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Introduction

Distant-talking automatic speech recognition (ASR) rep-
resents an extremely challenging task. The major reason
is that unwanted additive interference and reverberation
are picked up by the microphones besides the desired sig-
nal. A hands-free human-machine interface should there-
fore comprise a powerful acoustic preprocessing unit in
line with a robust ASR back-end. However, since perfect
speech enhancement cannot be achieved in practice, the
output of the front-end will always contain some resid-
ual interference and some distortion of the desired signal.
It is hence of decisive importance to carefully adjust the
hidden Markovmodels (HMMs) of the ASR system to the
front-end. In this contribution, we present a two-channel
acoustic front-end based on blind source separation along
with Wiener filtering. For the front-end integration into
the ASR system, different types of multi-style as well as
adaptive training and HMM adaptation are investigated.

Acoustic Front-End

The acoustic front-end consists of two units. At first, the
coefficients of a blocking matrix are determined by mini-
mizing the TRINICON cost function for blind source sep-
aration [1]. Assuming the position of the desired speaker
to be known, the cost function can be extended by a di-
rectional constraint such that it aims at separating the
desired speech from the noise and interference compo-
nents. The latter ones are then exploited to perform
single-channel Wiener filtering in both microphone chan-
nels. The estimate of desired speech signal is finally fed
into the ASR back-end. We refer to [2] for a detailed de-
scription of the acoustic front-end as well as its particular
configuration for the given scenario.

Acoustic Model Matching

The integration of the front-end into the ASR back-end
represents a crucial element in the system design. Besides
the choice of the training data, the training procedure
itself has a significant impact on the overall system per-
formance. In the following, we focus on three different
techniques of deriving the recognizer’s acoustic model:
multi-style training, mean adaptation as well as adaptive
training.

A straightforward approach to train the acoustic model
is to assemble a training set comprising different kinds
of speakers, reverberation, or noise conditions. This so-
called “multi-style” or “multi-condition” training is an

efficient way to increase the robustness of a recognizer to
different scenarios. A potential drawback of this method
is, however, that the discrimination capability of the
acoustic model might suffer from the wide range of con-
ditions covered by the training set.

To cope with this problem, one could think of adapting
the means of a multi-style HMM network to a partic-
ular speaker, reverberation, or noise condition. One of
the most widely used adaptation techniques is to per-
form MLLR (Maximum Likelihood Linear Regression)
and MAP (Maximum A-Posteriori estimation) on the
mean values of an HMM network [3]. For each mean
value µ, the multi-affine transform µ̃ = Aµ + b with pa-
rameters A, b is applied, followed by a Bayesian estima-
tion of the a-posteriori mean µ̂ = N

N+τ
µ̄+ τ

N+τ
µ̃, where µ̄

is the maximum likelihood mean estimate on the adapta-
tion data, N the occupation likelihood of the considered
Gaussian component, and τ a hyperparameter control-
ling the adaptation speed [3]. The performance of such
a mean adaptation might nevertheless be limited since
all other parameters of the HMM network arose from the
multi-style training procedure.

The idea of “adaptive training” aims at deriving a canon-
ical acoustic model. This can be realized by, e.g., es-
timating a CMLLR (Constrained Maximum Likelihood
Linear Regression) transform for each speaker, reverber-
ation, or noise condition: x̂ = Ax + b, where x̂ and x

denote a transformed and the corresponding original fea-
ture vector, respectively, while matrix A and vector b

capture the mapping parameters. These specific feature-
domain transforms are then incorporated into the stan-
dard Baum-Welch training procedure in order to neutral-
ize the influence of the particular condition.

Experimental Setup

We consider a scenario generalizing the PASCAL CHiME
challenge [4] in order to investigate the effect of chang-
ing reverberation conditions. To this end, binaural room
impulse responses are not only measured at a distance
of 2 but also of 1 and 3 meters. The impulse responses
are recorded with a binaural manikin in broadside direc-
tion in a room with a reverberation time T60 of 300ms
and convolved with the utterances of 10 different speak-
ers out of the GRID corpus [5]. Each GRID utterance is
of the form <command-color-preposition-letter-number-
adverb>, where only the keyword accuracy is of inter-
est for the ASR task, which is based on the number of
correctly recognized<letter> and<number> tokens. We
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distinguish three types of data sets:

1.) A “noise-free” set contains only artificially reverber-
ated utterances.

2.) A “noisy” set consists of reverberated utterances
mixed with binaural background noise recordings
from the CHiME domestic audio corpus [4] at Signal-
to-Noise-Ratio (SNR) levels of −6,−3, 0, 3, 6, and
9 dB.

3.) A “processed” set is obtained by applying the pro-
posed acoustic front-end to the corresponding noisy
set.

For recognition, we employed the ASR toolkit HTK [3]
with word-level HMMs using 7 Gaussian densities per
state. From the input signals, features consisting of 13
mel-frequency cepstral coefficients, including the 0’th, as
well as 13 delta and 13 acceleration coefficients are de-
rived. Furthermore, cepstral mean normalization is ap-
plied. The training set consists of 470 utterances per
desired speaker, microphone distance, and SNR level.

Experimental Results

Table 1 shows the keyword accuracies for different test
and training conditions.

In the case of an acoustic model trained on noise-free
data, we observe a severe degradation in ASR perfor-
mance for noisy test data. Employing the proposed
acoustic front-end reduces the word error rate (WER)
by almost 20%.

Training the acoustic model on noisy data is obviously
counterproductive if the front-end processing is per-
formed. This observation is consistent since the Wiener
filters have intentionally been configured to significantly
reduce the noise components while allowing the intro-
duction of some artifacts. As to be expected, the noisy
training procedure seems, however, to be extremely ben-
eficial for the case of unprocessed noisy test data leading
to a WER improvement of more than 66% compared to
the noise-free acoustic model.

A remarkable WER improvement of another 35 % is
achieved by passing both the test and the training data
through the front-end while training the acoustic model
in multi-style mode. Moreover, front-end processing
along with specifically adapted or adaptively trained
models allow by far for the highest recognition rates. It
is, however, interesting to note that this benefit is due to
the speaker adaptation. The additional distinction w.r.t.
the speaker distance and the SNR level seems to be inef-
fective for the given scenario.

We conclude from these results that the back-end train-
ing procedure employed in [2] consisting of multi-style
training with processed data along with MLLR+MAP
speaker adaptation is well justified. The adaptation of
other HMM parameters than the mean values as well as
the explicit consideration of the speaker distance only
slightly impact the ASR performance. Similarly, SNR-
specific acoustic models do not further improve the recog-

test data training data training mode WA

noise-free noise-free multi-style 98.3

noisy noise-free multi-style 59.5

processed noise-free multi-style 67.2

processed noisy multi-style 65.8

noisy noisy multi-style 86.8

processed processed multi-style 91.4

processed processed MLLR+MAP1 95.2

processed processed MLLR+MAP2 95.2

processed processed MLLR+MAP3 94.8

processed processed adaptive1 95.1

processed processed adaptive2 95.2

processed processed adaptive3 95.3

1 for each speaker across all distances and SNR levels.
2 for each speaker and distance across all SNR levels.
3 for each speaker, distance, and SNR level.

Table 1: Comparison of keyword accuracies (WA) in %.

nition results, which might be due to the fact that dif-
ferent noise sources coinciding in SNR can exhibit ex-
tremely different feature-domain representations. For fu-
ture work, it could therefore be promising to investigate
noise-specific acoustic models based on a feature domain
measure in combination with automatic model selection.
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