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ABSTRACT

A left-to-right algorithm for analyzing pitch contours
and estimating their underlying representation as a se-
quence of parametered commands is proposed. [t is based
on a generalization of recursive least squares optimization
to a nonlinear model. This parameter filting is embedded
in a search guided by prosodic event delection, which de-
termines when a candidate structure has io be augmented
1o keep fitting incoming data. The algorithm applied to
Japanese read seniences successfully estimated 91% of lez-
ical pitch accent positions.
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1 INTRODUCTION

Though using prosodic information in speech recogni-
tion systems is a long-standing goal, the powerful methods
developed for speech recognition do not apply straightfor-
wardly to this kind of information. Among the strongest
impediments are its suprasegmental nature and its high
variability. Though prosody has received much attention
from the linguistic point of view and for speech synthesis,
little literature is available for speech recognition.

A recently proposed approach facilitates the integration
of prosodic analysis into a recognition system [5]. Using an
analysis-by-synthesis method, a sequence of prosodic fea-
tures is first synthesized for each candidate yielded by the
recognition, these predicted features are then compared
with observed features, and the resulting score is combined
with sentence likelihood to reorder the candidates. One
advantage of performing prosodic analysis after phonemic
recognition completion is that phoneme boundaries are
available for computing durational features. Pitch infor-
mation, however, still requires complex preprocessing to
be incorporated in such a scheme, and therefore deserves
specific investigation.

After explaining how the prosodic nature of pitch con-
tours can be dealt with, an algorithm implementing the
proposed approach and its application to Japanese utter-
ances will be presented in sections 3 and 4.
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2 ANALYZING PITCH
CONTOURS

Pitch results from the interaction of overlapping phe-
nomena with various time spans, ranging from local mi-
croprosodic effects to long-term trends such as declina-
tion. Such long-range interactions prevent local interpre-
tation of pitch values (which is the idea expressed by the
term suprasegmental). Therefore, a mere concatenation
of context-independent patterns does not provide an ade-
quate representation. Moreover, a formal grammar cannot
fully model these phenomena without additional quanti-
tative knowledge, especially about time course. An inter-
face between symbolic (phonemic) and surface (phonetic)
structures is therefore needed. This intermediate layer
should be a quantitative model in which pitch values are
expressed as a function of the whole underlying structure
rather than of a single symbol.

The Fujisaki mode! provides such an intermediate layer
for Japanese and other languages [1]. It represents a pitch
contour by an underlying sequence of two types of com-
mands, namely the phrase commands representing utter-
ance components and the accent commands representing
lexical accent components. Commands drive second-order
linear filters whose outputs are added to yield Fy values.
The effect of different commands can thus widely over-
lap. This allows the model to accurately fit Japanese read
speech contours with only a few linguistically motivated
commands. Overlapping, however, makes estimation of
commands from pitch contours more difficult. Specifically,
a new command must be estimated conditionally to the
commands already found. This prevents from using ef-
ficient search algorithms such as dynamic programming
or Viterbi search. Furthermore, whereas a phoneme is
classically constrained to begin right after the end of the
previous phoneme, temporal constraints on commands are
less clear and the search space is not well defined. To deal
with those problems, an event detection scheme has been
introduced [3], which is the subject of section 3.2.

A second characteristic of pitch movements is their vari-
ability. Independently of contextual effects, the same lin-
guistic phenomenon can be expressed by various move-
ments with a fairly wide range of amplitudes and dura-
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tions. These form a continuum rather than different cat-
egories, or at least categories with very fuzzy boundaries.
For example, pitch deviations on a stressed syllable in En-
glish can have various amplitudes, and deciding whether a
given deviation is large or small is mainly a matter of sub-
jective evaluation. A parametered model like the Fujisaki
model deals with this variability by representing differ-
ent but equivalent pitch contours by the same underlying
structure with different parameter values.

During the search, parameters adjustment and struc-
ture estimation have to be tightly coupled. Indeed, as
mentioned above, the introduction of a new command is
highly dependent upon previously estimated commands.
The stability of the search cannot be ensured if estima-
tion errors are allowed Lo propagate. Parameters must
therefore be constantly reoptimized. An efficient parame-
ter optimization algorithm (section 3.1) has been designed
to perform the whole analysis in reasonable time.

A third impediment for analyzing pitch contours is that
no data is available during unvoiced parts. The modeled
contour therefore cannot be constrained in those parts. In
fact, the discrimination between voiced and unvoiced seg-
ments is not all-or-none. A measure of voicing computed
during pitch extraction can be used to enforce a tighter
fit on vocalic nuclei, while a looser fit is granted on less
reliable parts. This is done by weighting the criterion to
minimize for parameter fitting. Setting weights to zero in
unvoiced parts is a simple and suitable way to deal with
the absence of data.

