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Abstract

To simulate the perceptual extraction of temporal structures of
speech, the authors have been proposing an event-plausibilty
model that detects the occurrence of subevents in continuous
speech signals based on a auditory processing. One of its core
components is the filterbank module that simulates the mechan-
ical frequency analysis of the basilar membrane in the cochlea.
In this paper, output by the new model using a dynamic com-
pressive gammachirp (dcGC) auditory filterbank was compared
with the previous model using a gammatone auditory filterbank.
The most important difference between these filters was the
nonlinear dynamic level-dependence of the new filter; the pre-
vious filterbank was linear. Simulation results revealed that no
significant advantage for the new filter (dcGC) was observed for
event detection by the event-plausiblity model, which suggests
that the algorithm for the event-plausibility model has robust-
ness against differences in peripheral auditory processing.
Index Terms: auditory processing, temporal perception, event
detection, auditory image model

1. Introduction
From the viewpoint of temporal perception, natural speech is
perceived as a sequence of subevents such as syllables. Since
the acoustical boundaries between these subevents are not nec-
essarily prominent, the extraction of temporal structures of
speech that fit human auditory perception is not so easy. To
investigate how the rhythm of speech is perceived, a compu-
tational model has been constructed that automatically detects
these events to predict the perceived timing between each con-
secutive subevent. This study compared the results of model
simulations using a dynamic compressive gammachirp auditory
filterbank and a traditional gammatone auditory filterbank.

First, our group’s development of an event detection model
is described below. Kato et al. proposed a loudness-jump model
[1, 2] that calculated loudness differentials between two succes-
sive syllables. It predicted that the temporal shift accompanied
by a larger differential value, i.e., “loudness-jump,” would be
more sensitively detected than that accompanied by a smaller
loudness-jump. This implies that the auditory system selects
points as a cue of event detection where the differential values
abruptly increased. An advantage of the loudness-jump model
was that it provided a better prediction of the human experimen-
tal performance than models simply based on linguistic con-
cepts, such as the consonant-vowel-unit or vowel-consonant-
unit models. On the other hand, the model is too dependent

on loudness alone. It cannot extract changes in spectral energy
distribution with minimal loudness changes, even though peo-
ple can notice those changes and perceive them as the arrival of
new events.

To overcome this drawback, we proposed a new simulation
model called the “event-plausibility model” [3, 4], based on the
auditory image model (AIM). AIM provides a realistic simula-
tion of the signal processing in the human auditory periphery,
and outputs multi-channel images of the neural activity level of
each tonotopic subband [5]. The event-plausibility model used
information from AIM, and calculated temporal transition of
“event-plausibility” based on each subband information. This
utilization of each subband information provide potentials for
the model to detect spectral changes with no (or minimal) loud-
ness changes.

In a previous study, the event-plausibility model used in-
formation from an AIM gammatone (GT) auditory filterbank to
simulate the motion of the basilar membrane in the cochlea. In
a previous study by Tanaka et al. [4], a GT filterbank was used
as the front-end. It could not reflect the nonlinear character-
istics of the basilar membrane that were demonstrated in vari-
ous psychological and psychophysical studies. One feature of
this nonlinearity is that the frequency response becomes asym-
metric as the stimulus level increases. To simulate this level-
dependent feature, Irino et al. provided a dynamic compressive
gammachirp (dcGC) filterbank [6, 7, 8]. This new auditory fil-
ter realized level-dependent changes in cochlear filtering with
compressive and dynamic functions.

This dcGC filter is valuable to our event-plausibility model
because that dynamic function characteristic tends to emphasize
the onset of the signal or the changing points in the signal that
should be detected as new events. This level dependent char-
acteristics of the dcGC filter would improve the detection of
changes in activation level especially for low level signals, and
might show a certain advantage in predicting the estimation of
speaking rates. In this study, the event-plausibility model used
this new dcGC filterbank, and its performance was compared
to the previous version using a GT filterbank with no dynamic
function. The flow of the model calculation will be detailed in
Section 2, and simulation results of the previous and new ver-
sions will be evaluated and compared in Section 3.
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Figure 1: Flow of event-plausibility calculation, left to right, corresponding to four tonotopic channels (A to D) selected from all 75
channels. Channel numbers and center frequencies are shown in Table 1. All panels plot values as a function of the number of analysis
frames which increases every 5 ms. Leftmost panels indicate activation level. Next second panels indicate differential values between
successive analysis frames, and third are values after negative differential values are clipped at 0. These values are integrated through
all tonotopic channels and normalized for event-plausibility contour, as shown in rightmost panel.

