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Abstract

To provide an appropriate model for perception of temporal
structures of speech, we applied a comprehensive
computational model of the human auditory peripherals to
detect changes in speech signals that potentially indicate
arrivals of new events. In each tonotopic sub-band, an
increase in the activation level was taken into account for the
plausibility of a new event, while a decrease was ignored. The
total contour obtained by integrating the sub-band information
exhibited sharp peaks and dips compared to the loudness
contour. A quantitative evaluation to estimate the speaking
rate of natural speech also demonstrated that the event-
plausibility model performs better than the loudness model.

1. Introduction

Speech can be regarded as an auditory stream
comprising multiple segments. Temporal relations between
these sub-segments, i.e., speaking rate, and/or speech timing,
convey information on the status of speakers, and their
anomalous deviation from prototypical templates could make
produced speech sound unnatural, or at least a little strange.
Kato et al. have investigated several characteristics in
perceptual judgments on the temporal modification of speech
signals, and have proposed the "loudness-jump" model [1, 2,
3].

The core of the loudness-jump model is that the degree
of temporal modification applied to a certain segment can be
estimated as a function of the difference between the loudness
of the segment and that of the consecutive segment. One of
Kato et al.'s most interesting findings was that perceptual
performance for detecting temporal modification could be
explained better by the loudness-jump concept than by a
linguistic constraint such as the Japanese mora structure,
assuming a unit based on the consonant-vowel succession.
This promising aspect of the loudness-jump concept is
demonstrated not only by its predictability in practical
performance of the perceptual test, but also by its theoretical
background. While the concept based on the linguistic
constraint requires a language-specific feature, calculation of
loudness simply requires a psychophysical feature. Here, the
we have no intention of arguing that the psychophysical
feature has a more stable, theoretical background than any
linguistic feature; the psychophysical feature can, however, be
regarded as a more fundamental and a more general one than a
linguistic feature. 

Even if it is difficult to deny the influence of the
language-specific constraint on the perception of speech, we
must not dismiss the importance of a basic, common,
psychophysical background. For example, one can perceive
temporal structures of unfamiliar language to a certain degree,
evidently demonstrating that the basic process still works with

no language-specific knowledge.
The objective of the current paper is to extend the

loudness-jump concept by using the auditory image model.
One drawback of the loudness-jump model is that it cannot
fully reflect the auditory system's ability to analyze frequency.
Although the critical band filter bank in the process of
loudness calculation analyzes input speech, the main purpose
of this frequency analysis is simply to provide a more
accurately predicted value of the total loudness. Therefore,
roughly speaking, the loudness can be regarded as a
transformed acoustic power with a frequency weight and non-
linearity reflecting the auditory characteristics. If the energy
distribution along the frequency axis suddenly changes with
no change in the total loudness, it is obvious that the loudness-
jump model fails to represent any change.

Another drawback of the loudness-jump model is caused
by its sluggish response. Because the calculation of loudness
requires temporal integration, the loudness contour obtained
for natural speech samples displays a smooth curve as a
function of time in most cases. This causes some difficulty in 
defining segmental boundaries.

To compensate for these drawbacks, Kato et al. used
label information in the speech database for practical
calculations of the loudness-jumps. This contaminated the
advantage of the loudness-jump model that was originally
designed as an algorithm requiring no linguistic constraint.

The main scheme of the extension lies in utilizing the
multi-frequency-band information to obtain reasonable

Figure. 1  (a) Auditory image captured by the "strobed temporal

Integration"; (b) auditory spectrum; (c) periodicity summary.
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sensitivity for the energy shift along the frequency axis.
Specifically, an increase in the activity of each band is taken
into account as a candidate for the acoustical change. The
details of this process will be described in the next section.
This scheme of sub-band detection is also expected to
improve the promptness of responses, because the activity of
each sub-band (especially in the high-frequency region) could
generally exhibit finer temporal resolution than the overall
activity.

