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Abstract
A complete system for distant speech recognition (DSR)
typically consists of several distinct components. While
it is tempting to isolate and optimize each component in-
dividually, experience has proven that such an approach
cannot lead to optimal performance. In this talk, we will
discuss several examples of the interactions between the
individual components of a DSR system. In addition, we
will describe the synergies that become possible as soon as
each component is no longer treated as a “black box”. To
wit, instead of treating each component as having solely an
input and an output, it is necessary to peal back the lid and
look inside. It is only then that it becomes apparent how
the individual components of a DSR system can be viewed
not as separate entities, but as the various organs of a com-
plete body, and how optimal performance of such a system
can be obtained.

Introduction
A complete system for distant speech recognition (DSR)
typically consists of several distinct components. Among
these are:
1. An array of microphone for far-field sound capture;

2. An algorithm for tracking the positions of the active
speaker or speakers;

3. A beamforming algorithm for focusing on the desired
speaker and suppressing noise, reverberation, and com-
peting speech from other speakers;

4. A recognition engine to extract the most likely hypoth-
esis from the output of the beamformer;

5. A speaker adaptation component for adapting to the
characteristics of a given speaker as well as to chan-
nel effects;

6. Postfiltering to further enhance the beamformed out-
put.

Moreover, several of these components are comprised of
one or more subcomponents: The speaker tracking system
will typically have a component for measuring the time
delays of arrival between sensor pairs based, for exam-
ple, on the generalized cross-correlation, adaptive eigen-
value decomposition, or mutual information. The track-
ing system will usually also contain a subcomponent, such
as some form of Bayesian filter, for synthesizing these in-
stantaneous measurements into a continuous time series of
speaker position estimates. Similarly, beamforming will
typically be performed in the frequency or subband do-
main. Hence, the beamforming component requires an

analysis filter bank to convert the time signals from each
sensor into subband samples. Thereafter these samples
will be optimally combined using some optimization cri-
terion, which is usually subject to a distortionless con-
straint in the look direction, and the final set of subband
samples will be transformed back into the time domain us-
ing a synthesis filter bank. Finally, the recognition engine
will typically make multiple passes over the output of the
beamformer, performing speaker and channel adaptation
between each pass. In distant ASR scenarios where the
word error rates of the initial passes are especially high,
word lattices generated during a prior pass are often used
to estimate speaker and channel adaptation parameters for
the next pass.

While it is tempting to develop each component in iso-
lation, experience has proven that such an approach cannot
lead to optimal performance. This follows from several
causes: Firstly, the effect of each component can only be
judged in terms of final system performance, which is most
often judged in terms of word error rate (WER), but may
also be measured in terms of dialogue completion rate, or
user satisfaction. It often happens that the relatively sim-
ple metrics, such as signal-to-noise ratio (SNR), used to
measure the performance of signal processing algorithms
do not correlate well with metrics such as WER. Secondly,
the several components of the complete system interact in
ways that are often neither simple nor direct. An algo-
rithm that is “locally” optimal may have disastrous con-
sequences for another component “downstream”. Finally,
each component of the system typically has one primary
output. Each component may well, however, preserve in-
ternal state that is potentially useful as side information for
one or more other components of the system.

In this work, we will discuss several examples of the
interactions between the individual components of a DSR
system. In addition, we will describe the synergies that
become possible as soon as each component is no longer
treated as a “black box”. To wit, instead of treating each
component as having solely an input and an output, it is
necessary to peal back the lid and look inside. It is only
then that it becomes apparent how the individual compo-
nents of a DSR system can be viewed not as separate enti-
ties, but as the various organs of a complete body, and how
optimal performance of such a system can be obtained.

Box 1: Human Speech
In our understanding, the first component of a DSR sys-
tem is the signal of interest, namely, the speech of the de-
sired speaker. We refer to human speech as a black box
not because nothing is known about it. All to the contrary:
A great deal is known about human speech, but this in-
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Figure 1: Spectrogram of typical utterance. From Wölfel
and McDonough [37] (c) John Wiley & Sons, Ltd.

formation is very seldom used when developing the array
processing components of a DSR system.

What then is known about human speech? First of all,
speech is highly non-stationary. This is clearly evident
from the the time-frequency plot or spectrogram shown in
Figure 1. Secondly, speech is very sparse in the subband
domain, this is also clearly evident from the spectrogram
in Figure 1. Despite the fact that two speakers speak simul-
taneously, it is highly unlikely that their utterances will si-
multaneously have significant spectral content in the same
subband. This is why binary masking works comparably
well for speech separation as the fanciest beamforming al-
gorithm. Thirdly, speech is largely, but not exclusively,
periodic. This fact is accounted for by the well-known
source-filter model of speech [37, §2.2.1], wherein there
are two sources of excitation: a pulse train to model voiced
segments of speech such as vowels, and a noise generator
to model unvoiced segments such as fricatives. The sparse-
ness of speech in the subband domain is largely due to the
overtone series associated with periodic or voiced speech.
The fundamental frequency, typically denoted as f0, is the
rate at which the vocal cords open and close. Because of
this periodicity, there will be a great deal of energy in those
subbands that fall directly on an integer multiple or har-
monic of f0. Between the harmonics, however, there will
be very little energy in the spectral domain.

