2/gl. With g1 and g2
expressed in Hz/s, we take the difference:

12 x [#ign{g2}10g,(|g2[} — #igmlg 1} 10g,(lg1|}} (4)

4Clearly, tonal glides induce spectral changes, because of the variations in the excitation source of
speech signals. But the spectral envelope, or “filter” part of the speech signal, is supposed invariant in most
psycho-acoustic studies, where sustained vowels or pure tones are generally used.

16



which gives g2-gl expressed in ST/s. We propose to define the threshold as g2-
g1, with g1 and g2 expressed in ST/s, because this allows for a uniform treatment of
arbitrary slope combinations, independently of slope direction. The difference has some
interesting properties. On the one hand, the dope difference is positive for convex or
positive slopes, and negative for concave or negative sopes. On the other hand, the
magnitude is proportional to the amount of change, independently from the direction of
the slopes. Using this convention, the differential threshold of pitch change was found to
be about 12 to 40. Only afew experiments have been reported in the literature aiming at
establishing the differential threshold, and it remains unclear whether their results can be
applied to the prosody of speech. Nevertheless, the values found in the literature will be
used in our experiments.

3 Automatic stylization algorithm

Thea gorithm described here mimicsthe principlesof speech prosody perception proposed
above, yielding a perceptually based stylization of the F& contour. An overview of the
implementation of the model ispresented in Figure 1. Somedetailson thisimplementation
follow.

3.1 Phonetic segmentation and syllabification

The model presented above assumes a syllabic segmentation of the tonal stream, which
can be obtained directly from a phonetic segmentation. When the stylization isto be used
in speech recognition or in automatic transcription of intonation, the input text isunknown
and the syllabic segmentation should be text-free. Then, an open-set phone recognizer is
appropriate.

Phonetic syllabic segmentationitself isbeyond the scope of thispaper. The assessment
of the intonation model should be independent of segmentation errors. For thisreason we
manually verified the output of an automatic phonetic recogniser. Our formal experiments
are based on the timing information obtained from the LIM S| speaker-independent pho-
netic speech recognition system (Lamel & Gauvain, 1993). The resulting segmentation
for the test corpora is accurate enough for the purpose of this research. In this case, the
text corresponding to the speech samples was known, and we used the speech recognition
system for accurate phone transcription. Furthermore, as we are interested only in syl-
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|abic decomposition, most of the few errors made by the speech recognition system do not
introduce syllabification errors, but are phonetic labelling errors (e.g. confusion between
vowels, between nasal an voiced fricatives etc.).

In the context of this study wewill take the phonetic syllable to be a continuous voiced
segment of speech organized around one local loudness peak, and possibly preceeded
and/or followed by voiceless segments. For instance the French word "socialisme” can
be pronounced as [sogalismz] or [sogalism] in which case the phonetic syllables will be
[so galis mz] and [so ga lis m] respectively. In the latter case the nasal [m] forms a
phonetic syllable by itself. Also note that [galis] is analyzed as two syllables because
of the two loudness peaks, corresponding to the two vowels. For the purpose of this
paper phonological issues such as the internal structure of the syllable and ambisyllabic
consonants will not be considered. It is not obvious which syllable the [I] belongs to,
and whether the part of the pitch contour corresponding to the [I] should be included in
the previous phonetic syllable, in the next, or in both. Ambisyllabic consonants are of
course located at syllable boundaries, where pitch perception is less accurate due to the
gpectral and amplitude changes (seee.g. House, 1990). Ambisyllabicity may introduce an
ambiguity in the syllabic decomposition process: the decomposition may not be unique.
Therefore, ambisyllabicity must be handled consistently. If it isthe case, it should only
dightly affect the stylization process.

Phonetic syllables are derived from the phonemic segmentation viaasmall set of rules.
As aresult a set of phonetic syllables is available, together with F& intensity and V/UV
parameters. Sincethe V/UV and segmental timing datado not necessarily coincide, it was
decided to give priority to the V/UV measurement over the segmental information. This
was done automatically, by moving the syllables boundaries delivered by the recognizer,
in order to align voiced segment boundaries and V/UV data.

When a syllable contains unvoiced parts, the tonal segment associated with it will
coincide with the voiced part of the syllable. This guarantees that the concatenation of all
the tonal segments preserves the origina F@ and V/UV measurements.

3.2 Pitch determination and integration

In our experiments, F@ was determined every 10 ms using a modified version of the
spectral comb method proposed by Martin (1982). Sampling frequency was 16 kHz, with
a37.5 msHamming window, 1333 Hz low-passfiltering, 256 points FFT (on the low-pass
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filtered signal), 1200 point cubic spline interpolation, frequency damping of 0.125 (for an
explanation of the meaning of these parameters, see the description of this algorithm in
Martin (1982)).

It must be noticed that the 37.5 ms frame introduces a smoothing effect of the F&
contour, particularly for high pitched voices. The time constant for this smoothing effect
is about 4 times lower than the time constant of the WTAM (which is about 140 ms, see
d’ Alessandro & Castellengo, 1994). Post-processing of the pitch determination algorithm
isbased on adynamic programming al gorithm. For each frame, the spectral comb method
delivers a vector of pitch candidates, each with a frequency and an amplitude. All the
pitch canditates are kept for each analysis frame, and the optimal path among the frames,
(i.e. the path which cumulated the higher amplitude in the array whose lines were frame
and columns were frequencies) is computed using a dynamic programming algorithm.
This algorithmis applied to the whole set of frame for each sentence.

This post-processing proved good enough to remove all the octave errors introduced
by the pitch detection algorithm, at least for the data in our test corpus. The spectral
comb pitch detection algorithm has been recently revisited in the work by Hermes (1988)
(Sub-Harmonic Summation method), where a discussion of the perceptual groundsof this
type of frequency domain pitch determination algorithm can be found.

The voicing decision is taken on the basis of zero-crossing and energy thresholds.
| solated unvoiced or voiced frames are avoided by a post-processing step.

