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ABSTRACT
In this work, we develop a technique for training features directly
from the single-channel speech waveform in order to improve wake
word (WW) detection performance. Conventional speech recogni-
tion systems typically extract a compact feature representation based
on prior knowledge such as log-mel filter bank energy (LFBE). Such
a feature is then used for training a deep neural network (DNN)
acoustic model (AM). In contrast, we directly train the WW DNN
AM from the single-channel audio data in a stage-wise manner. We
first build a feature extraction DNN with a small hidden bottleneck
layer, and train this bottleneck feature representation using the same
multi-task cross-entropy objective function as we use to train our
WW DNNs. Then, the WW classification DNN is trained with input
bottleneck features, keeping the feature extraction layers fixed. Fi-
nally, the feature extraction and classification DNNs are combined
and then jointly optimized. We show the effectiveness of this stage-
wise training technique through a set of experiments on real beam-
formed far-field data. The experiment results show that the audio-
input DNN provides significantly lower miss rates for a range of
false alarm rates over the LFBE when a sufficient amount of training
data is available, yielding approximately 12 % relative improvement
in the area under the curve (AUC).

Index Terms— Keyword Spotting, Distant Speech, Raw Audio
Input Acoustic Modeling

1. INTRODUCTION

Wake-word (WW) detection is the first important step before inter-
actions through distant speech recognition [1–6]. WW detectors typ-
ically employ signal-processing techniques to obtain a compact fea-
ture representation such as LFBE [3–7] and tandem feature [8]. In
this work, we develop the compact representation extraction method
with DNNs directly from the raw audio.

A successful approach for audio-input DNN modeling from the
single-channel audio would be using convolutional neural network
(CNN) layers with long short-term memory (LSTM) [9] or network-
in-network components [10]. The convolutional layers can model
time-frequency characteristics of the single-channel audio frames
very well, and then succeeding layers represent temporal character-
istics of speech features.

In [11], a simple time-delay NN (TDNN) [12] model was trained
on audio frames directly. The TDNN architecture used in [11] con-
sists of a bottleneck DNN, followed by frame stacking and time
derivatives of the bottleneck feature and several fully connected
DNN layers. This TDNN architecture is also considered as a special
case of 1-dimensional CNN layers with a filter stride equivalent to
the frame shift, but without max-pooling. In their work, the bottle-
neck feature extractor was trained separately with the cross-entropy
criterion. This can be suboptimal since it does not exploit the full
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potential of training directly on raw audio, i.e., jointly optimizing the
feature extraction and classification layers, which would enable the
model to learn more discriminative feature representations for the
task at hand [9]. Accordingly, we develop a new training method to
maximize the discrimination performance of both feature extraction
and classification layers.

In the single-channel audio-input DNN work of [9–11], the re-
spective models trained on raw audio provided results competitive
or comparable to LFBE-input DNNs on ASR tasks, but not signifi-
cantly better. Accuracy improvements are typically shown to obtain
by a combination of the baseline LFBE-based and direct audio-based
systems using feature or model combination.

Notice that this work only focuses on feature extraction on the
single channel audio after acoustic beamforming [2, 13] in contrast
to the multi-channel audio DNN work [14–16] where the beam-
forming and feature extraction layers are trained directly from the
multi-channel data. We will show that a significant improvement
can be achieved with the single channel data only although prior
work [14–16] reported that there was no significant improvement
with the single-channel input.

In this paper, we also propose a TDNN single-channel audio-
input network for WW detection, similar in architecture to that
in [11], but with some significant differences in the training proce-
dure. Our feature extraction network computes bottleneck features
using short 25ms audio frames as input, instead of 150ms frames
as in [11]. The bottleneck features are then stacked over several
frames, and input to the WW phone classification DNN. Moreover,
we propose a new stage-wise training procedure for our audio-input
WW DNNs, including joint optimization of the feature extraction
and the classification DNNs. As it will be clear later, stage-wise
training is shown to provide significantly improved WW detection
accuracy using audio-input DNNs, compared to LFBE DNNs. We
show the effectiveness of the jointly optimized audio DNN through
the WW experiments on the real far-field data. We also investigate
how much training data would be necessary to build the raw-audio
input DNN in order to overcome the LFBE DNN. Moreover, we an-
alyze the audio feature extraction DNN from the speech processing
point of view.

The balance of the paper is organized as follows. Section 2 de-
scribes our baseline WW system with LFBE features, including the
DNN-HMM based WW detection which is also used for audio-input
DNNs. Section 3 proposes the new DNN training method on raw
audio frames. In Section 4, WW detection results are presented. In
Section 4, we investigate the effectiveness of the proposed stage-
wise training, and also the sensitivity of WW performance with re-
spect to the amount of training data. We also describe some analysis
of the filter responses of the audio feature extraction DNN. Section 5
concludes this work.



Fig. 1. HMM-based Keyword Spotting.
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Fig. 2. Baseline WW DNN with the LFBE feature.

