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Abstract. In this work, we adopt an information theoretic approach -
the Information Bottleneck method - to extract the relevant modula-
tion frequencies across both dimensions of a spectrogram, for speech
/ non-speech discrimination (music, animal vocalizations, environmen-
tal noises). A compact representation is built for each sound ensemble,
consisting of the maximally informative features. We demonstrate the
effectiveness of a simple thresholding classifier which is based on the
similarity of a sound to each characteristic modulation spectrum.

1 Introduction

One of the most technically challenging issues in speech recognition is to handle
additive (background) noises and convolutive (e.g. due to microphone and data
acquisition line) noises, in a changing acoustic environment. The performance
of most speech recognition systems, degrades when these two types of noises
corrupt speech signal simultaneously. General methods for signal separation or
enhancement, require multiple sensors. For a monaural (one microphone) signal,
intrinsic properties of speech or interference must be considered [1].

The auditory system of humans and animals, can efficiently extract the behav-
iorally relevant information embedded in natural acoustic environments. Evolu-
tionary adaptation of the neural computations and representations, has probably
facilitated the detection of such signals with low SNR over natural, coherently
fluctuating background noises [2,3].

The neural representation of sound undergoes a sequence of substantial trans-
formations going up to the primary auditory cortex (A1) via the midbrain and
thalamus. The representation of the physical structure of simple sounds seems
to be ”degraded” [4,5]. However, certain features, such as spectral shape infor-
mation, are greatly enhanced [6]. Auditory cortex maintains a complex repre-
sentation of the sounds, which is sensitive to temporal [5,7] and spectral [8,9]
context over timescales of seconds and minutes [10]. Auditory neuroethologists
have discovered pulse-echo tuned neurons in the bat [11], song selective neu-
rons in songbirds [12], call selective neurons in primates [13]. It has been argued
[14] that the statistical analysis of natural sounds - vocalizations, in particular
- could reveal the neural basis of acoustical perception. Insights in the auditory
processing then, could be exploited in engineering applications for efficient sound
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identification, e.g. speech discrimination. Robust automatic audio classification
and segmentation in real world conditions, is a research area of great interest as
the available audio data increases.

Speech is characterized by the joint spectro-temporal energy modulations in
its spectrogram; these oscillations in power across spectral and temporal axes,
reflect the formant peaks, their transitions, spectral edges, and fast amplitude
modulations at onsets-offsets. Of particular relevance to speech intelligibility,
are the slowly varying amplitude and frequency modulations of sound [15]. Slow
temporal modulations (few Hz) correspond to the phonetic and syllabic rates
of speech [16]. Measurement of detection thresholds for these spectro-temporal
modulations have revealed the lowpass character - in both dimensions - of the
modulation transfer functions (MTF) of our auditory system [17]: 50% band-
widths of 2 cycles/octave and 16 Hz over the perceptually important range of
0.25 − 8 cycles/octave and 1 − 128 Hz, respectively.

Shamma et al [18,19] have proposed a computational auditory model based on
wavelet decomposition, which reproduces the main trends in the experimentally
determined spectro-temporal MTFs [17]. The model has been successfully ap-
plied in the assessment of speech intelligibility [20], the discrimination of speech
from non-speech [21], and in simulations of various psychoacoustical phenomena
[22]. During early stage of the model, spectrum estimation is performed, while
at later stages spectrum analysis occurs: fast and slow modulation patterns are
detected by arrays of filters with spectrotemporal response functions resembling
the receptive fields (STRFs) of auditory midbrain neurons [23]. These STRFs
are complicated enough, selective for specific frequency sweeps, bandwidth, etc.,
in order to provide a suitable basis set for speech stimuli.

However, all natural sounds are characterized by slow spectral and temporal
modulations [14]. The neural mechanism then, for discriminating the behav-
iorally relevant sound ensembles, is the tuning to the auditory features that
differ most across them [24]. In order to adopt the same approach in a princi-
pled framework, we should estimate the power distribution in the spectrogram
modulations of speech signals, and contrast them to other sounds’ modulation
statistics, if we are interested for speech-nonspeech discrimination. Or, identify
those features of the modulation spectrum which distinguish some attributes of
speech signals (phonemes, speaker’s identity, prosody, accent, etc.) from all the
others. The information bottleneck method (IB) of Tishby et al (1999), enables
the construction of a compact representation for each class, which maintains its
most relevant features. Hecht and Tishby [25] have recently presented a speech-
oriented implementation of IB, where a small subset of Mel frequency cepstral
coefficients is selected according to the recognition task - speech or speaker recog-
nition. The efficiency of the recognition system that follows is greatly improved,
since the reduced feature set contains all the relevant-to-the-target information.