2. Calculation Flow
2.1. Auditory Image Model

2.1.1. Previous Version with Linear Gammatone Filterbank

The process of the previous AIM version is as follows. First,
the input signal was fed through a filter that simulated the op-
eration of the outer and middle ears. Second, spectral analysis
performed by the auditory system was simulated. In the previ-
ous version, a linear GT filterbank was used. As filterbank out-
put, a signal is represented by multi-channel waveforms. The
bandwidth of the filters has a constant Q factor, i.e., the fil-
ter bandwidth increases proportionally to the center frequency.
The filter center frequencies are set at equal distances along the
equivalent rectangular bandwidth (ERB) rate.

Third, the basilar membrane motion was converted into a
representation of the neural activity pattern that simulated the
information flow from the cochlea conveyed by the auditory
nerve firings and up to the gross ensembles at the cochlear
nuclei. The waveform of each subband on the basilar mem-
brane motion is half-wave rectified to simulate the hair cell re-
sponse and compressed to simulate the nonlinear function of
the hair cells. Finally, “strobed” temporal integration (STI) was
applied that preserved the time-interval information about the
input signal. The output could be regarded as a time-interval
histogram of neural activity patterns, called stabilized auditory
images (SAIs).

2.1.2. New Version with Dynamic Compressive Gammachirp
Filterbank

The first stage of the new version is identical to the previous
one. AIM simulated the outer and middle ear functions. In the
second stage, the new version uses a dcGC filterbank [6] that
consists of a passive gammachirp filter and a level-dependent
high-pass asymmetric function. Then the dynamic process can

Table 1: Set of channel numbers and their center frequencies
shown in Fig. 1.

Label channel No. center frequency
A 70 4877
B 50 2077
C 30 813
D 10 241

accommodate nonlinear behavior in the human auditory system,
such as indicated by the two-tone suppression. A cochleogram,
which is the time-frequency representation of the output by this
filterbank, shows that the passband becomes narrower for the
low level input due to level-dependent asymmetry. Reflecting
such dynamic compression, for example, the plosive consonants
and the higher formants of vowels, both of which have rather
weak levels, tend to be more visible than cases using the linear
GT filterbank.

In the third stage, the information that passed through the
filterbank is simply half-wave rectified to represent the neural
activity pattern, because the compression realized in the third
stage of the previous version was realized in the second stage,
i.e., dcGC filterbank. Finally, STI was applied and SAIs were
obtained.

2.2. Event-plausibility Contour

To obtain event-plausibility, first the average activity level along
the interval axis was calculated in each frame of the SAI for
each tonotopic subband. This average value is the information
on the activation level contour for each channel at each temporal
analysis frame which is updated every 5 ms.

Fig. 1 shows the flow of event-plausibility calculation for
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Figure 2: Outputs by models for Japanese speech signal, “Sorewo kotoshi kiita (I heard it this year),” for fast, moderate, and slow rate
conditions from left to right, respectively. Top panels are spectrograms and middle panels depict phonemic boundaries. Bottom panels
are event-plausibility contours, gray line corresponds to output based on GT filterbank, and black line corresponds to that based on
dcGC filterbank. Points of closed circles or asterisks are markers that represent new events.

four tonotopic channels (A to D) that are selected from all 75
channels. The channel number and the center frequency of each
channel are shown in Table 1. The leftmost panels of Fig. 1
depict the temporal contours of the activation level at each sub-
band. Each excitation level contour was smoothed to prevent
subtle fluctuations of the strobing point from being counted as
different new events.

The event-plausibility model detects events by selecting
points as cues that the auditory neural activation level abruptly
increased. For that reason, the differential values between two
successive temporal frames were calculated to reveal the degree
of changes in the activation level, as shown in the panels in the
second column of Fig. 1. Eventually, information of each sub-
band will be integrated for the event-plausibility contour of a
speech signal. If the model integrated all subband values at this
moment, the same problem would appear in the loudness-jump
model that was described in the introduction. That is, increasing
value at some subbands and decreasing value at others negates
each other, and the model fails to detect the arrival of a new
event at that temporal point where the absolute value of each
side was almost equal. To solve this problem, the model “ig-
nored” decreases in the transition. In other words, all negative
differential values were clipped at zero, as shown in the panels
in the third column of Fig. 1.

Finally, a single contour was obtained by taking an arith-
metic mean across all subbands, and its maximum value was
normalized as 1, as shown in the rightmost panel of Fig. 1. This
is called an event-plausibility contour. It is the final output of
the event-plausibility model for a given speech signal.

3. Evaluation
An evaluation was accomplished by using a subset of a Japanese
speech database provided by Muto et al. [9] that contained
speech samples utterred at three different speaking rates for
identical linguistic content. The 72 stimuli, shown in Table 2
were all uttered by a professional male speaker. Fig. 2 shows ex-
ample results of the model outputs for the three different speak-
ing rates in which a word “kotoshi (this year)” was presented in
the carrier sentence [sorewo ... kiita ( I heard it ...)]. The figure
depicts the results for fast, moderate, and slow-rate conditions

Table 2: List of 72 variations of Japanese speech stimuli. Car-
rier sentence is “Sorewo ... kiita (I heard it ...).”