Figure 2 shows an example of the FZ contour and of the phonetic and syllabic
segmentation obtained at this stage of the algorithm. The short bars indicate the phoneme
boundaries delivered by the speech recognition system, and the longer bars with black
bulletsindicate the syllable nucleus onsets, computed by rules. The X axisrepresentstime
(expressed in seconds), and the Y axis represents frequency. Frequency is represented on
asemi-tone (ST) logarithmic scale. The 1 Hz frequency is taken as reference. Then the
frequency in ST isobtained as 12 x10g,[ 7}, with f expressedinHz. Usingthisconvention,
the frequency range of speech intonation, 80-500 Hz, corresponds to 75.86-107.59 ST.

The WTAM performs a linear smoothing of the data delivered by a F&@ tracker,
according to Equation 1. It is a passive model, which is supposed to account for the
integration characteristics of the auditory system. A new integrated pitch contour, the
Weighted Time Averaged Pitch (WTAP) contour is obtained after this stage.

19



3.3 Stylization of syllabic pitch contours

Beforewe can determinewhether apitch changeisaglissando, i.e. isaudible, wefirst have
to delimit the time dlice of the contour on which the glissando rate hasto be computed. In
many cases it will coincide with the entire syllabic contour, but for complex tones (e.g.
rise-fall), all ssimpletonal segments have to be identified first.

As aresult the stylization algorithm consists of two major steps. First the syllabic
pitch contour is decomposed into a sequence of tonal segments. Thisisdone on the basis
of two criteriac the differential glissando threshold, and the glissando threshold. This
step isfollowed by the actual stylization, in which pitch targets are assigned to each tonal
segment.

3.3.1 Segmentation of compound tones

The basic idea underlying the segmentation of the syllabic pitch contour looks quite
straightforward. We will locate the important changes in the contour, and break it up at
those turning points.

Turning points in the WTAP contour are located by fitting a straight line between the
WTAP vaue at the start and the end of a time window, and by evaluating the difference
between thefitted lineand the observed WTAP values. Thepoint withthelargest difference
is selected as the turning point, and hence as a potential tonal segment boundary.

The segmentation is done recursively, starting with the entire syllabic pitch contour,
splitting the analysis window at each turning point, unless aboundary conditionisreached.

Two conditions will bring the recursive segmentation to a halt. 1. When the overall
glissando rate of the analysis window is below the glissando threshold. Sincein thiscase
the observed pitch change is not audible, it is a static segment, and there is no reason to
divide it into smaller parts. 2. When the pitch difference at the turning point (potential
tonal segment boundary) is below some critical value, set to 1 ST. The latter condition
avoids dividing a uniform contour part.

The recursive segmentation provides us with alist of monotonous contour segments.
Each of them is a potential tonal segment, but not necessarily so. Any two contiguous
contour segmentswill be grouped together, if the differencein slopeis below the differen-
tial glissando threshold. This second pass proceeds in aleft-to-right fashion, and updates
the list of temporary segments each time two segments are merged.
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Asaresult, the contour segmentation algorithmis based exclusively on two perceptual
thresholds:. the glissando threshold and the the differential glissando threshold. Figure 3
illustrates the segmentation of syllabic pitch contoursinto tonal segments.

3.3.2 Assignment of perceived pitch targetsand stylization

Once the contour has been segmented, target values can be assigned. This essentially
reduces to selecting values of the WTAP at the boundaries of tonal segments. For static
tonal segments, the targets are set to the WTAP value at the end of the segment. Indeed,
since no pitch change is perceived for these static segments, the WTAP at the end is the
best available estimate of the perceived pitch. For rising and falling segments, the two
target values are the WTAP values at the beginning and the end of the tonal segment.

The stylized pitch contour of a phonetic syllable is obtained by linearly interpolating
(on alinear Hertz scale) between successive pitch targets (of the voiced part, of course).
There is some evidence that the choice of an interpolation function for pitch contours
approximation is not psychologically critical (t'Hart, 1991). The stylized contour of an
utterance is obtained by applying the same procedure to all syllables.

The a gorithm described above can be useful for displaying diagramsthat represent the
perceived prosody. One of the aims of this algorithm is to give a perceptually motivated
visualisation tool, which is thought useful for prosodic analysis.

The representation of stylized pitch contours, together with syllabic marks will be
called "Tona Score". Figure 4 gives an example of tonal score, obtained with the data
of figure 2. It is rather easy to "read" intonation using the tonal score. Rhythmic
information is provided by the string of syllable marks. These marks are located at
syllable nucleus onsets, which are fairly good approximations of the perceptual centers of
gyllables. Melodic informationisprovided by the position of tones, in relationto rhythmic
marks.

Anillustration of the stylization for spontaneous speech isshownin Figures 7 (F& and
corresponding tonal score). One can notice some of the particul ar features of spontaneous
speech (compared to read speech), such ashesitations, pauses, large speaking rate variation
within a same utterance.

21



4 Assessment of automatic intonation stylization

4.1 Testing the model through resynthesis

If the perceptual model presented aboveisvalid, it will preserveall the perceived prosodic
information contained in the signal. It should therefore be possible to reconstruct a
synthetic F@ contour which should prove indistinguishable from the original contour. In
other words, if thelistener is unableto distinguish the original F&Z contour from that which
is reconstructed from the stylized contour, this shows that no information is lost in the
stylization process. The evaluation process is based on the measured F@ contours. It is
the reason why F@ measurements and voicing decisions were carefully checked for the
test stimuli. Therefore, we can assume that the validity of the assessment test was not
affected by these types of errors.

The overal procedure to test this hypothesis then looks as follows. 1/ Process the
origina F@ contour according to the model; this yields a stylized pitch contour. 2/
Reconstruct an F@ contour starting from this stylized contour. 3/ Re-synthesize both
the original and the modified F& contours. 4/ Compare both versions. they should be
identical with respect to prosody.