The entire field of independent component analysis
(ICA) is founded on the assumption that all information-
bearing signals are not Gaussian-distributed [12]. Briefly,
the reasoning for this is grounded on two points:
1. The central limit theorem states that the pdf of the sum

of independent random variables (r.v.s) will approach
Gaussian in the limit as more and more components are
added, regardless of the pdfs of the individual compo-
nents. This implies that the sum of several r.v.s will
be closer to Gaussian than any of the individual com-
ponents. Thus, if the original independent components
comprising the sum are sought, one must look for com-
ponents with pdfs that are the least Gaussian.

2. The entropy for a continuous complex-valued r.v. Y , is
defined as

H(Y ) ,−E {log pY (v)}

=−
∫

pY (v) log pY (v)dv, (1)

where pY (.) is the pdf of Y . Entropy is the basic mea-
sure of information in information theory [10]. It is well
known that a Gaussian r.v. has the highest entropy of all
r.v.s with a given variance [10, Thm. 7.4.1], which also
holds for complex Gaussian r.v.s [26, Thm. 2]. Hence, a
Gaussian r.v. is, in some sense, the least predictable of
all r.v.s. Information-bearing signals contain structure
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Figure 2: Histogram of real parts or magnitude of subband
components and the likelihood of pdfs. From Wölfel and
McDonough [37] (c) John Wiley & Sons, Ltd.

that makes them more predictable than Gaussian r.v.s.
Hence, if an interesting signal is sought, one must once
more look for a signal that is not Gaussian.
The fact that the pdf of speech is super-Gaussian has

often been reported in the literature [14, 22, 8]. Noise,
on the other hand, is more nearly Gaussian-distributed. In
fact, the pdf of the sum of several super-Gaussian r.v.s. be-
comes closer to Gaussian. Thus, a mixture consisting of
a desired signal and several interfering signals can be ex-
pected to be nearly Gaussian-distributed.

The super-Gaussianity of human speech is clearly ev-
ident from the plots of the probability density functions
(pdfs) and histograms displayed in Figure 2. As is well
known, super-Gaussian signals display infrequent, but
large deviations from their mean values, and thus exhibit
“spikey” and “heavy-tailed” characteristics. In compari-
son with the normal distribution, super-Gaussian pdfs have
more probability mass near their means, less probability
mass at intermediate values of their arguments, and far
more probability mass in their tails; i.e., far away from
their means. As alluded to above, the super-Gaussianity of
human speech is connected with its sparsity in the subband
domain. Each subband sample is very, very often nearly
zero, but then briefly far-removed from zero.

Box 2: Realistic Acoustic Environ-
ments
The second component of a DSR system is the channel,
namely, the real acoustic environment through which the
desired signal propagates. We refer to the real acoustic
environment as a black box for much the same reason as
we have done so with speech, to wit, although much is
known about them, this information is all too seldom used
to build effective DSR systems.

Hence, it is also worthwhile to summarize what is
known about the acoustic environments through which
speech propagates. To state the obvious, these environ-
ments are characterized by the twin distortions of noise
and reverberation [37, §2.4], which, as is apparent from
Figures 3 and 4 respectively, have very different effects
on speech. As shown in Figure 3, noise tends to “fill
in” the low-energy regions of speech in the time-frequency
domain, and thus has a masking effect. Reverberation, as
shown in Figure 4, causes a temporal “smearing” of speech
in the time-frequency domain; i.e., spectral content from
one time instant is smeared into the following time instants.

An echo is a single reflection of a sound source, arriv-
ing some time after the direct sound. It can be described
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Figure 3: Simplified plot of relative sound pressure vs.
time for an utterance of the word cat in additive noise.
From Wölfel and McDonough [37] (c) John Wiley & Sons,
Ltd.
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Figure 4: Simplified plot of relative sound pressure vs.
time for an utterance of the word cat in a reverberant en-
vironment. From Wölfel and McDonough [37] (c) John
Wiley & Sons, Ltd.

as a wave that has been reflected by a discontinuity in the
propagation medium, and returns with sufficient magni-
tude and delay to be perceived as distinct from the sound
arriving on the direct path. The human ear cannot dis-
tinguish an echo from the original sound if the delay is
less than 1/10 of a second. This fact implies that a sound
source must be more than 16.2 meters away from a re-
flecting wall in order for a human to be perceived an au-
dible echo. Reverberation occurs when, due to numerous
reflections, a great many echoes arrive nearly simultane-
ously so that they are indistinguishable from one another.
Large chambers—such as cathedrals, gymnasiums, indoor
swimming pools, and large caves—are good examples of
spaces having reverberation times of a second or more and
wherein the reverberation is cleanly audible. Those sound
waves reaching the ear or microphone by the various paths
which can be separated into three categories:
• direct wave

The direct wave is the wave which reaches the micro-
phone on a direct path. The time delay between the
source and its arrival on the direct path can be calcu-
lated from the sound velocity and the distance from
source to microphone. The frequency dependent at-
tenuation of the direct signal is negligible [3].

• early reflections
Early reflections arrive at the microphone on an indi-
rect path within approximately 50 to 100 ms after the
direct wave and are relatively sparse. There are fre-
quency dependent attenuations of these signals due re-
flections from surfaces.

