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Abstract
Using deep neural networks (DNNs) for automatic speech
recognition (ASR) has recently attracted much attention due
to the large performance improvement they provide for a vari-
ety of tasks. DNNs are known to be robust to overfitting and
to be able to remove speaker variability. Another important
cause of variability in speech is the presence of noise. A lot
of research has been undertaken on noise robust ASR including
front-end and back-end approaches. However most approaches
have been developed or evaluated on traditional ASR systems
based on Gaussian mixture models (GMMs). The question
we try to address in this paper is whether conventional noise
robust approaches can still be competitive when using recent
DNN-based ASR systems. To this end, we compare experi-
mentally the performance of DNN-based ASR systems in a dis-
tant speech recognition task, for DNNs trained with noise-free,
noisy and enhanced speech. We confirm that DNNs are power-
ful when the training and testing conditions are well matched.
However, the performance degrades in the presence of noise.
The use of a speech enhancement pre-processor to reduce the
noise variability significantly improves performance with per-
formance improvement comparable to that observed with con-
ventional GMM-based ASR systems.
Index Terms: robust speech recognition, deep neural network,
speech enhancement, multi-condition training

1. Introduction
Recently there has been an increased interest in automatic
speech recognition (ASR) systems that employ deep neural net-
works (DNNs) as acoustic models [1, 2]. Indeed, DNNs per-
form considerably better than conventional ASR systems based
on Gaussian mixture models (GMMs) at various tasks [2]. The
superiority of DNNs over GMMs can be explained by their
structure that can model complex data in an efficient way, and
a recently developed training procedure that prevents overfit-
ting [3, 4]. Moreover, it was recently shown that DNNs can
mitigate speaker variability, which has been a difficult issue for
conventional GMM-based ASR systems [5, 6].

Another important cause of speech variability is the pres-
ence of noise or reverberation in the recordings. Noise is re-
sponsible for a mismatch between the observed speech and the
acoustic model used for recognition. This mismatch severely
degrades recognition performance, especially in the case of dis-
tant speech recognition [7]. There has been much research
on noise robust ASR including acoustic model compensa-
tion/adaptation (back-end approaches) and speech/feature en-
hancement (front-end approaches) [8].

Back-end approaches try to transform the acoustic model
to noisy speech using such techniques as parallel model com-

bination (PMC) [9] or a vector Taylor series (VTS) [10, 11].
These approaches directly compensate the acoustic models and
therefore are very successful in improving recognition accuracy.
However, they largely rely on the use of conventional GMM-
based acoustic models. Moreover, it is difficult to use such ap-
proaches when the noise characteristics change rapidly.

Front-end methods attempt to reduce noise/reverberation
on speech or features before recognition. Many speech en-
hancement techniques have been designed for non-stationary
distortions [12, 13, 14, 15, 16]. Moreover, as front-end ap-
proaches do not assume a particular ASR system, they are not
limited to conventional GMM-based acoustic models. How-
ever, most speech enhancement approaches cannot completely
remove noise and they introduce processing artifacts that cause
inevitably some mismatch between the enhanced speech and the
acoustic models. Several approaches have been investigated
with a view to mitigating this mismatch with some success.
These approaches include training the acoustic model on en-
hanced speech [17] (which can be considered as a simple form
of feature-space noise adaptive training) or adapting it to the en-
hanced speech [18]. However, front-end approaches have been
tested mostly with conventional ASR systems.

It is important to investigate how the knowledge accumu-
lated in noise robust ASR for conventional GMM-based sys-
tems can be used with recent DNN-based systems. For ex-
ample, it was shown in [5] that the effect of a conventional
speaker compensation technique (vocal tract length normaliza-
tion (VTLN)) vanishes when using DNNs. Therefore, in a sim-
ilar way, we should confirm whether front-end speech enhance-
ment techniques can still provide a significant improvement
when using DNNs for acoustic modeling. It is known that neural
networks can be made more robust by performing regularization
during their training, which is achieved by the explicit [19] or
implicit [2] introduction of noise. For example, the RBM train-
ing procedure adds noise implicitly by using stochastic binary
hidden units that is known to act as a strong regularizer [2, 3, 4].
However, the characteristics of noise introduced during training
may be very different from that of noise observed during testing,
and therefore have a limited effect on noise robustness. In [19]
it was argued that adding realistic noise during the training of a
neural network could greatly improve performance by making
the network insensitive to distortion and increasing the number
of training samples. However, the results were obtained for rel-
atively stationary noise that could be relatively well learned by
the neural network.