F@ reconstruction is required because the stylization represents the perceived into-
nation, not F@ which is actually needed for resynthesis. The WTAP contour represents
the result of the perceptual integration of a F@ contour; it is a perceptual object, and not
a physical F& contour. The use of this contour for resynthesis would imply a double
application of perceptual integration. Therefore, it is necessary to remove the effect of
perceptual integration prior to resynthesis. In other words, inversion of the stylized WTAP
produces a physical FZ contour which in turn is supposed to be perceived in the same
way asthe stylized WTAP contour. The reconstruction process takes as input the stylized
pitch contour, which is visualized in the tonal score. It delivers as its output a synthetic
F@ contour. This synthetic contour is fully isomorphic to the tonal score. It can be shown
that the inverse of Equation 1 is given by:

T
Sy=pth [ o hr 4 plt) (5)
As aresult one can compute a synthetic F& contour, by application of Equation 5 to

the stylized pitch contours, for each tonal segment.
Figures 5 and 6 give examples of the whole intonation stylization process. Four
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contours are presented, above the phonetic transcription and the phonetic segmentation
and syllabification of the utterances. The first contour (top) isthe F@ contour, the second
contour is the WTAP contour. One can notice the smoothing effect of the WTAM. The
third contour is the stylized WTAP contour. The values used for the glissando threshold
(GT) and the differential glissando threshold (DGT) are indicated. Thelast contour isthe
reconstructed, stylized F& contour, computed by application of Equation 5 to the stylized
WTAP contour. The first and last contours are the natural and the stylized F@ contours,
that were compared in the perception experiments.

Resynthesis was performed using a Time Domain Pitch Synchronous Overlap Add
(TD-PSOLA for short) analysis/synthesis system (Mouline & Charpentier, 1989). Pitch
periods were automatically marked, using a modified version of the algorithm presented
by Dologlou & Carayannis (1989).

Although the quality of TD-PSOLA speech is comparable to that of natural speech,
there is a dight difference between TD-PSOLA speech and natural speech, particularly
in presence of some additional background noise. We noticed that it was always possible
to distinguish between TD-PSOLA processed signals and unprocessed signals, merely on
the basis of subtle sound quality modifications. This is a potential problem for the test
paradigm we used for stylization assessment. To avoid this kind of artefact, the origina
signals were also processed using TD-PSOLA (retaining the original pitch contour). The
effect of this processing was to synthesize a new signal by adding pitch-synchronous
overlaped windowed frames of the original signal. This produced a dlight sound quality
modification (because the sum of all the windows is not exactly one), but no pitch
modification. As a result the speech signals under comparison have the same sound
quality.

A preliminary test was run to check the quality obtained with the stylization algorithm
and to determine the parameter settings for the final perception experiment.

In this pilot investigation, the glissando threshold was set according to Equation 2,
and the differential glissando threshold was set to 20 (the values reported in the literature
are between 12 and 40). The preliminary tests used informal listening to TD-PSOLA
resynthesized utterances. The results seemed to indicate that almost all the stylized
utterances were indistinguishable from the original utterances.
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4.2 Speech material

The speech material for the pilot investigation and the experiment has been extracted from
the following sources.

The first source was alarge-scal e database of read French speech, the BREF database.
The text material was extracted from the newspaper “Le Monde’. A description of the
design and content of the BREF database can be found in Gauvain, Lamel & Eskénazi
(1990), Lamel, Gauvain, & Eskénazi (1991). Speech signas with reliable phonetic
segmentations were available for 120 speakers. Utterances were selected randomly from
this database.

The second source is a set of 60 sentences read by one male speaker, for which
a manual close-copy (straight-line) stylization and a manual phonetic segmentation are
available (Beaugendre, d’ Alessandro, Lacheret-Dujour & Terken, 1992). Thiscorpuswas
originally designed for an intonation study in the context of Text-to-Speech synthesis.

For al signas, the sampling rate was 16 kHz, with a 16 bit resolution. The speech
material has been digitally recorded directly on the computer mass storage device.

4.3 Method

The am of this formal testing was to measure the perceptual proximity between TD-
PSOLA resynthesized speech with natural intonation contours and stylized contours.
As preliminary experiments indicated that natural and stylized contours were probably
indistinguishable, a same/different test paradigm seemed appropriate.

43.1 Stimuli

Thetest corpusconsisted of 30 utterances, intwo sets. Thefirst set contained 25 utterances
pronounced by 10 speakers, 5 males and 5 females. Both the speakers and the utterances
were selected at random from part C of the BREF database. These utterances were
relatively long sentences with an average duration of 4.575 s, and an average number
of words, syllables and phonemes of respectively 12, 21.6 and 45.8. The second set
were 5 relatively short utterances, with an average duration of 1.5 s and an average of 5
words pronounced by an additional male speaker. They were selected from the close-copy
database mentioned above.

For each sentence in the test corpus, four TD-PSOLA resynthesized versions were
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computed. The first one (V1) had the original F@ contour. The other versions (V2, V3,
V4) had stylized F@ contours, using different values for the glissando and the differential
glissando thresholds, as indicated in Table 1. For the glissando threshold, these values
correspond to the numerator in Equation 2. For the differential glissando threshold, these
values represent the difference of glissando rates (g2-gl), asin Equation 4.

As can be seen from this table, thresholds increase with version numbers. In V2 the
glissando threshold {#& is asin Equation 2, which is the measured threshold for isolated
pure tones. In V37 isdoubled, as would be the case if the pitch change of an isolated
pure tone would need to be twice aslargein order to be judged as dynamic by the subjects.
InV 417y isdoubled compared to V3, and thedifferential glissando threshold ismultiplied
by afactor of 3.

As aresult, the stylization will produce less dynamic tones with the settings of V3
and even less with those of V4. As amatter of fact, amost al tonesin V4 will be static.
Figure 8 illustrates the WTAP contours V1 V2 V3 V4 used in the experiments. Figure 9
represents narrow-band spectrograms of a few syllables contrasting stimuli V1, V2, V3,
and V4.

