Auditory features in consonant perception - a modeling perspective
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1.   Introduction
Speech perception is often studied from a macroscopic
perspective by presenting meaningful speech stimuli in a range
of acoustic conditions to a panel of listeners and evaluating the
speech intelligibility in terms of the percentage of correct
responses (e.g. [1]). Speech intelligibility measured this way
reflects a complex interaction between the acoustic cues
available to the listeners and the syntactic structure, the
semantic predictability and the lexical content of the speech
stimuli. This makes it difficult to tease apart these influencing
factors when trying to investigate the preservation/restoration
of the speech signal’s acoustic cues (e.g. in acoustic
transmission channels and/or through an impaired ear with or
without hearing aid). Taking a microscopic perspective, this
problem can be overcome using nonsense syllables (e.g.,
consonant-vowel combinations, CVs), thus excluding
syntactic, semantic, and lexical effects. Many related studies
have focused on the perception of consonants in steady-state
noise at various signal-to-noise ratios (SNRs) and evaluated
the responses in terms of consonant recognition and consonant
confusions [2,3,4,5]. Several studies [5,6,7] demonstrated a
large perceptual variability across different speech tokens of
the same type (e.g., different utterances of /ba/). The results of
a recent study [8] by the authors of the current study
confirmed the large speech-token induced variability of
consonant-in-noise perception and additionally showed that
even different realizations of white Gaussian masking noise
mixed with identical speech tokens had a perceptual effect.
Several vastly different modeling approaches have been
proposed for predicting consonant perception. Li et al. [9,10]
related the SNR in experimentally determined time-frequency
regions to consonant recognition rates. Gallun and Souza [11]
demonstrated that the correlation of long-term modulation
power representations of their noise-vocoded stimuli was
related to the observed consonant confusions. Jürgens and
Brand [12] used a modulation-frequency selective auditory
model in combination with a template-matching speech
recognizer that showed convincing recognition predictions
while the confusion predictions were inconclusive.
The data from [8] allow for a detailed evaluation of model
predictions obtained with the corresponding experimental
stimuli. The current study investigated the predictive power of
various auditory-inspired internal representations (IRs) in
combination with a template-matching back end. The
perceptual variability across speech tokens was taken into
account using a token-by-token analysis of the correlation
between model predictions and perceptual data.

2.   Stimuli and data set
The speech tokens from [8] consist of the 15 CVs (/bi, di, fi,
gi, hi, ji, ki, li, mi ni, pi, si, ʃi, ti, vi/), each spoken three times
by a male and a female talker (i.e., six speech tokens per CV).
The talkers were native speakers of Danish. Eight young
normal-hearing native Danish listeners were presented with
the 90 different speech tokens mixed with white noise at SNRs
of 12, 6, 0, -6, -12, and -15 dB (3 presentations per speech
token and SNR). The listeners had to select the consonant they
heard. The occurrences of responses obtained with each
speech token at each SNR were pooled across listeners and
converted to response probabilities. As a result, response rate
patterns (consonant recognition and confusion rates) were
obtained for each speech token and SNR.

3.   Model components
3.1.  Internal representations (IRs)
Six different model IRs were considered as front ends:
st-AS: The auditory spectrogram was defined as the Hilbert
envelopes at the outputs of 25 fourth-order gammatone filters
with center frequencies between 63 Hz and 16 kHz. The
envelopes were low-pass filtered using a second-order
Butterworth filter with a cut-off frequency of 8 Hz. The power
of the subband envelopes was calculated in 4-ms time frames.
st-MS: The modulation spectrogram was obtained using the
same gammatone filterbank as described above, followed by
Hilbert envelope extraction and a first-order low-pass filter
with a cut-off frequency of 150 Hz. Each subband envelope
was then passed through a modulation filterbank consisting of
a third-order low-pass filter with a cut-off frequency of 2 Hz
and five second-order band-pass filters with center frequencies
of 4, 8, 16, 32, and 64 Hz. The power at the outputs of the
modulation filters was calculated in 4-ms time frames.
st-MSac: The ac-coupled modulation spectrogram was
calculated from the modulation spectrogram by normalizing
the power at the output of each modulation filter to the DC
power of the respective subband envelope.
lt-EP: The long-term excitation pattern was calculated as the
long-term power at the output of the gammatone filterbank
described above.
lt-MS: The long-term modulation spectrum was obtained by
integrating the modulation spectrogram over time.
lt-MSac: The long-term ac-coupled modulation spectrum was
obtained by integrating the ac-coupled modulation
spectrogram over time.
All IRs were converted to dB.

3.2.  Template matching
A template-matching back end was used to predict the
perceptual data. The templates were generated from the 90
speech tokens used in the experiment (15 CVs X 2 talkers X 3
recordings). Two sets of templates were considered:
1)   Clean speech tokens, each mixed 10 times with random
white noise at 12 dB SNR (“Noise”).
2)   Clean speech tokens, each 10 times time-scale modified
(TSM) using a standard TSM algorithm [13] with the
stretching factor α randomly drawn from a uniform
distribution on the open interval [0.5, 1.5], and then
mixed with random white noise at 12 dB SNR (“TSM &
Noise”).
The experimental stimuli were considered as test signals
and compared to all talker-specific templates. The correct
response alternative was represented only by the 10 templates
generated from the test speech token, assuming a priori
knowledge about the speech content in the test signal. The
other response alternatives were represented by all available
talker-specific templates.
The test signal and the templates were passed through the
front end under investigation and the Euclidean distances
between the test signal IR and the template IRs were obtained.
In the case of the time-dependent IRs (st-AS, st-MS, and stMSac), a standard dynamic time warping (DTW) algorithm
[14] was applied to compensate for temporal misalignment.
The Euclidean distances were converted to response rates by
counting the number of times a template representing a given
CV showed the minimum distance to the test signal,
considering all possible combinations of templates. The
number of times minima occurred for each phonetic category
of templates was divided by the number of considered
template combinations, yielding the predicted response rates.
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Figure 1: Average correlation between data and
predictions obtained with the considered IRs (left to
right) and template sets (black and gray bars).

4.   Results and discussion
The predictions obtained with the different model
configurations were evaluated by comparing them to the
perceptual data from [8]. Pearson’s correlation coefficients
between model predictions and data were calculated for each
speech-token specific combination of across-SNR average
response rate patterns. Fig. 1 shows the average correlation
between predictions and data as a function of the considered
model IRs (along the abscissa) for the two template sets (black
bars: Noise; gray bars: TSM & Noise). The correlation results
indicate that the short-term modulation-based IRs yielded the

by far largest predictive power, in particular the ac-coupled
modulation spectrogram (st-MSac). Time-scale modification of
the templates mostly yielded a correlation benefit (gray versus
black bars). The highest correlation of r = 0.85 was obtained
with st-MSac using the TSM & Noise template set (rightmost
gray bar in Fig. 1). The results suggest that (1) modulationfrequency selective internal representations are well suited for
predicting consonant perception in noise, (2) an ac-coupled
modulation-domain representation that only describes
deviations from the long-term spectrum is particularly
suitable, and (3) time-scale modification of a limited set of
template tokens may help improve the model predictions.
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