• late reflections

Late reflections are numerous reflections that follow
one another so closely that they become indistinguish-
able from one another and result in a diffuse noise field.
The degradation becomes frequency dependent as the
air attenuation [3] becomes more significant due to the
greater distance that the sound must travel and the fre-
quency dependence of the reflecting surfaces.
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Figure 5: Early and late reflections of an impulse (direct
wave). From Wölfel and McDonough [37] (c) John Wiley
& Sons, Ltd.

A detailed pattern of the different reflections is pre-
sented in Figure 5. Note that this pattern changes drasti-
cally if either the source or the microphone moves, or the
room impulse changes when, for example, a door or win-
dow is opened.

Clearly, the direct signal is most useful for ASR, but
Nishiura et al [27] found that the early reflections up to
12.5 ms also improve ASR performance. This is signifi-
cantly shorter, however, than the 50 ms time frame wherein
early reflections were found to improve human recogni-
tion accuracy [18]. From a statistical point of view, the
primary effect of noise and reverberation is to make the
super-Gaussian subband samples of speech more nearly
Gaussian. This can be clearly seen in the histograms dis-
played in Fig. 6. These figures demonstrate that both noise
and reverberation cause probability mass to move out of
the central spike and tail and into the intermediate regions
of the pdf, which is to say, the pdf becomes more nearly
Gaussian.

Finally, the realistic acoustic environments in which
speech propagates typically contain other speakers.
Hence, overlapping speech is a common phenomenon.
This is why there has recently been great interest in the au-
tomatic recognition of overlapping speech [14, 23], which
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Figure 6: Histograms of subband magnitude of clean
speech (black line) and noise corrupted or speech cor-
rupted with reverberation. From Wölfel and Mc-
Donough [37] (c) John Wiley & Sons, Ltd.
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is a source separation task par excellence. There has also
been substantial effort devoted to the collection and anno-
tation of corpora, such as the Multi-Channel Wall Street
Journal Audio Visual Corpus (MC-WSJ-AV) [20], of over-
lapping speech. From a statistical point of view, the effect
of overlapping speech is much like that of noise and rever-
beration: It tends to make a highly super-Gaussian signal
more nearly Gaussian.

Box 3: Beamforming
Traditional beamforming algorithms are based on the min-
imization of some quadratic objective function—such as
the variance of the beamformer output, mean square error,
or signal-to-noise ratio—subject to a distortionless con-
straint. Recent research has revealed, however, that such
criteria are not optimal for beamforming on human speech
in realistic acoustic environments [15, 16, 29]. Once more,
it is necessary to open the black box, and not simply use a
generic algorithm while understanding neither the princi-
ples on which it is based nor its inherent limitations.

Given the observation that subband samples of speech
become more nearly Gaussian when corrupted by noise or
reverberation, it seems reasonable to consider restoring the
orginal super-Gaussian statistical characteristics of speech
as a means of combating these twin banes. Negentropy and
kurtosis are two well-known measures of non-Gaussianity.
The negentropy of a complex-valued r.v. Y is defined as

J(Y ) , H(Ygauss)−H(Y ) (2)

where Ygauss is a Gaussian variable which has the same
variance σ2

Y as Y . The entropy of Ygauss can be expressed
as

H(Ygauss) = log
∣∣σ2

Y
∣∣+2(1+ log2π) . (3)

From (1) and (2), it is clear that a super-Gaussian pdf
is required to evaluate the negentropy of a random vari-
able. The generalized Gaussian (GG) pdf is well-known
and finds frequent application in the field of ICA. More-
over, it subsumes the Gaussian and Laplace pdfs as special
cases. The GG pdf for a real-valued r.v. y with zero mean
can be expressed as

pGG(y) =
1

2Γ(1+1/p)A(p, σ̂)
exp
[
−
∣∣∣∣ y
A(p, σ̂)

∣∣∣∣p] , (4)

where p is the shape factor, σ̂ is the scale factor which
controls how fast the tail of the pdf decays, and

A(p, σ̂) = σ̂

[
Γ(1/p)
Γ(3/p)

]1/2

. (5)

In (5), Γ(.) is the gamma function. Note that the GG with
p = 1 corresponds to the Laplace pdf, and that setting p = 2
yields the Gaussian pdf, whereas in the case of p→+∞ the
GG pdf converges to a uniform distribution. Moreover, this
pdf can readily be generalized for circular complex random
variables [37, §B.6.1].

The excess kurtosis or simply kurtosis of a r.v. Y with
zero mean, defined as

kurt(Y ) , E {Y 4}−3(E {Y 2})2, (6)
is, like negentropy, a measure of how non-Gaussian Y
is [12]. The Gaussian pdf has zero kurtosis; pdfs with pos-
itive kurtosis are super-Gaussian; those with negative kur-
tosis are sub-Gaussian. From observed samples, we can
approximate (6) as

−2 −1.5 −1 −0.5 0 0.5 1 1.5 2
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Figure 7: The generalized Gaussian (GG) pdfs.

kurt(Y )≈ 1
T

T−1

∑
t=0

Y 4
t −3

(
1
T

T−1

∑
t=0

Y 2
t

)2

. (7)

Note that the empirical kurtosis measure requires no
knowledge of the actual pdf of subband samples of speech,
which is its primary advantage over negentropy as a mea-
sure of non-Gaussianity. The primary disadvantage of kur-
tosis with respect to negentropy is that it has been shown
to yield worse beamforming performnance [16].