Speaking rate (3 variations) fast, moderate or slow
Context (2 variations) isolation or carrier
Phrases (12 variations)

kotoshi (this year), michide (on the street),
nishide (in the west), sakini (in advance),
sonogo (after that), tomoni (together), doremo (every),
hahaga (my mother), kareni (to him), narade (in Nara),
sarani (moreover), sotode (outside)

from left to right, respectively. The top panels are the spectro-
grams of speech signals. The middle panels depict phonemic
boundaries assigned manually by a trained speech analyst. The
bottom panels depict the event-plausibility contours using the
dcGC and GT filterbanks. The gray line corresponds to the out-
put based on the GT filterbank and the black line to that based
on the dcGC filterbank.

The points of closed circles or asterisks indicate markers
that represent new events in the signal. These markers, which
were set on local peaks, were based on the height of the event-
plausibility value; but to prevent the points located around the
pre-selected point from being selected, “masking” was adopted.
Namely, once a point was selected as a marker, the preceding
and subsequent 15 frames were defined as masked parts, and
these points were excluded from further selection of the local
peaks. This criterion of the masking range was decided arbi-
trarily by trial and error. To decide the number of markers, a
certain degree of linguistic information for the input speech was
required, as the expected number of peaks. For the current val-
uation purposes, the number of Japanese morae was provided in
advance as linguistic information.

The results of most stimuli were similar; most temporal
points of the markers were almost the same between the previ-
ous and new models, while the event-plausibility values at local
peaks on each contour appeared differently depending on the
front-end filterbank.
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Table 3: Mean values of intervals between each pair of consec-
utive markers for isolation conditions. F., M., and S. mean fast,
moderate, and slow-rate conditions, respectively. Values should
be larger toward right (slower) if the corresponding estimations
were reasonable. Phrases that show inconsistent estimates are
marked by asterisks.

Previous version New version
Phrases F. M. S. F. M. S.
kotoshi 155 210 317 142 205 342
michide 130 187 365 97 170 307
nishide 165 195 422 135 177 215
sakini 150 172 410 135 150 257
sonogo 130 155 397 117 145 337
tomoni 125 165 390 115 137 265
doremo 80 80 155 * 80 105 195
hahaga 100 117 145 122 185 232
kareni 85 90 110 92 90 117 *
narade 95 80 90 * 82 82 90 *
sarani 95 105 92 * 107 87 95 *
sotode 100 112 150 100 122 275

Additionally, to investigate whether the dcGC filterbank
shows any advantage over the GT filterbank, we estimated the
speaking rates by calculating the means of the interval between
each pair of consecutive markers for each of the 72 stimuli. A
larger mean value indicates a slower speaking rate. If the model
can correctly detect new events, the mean values should be sys-
tematically in accordance with the speaking-rate condition of
the database. The results for all stimuli in carriers appeared rea-
sonable, but some samples in the isolation condition failed to
show systematic correspondence. Table 3 shows all mean val-
ues in the isolation condition, and asterisks indicate phrases that
produced inconsistent estimates. There were three inconsistent
phrases by both models. Therefore, the new model failed to
show a significant advantage over the previous model in terms
of the number of “correct” predictions for the speaking rate of
the phrases.

4. Discussion

Obviously, the output of AIM using the new dcGC filterbank
is different from that using the previous GT filterbank. Never-
theless, these results show that this new filter did not improve
event detection. The core of the event-plausibility calculation
was based on the temporal derivatives of activity between suc-
cessive frames, so therefore, it fundamentally has a certain level
of dynamics in itself. Thus it can be deduced that differences
in the event-plausibility value are not so critical for the current
way of implementing marker setting. It suggests that the current
algorithm of the event-plausibility model appears rather robust
to signal level.

However, the dcGC version was tested using just a single
input level. A final conclusion must be delayed until more
systematic experiments on level dependence have been accom-
plished. Moreover, another question remains: does the human
perceptual estimation of speaking rates really reveal such a level
dependent difference? Further work must address these ques-
tions.

5. Summary
To investigate how rhythm is perceived when we hear natural
speech, an event-plausibility model, which detects events in a
speech signal based on an auditory system, was provided.

A new version based on a dcGC filterbank that has level-
dependent and dynamic characteristics as a simulation of the
basilar membrane of the cochlea was tested and compared to
the previous version based on a linear GT filterbank.

For both versions of the event-plausibility model, simula-
tions were executed using a set of Japanese speech signals. The
results show no critical advantage for the new version, sug-
gesting that the current implementation of the event-plausibility
model was rather insensitive to level difference.
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