The parameter settings for V3 and V4 were chosen for the following reasons. First,
following the argument in (de Pijper, 1983), it was necessary to introduce some clearly
different stimuli among the versions V1 V2 V3 V4, in order to avoid a bias in testing.
Indeed, if all stimuli are very similar, subjects can be inclined to answer "different” at
random just to avoid having to answer "same". in all cases®. Second, as the sets V2,
V3 and V4 were chosen according to the perceptual thresholds for isolated pure tones,
the results could provide an indirect verification of the relevance of these thresholds for
continuous speech.

Starting from these four version (V1, V2, V3 and V4) of each sentence, 4 categories
of stimuli were constructed: V1V1, V1V2, V1V3 and V1V4. Each stimulus consisted of
apair of two versions of the same utterance, separated by a 750 ms silent interval. This
resulted in a set of (30 x 4 =) 120 stimuli.

The subjects listened to each stimulus. They were asked to indicate whether the
membersof astimulus pair wereidentical or not. In order to do thisthey had to choose the
response “same” or “different”. They were not told to pay special attention to intonation.
The question asked to the subjects was expressed as follows:

SAsamatter of fact, we think that thistype of random response was actually given by some subjects.
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You will listen to pairs of sentences. Each pair contains either two identical
sentences, or one natural and one modified sentence. The goal of this exper-
iment is to determine if members of a pair are the same sentence or not. If
you can hear a difference between the two sentences (in terms of intonation,
segments, sound quality, etc.), please answer “NO”. If the two sentences of a
pair are strictly the same, please answer “YES'.

432 Test procedure

The test procedure was computerized, using a software environment described in (Lamel,
1991). Stimuli were played in a random order, and members of a stimulus pair were also
played in arandom order (e.g. V1V2 or V2V1). The number of stimuli proposed in one
test session was also chosen at random, with an average of 52 stimuli pairs.

Thefirst 5 stimuli at the beginning of each experimental session were training stimuli,
and the answersfor these stimuli were not included in the statistics. Therefore, an average
of 47 reponses were actually used for each session. Four session were assigned to each
subject, who listened to an average of 208 stimuli pairs (an average of 188 stimuli pairs
were actually used for each subject).

A total number of 3776 (20 subjects, and an average of 188 responses per subject)
responses were available for computing statistics. Each session lasted about 10-15 min.,
and the four test sessions lasted about one hour. The four test sesssions were typically
spread over one to four weeks.

The subjects answered by pointing at colored boxes on the computer screen with a
mouse device. The sound stimuli were presented monaurally through Beyer Dynamic DT
48 headphone, directly from the computer memory, at 80 dB SPL .

The 20 subjects were members of the laboratory. Some of them already participated
in (several) psychoacoustic and speech perception experiments. Some of the subjects can
also be considered as experts in phonetics or automatic speech processing. All subjects
were native speakers of French, and had no known hearing loss. Tone audiograms were
performed after completion of the test, for 15 subjects out of 20°%: they have all normal
hearing (tonethresholdsin therange-10+30dB 1SOfor all the 15 subjects, for frequencies
between 250 and 8000).

8Subjects 1,2, 3,4,5,7,8,9,11, 12, 13, 16, 17, 18, 19. The five other subjects left the laboratory after
completion of the test
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4.4 Resultsand discussion

First of al, the responses can be analyzed in terms of their correctness. Since the aim of
the test was to see whether subjects could determineif apair of utteranceswhereidentical
or not, and since only the pairsin category V1V 1 wereidentical, the correct response was
"Same" for category V1V1, and "different” for categoriesV1V2, V1V3, V1V4,

The percentages of correct responses are shown in Table 2 organized by stimulus
category (V1V1,V1V2,V1V3, V1V4) and by subject. Therow "All Subjects' showsthe
average of the results of all subjects. For each subject and each category, the table shows
the percentage of correct responses, along with the total number of responses between
parentheses.

Two typesof resultswere expected. On the one hand, ahigh score of correct responses
was expected in categories V1V1 and V1V4, asthe signals pairsin these categories were
respectively identical and clearly different. These "clear cases’ were included in the test
material in order to check the ability of the subject to do the task. On the other hand, a
lower score (or a higher percentage of errors) was anticipated for categories V1V2 and
V1V 3, where some confusion between natural and stylized contours was to be expected.
The difference between the scores in V1V2 and V1V3 will enable us to evaluate the
similarity between stylized and natural intonation contours.

The first aspect, the ability of the subjects to do the discrimination task, can be
evaluated by inspecting the responses for categoriesV1V1and V1V4. Idedly, al stimuli
in category V1V 1 should be judged identical, and most of the stimuli in category V1V4
should be judged different. The average score (al subjects pooled) of 89.76 % correct
responses in category V1V1 indicates a general trend for these stimuli to be judged
identical. Nevertheless, some individual variation is noticeable, as the score is varying
between 100 % and 69.23 %. The relatively high scoresin category V1V4 indicate that
the differences between the two signals in these pairswere not large enough in order to be
distinguisted by all subjects. Still some subjectswere able to distinguish these signals (on
average 67.98 % of correct responses). Again, someindividual variation is noticeable, as
the score is varying between 10.87 % and 96.43 %. The variation is much larger within
category V1V4, compared to category V1V1. It was not possible to generate stimuli
that would have been more different, only by changing the perceptual thresholds for the
stylization: amost all tonesin V4 stimuli were static tones. It would have been possible
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to introduce artificial degradation for this stimuli, but we prefered to generate all stimuli
using our stylization algorithm.

Table 3 shows some data on the statistical significance of the results. For category
V1V1, wetested the null hypothesis H1 that more than 90 % of the responses are correct.
Z-scoresfor aunilateral test arereported in column 2 of the Table. Thisassumption proved
to be statistically true for alarge majority of subjects. The critical Z-scores are-2.33 and
-1.645 at significance levels 0.01 and 0.05 respectively ("R" and "r" indicate that H1 can
be rglected at significance levels 0.01 and 0.05 respectively. "A" indicates that H1 can be
accepted). Thisisafirst indication of the ability of the subjects to perform the task. For
category V1V4, wetested the null hypothesis H2 that more than 80% of the responses are
correct. Again, Z-scores for a unilateral test are shown in Table 3, and this assumption
proved to be statistically true for amagjority of subjects. Thisisasecond indication on the
subjects performance. We can therefore conclude that most of the subjects were succesful
at doing the task.