In this paper we investigate the use of DNNs for noise
robust speech recognition in the presence of rapidly changing
noise. As in [19] we experiment with the effect of adding real
noise during the training process. Moreover, we investigate the
effect of reducing the noise variability using a speech enhance-
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ment pre-processor. We confirm experimentally that DNN-
based ASR systems provide a large improvement in recogni-
tion compared with conventional GMM-based systems when
the training and testing conditions match relatively well. How-
ever, the performance deteriorates greatly in the presence of
rapidly changing noise, even when we train DNNs on noisy
speech. Reducing the noise variability with a speech enhance-
ment pre-processor greatly improves the performance and tends
to simplify training.

The organization of this paper is as follows. In Section 2 we
review DNN-based ASR. In Section 3 we briefly describe the
speech enhancement algorithm we used for our experiments. In
Section 4 we present our experimental results. Finally Section 5
concludes the paper.

2. DNN-based acoustic modeling
First, let us briefly recall the principles of DNN-based ASR. A
DNN is a type of neural network that has several hidden layers
between its input and output layers. Such a network is known to
be able to achieve an efficient representation of data that enables
the creation of models with high representational power [4, 20].
Moreover, DNNs can be trained without overfitting using a re-
cently developed training procedure [4, 3].

DNNs were recently employed to replace the GMMs con-
ventionally used to model the hidden Markov model (HMM)
state emission probabilities of acoustic models [1]. For speech
recognition, a DNN is usually trained to output HMM state pos-
terior probabilities given several frames of observed speech fea-
tures as input. During decoding, the output HMM state pos-
teriors are converted into a scaled likelihood to be used with
conventional Viterbi or Forward-Backward algorithms.

The training procedure of the DNNs is a two stage process
that is described in [1], and that consists of the unsupervised
pre-training of a generative model, followed by a supervised
discriminative fine tuning. For the pre-training, restricted Boltz-
mann machines (RBMs) are trained for each layer using the
contrastive divergence algorithm [4, 3]. These RBMs are then
stacked to form an initial value for the DNN. The initial DNN
is then finely tuned using back-propagation. For the fine tun-
ing step, the training data are force-aligned to the HMM states
using a conventional GMM-based ASR system.

3. DOLPHIN speech enhancement
In this work, we use the recently proposed dominance based
locational and power-spectral characteristics integration (DOL-
PHIN) algorithm as a speech enhancement pre-processor. The
DOLPHIN algorithm is described in detail in [15, 21, 22, 23].
Here we only summarize the main characteristics of the algo-
rithm.

DOLPHIN extends a conventional blind speech separation
algorithm based on spatial information [24] to separate a target
speech signal from noise by using both spatial and spectral cues
in an integrated framework.

The spatial features used within DOLPHIN are extracted
from multi-microphones (in the following we consider 2 mi-
crophones), and represent location information about the sound
sources. These features are used with spatial models of speech
and noise to determine a dominant source index, i.e. whether
speech or noise is dominant for each time-frequency bin. In
addition, DOLPHIN uses spectral features and spectral mod-
els of speech and noise to recover the entire spectral shape of
speech, including both dominant spectral components and non-
dominant spectral components that may be masked by the other

sources. The spatial and spectral models are integrated within
the DOLPHIN framework through the dominance source index,
which can be estimated with the EM algorithm. After deter-
mining the dominant source index, speech enhancement is per-
formed using MMSE.

DOLPHIN benefits from both spatial-based and spectral-
based speech separation approaches, i.e. it can achieve high
speech/noise separation with high-quality enhanced speech.
Consequently, DOLPHIN was shown to provide a great im-
provement in terms of recognition accuracy. It was one of the
components of the system we developed for the CHiME chal-
lenge, which achieved the best performance among the chal-
lenge participants [25]. We have also demonstrated the potential
of DOLPHIN for more complex recognition tasks such as meet-
ing recognition [22]. Consequently DOLPHIN can be consid-
ered a state-of-the art approach for dealing with rapidly chang-
ing noise conditions. Here we use the most recent and powerful
version of DOLPHIN, which is based on spectral models using
MFCCs [21].