The kurtosis of the GG pdf can be controlled by adjust-
ing the shape parameter p. Fig. 7 shows plots of the GG
pdf with the same scaling factor σ̂2 = 1 and various shape
factors, p = 0.5,1,2,4. As p becomes smaller, the kurto-
sis of the GG increases. From the figure, it is clear that a
smaller shape parameter yields a pdf with a spikier peak
and heavier tail. As is clear from Fig. 7, as the kurtosis
increases, the pdf becomes more spikey and heavy-tailed.
It is apparent from Fig. 2 that the GG pdf is potentially far
better-suited for modeling the statistics of subband sam-
ples of speech than other well-known pdfs. Moreover, the
scale σ̂ and shape p factors of the GG pdf can be efficiently
estimated from training data [37, §13.5.2]. In all cases,
the shape factors estimated from training data were p < 2,
indicating positive kurtosis; i.e., super-Gaussian subband
statistics.

In a recent overview paper, McDonough and
Wölfel [25] posed three questions to the joint ASR and
acoustic array processing communities:
• Why are the specific characteristics of speech so of-

ten ignored by the developers of ICA and beamform-
ing algorithms? While the proposal of Seltzer [30] for
incorporating a HMM directly into a beamforming al-
gorithm is well-known, most ICA algorithms are for-
mulated to work for any conceivable source [12], and
most beamforming algorithms take no specific account
of the characteristics of human speech.

• Why do developers of ICA algorithms consistently ig-
nore geometric information?

• Why do developers of beamforming algorithms consis-
tently ignore the use of higher order statistics?

The maximum negentropy beamformer (MNB) proposed
by Kumatani et al [15] was intended to be a partial an-
swer to these questions. These authors proposed to make
use of the statistical effects of noise and reverberation
on speech to perform improved beamforming on speech
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captured with far-field sensors. To wit, the measures of
non-Gaussianity mentioned above were used to replace the
minimum variance optimization criterion used in conven-
tional beamforming. As is clear from the prior section, by
adjusting the active weight vector of a beamformer in gen-
eralized sidelobe canceller (GSC) configuration so as to
obtain an output signal that is maximally super-Gaussian,
it is possible to suppress the detrimental effects of noise
and reverberation [15].

The MVDR and MMSE beamformers attempt to mini-
mize output power subject to a distortionless contraint [37,
§13.3.3]. While such a constrained optimization criterion
can suppress interference, it is also susceptible to the sig-
nal cancellation problem, whereby the desired signal is
itself attenuated [35]. In contrast to such beamformers,
the MNB attempts not only to eliminate interference sig-
nals but also strengthen those reflections from the desired
source, as both behaviors tend to make the final signal
more non-Gaussian. Of course, any reflected signal would
be delayed with respect to the direct path signal. Such a
delay would, however, manifest itself as a phase shift in
the subband domain, and could thus be removed through a
suitable choice of active weight vector. Hence, the MNB
offers the possibility of steering both nulls and sidelobes;
the former towards the undesired signal and its reflections,
the latter towards reflections of the desired signal. More-
over, the MNB is not susceptible to the signal cancellation
problem.

In order to verify that the MNB forms sidelobes di-
rected towards the reflection of a desired signal, Kumatani
et al [15] conducted experiments with a simulated acoustic
environment. As shown in Fig. 8, those authors considered
a simple configuration with a sound source, a reflective sur-
face, and a linear array of eight microphones positioned
with 10 cm inter-sensor spacing. Actual speech data were
used as a source in this simulation, which was based on the
image method [1]. White Gaussian noise was added to the
data of each microphone. Kumatani et al assumed that the
speed of sound is 343.74 meters per second and that the
reflection coefficient is 0.7. Fig. 9 shows beam patterns at
fs = 150 Hz, fs = 650 Hz and fs = 1600 Hz obtained with
a delay-and-sum (D&S) beamformer, the MVDR beam-
former and the MNB with the GG pdf. The weights of the
MVDR beamformer were optimized for isotropic (diffuse)
noise in the simulation [4].

It is clear from Figure 9 that the MN beamformer em-
phasizes the reflection from the desired source, whereas the
MVDR optimized for the diffuse noise field is unaffected
by its presence. It is also apparent from Figure 9 (a) that the
MVDR and MN beamformers can suppress interferences
at low frequencies, where the suppression performance of
the delay-and-sum beamformer is poor. Kurtosis was re-

cently proposed as an alternate optimization criterion for
beamforming by Kumatani et al [16].

Box 4: Recognition Engine
As illustrated in this section, the ASR engine can no more
be treated as a black box than any of the other components
in a complete DSR system.

In order to train a triphone acoustic model for DSR ex-
erperiments, Kumatani et al [15] used 30 hours of Ameri-
can WSJ and the 12 hours of Cambridge Wall Street Jour-
nal (WSJ) data. Acoustic models estimated with two dif-
ferent HMM training schemes were used for several de-
coding passes: conventional maximum likelihood (ML)
HMM training [7, §12], and speaker-adapted training un-
der a ML criterion (ML-SAT) [2]. The baseline system
was fully continuous with 1,743 codebooks and a total of
67,860 Gaussian components. Four decoding passes were
performed on the waveforms obtained with various beam-
forming algorithms. Each pass of decoding used a differ-
ent acoustic model or speaker adaptation scheme. Speaker
adaptation parameters were estimated using the word lat-
tices generated during the previous pass, as in [31]. A de-
scription of the four decoding passes follows:
1. Decode with the unadapted, conventional ML acoustic

model.