For category V1V2, the aim of the test was to check the perceptual equality of
natural and stylized contours. A high percentage of confusion (incorrect responses) was
expected. This percentage is indeed high. The null hypothesis H3 that the number of
correct responses for category V1V 1 and the number of incorrect responsesfor V1V2 are
identical was tested using a x? test. This hypothesis must be rejected for a majority of
subjects, although it can be accepted for some subjects (see Table 3, "R" and "r" indicate
that the hypothesis is rejected at the significance levels 0.01 and 0.05 respectively. "A"
indicates that the hypothesis can not be rejected). This indicates that the maority of
subjects was able to distinguish the sentences in the V1V 2 pairs better than in the V1V1
pairs.

This does not mean that the stylization procedureis not efficient. The hypothesis H4
that more than 60% of the stylized and natural contours are confused is statistically true
for al the subjects, except one. The hypothesis H5 that more than 75 % of the stylized
and natural contours are confused is still statistically true for a majority of the subjects.
It should be stressed once again that subjects were not asked to detect differences in
intonation, but rather differences of any kind between signals. Many subjects reported
that they could distinguish signalson thebasis of changesin some aspects of sound quality
rather than on the basis of differencesin intonation. Asfor category V1V 3, the situation
isin between category V1V 2 and V1V4, as expected (see Table 2 and 4).

28



Table 4 shows the same data as Table 2 for the 5 shorter sentences. The results are
along the same lines, except that more confusions occured in category V1V2. On average
(All Subjects) 91.49 % of correct responses in category V1V1, and 21.08 % of correct
reponses (78.92 % of confusion) in category V1V2. Nevertheless, there are not enough
settings available for computing statistics for the short sentences.

The responses of the subjects, which were analyzed in terms of their correctness, can
also be plotted as a function of the number of answers "SAME", asin Table 5. In this
case, the proportion of "SAME" answers gradually decreases from condition V1V1 to
condition V1V 4, showing that the subjective smilarity decreases as the thresholds (i.e.
the model parameters) increase.

A by-product of this experiment is the indirect evaluation of the importance of per-
ceptual thresholds. It must be emphasized that even with a very crude stylization, such
as in category V1V 4, some subjects made a lot of confusions. This might indicate that
decomposition of intonation contours into short-duration tones provides a rather good
basis for robust intonation stylization. Moreover, the percentage of correct responses
clearly correlates with the magnitude of the perceptual thresholds used. The thresholds
are therefore meaningful, but probably not very critical.

House (1990, p. 115), who used automatic straight line stylization, reports that:

the majority of the stylized sentences could not be distinguished from their
original counterparts on the basis of intonation alone.

It seems very difficult to design a test paradigm that is able to measure discrimation
of sentences on the basis of intonation alone. It isfor this reason that the same/different
paradigm was prefered, even if it is much more severe. Our results indicate that, using
the stylization procedure described above, a (large) majority of sentences could not be
distinguished at all.

It is of interest to compare the results for hand-made straight line (HMSL, for short)
stylization experiments reported in the literature (see e.g. De Pijper, 1983, t' Hart et al.,
1989, Beaugendre & da., 1992), with those obtained with automatic tonal stylization.
Extrapolating the data (correct responses) from De Pijper, we obtain 95.5 % in category
V1V1 (natural/natural) and 13.2 % in category V1V2 (natural/best stylization), for All
Subjects results, to be compared to 89.76 % and 32.38 % for all sentences, 91.49 % and
21.08 % for short sentences, also for all subjects. For short sentences, the scores are
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almost comparable. Asamatter of fact, De Pijper used short sentences (2-3 seconds), the
duration of which was somewherein between that of the short and long sentences we used.
The differences between the results of these two experiments can be due to differencesin
the experimental conditions. First, two different types of signal processing (TP-PSOLA
vs. LPC) are used. In De Pijper’s study, some small signal differences may have been
masked by the poor quality of LPC speech. Second, the question asked to the subjects
was also different. In our case subjects were asked to discriminate two signals, without
restrictions on the nature of the differences. Inthe HMSL stylization tests, subjects were
always asked to concentrate on intonation, and not on other aspects of the signal (see e.g.
De Pijper 1983, pp. 117-118). Another differenceis that our test material contained both
male and female voices, whereas the HMSL stylization experiments used male voices
only.

On the basis of the outcome of this experiment, we feel entitled to conclude that it
is possible to automatically stylize French intonation, while maintaining a high level of
perceptual equality. Moreover, the stylization procedure turns out to be quite robust,
since many of the V1V 3 stimuli were judged identical, indicating that in many cases, the
subjectswere unableto spot the impact of the stylization. In our opinion, thisrobustnessis
mainly dueto the segmentation step: when intonation contoursare divided into short tones
according to the segmental information, and when the pitch perceived for these short tones
is computed on the basis of an average of the measured fundamental frequency values, in
many cases errorsin static/dynamic tones decision are only of secondary importance.

This does not mean that these errors are not important. The robusteness of the
decomposition might vary as a function of the language under study.

5 Discussion and conclusion

5.1 Summary

In this study we presented a computer model of tona perception in speech, and we
described a perception experiment aiming at evaluating this model. The algorithm for
automatic stylization of pitch contourswas actually used to generate the test material. The
model and the algorithm require five major processing steps.

1. Inthe parametric analysis all relevant acoustic parameters of the speech signal are
determined: fundamental frequency, voiced/unvoiced decision.
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2. Next, asegmentation of the speech signal into phonetic syllablesis obtained, on the
basis of phonetic labels supplied by a speech recognition system. The segmentation
outputsthe sequence of voiced speech portions corresponding to individual phonetic
gyllablesin the speech signal under analysis.