In this work, we estimate the power distribution in the modulation spectrum
of speech signals, and compare it to the modulation statistics of other sounds.
The auditory model of Shamma et al [19] is the basis for these estimations.
Using IB method, we show that an efficient dimensionality reduction is achieved
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while modulation frequencies which distinguish speech from other sounds are
preserved (and estimated). A simple thresholding classifier, referred to as the
relevant response ratio, is proposed, measuring the similarity of sounds to the
compact modulation spectra.

The auditory model of Shamma et al [17] is briefly presented in the next
section. In Section 3 we describe the information theoretic principle, the sequen-
tial information bottleneck procedure applied to auditory features. Finally, we
present some preliminary evaluations of these ideas in section 4.

2 Computational Auditory Model

Early stages of the model estimate an enhanced spectrum of sounds, while at
later stages spectrum analysis occurs: fast and slow modulation patterns are
detected by arrays of filters centered at different frequencies, with Spectro-
Temporal Response Functions (STRFs) resembling the receptive fields of au-
ditory midbrain neurons [20]. These have the form of a spectro-temporal Gabor
function, selective for specific frequency sweeps, bandwidth, etc., performing
actually a multi-resolution wavelet analysis of the spectrogram [19]. The au-
ditory based features are collected from an audio signal in a frame-per-frame
scheme. For each time frame, the auditory representation is calculated on a
range of frequencies, scales (of spectral resolution) and rates (temporal resolu-
tion). In this study, the scales are set to s = [0.5, 1, 2, 4, 8] cyc/oct, the rates to
r = [1, 2, 4, 8, 16, 32] Hz. The extracted information is averaged over time, there-
fore resulting in a 3-dimensional array, or third-order tensor. The dimensionality
of this set covers 128 logarithmic frequency bands × 5 scales × 6 rates.

3 Information Bottleneck Method

In Rate Distortion theory a quantitative measure for the quality of a compact
representation is provided by a distortion function. In general, definition of this
function depends on the application: in speech processing, the relevant acoustic
distortion measure is rather unknown, since it is a complex function of percep-
tual and linguistic variables [25]. IB method provides an information theoretic
formulation and solution to the tradeoff between compactness and quality of
a signal’s representation [26,27,25]. In the supervised learning framework, fea-
tures are regarded as relevant if they provide information about a target. IB
method assumes that this additional variable y (the target) is available. In the
case of speech processing systems, the available tagging y of the audio signal (as
speech / non speech class, speakers or phonemes) guides the selection of features
during training. The relevance of information in the representation of an audio
signal, denoted by x, is defined as the amount of information it holds about
the other variable y. If we have an estimate of their joint distribution p(x, y), a
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natural measure for the amount of relevant information in x about y is given by
Shannon’s mutual information between these two variables:

I(x; y) =
∑

x,y

p(x, y) log
p(x, y)

p(x)p(y)
(1)

where the discrete random variables x ∈ X and y ∈ Y are distributed according
to p(x), and p(y), respectively. Further, let x̃ ∈ X̃ be another random variable
which denotes the compressed representation of x; x is transformed to x̃ by a
(stochastic) mapping p(x̃|x). Our aim is to find an x̃ that compresses x through
minimization of I(x̃; x), i.e. the mutual information between the compressed and
the original variable. At the same time, the compression of the resulting repre-
sentation x̃ should be minimal under the constraint that the relevant information
in x̃ about y, I(x̃; y) stays above a certain level. This constrained optimization
problem can be expressed via Lagrange multipliers, with the minimization of the
IB variational functional :

L {p(x̃|x)} = I(x̃; x) − βI(x̃; y) (2)

where β, the positive Lagrange multiplier, controls the tradeoff between com-
pression and relevance. The solution to this constrained optimization problem
has yielded various iterative algorithms that converge to a reduced representa-
tion x̃, given p(x, y) and β [27]. We choose the sequential optimization algorithm
(sIB), as we want a fixed number of hard clusters as output. The input consists
of the joint distribution p(x, y), the tradeoff parameter β and the number of
clusters M = |X̃|. During initialization, the algorithm creates a random parti-
tion X̃, i.e. each element x ∈ X is randomly assigned to one of the M clusters
x̃. Afterwards, the algorithm enters an iteration loop. At each iteration step, it
cycles through all x ∈ X and tries to assign them to a different cluster x̃ in order
to increase the IB functional:

Lmax = I(x̃; y) − β−1I(x̃; x) (3)

This is equivalent to minimization of the functional defined in 2, and it is used
for consistency with [27]. The algorithm terminates when the partition does not
change during one iteration. This is guaranteed because Lmax is always upper
bounded by some finite value. To prevent the convergence of the algorithm to
a local maximum (i.e., a suboptimal solution), we perform several runs with
different initial random partitions [27].