2. Estimate vocal tract length normalization (VTLN) [34]
parameters and constrained maximum likelihood linear
regression parameters (CMLLR) [9] for each speaker,
then redecode with the conventional ML acoustic
model.

3. Estimate VTLN, CMLLR, and maximum likelihood
linear regression (MLLR) [19] parameters for each
speaker, then redecode with the conventional ML
acoustic model.

4. Estimate VTLN, CMLLR, MLLR parameters for each
speaker, then redecode with the ML-SAT model.

A description of the fast on-the-fly technique used to dy-
namically compose two weighted finite-state transducers
during the recognition passes, thereby enabling the appli-
cation of a full trigram language model, is given in [24].

Kumatani et al [15] successfully applied a negentropy
criterion to the acoustic beamforming problem for DSR.
The advantages of incorporating higher-order statistics into
beamforming algorithms through the use of non-Gaussian
pdfs are illustrated by the results shown in Table 1, all of
which were obtained on the single speaker portion of the
MC-WSJ-AV corpus [20]. To wit, the MNB using the GG
pdf proved more effective than the adaptive beamformers
based both on the minimum mean square error (MMSE)
criterion [37, §13.3.5] as well as the recently-proposed
generalized eigenvector (GEV) blocking matrix [33] cri-
terion. What is also clear from Table 1 is that the “conven-
tional” ASR techniques, in particular speaker and channel
adaptation based on word lattices, are also extraordinarily
effective in reducing WER on DSR tasks. In particular, on
the best reported case involving the MNB with the GG pdf,
speaker and channel adaptation reduced WER from 75.1%
on the first unadapted pass to 13.2% on the final pass with
the strongest adaptation and acoustic model. Such is the
reason that all state-of-the-art DSR systems use such tech-
niques. For reference, the WER results obtained with the
delay-and-sum (DS) beamformer, as well as with a single
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Figure 9: Beam patterns produced by a delay-and-sum beamformer, the MVDR beamformer and the MN beamforming
algorithm using a spherical wave assumption for (a) fs = 150 Hz, (b) fs = 650 Hz and (c) fs = 1600 Hz.

Table 1: Word error rates for each beamforming algorithm
after every decoding pass.

Beamforming Pass (%WER)
Algorithm 1 2 3 4
D&S BF 79.0 38.1 20.2 16.5

MMSE BF 78.6 35.4 18.8 14.8
GEV BF 78.7 35.5 18.6 14.5

MN BF with GG pdf 75.1 32.7 16.5 13.2
SDM 87.0 57.1 32.8 28.0
CTM 52.9 21.5 9.8 6.7

distant microphone (SDM) and close-talking microphone
(CTM) are also reported. The latter result indicates that
further advances in beamforming are required to match the
performance achieveable with a CTM using far-field sen-
sors. It is worth noting that the best result of 13.2% in
Table 1 is significantly less than half the word error rate
reported elsewhere in the literature on this DSR task [20].

Buchner et al [5] have remarked that their TRINICON
algorithm was the first blind source separation algorithm to
simultaneously take into account 1) non-whiteness, 2) non-
stationarity, and 3) non-Gaussianity. Kumatani et al [15]
ignored the non-stationary nature of speech, but proved ef-
fective nonetheless, doubtless because this approach takes
into the account the geometric information available from
knowledge of the configuration of the sensor array as well
as the location of the speaker.

The LIMA-BEAM algorithm proposed by Seltzer et
al [30] is well-known. This algorithm is based on perform-
ing maximum likelihood (ML) beamforming in the log-
spectral domain. The results reported by Raub et al [28]
suggested that ML HMM beamforming was more effective
when applied in the cepstral rather than in the log-spectral
domain.

Is either the log-spectral or cepstral domain really the
best domain for beamforming? For the purposes of beam-
forming, both have inherent drawbacks: To wit, in both
cases, the fine frequency resolution required for beam-
forming has been smeared out through the application of
one or more of linear prediction, Mel filter bank, and cep-
stral truncation. Similarly, in both domains, all phase in-
formation has been discarded. It should not be forgotten
that beamforming in the subband domain is, to a first or-
der, simply a linear phase shift. ASR and beamforming

have different requirements with respect to time and fre-
quency resolution: ASR requires good time resolution, but
frequency resolution is unimportant. With beamforming,
the opposite is true.

As seen in Figure 1, speech is a highly non-stationary
signal. Hence, we can perhaps reinterpret Seltzer’s intu-
ition in formulating the LIMA-BEAM algorithm as fol-
lows: How would it be possible to model the non-
stationarity of speech with a HMM for the purpose of
adaptive beamforming? Given the good initial results of
Kumatani et al [15], the demonstrated super-Gaussian na-
ture of speech, and the desirability of performing beam-
forming in a domain where phase information is preserved,
we might be lead to follow Rauch et al [29] in proposing
the following solution: Use Kumatani’s notion of beam-
forming under a maximum negentropy criterion, but, dur-
ing a second pass, perform HMM alignment and extract
the short-term power spectral density (PSD) of the speech
from the adapted cepstral means of an auxiliary model.
The auxiliary model would have the same state clustering
as the main HMM used for recognition, but only a single
Gaussian per codebook, and that with only static cepstral
features. The auxiliary model is trained not with a normal
cepstral front-end wherein a Hamming window is followed
by a DFT, Mel filter bank and discrete cosine transform,
but instead with the same uniform DFT analysis filter bank
used for beamforming [17]. The value of the PSD at a
given frequency ωc is equivalent to the instantaneous vari-
ance σ2