3. At this point, we can go from the acoustic to the perceptual domain. The first
step is to simulate the short-term pitch integration, by calculating the weigthed
time-average pitch which will be used later for the stylization.

4. Each syllabic pitch contour is subdivided into one or more tonal segments. For this
purpose, the contour is decomposed into uniform parts. Perceptual thresholds are
used to decide when to stop the segmentation, and which parts to merge into single
tonal segments.

5. Finally the pitch contour is stylized by selecting the WTAP of the start and end
points of each tonal segment, and by linearly interpolating between them.

Some properties of the model will be discussed below.

5.2 Propertiesof the model

The model proposed above has some interesting properties.

Most importantly, itisaperceptual model. Whereasin earlier systemsad hoc heuristics
are used for many aspects, here perceptual processing is smulated as much as possible.
As the stylization is controlled by two parameters, which are perceptual thresholds, it
can be used to measure these thresholds (at least for signals with an obvious syllabic
segmentation). This gives the model a scientific interest: it becomes a tool for basic
research on tonal perception. Any model can be verified in perceptua experiments. But
unlike other systems, which can only claim that the obtained stylization is perceptually
equivalent to the natural pitch contour (and hence descriptively adequate), our system also
explainswhy thisis so (it aso has explanatory adequacy).

Because the stylization is fully automatic, there is no bias whatsoever from the user
phonetician. Inthisrespect the system hasaclear advantage over the close-copy stylization
procedure.

Another asset is the clear distinction between acoustic, perceptual, and linguistic
representations of intonation. The importance of this distinction has been stressed in the
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introduction and in the discussion on the concepts of tones, tonal segments, and pitch
targets. The stylized contour reflects the signal after low level perceptual processing,
prior to any categorization involving alanguage-specific intonation grammar. Asaresullt,
this auditory representation can be defined and investigated (i.e. measured) on its own,
without reference to some abstract intonation model, or even without reference to the
communicative function of pitch in speech.

A key feature of our method is that very little assumptions are made on the linguistic
aspectsrelated to intonation. The latter are known to be language-dependent. Asaresult,
this method could serve as a basis for future work on language-independent intonation
anaysis.

To conclude, the model presented aboveisafirst attempt towards a complete model of
intonation perception. However, there are still some intrinsic limitations with this model.

A fundamental weakness comes from our current limited knowledge on the percep-
tion of prosody. The currently available data on the perception of prosody is still too
fragmentary to justify each of the stepsin the model. This can be seen in two areas.

Firstly, the model relies on the preliminary decomposition of the pitch contour into
short duration tones. While there are indications that such a segmentation does indeed
take place, no quantitative dataare avail able on the impact of spectral changes, and energy
changes on the perception of pitch (see below: future work). We relied on the the crude
hypothesis that phonetic change can produce intonation segmentation. This hypothesis
is probably justified for abrupt changes (e.g. stops, changes in voicing, pauses). But for
smooth transitions (e.g. involving liquids, nasals, semi-vowels, or contiguous vowels) the
segmentation isless obvious. The method relies on the phonetic labeling of the utterance
in order to determine (the voiced parts of) the phonetic syllables. However, the way in
which thisphonetic segmentationisto be achieved isnot described in the paper. Of course
it requiresafull-fledged speech recognition system to do this(at least in those applications
where phonetic alignment is not possible), but this lies outside the scope of this study.
Moreover, automatic phonetic alignment is now afairly common tool in speech research.
Probably aless sophisticated segmentation algorithm could do (seee.g. Mertens(1987b)).

Secondly, the model assumes a differential sope threshold, for which the data in the
literature is extremely scarce. As a result, the threshold value may seem to be chosen
arbitrarily. However, the selected value was found to be useful for the experiments.

The model was tested for one language only, i.e. contemporary French as spoken
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in France; and this could be seen as a limitation. It is clear that the segmental and
suprasegmental properties of French may favour a certain approach which could be less
successful for other languages. For instance, syllabic decomposition is an important
featureof French (when compared to English, say), and the set of possi bl e pitch movements
israther limited (again when compared to English).

Finally, the model does not include the last processing step mentioned in Section 2.
As a result, micro-prosodic variation is not normalized, and stress is not determined.
The model provides no linguistic interpretation of the data, because it would require
language-specific information.

5.3 Futurework

In order to improve the accuracy of the model, additional perceptual experiments should
be run to determine the threshol dsrel ated to tonal phenomenain continuous speech. More
particularly the glissando and differential glissando thresholds for continuous speech
should be measured, to see to what extent they differ from the thresholds for isolated
stimuli without change in spectral envelope.

Another set of experiments should be undertaken to investigate the perceptual seg-
mentation of the speech signal due to spectral change and loudness variation. A possible
experiment to investigate the role of amplitude variation would be to compare the per-
ceived glissandi for soundswith and without intensity variation. Theaim of the experiment
could be to answer the following question. For a sound with changing pitch and decreas-
ing or increasing intensity, which part of the variation will be perceived, depending on
the amount of intensity change ? In order to answer this question, one could use a
same/different test on apair of stimuli with identical pitch change, wherethefirst stimulus
has a constant intensity whereas for the other stimulus intensity decreases or increases.
Thiswould enable oneto determinethe minimal amplitude change required to affect tonal
perception.