2. Method

2.1. Construction of Stabilized Auditory Image

In the first stage of event detection, we calculate the
stabilized auditory image based on the auditory image model
(AIM) proposed by Patterson et al. [4, 5]. The input waveform
is filtered with the outer- and middle-ear characteristics, and
proceeds through a bank of gammatone filters with a constant
Q factor whose center frequencies are distributed equidistantly
on the ERB scale. At this stage, the time-frequency resolution
of the cochlea mechanics is simulated, and a signal is
represented by multichannel waveforms. This corresponds to
the place (tonotopic) coding of the auditory system.

Next, we simulate the activity pattern of the auditory
nerve firings. The waveform pattern of each channel is half-
wave rectified and compressed by taking a power with 0.5 as
the exponent. The characteristics of neural adaptation are also
implemented. This is the main source of the current
simulation's nonlinear characteristics. Third, a temporal
summation of these activities is achieved by setting the local
peaks in the activity packets as the origin of the summation,
which preserves temporal information conveyed by the neural
firing pattern (temporal coding). Figure 1 shows an example
of the output of this third stage, with the frequency channels
aligned in the depth direction. The horizontal axis represents
the time interval axis between neural firings.

2. 2. Event-Plausibility

In the second stage, we estimate a plausibility index for
new event arrival. For this purpose, we calculate the activation
level of each frequency (or tonotopic, to be more precise)
band at a specific time by taking the average along the interval
axis in the SAI. Thus, time series data of the activation level
was obtained for each frequency band with an arbitrary frame
rate, which was set at 5 ms for this report.

Essentially, the time point at which the activation level
abruptly increases potentially corresponds to the point at
which something new happens. If the rate of activation
increase is high, it is plausible that a new event will happen. It
can even be argued that the plausibility of a new event might
also be high when the rate of the activation decrease is high.
However, several experimental findings suggest that the effect
of an increase and that of a decrease could not be equivalent,
and that the increase could serve as a stronger cue than the
decrease. A simple implementation of this asymmetric effect
was to introduce an arbitrary threshold. The point of activation
decrease was "ignored" by setting the threshold to a positive
value. A score obtained in this way will be referred as a sub-
band plausibility index in the following section.

We needed to solve a technical problem to calculate the
rate of change of the activation level. This problem is related
to the strobed temporal integration (STI) used to obtain the
SAI, which is a time-interval histogram of neural activity

patterns (NAPs). To generate this histogram, stored activity
patterns need to be summed synchronously with appropriate
triggers while the images decay exponentially between the
triggers. In the STI, these triggers are set at the local peaks in 
the NAPs, and they tend to coincide with the fundamental
period of the input sound. Therefore, if the fundamental
period is longer than the sample period (the frame rate in other
words), the activation level can exhibit a local increase even
when the input signal stays steady. These local increases
should not be considered when estimating the plausibility of
occurrence of new events. The software package used to
obtain the SAIs also provides information on trigger points
("strobe points"), which could be used to determine
appropriate sampling points. However, a reasonable
approximation can also be obtained by selecting local
maxima. In this study, the latter method was used.

The bottom panel of Fig. 2 depicts an example of the
evaluation results together with the spectrogram of the input
signal (top panel). The time derivative of the activation level
clipped at zero in the negative region is shown as a gray scale
for each tonotopic (frequency) band, and it appears that the
increase in signal power is detected efficiently.

In the next step, we arithmetically integrated the
information from each sub-band. The points of activation
growth for speech signals often display slight fluctuation
across sub-bands, because the response time of the vocal tract
formants may be different, depending on their sharpness: the
sharper the filter, the slower the response time. This causes
some fluctuation even if the vocal tract is driven by the same
glottal pulse, and poses many small local peaks in the sub-
band-pooled mean plausibility index. Some of them should be
merged into a single peak, and to do this the weighted means
were calculated with nine preceding points using
exponentially decaying weights.