k of the output of the kth subband with center fre-
quency ωk = ωc. Hence, the instantaneous scale factor σ̂k
of the GG pdf used for maximum negentropy beamform-

ing would be given by σ̂k =
√

σ2
k . After Viterbi alignment

of the auxiliary model with the subband samples from the
analysis filter bank, the value of σ2

k for a particular analysis
frame can be recovered by inverting the ceptral feature ex-
traction process on the time-aligned cepstral mean from the
auxiliary model in order to obtain the corresponding PSD.
The PSD for the kth subband is in fact σ2

k . The develop-
ment of such an algorithm was the subject of an IWAENC
2008 contribution [29].

Figure 10 shows an example of the reconstructed log
PSD for one frame of a test utterance beamformed with
the MNB. The average PSD value is compared to the orig-
inal PSD and the PSD reconstructed from the 13 origi-
nal cepstral coefficients, as well as that reconstructed from
the 13-coefficient cepstral mean in the HMM state aligned
with this frame. We observe that the HMM-based recon-
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Figure 10: Original and reconstructed log PSD of a test
utterance.

struction approximates the spectral envelope well in the log
PSD domain. The PSD obtained by averaging over the en-
tire utterance, on the other hand, models only the long-term
spectral tilt, and thus does not capture the non-stationarity
of human speech.

Table 2: WERs after every decoding pass.

Beamforming Pass (%WER)
Algorithm 1 2 3 4
D&S BF 80.1 39.9 21.5 17.8

MNB, global variance 75.3 34.8 18.2 14.6
HMM-MNB 74.9 32.7 16.9 13.6

HMM-MNB, oracle 75.0 33.7 17.2 14.1
SDM 87.0 57.1 32.8 28.0
CTM 52.9 21.5 9.8 6.7

Table 2 shows the WERs for every beamforming al-
gorithm reported by Rauch et al [29]. The table entry
marked “MNB, global variance” corresponds to the algo-
rithm proposed by Kumatani et al [29]. As references,
WERs in recognition experiments on speech data recorded
with the single distant microphone (SDM) and with the
close-talking microphone (CTM) are also given in Table 2.
We observe that the HMM-MNB performs better than the
global variance baseline on all passes, with a 1% absolute
gain on the final pass. As the initial decoding passes will
not always give correct results, we also provide results for
an oracle experiment with optimistic HMM alignments;
that is, alignments obtained with the correct transcriptions.
The oracle results also proved better than the baseline, but
worse than the non-oracle case. This may seem surpris-
ing at first since the real transcriptions could be expected
to lead to more accurate speech modeling. We suspect that
the superior performance of the non-oracle case is due to
the fact that the incorrect hypothesis has by definition a
higher likelihood than the correct transcript, and hence rep-
resents a better match between the HMM acoustic models
and the data. This leads, in turn, to a more accurate recon-
struction of the PSD.

Table 3: Word error rates without post-filtering for every
filter bank design algorithm after every decoding passes.

Filter bank Pass (%WER)
1 2 3 4

FFT 88.5 71.1 58.8 55.5
PR 87.7 65.2 54.0 50.7

de Haan 88.7 68.2 56.1 53.5
Nyquist(M) 88.5 67.0 55.6 52.5

CTM 37.1 24.8 23.0 21.6

Box 5: Filter Banks
While subband adaptive filtering and beamforming un-
doubtedly require an analysis and (possibly) a synthesis
filter bank (FB), not all filter banks are equally suited
for such applications. In particular, filter bank designs
based on maximal decimation using an aliasing cancella-
tion strategy, although well-suited for subband coding ap-
plications, often perform poorly in subband adptive filter-
ing and beamforming applications. Hence, the FB repre-
sents yet another black box whose contents must be care-
fully examined before optimal performance can be ob-
tained. We will discuss examples where the choice of the
wrong filter bank effectively masked gains produced by
downstream components of the system, such as the beam-
forming and postfiltering algorithms.

Shown in Table 3 are the results of ASR experiments
run on data from the AMI Speech Separation Challenge,
Part II [20]. In this task, two speakers simultaneously read
sentences from the 5,000 word vocabulary WSJ task, and
the data is captured with two circular, eight-channel mi-
crophone arrays. The task is then to separate and auto-
matically recognize the speech of the two speakers by any
available means. The signal processing and ASR algo-
rithms used to generate the results in Table 3 are described
in [14, 23]. The decoding passes used were those described
under Box 4: Recognition Engine.

For the initial set of experiments, no post-filter was
used. As indicated in Table 3, the perfect reconstruction
(PR) filter bank described in [32, §8] proved to provide the
lowest WERs, better in fact than the plain vanilla FFT, as
well as the de Haan and Nyquist(M) filter banks described
in [6] and [17] respectively. This was a surprising result, in
that the PR design is based on the concept of aliasing can-
cellation, whereby the aliasing that is perforce present in
one subband is cancelled by the aliasing present in all oth-
ers. The latter functions correctly only when arbitrary scale
factors and phase shifts are not applied to the outputs of
the individual subbands, which is precisely what happens
during beamforming. Note that the FFT provided the very
worst results of all, which is not surprising given that the
simple FFT provides very poor stopband suppression [37,
§3.4.1]. For reference, a comparable set of results obtained
with data captured with a close-talking microphone (CTM)
is also tabulated.