The model for tonal perception has several immediate applications some of which
have already been implemented for the described experiment. The first isfully automatic
analysis of intonation, with representation of the perceived tonal score. The second isthe
specification of prosody for speech synthesis. Another future application isthe automatic
transcription of intonation, of which the tonal perception model would be afirst but major

step.
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Stimulus  Glissando Diff.glissando

V1 - -

V2 0.16 20
V3 0.32 20
V4 0.64 60

Table 1: Stylization parameters used in the perception experiment.
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subject % correct VIV1 % correct VIV2 % correct V1V3 % correct V1V4

1. AB 89.13 (46) 46,51 (43) 62.00 (50) 87.24 (47)
2. CDA 90.70 (43) 27.69 (65) 43.90 (41) 96.43 (28)
3. CN 90.70 (43) 26.09 (46) 32.65 (49) 66.67 (42)
4. EG 96.08 (51) 7.02 (57) 22.73 (44) 48.84 (43)
5. GA 100.00 (47) 30.00 (50) 36.00 (50) 69.57 (46)
6. JFK 100.00 (44) 5.27 (57) 20.00 (45) 38.46 (39)
7.JsL 69.23 (52) 42.86 (49) 26.00 (50) 76.19 (42)
8. LD 92.00 (50) 43.40 (53) 50.00 (42) 84.09 (44)
9. MGR 94.64 (56) 47.82 (46) 82.69 (52) 93.88 (49)
10. OV 86.11 (36) 29.83 (57) 26.00 (50) 38.46 (39)
11. PB 85.46 (55) 50.94 (53) 61.70 (47) 83.33 (42)
12. PBM 90.25 (41) 38.46 (52) 63.64 (44) 85.71 (49)
13. SR 71.43 (35) 32.79 (61) 40.00 (45) 51.22 (41)
14. SG 95.83 (48) 1.92 (52) 9.62 (52) 10.87 (46)
15. SF 92.86 (56) 32.14 (56) 32.50 (40) 90.91 (44)
16. VP 86.67 (45) 28,57 (56) 15.55 (45) 40.48 (42)
17. BD 84.44 (45) 36.96 (46) 54.90 (51) 81.25 (48)
18. MJ 93.48 (46) 23.40 (47) 27.91 (43) 42.31 (52)
19. MAD 85.11 (47) 43.75 (48) 62.75 (51) 85.00 (40)
20. FB 97.62 (42) 59.32 (59) 85.72 (42) 94.87 (39)
All Subjects  89.76 (928) 32.38 (1053) 42.87 (933) 67.98 (862)

Table 2: Results for the Same/Different experiment. Percentage of correct responses and
number of settings for categories V1V1, V1V2, V1V3, V1V4.
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subject Z-scoreH1 Z-scoreH2  x*H3  Z-scoreH4  Z-score H5

1. AB -0.20 A 124 A 56.39 R -0.87 A -3.26 R
2. CDA 0.15A 217 A 26.05R 203A -0.50 A
3. CN 0.15A -2.16r 1536 R 193A -0.17 A
4. EG 145A -5.11 R 145R 5.08 A 314 A
5. GA 229A 177y 424.76 R 144 A -0.82 A
6. JFK 221 A -6.49 R 1048 R 535A 344 A
7.JSL -499 R -0.62 A 336 A -041A -2.89 R
8. LD 047 A 0.68 A 90.25R -0.50 A -3.09R
9. MGR 116 A 243 A 163.62 R -1.08 A -357R
10. oV -0.78 A -6.49 R 1211r 157A -0.84 A
11. PB -1.12 A 054 A 56.50 R -1.63A -4.36 R
12. PBM 0.05A 1.00A 48.67 R 0.23A -2.24r
13. SR -3.66 R -461R 0.53A 115A -1.40 A
14. SG 135A -11.72R 0.65r 5.60 A 384 A
15. SF 0.71 A 181A 5276 R 120A -1.23 A
16. VP -0.74 A -6.40 R 11.26 A 175A -0.62 A
17. BD -1.24 A 022 A 16.04 R 042 A -1.87r
18. MJ 0.79A -6.80 R 2198 R 232A 025A
19. MAD -1.12A 0.79A 3154 R -0.53 A -3.00R
20. FB 165A 232A 823.05R -3.03R -6.09 R

Table 3: Satistical analysis of the results for the Same/Different experiment. "R' means
that p<0.01 (the results differ highly significantly from the hypothesis), "r" means that
p<0.05 (the results differ significantly from the hypothesis), "A" meansthat p>0.05 (the
results do not differ significantly from the hypothesis). See text for explanation of the
hypotheses H1-H5.
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subject % correct VIV1 % correct VIV2 % correct V1V3 % correct V1V4

1. AB 80.00 (5) 75.00 (4) 55.56 (9) 85.71 (7)
2. CDA 100.00 (6) 20.00 (10) 42.86 (7) 100.00 (9)
3. CN 100.00 (7) 0.00 (5) 7.14 (14) 66.67 (3)
4. EG 100.00 (10) 0.00 (11) 0.00 (5) 66.67 (3)
5. GA 100.00 (8) 11.11 (9) 16.67 (6) 100.00 (6)
6. JFK 100.00 (5) 0.00 (10) 0.00 (7) 75.00 (4)
7.JsL 85.71 (7) 14.29 (7) 16.67 (12) 100.00 (7)
8. LD 100.00 (5) 16.67 (6) 33.33(9) 100.00 (7)
9. MGR 100.00 (7) 14.29 (7) 7143 (7) 75.00 (8)
10. OV 80.00 (5) 2857 (7) 0.00 (7) 36.36 (11)
11. PB 87.50 (8) 71.43 (7) 100.00 (9) 80.00 (10)
12. PBM 50.00 (4) 57.14 (7) 7143 (7) 75.00 (4)
13. SR 66.67 (3) 0.00 (9) 22.22(9) 0.00 (5)
14. SG 100.00 (9) 0.00 (14) 0.00 (8) 12.50 (8)
15. SF 76.92 (13) 25.00 (4) 41,67 (12) 83.33 (12)
16. VP 100.00 (7) 45.45 (11) 0.00 (8) 33.33(3)
17. BD 80.00 (5) 27.27 (11) 78,57 (14) 75.00 (4)
18. MJ 100.00 (9) 11.11 (9) 11.11 (9) 50.00 (8)
19. MAD 92.31 (13) 22.22(9) 66.67 (6) 100.00 (4)
20. FB 100.00 (5) 33.33(9) 50.00 (6) 66.67 (3)
All Subjects ~ 91.49 (141) 21.08 (166) 35.00 (171) 69.84 (126)