Finally, the algorithm presented in the next section
deals with the prosodic nature of pitch by (1) allowing
a single structure to represent various pitch contours and
using a least squares optimization to fit modeled contours
to the voiced parts of the observed contours and (2) per-
forming a search guided by event detections.

3 ALGORITHM

3.1 Recursive Least Squares Optimiza-
tion

Using the functional formulation given by Fujisaki, Fg is
expressed as a function of time which depends on several
parameters, such as command timings, amplitudes, and
time constants. Between two event detections, the number
of commands stays the same, and so does the number
of parameters. Let n be this number, A = (A,...,A)
the parameter set, and f(A,t) the function expressing the
modeled contour. The problem is to keep the parameter
values such that the distance between the modeled contour
and the observed contour remains minimal when further
data is taken into account. This problem can be defined
as the minimization of the following energy function:
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where p(1) is the observed pitch. Pitch was extracted with
the lag-window method [4]. A measure a voicing was si-
multaneously computed and used as the weight w(2) to get
a closer fit on reliable segments. This measure was given
by the height of the peak used to compute Fy valve by
peak picking. When pitch contours are preprocessed to se-
lect reliable movements (defined as a coherent sequence of
Fo values for which the cumulated voicing measure over-
comes a threshold), weights are set to zero outside the
selected parts. Minimizing the energy function is equiv-
alent to solve the following n equations expressing that
derivatives respective to all parameters are zero:

Zw(t)

~(A(f(A, t)—pt)=0 (2)
Vi=1,...,n

The sum extends up to time ¢{;. When to increases,
the position of the minimum changes and new parameter
values has to be computed. Assurmning that the minimum
is already found for time ty — 1, the new minimum can be
found as a perturbation of the previous one using a first-
order development. Let A* be the optimal parameter set
for time fy — 1, and let the new optimal parameter values
be written as A; = A7 + AJA;. First-order development
around A* of equations 2 and subtraction of the recursion
hypothesis (same equations at time 5 — 1 for A*) yield
the following recursion formula:

Y aii(t)AN; = bi(to) (3)
ji=1
Vi=1,....n
where
aij(to) = aij{to—1)
+wite) 2 A‘t) (A"t) (a)
2y 0 o
bi(to) = w(to)(p(to) — f(A™, to)) (A' t), (5)

These equations allow to compute the A); by inverting
a matrix and thus get the new minimum recursively. The
matrix itself is built recursively too.

The full derivation of equations 3, comments on the
approximations involved and on stability, introduction of
analog constraints, and implementation details can be
found in [2].

3.2 Prosodic Event Detection

The principle of event detection is to detect new infor-
mation in the incoming data, i.e. data unpredictable from
the structure estimated up to that point. This is why op-
timization must occur before detection: no new informa-
tion should be found if data can be fitted with the existing
structure.
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Figure 1: Principle of event detection. At time tg, the
predicted contour (dotted line) is the optimized contour
corresponding to the underlying command sequence esti-
mated so far (on the horizontal axis: one upward phrase
command, an accent command onset and end). When in-
coming data (bold line) deviates from the predicted con-
tour, that means it bears new information. An event is
detected when the discrepancy becomes significant, and
new commands corresponding to the deviation are intro-
duced at this point in time.

The structure representing the observed contour is built
gradually, the structure being augmented with new com-
mands when an event is detected. Using the optimization
process explained above, a given structure is constantly
adapted to fit the observed contour. When a discrepancy
between the fitted and the observed contours appears in
the last few frames, that indicates that the structure can-
not represent the observations successfully, and that the
structure must therefore be augmented with one (or pos-
sibly more) new command. It is the apparition of such
a discrepancy showing that incoming data bears new in-
formation that we call an event. In the present case, an
event is either an upward or a downward pitch trend. In-
troducing new commands only when necessary makes the
search efficient even though the search space is huge.

Event detection is performed by simply thresholding a
weighted average of the difference between the observed
and the modeled pitch over the last few frames. This aver-
aging prevents an event from being triggered before a clear
trend is found. The average is implemented as the output
of a second-order filter applied to the framewise difference
weighted by the pitch extraction reliability measure. To
prevent multiple triggering of the same event if the aver-
age fluctuates around the threshold, detection occurs only
if the threshold has not already been overcome in the last
few milliseconds. This refractory period was set to 60 ms.

Another interpretation of event detection can be given
by considering energy landscapes. When more data is
taken into account (o — to + 1), the landscape is slightly
modified, and the recursive optimization keeps track of
the minimum. Insofar as the candidate structure fits the
observations, augmenting that structure cannot lower the
minimum. But if a modified structure can provide a better
fit, another valley appears in the energy landscape, and
search has to proceed along that valley. The purpose of
event detection is thus to determine when an alternative
structure can give a better fit, i.e. when a local minimum
splits, so that the search keeps track of all local minima.
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3.3 Search

The aim is to find the structures for which the optimized
criterion is smallest. For that purpose, a beamsearch is
performed and the best hypotheses are kept at each frame.