Table 4 shows results on the same task when a Zelin-
ski postfilter [21] was used after beamforming. In this
case, the PR filter bank provides significantly worse per-
formance than both the de Haan and Nyquist(M) designs.
In particular, it is clear that systems with de Haan and
Nyquist(M) filter banks can reduce the absolute WER by
about 5.0% compared to those with the PR filter banks.
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Table 4: Word error rates with post-filtering for every filter
bank design algorithm after every decoding passes.

Filter bank Parameters Pass (%WER)
M D 1 2 3 4

PR 64 - 83.7 61.5 47.5 44.7
512 - 84.6 60.5 47.6 44.4

de Haan 64 32 82.4 59.2 46.2 43.3
256 128 82.0 60.5 44.7 42.0
512 256 83.9 59.1 43.2 41.3
512 128 81.6 58.9 43.2 40.3
512 64 82.7 57.7 42.7 39.6

Nyquist(M) 64 32 80.7 57.0 44.3 42.0
256 128 81.0 56.2 41.8 39.8
512 256 84.1 58.6 43.4 40.6
512 128 81.8 54.9 42.2 39.6
512 64 81.4 56.5 42.6 40.3

This suggests that the PR filter bank is less suitable for
adaptive processing, as we have suggested. This was not
apparent, however, until a postfilter was added to the out-
put of the beamformer. The combination of changing filter
banks and adding the postfilter greatly improved overall
system performance.

Box 6: Speaker Tracking System
As we will describe in this section, the internal state of a
speaker tracking system can be very useful for determin-
ing when the search for the most likely word hypothesis in
an ASR engine should begin and end. It also provides in-
formation for associating utterances with active speakers,
which in turn is useful for speaker adaptation. To profit
from this internal state, it is once more necessary to look
beneath the lid of this particular black box.

A highly successful approach to speaker tracking [13]
is based on feeding an observation yk corresponding to a
time delay of arrival (TDOA) directly into a Kalman filter
(KF), where k is the current frame index. The state x of
the KF is equivalent to the position of the active speaker
in room coordinates. Let xk|k−1 denote the estimate of the
state using all observations up to time k−1. The predicted
observation is by definition

ŷk , Hkxk|k−1,

where Hk is the observation matrix. Moreover, the inno-
vation is defined as

sk , yk − ŷk = yk −Hkxk|k−1

During its operation, a Kalman filter continously updates
both predicted and filtered state estimation error covari-
ance matrices [37, §4.3.1], denoted as Kk|k−1 and Kk re-
spectively. These matrices indicate the region of uncer-
tainty wherein the speaker is likely to be found. Based on
Kk|k−1 and Hk, the covariance matrix Sk of the innova-
tion sk must be calculated in order to calculate the Kalman
gain Gk. The update of the state estimate then proceeds
according to

xk|k = xk|k−1 +Gk sk.

where xk|k is the state estimate using all observations up to
time k. Further details can be found in [37, §4.3.1].

The filtered state error covariance matrix Kk|k−1 is typ-
ically small when the speaker has been speaking constantly
for several seconds. As soon as a given speaker stops
speaking, however, Kk|k−1 grows rapidly and therewith re-
gion of uncertainty wherein the speaker is located. Hence,
setting a threshold on the volume of Kk|k−1 provides a nat-
ural segmentation that is potentially useful for ASR; i.e., it
indicates both the beginning and end points of an utterance.

The joint probabilistic data association filter (JPDAF)
is an extension of the Kalman filter that can simultaneously
maintain several active tracks [37, §4.3.6]. Such a system
has been used as the basis for an acoustic speaker tracking
system capable of tracking several simultaneously active
speakers [11]. A schematic of the operation of the JPDAF
is shown in Fig. 11. In the figure, two active tracks are
shown with current position estimates x̂(i)

k|k−1 and x̂( j)
k|k−1.

As shown in the figure, all of the quantities defined above
must be maintained for each active track. Moreover, the
JPDAF is capable of using multiple observations {y(m)

k }
at each time step k, and making a probabilistic association
between observations and active tracks.

As with the KF, the covariance matrices K(i)
k|k−1 and

K( j)
k|k−1 shrink when the speaker associated with the cor-

responding track is active, and grow again as soon as that
speaker ceases speaking. Hence, as with the simpler KF,
the volume enclosed by each filtered state error covariance
matrix provides a natural segmentation of the speech; the
probability that speech is present decreases as the volume
enclosed by the filtered state estimation error covariance
matrix grows. Moreover, due the fact that each filtered
state estimation error correlation matrix is associated with
a speaker position, such a segmentation system is capable
of indicating not only if speech is present, but also which
speaker at which position in the room is currently active.
Inasmuch as speakers typically move but slowly, this posi-
tion information is a powerful cue as to the speaker’s iden-
tity, which is in turn very useful for clustering the utter-
ances of a single speaker for use in speaker adaptation.