3.1 Application to Cortical Features

The feature tensor Z represents a discrete set of continuous features zi1,i2,i3 =
Zi1,i2,i3 ∈ R

+F×R×S . Since each response zi1,i2,i3 is collected over a time frame,
it can be interpreted as the average count of an inherent binary event (in the
case of a neural classifier, this would be a spike). We therefore consider each
response at location indexed by i1, i2, and i3, as a binary feature whose number
of occurences in a time interval is represented by zi1,i2,i3 .
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Let the location of a response be denoted by ci, i = 1, . . . , F × R × S, such
that zi1,i2,i3 = zci . The 3 - dimensional modulation spectrum (frequency - rate -
scale) is divided then into F ×R×S bins centered at (fi1 , ri2 , si3). Given a train-
ing list of M feature tensors Z(k), k = 1, . . . , M and its corresponding targets
y(j), j = 1, 2 (speech - nonspeech tags), we can now build a count matrix K(c, y)
which indicates the frequency of occupancy of the ith discrete subdivision of the
modulation spectrum in the presence of a certain target value y. Normalizing
this count matrix such that its elements sum to 1, provides an estimate of the
joint distribution p(c, y), which is all the IB framework requires. We assume that
M is large enough such that the estimate of p(c, y) is reliable, although it has
been reported that satisfactory results were achieved even in cases of extreme
undersampling [27].

For the purpose of discrimination, the target variable y has only two possible
values, y1 and y2. We choose to cluster the features c into 3 groups, one com-
posed of features relevant to y1, the second of features relevant to y2, whereas
the third cluster includes features that are not relevant for a specific y. Let us
denote a compressed representation (a reduced feature set) by t and the deter-
ministic mapping obtained by sIB algorithm as p(t|c). We discard the cluster tj
whose contribution :

CI(t;y)(tj) =
∑

y

p(tj , y) log
p(tj , y)

p(tj)p(y)
(4)

to I(t, y) is minimal, because its features are mostly irrelevant in this case.
Therefore, we don’t even have to estimate the responses at these locations of the
modulation spectrum. This implies an important reduction in computational
load, still keeping the maximally informative features with respect to the task of
speech-nonspeech discrimination. To find out the identity of the remaining two
clusters, we compute:

p(t, y) =
∑

c

p(c, y)p(t|c) (5)

p(t) =
∑

y

p(t, y) (6)

p(y|t) =
p(t, y)
p(t)

(7)

The cluster that maximizes the likelihood p(y1|t) contains all relevant features
for y1; the other for y2. We denote, hence, the first cluster as t1 and the latter
as t2. The typical pattern (3-dimensional distribution) of features relevant for y1
is given by p(c|t = t1), while for y2 is given by p(c|t = t2). According to Bayes
rule, these are defined as:

p(c|t = tj) =
p(t = tj |c)p(c)

p(t = tj)
, j = 1, 2 (8)

Figure 1 presents an example of the relevant modulation spectrum of each so-
und ensemble, speech and non-speech (music, animal sounds and various noises).
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Speech examples were taken from the TIMIT Acoustic-Phonetic Continuous
Speech Corpus. Music examples were selected from the authors’ music collection.
Animal vocalizations consist of bird sounds and were taken from [28]. The noise ex-
amples (taken from Noisex) consist of background speech babble in locations such
as restaurants and railway stations, machinery noise and noisy recordings inside
cars and planes. Training set consists of 500 speech and 560 non-speech samples.
One single frame of 500ms is extracted from each example, starting at a certain
sample offset in order to skip initial periods of silence.

In some sense, figure 1 presents the statistical structure of the modulation
spectrum of each sound ensemble. Speech class is more homogeneous since it
consists exclusively of TIMIT samples. It is characterized by a triangular-like
structure corresponding to the pitch of the voices and their harmonics; due to
the logarithmic frequency axis (in octaves), an upward change in scale is matched

(a)

(b)

Fig. 1. p(c|t = t1) for non-speech (a) and p(c|t = t2) for speech class (b). Cluster t1
holds 37.5% and t2 holds 24.7% of all responses. The remaining 37.8% are irrelevant.
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to the same increase in frequency band. The harmonic structure due to voiced
speech segments is mainly depicted at the higher spectral modulations (2-6 cy-
cles/octave). Scales lower than 2 cycles/octave represent the spectral envelope
or formants [29]. Temporal modulations in speech spectrograms are the spec-
tral components of the time trajectory of spectral envelope of speech. They are
dominated by the syllabic rate of speech, typically close to 4 Hz, whereas most
relevant temporal modulations are below 8 Hz in the figure. It can also be no-
ticed that the lower frequencies - between 330 and 1047 Hz - are more prominent
than higher ones, in accordance to the analysis in [30], due to the dominance of
voice pitch over these lower frequency bands [29].