3. Evaluation

3. 1. Comparison with the loudness-jump model

In this section we evaluate the performance of the
proposed model, referred to as the "event-plausibility," and

Figure 2.  Spectrogram and event-plausibility of each sub-band.



compare it with the loudness-jump model by using a subset of
the Japanese speech database collected by Muto et al. [6]. The
database contains variations of speech by a male speaker at
three speaking rates, i.e., (a) fast, (b) moderate, and (c) slow.
For each rate, the same content phrases were uttered in
isolation or in a carrier context. Table 1 shows the list of
content phases used in the current evaluation. The carrier
context was "Sore-wo ... kiite" (I heard it ...).

The lower panel of Fig. 3 shows an example of event-
plausibility contours accompanied with a corresponding
loudness contour for a sentence, "Sore-wo doremo kiita" (I
heard all about it). The upper panel depicts a spectrogram of
the sentence. Both event-plausibility and loudness scores were
normalized by taking relative ratios against the maximum
value. Compared to the loudness contour, the event-
plausibility contour provided sharp transitions and shows
many peaks and dips. This is a promising feature for detecting
event arrivals. For example, a local peak in the event-
plausibility was visible for the transition from a fricative [s] to
a vowel [o] at around 250 ms, while it was not clearly
represented in the loudness contour. Moreover, while the
transition, [o]-[e]-[w]-[o], from 250 ms to 500 ms simply
resulted in a single gradual growth and decay in loudness,
several local peaks appeared in the event-plausibility contour.

It can be argued that the boundary between the
consonant [s] and the vowel [o] should not be detected
because Japanese has a moraic structure where the "unit" is
constrained to the consonant-vowel combination. Such
constraint, however, reflects a language-specific feature.
Therefore, it should not be regarded as a drawback of the
proposed approach, which is designed to model the early
stages of auditory perception.

Figure 4 depicts another example, this for the slow
speaking rate, with the same textual content as in Fig. 3, with
the event-plausibility contour showing sharper peaks and dips
than in Fig. 3. This could be due to the enhanced stability of
the "steady" part of the signal caused by the slow speaking
condition. In addition to this sharp transition, the event-
plausibility significantly fluctuated within a steady region. A
typical example of this can be observed in the segment from
1800 ms to 2000 ms. At the current stage, it is difficult to
judge whether this augmented sensitivity is inappropriate.
This segment corresponds to the Japanese long vowel /ii/ in
"kiita" (heard), which makes a phonemic contrast to a short
vowel /i/ in "kita" (came). As for the number of morae, the
former is counted as three, but the latter is counted as two.
From this angle, it can be regarded as a desirable
characteristic to set a marker inside a segment. 

For the fast condition, vowel duration became very
short, and there was no room for an extra event marker within
a segment. In fact, an informal perceptual test indicated that
categorization of the short version became difficult when the
portion of "kiite" was presented in isolation, but that
categorization of the long version was obvious. However, the
number of local peaks appeared to be too large, and in the
current simulation of neural activity patterns, no adaptation
was implemented. The NAPs were obtained by applying half-
wave rectification, power compression, and low-pass filtering
to the basilar membrane motion. If any aspects of adaptation
are introduced, it might be helpful to suppress unnecessary
activation appropriately within a steady segment.

3.2. Estimation of speaking rate

We have clearly demonstrated that the event-plausibility
model could provide substantially different results from those

based on the loudness-jump model. However, it is another
question as to which model functioned as a more valid
background for predicting human performance in the temporal
judgment of speech signals. As Muto et al. had reported in the
results of perceptual experiments on the detection of
modification in segmental duration using the extended set of
the current speech database, one possible way to investigate
the advantage of the current model could be to try a prediction
of the perceptual results on the basis of the event-plausibility
model. However, a direct comparison was difficult because
the loudness model required linguistic information, i.e., an a
priori segment boundary, to make a prediction, while the
event-plausibility was designed to work without such
"linguistic" information.