2. BASELINE WW SYSTEM

In this work, we employ the HMM-based approach with WW and
filler/background HMMs [7]. Figure 1 illustrates an example of the
finite state transducer (FST) at a phone level for a WW, with six
phones in its pronunciation. Note that phone state is further divided
into the HMM states. The HMM state is associated with a deep
NN (DNN). The output layer of the WW DNN models the HMM
states of the keyword(s) of interest (i.e., WW-specific phone state
distributions), and the two 1-state background phones - speech and
non-speech.

Figure 2 shows a schematic view of our DNN for the baseline
WW system. Our baseline system first computes the LFBE feature
from the enhanced speech [7]. In our system, audio is divided into
overlapping frames of 25 milli-seconds (ms) with a frame shift of 10
ms. The LFBE features concatenated over multiple frames are then
input to the phone classification DNN. The DNN consists of 3 layers
of Affine transform and sigmoid activation components. In addi-
tion to those layers, we put two separate branches for WW and ASR
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Fig. 3. Whole WW DNN from the audio input.

tasks so as to classify WW-specific and context-dependent phones
for our previously proposed multi-task training technique [7]. Af-
ter the DNN is pre-trained layer-wise in a supervised fashion using a
small subset of the training data, the entire DNN is further optimized
with a distributed, asynchronous, stochastic gradient descent (SGD)
training method [17].

As illustrated in the FST of Figure 1, the WW hypothesis is gen-
erated when the final state of the WW FST is reached. We tune
transition parameters and exit penalties in the WW and background
HMMs for better accuracy, and a detection error tradeoff (DET)
curve can be obtained by plotting the lowest achievable false alarm
rate (FAR) at a given miss rate (MR) or false reject rate (FRR). The
DET curves that will be described in Section 4 are obtained in this
manner.

3. AUDIO-INPUT DNN

Figure 3 illustrates our entire DNN architecture with the direct au-
dio input for WW. Figure 4 shows the details of feature extraction
shown in Figure 3. The LFBE feature extraction block has been re-
placed with a bottleneck feature extraction DNN shown in Figure 4.
With this bottleneck layer, we can efficiently reduce the dimension
of a feature representation so as to incorporate the multiple frame
contexts. As shown in Figure 4, the mean and variance of the raw
audio signal are first globally normalized and passed through a set
of affine transform and sigmoid activation layers, ending in a bot-
tleneck layer which is the output of the feature extraction DNN. As
shown in Figure 3, the bottleneck feature is spliced over several past
and future frames through the temporal context window component
whose output is fed into the hidden layers of the classification DNN.
The WW classification DNN has output WW and ASR branches as
with the baseline LFBE DNN.

In order to obtain a compact representation for WW phone dis-
crimination, we first train the feature extraction DNN as shown in
Figure 4. We wish that the bottleneck layer encodes a feature to
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Fig. 4. Training the feature extraction DNN from raw audio input.

discriminate between the WW phones and background speech and
non-speech sounds. The bottleneck layer is connected to soft-max
layers for the WW and ASR tasks, and the feature extraction DNN
is trained using the same multi-task cross-entropy objective func-
tion as our WW DNNs. This is considered the 1st stage in our
stage-wise training procedure for audio-input WW DNNs. In our
preliminary experiments, we found that this method of initializing
the bottleneck feature provided better WW accuracy than an LFBE-
imitation DNN trained based on L2 loss. We expect the feature ex-
traction network will encode the parameters for speech processing,
pre-emphasis, Hamming window and frequency transformation im-
plicitly. Notice that the feature extraction DNN essentially functions
as a 1-dimensional CNN with a stride of an analysis window shift
since the weights of the feature extraction DNN are shared over mul-
tiple frames. Moreover, we also observed that the multiple-frame
contexts of the bottleneck layer output led to better accuracy than
a larger audio samples. We consider that the bottleneck layer can
encode a feature representation more efficiently.

The entire network of the feature extraction and WW classifica-
tion layers is jointly optimized based on the multi-task cross-entropy
criterion. As we will discuss in Section 4, we empirically found that
the initialization method for the entire DNN gave a big impact on
the WW accuracy because of this deep architecture. Given the fea-
ture extraction DNN trained in stage 1 above, we propose two new
initialization methods for the classification layers:

• Two-stage training, where the classification DNN is only pre-
trained with a small portion of training data layer-wise before
joint optimization as the 2nd stage.

• Three-stage training, where in the 2nd stage, the feature ex-
traction DNN is fixed and the classification layers alone are
trained on all the available data following layer-wise pre-
training. This is followed by joint optimization of the feature
extraction and classification DNNs as the 3rd stage.

As a reference, we will also compare these stage-wise training meth-
ods to the conventional pre-training method, adding layers after pre-
training each with random initialization from the first feature extrac-
tion layer to the last classification layer. This would correspond to
a 1-stage training procedure without any special initialization of the
feature extraction DNN.