Non-speech class consists of quite dissimilar sounds - natural and artificial ones.
Therefore, its modulation spectrum has quite ”flat” structure, rather reflecting
points in the modulation spectrum not occupied by speech: rates lower than 2 Hz in
combinationwith frequencies lower than 330Hz and scales less than 1 cycle/octave;
frequency-scale distribution hasn’t any structure as in the case of speech.

Knowledge of such compact modulation patterns allows us to classify new
incoming sounds based on the similarity of their cortical-like representation (the
feature tensor Z) to the typical pattern p(c|t = t1) or p(c|t = t2). We assess
the similarity (or correlation) of Z to p(c|t = t1) or p(c|t = t2), by their inner
(tensor) product (a compact one dimensional feature). We propose the ratio of
both similarity measures, denoted as relevant response ratio:

R(Ẑ) =
< Ẑ, p(c|t = t2) >

< Ẑ, p(c|t = t1) >
≷ λ (9)

together with a predefined threshold, λ, for an effective classification of sounds.
Large values of R give strong indications towards target y2, small values toward y1.
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Fig. 2. Histogram of relevant response ratios computed on nonspeech (gray/green) and
speech examples (black/red)
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We calculate the relevant response ratio R for all training examples and noise
conditions. Figure 2 shows the histograms of R computed on speech and non-
speech examples. It is important to note that the histograms form two dis-
tinct clusters, with a small degree of overlap. For the purpose of classification, a
threshold has to be defined such that any sound whose corresponding relevant
response ratio R is above this treshold is classified as speech, otherwise as non-
speech. Obviously, this treshold is highly dependent on the SNR condition under
which the features are extracted. This is especially true for low SNR conditions
(0dB, -10dB).
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Fig. 3. Indexing of concatenated speech/nonspeech segments using relevant response
ratio with a threshold: (a) additive white noise at SNR = 40dB and (b) SNR = 0dB

We give an example of a signal consisting of concatenations of test sounds with
random length between 2 and 8 seconds, variance one, and alternating class
membership, speech and nonspeech (music, various noise sources and animal
vocalizations). Sentences and speakers in test examples are different from the
training examples. The signal is corrupted by additive white noise at 40 dB and
0 dB SNR. The length of frames from which features are extracted is quite long
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(500ms), such that within one such frame speech and nonspeech events might
be concatenated. From each of these frames, a feature tensor Z holding the
cortical responses is extracted. Figure 3 shows the indexing of the concatenated
speech/nonspeech segments using relevant response ratio with a threshold for
these two different SNR conditions.

4 Conclusions

Classical methods of dimensionality reduction seek the optimal projections to
represent the data in a low - dimensional space. Dimensions are discarded based
on the relative magnitude of the corresponding singular values, without testing
if these could be useful for classification. In contrast, an information theoretic
approach enables the selection of a reduced set of auditory features which are
maximally informative in respect to the target - speech or non-speech class in this
case. A simple thresholding classifier, built upon these reduced representations,
could exhibit good performance with a reduced computational load.

The method could be tailored to the recognition of other speech attributes,
such as speech or speaker recognition. We propose to use perceptual grouping
cues, i.e., sufficiently prominent differences along any auditory dimension, which
eventually segregate an audio signal from other sounds - even in cocktail party
settings [31]. A sound source - a speaker, e.g. - could be identified within a time
frame of some hundreds of ms, by the characteristic statistical structure of his
voice (estimated using IB method). The dynamic segregation of the same signal
could proceed using unsupervised clustering and Kalman prediction as in [32].

Hermansky has argued in [30] that Automatic Speech Recognition (ASR)
systems should take into account the fact that our auditory system processes
syllable-length segments of sounds (about 200 ms). Analogously, ASR recognizers
shouldn’t rely on short (tens of ms) segments for phoneme classification, since
phoneme-relevant information is asymmetrically spread in time, with most of
supporting information found between 20 and 80 ms beyond the current frame.
This is also reflected in the prominent rates in speech modulation spectrum [30].
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