To realize a proper bottom-up process, the use of
linguistic information should not proceed without careful prior
consideration. Therefore, as a first step, we attempted to
compare the event-plausibility model with the loudness-jump
model by a method using a minimum linguistic constraint, as
described in the following section.

The event-plausibility model takes a neutral stance on
the linguistic aspect. It is also true for the core part of the
loudness-jump model, although it finally relies on some
linguistic, top-down information for estimating the degree of
loudness-jump between consecutive segments. The basic
concept common to both models is to provide appropriate
information for judging the temporal structure on the basis of 
psychoacoustical knowledge. Accordingly, we designed the
comparison to focus on the difference between the contours of
the "event-plausibility" and those of the loudness. For that
purpose, we applied an identical post-processing to both types
of contours.

The objective of the post-processing was to set temporal
markers on the contours. The basic algorithm of the post-
processing was to select the N-largest points with masks,
where N represents the required number of temporal markers.
The mask prevented points located closely from being
selected; actually, when a new point was selected as a
candidate for the N-largest points, its preceding and following
M-points were defined as "masked" parts and were excluded
from selection. This process of selection and masking was
repeated until the N-largest points were selected. In the
current paper, the results were obtained with M =15, which
corresponds to a 150-ms region centered at each candidate
being masked. The number N was decided on the basis of a

(in outside)sotode

(moreover)sarani

(in Nara)narade

(to him)kareni

(my mother)hahaga

(every ...)doremo

(together)tomoni

(after that)sonogo

(in advance)sakini

(at the west)nishide

(in the street)michide

(this year)kotoshi

Table. 1  List of test phrases and their English translation.



priori knowledge of the speech material's linguistic contents.
In this case N was set to the number of morae, i.e., nine for the
sentences, three for the isolated words.

The open circles in the bottom panels of Figs. 3 and 4
represent examples of the nine largest points extracted from
the event-plausibility contours, while the crosses depict those
extracted from the loudness contours. For the fast speaking
rate shown in Fig. 3, the correspondence between the markers
on the event-plausibility contour and the moraic structure was 
reasonably good. On the other hand, the markers on the
loudness contour showed mismatching. For the slow speaking
rate shown in Fig. 4, even the markers on the event-
plausibility contour displayed some mismatching, although
the degree of mismatching became obvious for the markers on
the loudness contour. This tendency was common to all the
other samples.

The speaking rate for each condition was estimated by
calculating averages of time differences between consecutive
markers. The average scores are shown in Table 2. Because
the speaking rate could be different depending on whether the
material was a sentence or an isolated word, the average was
calculated separately for each mode. While the score based on
the loudness failed to show a systematic change following the
speaking rate, the scores based on the event-plausibility

appear reasonable. This result demonstrates advantage of
event-plausibility over loudness.

4. Summary

(1) We constructed a new method of event detection based
on the auditory image model to simulate human perception of 
temporal structures of speech.
(2) The core part of the new model, i.e., the "event-
plausibility" model, was sub-band detection, where an
increase in activity could contribute to raising the plausibility
of a new event arrival. The final decision was made upon
integrating the sub-band information.
(3) We compared the performance of the event-plausibility
model with that of the "loudness-jump" model. We
demonstrated that the contour given by the event-plausibility
model showed sharp peaks and dips, which could provide
reasonable information on the temporal structure.
(4) An evaluation test using the database of three speaking
rates revealed that the event-plausibility model performed
better than the loudness-jump model.
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Table 2. Estimated speaking rate (average time interval
between consecutive markers) for three conditions by the
event-plausibility model and the loudness-jump model.
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Figure 3. Spectrogram (top panel) and contours obtained
by the event-plausibility model (black line) and loudness
(gray line) for one of the sentences in the fast condition.
Open circles depict marker points based on the event-
plausibility; crosses depict marker points based on the
loudness.

Figure 4. Spectrogram (top panel) and contours obtained
by the event-plausibility model (black line) and loudness
(gray line) for one of the sentences in the slow condition. 