Box 7: Post Filtering
Compensating for the effects of noise and reverberation are
traditionally seen as separate problems. This is apparent
from Table 5, which summarizes various speech enhance-
ment techniques that have been proposed in the literature.
In realistic acoustic environments, however, these two dis-
tortions are both invariably present. To achieve the full
potential of speech enhancement, techniques must be de-
veloped which have the ability to suppress both kinds of
distortions in a single framework, and thus represent yet
another black box to be opened. A first step in this di-
rection, as proposed by Wölfel [36], is through modeling
additive and reverberant distortions in a single framework
based on particle filters. The basic idea is to jointly track
both distortions in a high dimensional space. The lower B
dimensions represent the energy of additive distortions for
each frequency bin ωk, for k = 1,2, . . . ,B, while higher di-
mensions represent reverberation energy. Instead of track-
ing the reverberation energy directly only the scale term of
the reverberation estimate, which has a significantly lower
variance, is tracked. The filter has now the freedom to de-
cide how much “weight” is given to the different distor-
tions. Table 6 presents the reductions in WER achieved
by compensating for additive and reverberant distortions,
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Figure 11: Schematic illustrating the operation of the joint probabilistic data association filter. From Wölfel and Mc-
Donough [37] (c) John Wiley & Sons, Ltd.

Method Additive Reverberation
blind deconvolution no yes
multi-step linear prediction no yes
harmonicity-based dereverberation no yes
work by Sehr et al. no yes
spectral subtraction yes no
Wiener filtering yes no
subspace algorithms yes no
vector Taylor series yes no
parallel model combination yes no
Bayesian filters, e.g. particle filters yes no
joint particle filter approach joint

Table 5: Standard techniques for speech enhancement.

either in isolation or jointly. It is apparent that enhance-
ments from both techniques contribute to an increased per-
formance of the overall system. A joint approach to speech
enhancement, however, achieves the best overall perfor-
mance. Thus, for optimal performance, enhancement tech-
niques cannot compensate for one of the two distortions
frequently encountered in distant speech recognition and
leaving the compensation of the other kind of distortions
to a black box.

To strengthen our arguments that the components in
a DSR system, cannot be seen as black boxes and thus
treated and optimized independently, we have performed
experiments with different system configurations on a Ger-
man large vocabulary speech recognition task. The task
was similar to the experiments shown in Table 6, but in an
environment with more stationary distortions. Comparing
the results in Table 7 we observe that feature enhancement,
here we used the joint approach as before, degraded if the
filler model, everything else has been left identical, of the
speech recognition system is not correctly adjusted. In the
case, however, where the recognition setup is correctly ad-
justed the identical enhancement framework with identical
setup does show significant improvements over the base-

Distance 150-200 cm 300-400 cm
SNR 17 dB 10 dB
Pass 1 2 1 2

Compensation Word Error Rate %
Additive Reverberation

no no 18.6 14.0 45.4 28.6
yes no 17.8 13.2 42.8 25.4
no yes 17.7 13.4 39.2 23.9
yes yes 17.7 13.3 38.3 23.3

joint 16.9 12.6 38.4 22.2

Table 6: Speech recognition experiments on single chan-
nel recordings with different speaker to microphone dis-
tances. From Wölfel [36].

line of 5.4% absolute on the first pass and 0.4% absolute
on the second pass. The small improvement over the base-
line on the second pass can be explained by the ability of
unsupervised acoustic model adaptation to compensate for
stationary distortions.
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Microphone CTM Distant
SNR 24 dB 12 dB
Pass 1 2 1 2

Optimized for Compensation Word Error Rate %
CTM no 12.7 12.4 48.8 28.0
CTM yes – – 54.9 32.6

Distant no 12.7 12.6 41.1 24.8
Distant yes – – 35.7 24.4

Table 7: Speech recognition experiments on single chan-
nel recordings with different filler optimization.

Conclusions
In this work, we have investigated the specific proper-
ties and mutual interaction of all components of a com-
plete DSR system. We began by examining the statisti-
cal characteristics of human speech, and then considered
how these characteristics are altered when the speech prop-
agates through an enclosed space. We then discussed how
optimization criteria adopted from the field of independent
component analysis, most noteably negentropy and kur-
tosis, can be profitably applied to acoustic beamforming
for sources comprised of human speakers. Next we ex-
plained the importance of the ASR engine in a DSR sys-
tem, and explored how information from such an engine
together with an auxiliary HMM can be used to model the
non-stationary of human speech, and thereby improve both
beamforming and overall system performance. Thereafter,
we investigated the decisive role of proper filter bank de-
sign in maximizing the performance of a DSR system. Fi-
nally, we described how a post filter based on a particle
filter can be used to simultaneously compensate for the ef-
fects of noise and distortion, both of which are invariably
present in any realistic acoustic environment. We also de-
scribed the importance of proper modeling of noises in a
DSR system.

The common thread running throughout this work has
been the absolute necessity of considering the effectiveness
of each component of a complete DSR not in isolation,
but in the context of the whole. Moreover, we provided
several examples where the internal state of one compo-
nent can be effectively used as “side” information to en-
hance the performance of one or more other components,
and thereby that of the entire system. Finally, we have
presented results based either on acoustic simulations, or
else on DSR experiments conducted on real acoustic data
captured from real speakers and in real acoustic environ-
ments, thereby demonstrating the effectiveness of such a
“wholistic” approach to the design of DSR systems. A
more detailed and complete exposition of such a wholis-
tic approach to DSR system design can be found in Wölfel
and McDonough [37].
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