Table 4: Results for the Same/Different experiment. Short sentences. Percentage of
correct responses and number of settings for categories V1V1, V1V2, V1V3, V1V4.
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Stimulustype V1Vl V1v2 V1V3 V1Vv4
Long 89.76 67.62 5713 32.02
Short 9149 7892 6491 30.16

Table 5: Average number of "SAME" answers as a function of stimulus type and stimulus.
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List of Figures

1

Overview of the system for automatic analysis of intonation. PDA: pitch deter-
mination algorithm. V/UV: voiced/unvoiced decision. ASR: automatic speech
recognizer. SYLL: syllabation rules. SYNCHRO: synchronization of voicing and
phonemic boundaries. WTAM: weighted time-average model. TP-PSOLA: time-
domain pitch-synchronous overlap add.

F@contour and syllabic segmentation for the sentence “ L’ Espagne apparalt a Ia

fois comme un nouveau partenaire, et un nouveau marché.” Female speaker. . . .

Automatic stylization algorithm. A. Illustration of the recursive pitch contour
segmentation, for the input data shown on top. A straight line is fitted between
the pitch values at the start and end of the analysisinterval. A turning point can
be found at the point of maximum difference between the pitch data and the fitted
line. See text for more details. B. Illustration of the merge step and the final
stylization step, for the contour shown on top (dotted line). The merge step uses
the differential glissando threshold (DGT) (g2-gl). The stylization step uses the
glissando threshold (DG). The resulting stylization is shown as the dotted line on
the lower tracing.

Tonal score for the sentence “ L’ Espagne apparalt a Ia f0|s comme un nouveau

partenaire, et un nouveau marché.” Female speaker.

Automatic stylization. From top to bottom: F@contour, WTAP contour styllzed

WTAP contour, reconstructed F@ . Sentence: “ Ce corps est reclassé au sein de
lagrilledelafonction publique.” Female speaker.

Automatic stylization. From top to bottom: F@contour, VVTAP contour styllzed

WTAP contour, reconstructed F@ . Sentence: “ Je suis en priorité un joueur de
rugby.” Male speaker.

Top. F@contour and syllabic segmentatlon Bottom TonaI score. Soontaneous
speech. Sentence: “ Jevoudraisle...levol, le moinscher.” Male speaker. . . . .

Comparison of stylized contoursfor the experiments. Fromtop to bottom: natural
contour (V1), first stylized contour (V2), second stylized contour (V3), third stylized
contour (V4). Sentence: “ Les problémes de concurence ne se poseront pas pour
eux.” Male speaker.

Comparison of narrow-band spectrograms of a fewsyl I abI €s. top and Ieft naturaI

contour (V1), top and right, first stylized contour (V2), bottom and left, second
stylized contour (V3), bottom and rigth, third styllzed contour (V4) Sentence:
“Lafermeté’ . Female speaker.
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Footnotes

. Observing FJ tracings in singing, Seashore noted as early as 1938 that “It is shockingly
evident that the musical ear which hears the tones indicated by the conventional notesis
extremely generous and operates in the interpretative mood.” (Seashore (1938), p. 269).

. The following studies were devoted to automatic recognition of prosody (i.e. stress and
intonation units detection, prosodic parsing): Lea, Medress & Skinner (1975), Kloker
(1976), Rietveld (1984), Gibbon & Braun (1988), Waibel (1988), Vaissiere (1988) Huber
(1990), Whightman & Ostendorf (1991, 1992), Geoffrois (1993), Carbonell & Laprie
(1993), Bagshaw (1993).

. In the work by d'Alessandro & Castellengo, two equations have been proposed for the
WTAM, depending on the F& extent of the stimuli compared to the glissando threshold. In
the present work we take only the form of the WTAM which corresponds to the situation
where the F@ extent of the stimuli are above the glissando threshold.

. Clearly, tona glides induce spectral changes, because of the variations in the excitation
source of speech signals. But the spectral envelope, or “filter” part of the speech signal, is
supposed invariant in most psycho-acoustic studies, where sustained vowels or pure tones
are generally used.

. Asamatter of fact, we think that thistype of random response was actually given by some
subjects.

. Subjects 1, 2, 3,4, 5,7, 8,9, 11, 12, 13, 16, 17, 18, 19. The five other subjects left the
laboratory after completion of the test.
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Figure 2: F@contour and syllabic segmentation for the sentence: “ L' Espagne apparait a
la fois comme un nouveau partenaire, et un nouveau marché.” Female speaker.
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Figure4: Tonal score for the sentence: “ L’ Espagne apparait a la fois comme un nouveau

partenaire, et un nouveau marché.” Female speaker.
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Figure5: Automatic stylization. From top to bottom: F@contour, WTAP contour, stylized
WTAP contour, reconstructed F@ . Sentence: “ Ce corps est reclassé au sein dela grille
de la fonction publique.” Female speaker.
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Figure 6: Automatic stylization. From top to bottom: F@contour, WTAP contour, stylized
WTAP contour, reconstructed F@ . Sentence: “ Je suis en priorité un joueur de rugby.”
Mal e speaker.
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Figure 7: Top. Fcontour and syllabic segmentation. Bottom. Tonal score. Spontaneous
speech. Sentence: “ Jevoudraisle. .. levol, le moins cher.” Male speaker.
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Figure 8: Comparison of stylized contours for the experiments. From top to bottom:
natural contour (V1), first stylized contour (V2), second stylized contour (V3), third
stylized contour (V4). Sentence: “ Les problemes de concurence ne se poseront pas pour
eux.” Male speaker.
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Figure 9: Comparison of narrow-band spectrograms of a few syllables. top and left,
natural contour (V1), top and right, first stylized contour (V2), bottom and left, second
stylized contour (V3), bottom and rigth, third stylized contour (V4). Sentence: “La

fermet€’ . Female speaker.

53