When an event is detected, the structure is augmented
according to the type of event and to the preexisting struc-
ture, within grammatical constraints [3, Table 1]. For each
possible command or set of commands, a new hypothesis
is created for the corresponding augmented structure. The
original hypothesis is not systematically discarded because
of possible false alarms in event detection. Therefore, the
number of hypotheses increases when an event is detected.
This number is limited by the beamwidth before proceed-
ing to the next frame.

The resulting algorithm is as follows. For each frame,
each hypothesis is reoptimized. It is then checked for event
detection and new hypotheses are created accordingly. All
hypotheses are then reordered, and the top-ranked ones
are kept for the next frame.

4 RESULTS

Fifty-one Japanese sentences uttered by one speaker
were analyzed. The sentences were uttered in a rather
spontaneous manner, but without hesitations, and with
marked pauses between breath groups.

The contours were hand-labeled with lexical pitch ac-
cent information, both by looking at them and by lis-
tening. Labels were put on pitch rises and falls reflect-
ing accent type and accent position. Syntactical informa-
tion, as represented by phrase commands in the Fujisaki
model, was not as easy to determine because the sentences
were uttered as sequences of independent groups, and was
therefore not labeled. Rather, a rule was used, according
to which an upward phrase command was expected at the
beginning of each group, and a downward phrase com-
mand was expected at its end except when the last word
of the group was unaccented. There were 184 groups, and
492 accent labels.

Analysis was performed with a beamwidth of 10, and
the 10 top candidates were memorized. Examples of can-
didate structures are shown in Figure 2. For each sentence,
only the best two candidates were used for evaluation.

Differences between estimated and expected command
sequences fell into various cases which were gathered into
four broad categories: (1) insertion and deletion of ac-
cent commands, (2) insertion and deletion of phrase com-
mands, (3) misrepresentations of unaccented words and
of silent parts, and (4) timing errors. A more detailed
description can be found in [2].

These differences had several causes: (a) estimation er-
rors, i.e. fallure of the algorithm to find the optimal struc-
ture; (b) lack of using complementary information such as
intensity; (c) inappropriate modeling, especially of unac-
cented word; (d) equivalent representations. These results
pinpointed the constraints further needed to improve ac-
curacy.
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Figure 2: Example of analysis. The utterance is a request for a subscriber’s phone number. It is made of four groups. The
first three are the city name, district name and block number, respectively. The last group is the name of the subscriber.
The block number (‘yonchoome’) is unaccented: the pitch rises sharply at the beginning then goes down slowly. The
three other groups are accented words: there is a clear pitch fall which defines the accent position. Candidate structures
ranked first (top) to 10°* (bottom) are shown above the input contour (accent command onset and end, and upward and
downward phrase commands, are represented by the characters [, ], i, and !, respectively). The first candidate has exactly
the expected structure, with an upward phrase command before each group and a downward phrase command after each
group except the unaccented one. Furthermore, the accent command found on the ‘unaccented’ group had a much smaller
amplitude then the other ones (not illustrated). Other candidates are variants of the first one, and exemplify typical
errors, such as inserted accent commands (at the beginning of ‘Musashino’ and at the end of ‘Tejima Kenji’), deleted

phrase commands (same locations), and early timing (before ‘Mure’ in the 4** and 10** candidates).

Only differences of types a, b and ¢ were considered as
errors. The total number of errors for accent commands
was 45. Therefore, 91% of labeled accent commands were
successfully estimated.

5 CONCLUSION

A model-based search using parameter optimization
and event detection was proposed for analyzing pitch con-
tours. It yields the estimated structure of a contour, along
with the optimal parameter values. Parameter optimiza-
tion provides an interface between underlying structures
and highly variable observed contours. Event detection
deals with a context-dependent model and a huge search
space. The results show that prosodic information can
be extracted from Fy contours without the need of a pri-
ori information such as segmentation. This can be used
to constrain a Japanese speech recognition system with
lexical accent information.

Integration of other sources of information, however,
should improve accuracy. This is clear for intensity.
Word and phoneme boundaries should also lessen ambigu-
ities. Conversely, integration in a recognition system with
the analysis-by-synthesis approach can benefit from the
proposed parameter optimization method. Rather than
directly checking the feature sequence synthesized from
recognition output against observed features, parameter
adaptation provides an interface for handling contour vari-
ability. Moreover, the optimal parameter values are avail-
able as additional information. This research thus pro-
vides methods for using pitch in speech recognition sys-
tems.
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