So far, we have used DOLPHIN with conventional GMM-
based ASR systems, and we observed a great improvement in
performance. It is however important to confirm that a simi-
lar improvement could be obtained when using state-of-the-art
DNN-based systems.

4. Experiments
We perform investigations using the the PASCAL ’CHiME’
speech separation and recognition challenge task [25]. The
CHiME challenge task involves command recognition in the
presence of living room noise recorded with two distant micro-
phones. The difficulty of the task comes from the challenging
noise conditions that are highly non stationary and includes a
large variety of noise sources including children’s voices, vac-
uum cleaners, televisions or music. The variability of the noise
makes it challenging to model properly. Consequently it is in-
teresting to determine whether DNNs can cover such complex
noise conditions.

4.1. Settings

The CHiME task consists of 6-word commands spoken by 34
English speakers. The commands are corrupted by background
noise that was collected in a real living room. The recognition
target comprises two key words consisting of a letter followed
by a digit, which are included in the command. The training
data consist of utterances spoken by the same 34 speakers and 6
hours of background noise data. The training utterances do not
include noise (i.e. they are noise free) but they are corrupted
by reverberation (the distance between the microphones and the
speaker is 2 meters). The test data consist of a development set
and an evaluation set that both include 600 reverberant utter-
ances at 6 different SNRs ranging from -6 to 9 dB. The devel-
opment set also includes the corresponding noise-free reverber-
ant utterances. Note that the training data set and the test data
sets all consist of reverberant speech for the same room (rever-
beration time of 300 msec.) but with different speaker positions
and room configurations (doors open/closed ...) and therefore
with different reverberant characteristics. A detailed descrip-
tion of the CHiME task can be found in [25]. In the following,
all results are given in terms of keyword accuracy evaluated us-
ing the tools provided by the CHiME challenge organizers [26],
and averaged over the 6 noise conditions.

We consider three types of training data sets used to train
acoustic models,
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• A noise-free data set, which consists of 17,000 training
utterances (approximately 10 hours of speech).

• A noisy speech data set, which is artificially generated by
adding randomly selected noise portions of the available
background noise data scaled to achieve SNRs ranging
from -6 to 9 dB. This data set is 42 times larger than the
noise-free data set [23].

• An enhanced speech data set, which consists of the noisy
speech data set processed with the DOLPHIN speech en-
hancement algorithm.

4.1.1. GMM-based system

For the baseline GMM-based ASR system we employed the
speech recognizer platform SOLON [27], which was devel-
oped at NTT Communication Science Laboratories, to train the
acoustic models and perform decoding. The acoustic models
consisted of conventional left-to-right word HMMs with a total
of 250 states each modeled by a GMM consisting of 7 Gaus-
sian components for the noise-free model. For the noisy and
enhanced models, we used 20 Gaussians per HMM state to
cover the variability of the noisy and enhanced speech data. We
trained speaker independent acoustic models using ML and the
dMMI discriminative criterion [28] for each of the three train-
ing data sets (note that in this experiment we used dMMI set-
tings so that it becomes equivalent to MPE [29]). The feature
vectors consisted of 39 coefficients, 12 MFCCs, the log energy,
and the delta and acceleration coefficients. For the feature ex-
traction, we used a frame length and frame shift of 25 msec.
and 10 msec., respectively. The features were processed with
cepstral mean normalization (CMN) performed per utterance.
These feature extraction settings correspond to those provided
by the CHiME challenge baseline system [26].

4.1.2. DNN-based system

We trained the DNNs according to the recipe given in [1]. We
used the same DNN structure that has been successful for many
recognition tasks [2]. The DNN input features consist of 11
frames (5 left and 5 right context) of the MFFC based fea-
tures. There were 2048 units per hidden layer and the output
layer consisted of the 250 units corresponding to the 250 HMM
states.

For pre-training, we generated two types of RBMs, one
trained with noise-free data and one trained with noisy data.
The latter was used for fine tuning both the noisy-speech and
enhanced speech DNNs. Because the RBM training is complex
in terms of computation, we could not generate an RBM trained
directly on enhanced speech owing to time limitations.

In the following, we first discuss the results on the develop-
ment set for the three training data sets and then briefly summa-
rize the results we obtained for the evaluation set.

4.2. Development set

4.2.1. Noise-free speech model

Table 1 shows the performance we obtained when we trained the
acoustic model with noise-free speech. We observe that perfor-
mance is significantly better with the DNN-based system than
with the discriminatively trained system (i.e. GMM-dMMI) for
matched noise-free testing data, with a relative keyword error
rate reduction of about 40%.

Interestingly, the performance obtained with the speaker
independent DNN is very similar to that obtained with a
speaker dependent discriminatively trained GMM-based system

Table 1: Keyword accuracy for the development set for acoustic mod-
els trained with noise-free speech, and tested with noise-free, noisy and
enhanced speech. The top two rows show the performance obtained
with a GMM based acoustic model trained with ML and dMMI.
Model / Noise-free / Noise-free / Noise-free /
Test Noise-free Noisy Enhanced
GMM - ML 92.0 57.7 77.6
GMM - dMMI 94.7 59.6 80.4
DNN (1 layer) 96.3 59.8 82.9
DNN (2 layers) 96.8 57.5 81.8
DNN (3 layers) 96.5 56.3 80.9

(96.8%). This observation seems to confirm that DNN can sup-
press speaker variability [6].

As shown in the second column of Table 1 (i.e. Noisy), the
performance degrades greatly when recognizing noisy speech.
In this case, the performance of DNN and GMM based sys-
tems are equivalent. This confirms that DNNs are not robust as
regards large mismatches between the training and testing con-
ditions.

When using a speech enhancement pre-processor as shown
in the third column of Table 1 (i.e. Enhanced), the performance
can be improved by a 55% relative reduction in the keyword
error rate, which is comparable to the improvement observed
with a conventional GMM-based system. In this case, the DNN-
based system provides a relative performance improvement of
about 13 % compared with the GMM-based system when using
only a single hidden layer, but the performance improvement
vanishes when more layers are used suggesting overfitting to
noise-free speech.

4.2.2. Noisy speech model

Table 2 shows the keyword accuracy for acoustic models trained
with noisy and enhanced speech. The first column of Table 2
(i.e. Noisy/Noisy) shows the performance obtained for acoustic
models trained and tested using noisy speech. For conciseness,
we only show the performance when using 1 hidden layer and 6
hidden layers (i.e. Best) that was the best configuration. As ex-
pected the performance improves greatly compared with using
the noise-free acoustic model. Moreover, the performance gap
between DNN and GMM-based systems becomes much more
significant (a relative keyword error rate reduction of about 30
%). Note that the DNN system trained and tested on noisy
speech outperforms that DNN trained on noise-free speech and
tested on enhanced speech. However, there remains a large per-
formance gap compared with the noise-free testing conditions
shown in Table 1.

One problem that may limit performance is the poor HMM
state alignment of the noisy speech used for the DNN fine tun-
ing. We therefore also tested the performance obtained when
using noise-free speech for the HMM state alignment. Figure 1
compares the performance obtained on the development set as
a function of the number of hidden layers when using noisy
or noise-free speech for the HMM state alignment. We ob-
served a consistent improvement when using noise-free speech
for HMM state alignment (a relative keyword error rate reduc-
tion of about 5%). However, the remaining performance gap
compared with the noise-free case in Table 1 indicates that it is
difficult for DNNs to learn to discriminate speech from noise
when noise has rapidly changing characteristics.

4.2.3. Enhanced speech model

We have seen that the performance improves greatly when we
use a speech enhancement pre-processor. However, speech en-
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Table 2: Keyword accuracy for the development set for acoustic mod-
els trained and tested with noisy and enhanced speech. The last two
rows show the performance obtained with a DNN with 1 layer and with
the best DNN configuration (i.e. 6 layers for Noisy and 3 layers for
Enhanced).

Model/Test Noisy/Noisy Enhanced/Enhanced
GMM - ML 73.8 84.4
GMM - dMMI 78.3 88.5
DNN (1 layer) 82.3 89.7
DNN (Best) 85.7 90.9
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Figure 1: Keyword accuracy for the development set as a function
of the number of hidden layers when using noisy speech for training
and testing. The solid and dashed lines show the performance obtained
when using noisy and noise-free speech for the HMM state alignment,
respectively.

hancement pre-processing introduces a mismatch caused by the
remaining noise and the processing artifacts. This may explain
why the DNNs trained and tested on noisy speech outperformed
those trained under noise-free conditions and tested with en-
hanced speech. Feature space noise adaptive training (i.e. train-
ing the acoustic models on enhanced speech) is a well known
technique for mitigating the mismatch introduced by the speech
enhancement pre-processor [11, 8] that we test here for DNN-
based ASR systems. The second column of Table 2 (i.e. En-
hanced/Enhanced) shows the performance obtained with mod-
els trained and tested with enhanced speech. In this case, the
best performance was obtained with 3 hidden layers. Although
the performance improvement introduced by training with en-
hanced speech is slightly less for the DNN-based system than
for the GMM-based system, it is still large (33% relative key-
word error rate reduction). Note that training the RBM was
the most time consuming stage of the training process. Owing
to time constraints, we used the RBMs trained with the noisy
speech as the initial value for the fine-tuning. This may not be
optimal, and we suspect that better performance could be ob-
tained with RBMs directly trained with enhanced speech. As
for the noisy speech experiment, we also undertook an inves-
tigation using noise-free speech for the HMM state alignment.
However, here we did not observe the same improvement as in
the noisy speech case.

Comparing the results in Table 2, we observe that reducing
the variability introduced by noise using a speech enhancement
pre-processor can outperform a system trained on noisy speech
by a large margin. This is probably partly due to the fact that
speech enhancement has access to spatial information, which
was not available to the DNN. In future work we will investigate
approaches designed to introduce spatial information directly
into the DNN.

Table 3: Keyword accuracy for models trained with noisy speech for
the evaluation set.
Model/Test Noisy/Noisy Enhanced/Enhanced
GMM - ML 73.2 85.5
GMM - dMMI 77.7 89.2
DNN 85.1 92.1
DNN (noise-free al.) 85.8 -

We also observed that using a speech enhancement pre-
processor speeds up DNN training. Indeed, the speech en-
hancement pre-processor reduces the noise variability and con-
sequently the model becomes easier to train. Accordingly, in
our experiment, we observed that using enhanced speech re-
quired from about 12 to 47 % fewer iterations for the fine tuning
to converge than when using noisy speech.

4.3. Evaluation set

Finally, Table 3 shows the results we obtained for the evaluation
set of the CHiME challenge, for the models trained and tested
with noisy and enhanced speech. We used the model configu-
rations (i.e. number of hidden layers) that gave the best results
for the development set. We observed the same tendency with
the results as with the development set (Table 3 does not include
results for noise-free speech because the CHiME challenge task
does not include noise-free test data for the evaluation set). Note
that these results are lower than the best results we obtained for
the task [23], which was a 94.2% average keyword accuracy.
There are several major differences that explain the poorer per-
formance. The system proposed in [23] used speaker depen-
dent acoustic models, performed unsupervised adaptation and
combined the recognition results of several recognizer outputs
obtained with different speech enhancement pre-processors. By
integrating such techniques or their equivalent for DNNs, e.g.
[5, 30], we expect the performance of the DNN-based system
to be further improved.

5. Conclusions

We have discussed the robustness of DNN-based acoustic mod-
els to rapidly changing noise conditions. We confirmed that
DNNs can provide significantly improved performance com-
pared with conventional GMM-based ASR systems when the
training and testing conditions match well. However, the per-
formance degrades greatly in the presence of rapidly changing
noise. We investigated two approaches for mitigating the mis-
match, i.e. training the DNNs on realistic noisy data and us-
ing a speech enhancement pre-processor to reduce noise. We
have shown experimentally that using a speech enhancement
pre-processor can greatly improve performance in particular
when the DNN can be trained with speech processed with the
same speech enhancement pre-processor. Moreover, the im-
provement is comparable to that observed with conventional
GMM-based systems. These results indicate that well designed
speech/feature enhancement pre-processors can benefit DNN-
based ASR systems.

Future work, will include investigations of approaches for
performing denoising within a DNN framework such as [31,
32, 33] and to incorporate spatial information directly into the
DNNs. Moreover, we will investigate the use of filter-bank fea-
tures for noise robust DNNs as they have been shown to im-
prove speech modeling ability [6].
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