LFBE DNN Audio DNNl
Pre-emphasis Yes No

Window Hamming No
Online Feature Normalization Yes No

No. DNN Parameters 1.09 M 1.08 M

Table 1. Parameter configuration for experiments.

4. EXPERIMENT

Training data used here consist of several thousand hours of the
real far-field data captured in various rooms. This contains approx-
imately several hundred thousand subjects. In order to improve the
robustness against noise unseen in the training data, the training data
are artificially corrupted and the SNR is adjusted from 0 to 40 dB
uniformly. For the test, we use two kinds of dataset, development
and evaluation data set. Both of the development and evaluation data
contain over several thousands of speech segments uttered by hun-
dreds of subjects. The total duration of the development and test sets
exceeds 60 hours. Those test sets cover noisy conditions and music
playback cases. The captured far-field array data are processed with
beamforming and acoustic echo cancellation [2, 13].

Table 1 contrasts the LFBE model setting to the audio models in
feature extraction. We use almost the same number of weights for the
LFBE and audio input DNNs. Thus, the audio input DNN saves the
computation for entire feature computation as well as online feature
normalization.

Here, we present results in the form of DET curves along with
area under the curve (AUC) numbers, which will allow relative com-
parison of various systems in terms of performance impact. Note
that since we present AUC numbers for DET curves instead of ROC
curves, lower AUC numbers correspond to better performance. All
the DET curves in this paper only show false alarm rates up to a mul-
tiplicative constant, due to the sensitive nature of this information.
Thus, the DET curves presented here indicate the relative improve-
ment or degradation. However, the plots and the AUC values still
accurately preserve the relative performance improvements between
different systems across a range of reasonable operating points.

4.1. Comparison of LFBE and raw Audio DNN

Figure 5 shows the DET curves obtained with the baseline LFBE
and audio-input DNNs on the development data. In Figure 5, the
classification layers of the audio-input DNN are trained in the stage-
wise fashion described in Section 3. Again, as a reference, we also
plot the DET curve of the audio-input DNN pre-trained from the first
layer of the feature extraction DNN straight to the last layer without
stage-wise training. That reference curve is labeled as Audio DNN
with conventional pre-training in the figure. In order to generate the
DET curves for Figure 5, we choose the best FST parameters with
4 HMM thresholds. Since we choose the FST parameters from the
same pool of the FSTs, this result comparison is still fair. Those
DET curves on the development data indicate the best possible WW
performance without the grammatical language constraint. It is clear
from Figure 5 that the audio-input DNNs trained stage-wise provide
the better accuracy than the LFBE DNN. It is also clear Figure 5
that the best performance is obtained with the 3-stage trained audio
DNN, which indicates that fully training the classification layer with
the fixed feature extraction DNN gives good initial weight values.
It is also clear by comparing the results of stage-wise trained audio
DNN to that of the conventionally pre-trained audio DNN from Fig-



Fig. 5. DET curves of LFBE and audio DNNs on the development
set.

WW Model Type AUC Relative Reduction
LFBE DNN 5.14 x 0 %
Audio DNN with 5.29 x -2.8 %
conventional pre-training
2-stage trained audio DNN 4.71 x 8.2 %
3-stage trained audio DNN 4.52 x 11.9 %

Table 2. AUCs calculated from the DET plots on the development
set (Range of FARs used to compute AUC was 1x to 5x from Fig-
ure 5).

ure 5 that stage-wise training, training the feature extraction DNN
separately, leads to the significantly better WW accuracy.

4.2. Effect with respect to an amount of training data

The only prior speech knowledge that we incorporate into the feature
extraction DNN is phone class information defined by linguistics. In
other words, the resultant DNN model may heavily depend on the
training data and lack generalization. Accordingly, we investigate
how much the size of training data gives an impact on the WW accu-
racy. Figure 6 shows the DET curves of the LFBE and audio-input
DNN with respect to an amount of training data. It is apparent from
Figure 6 that the audio-input DNN provides the better performance
when the large amount of the training data is available. As expected,
the performance of the LFBE DNN is saturated with a much smaller
amount of training data (25% of all the available data). This result
indicates that the raw audio DNN tends to require more data to gen-
eralize the WW model.

4.3. Effect of joint optimization

The proposed method can be viewed as an extension of the tandem
or bottle-neck feature [8] to the hybrid DNN optimized jointly. An
interesting question to be answered is how important it is to opti-
mize the feature extraction and classification DNNs jointly. Figure 7
shows the DET curves that compare the DNN optimized jointly to

Fig. 6. DET curves on the development data set for different
amounts of training data.

the DNN without joint training. As a reference, the DET curve of the
LFBE DNN with a comparative number of DNN parameters is de-
scribed. It is clear from Figure 7 that joint optimization of the feature
extraction and classification DNNs can improve WW accuracy. It is
also clear from Figure 7 that the accuracy performance of the audio
DNN is not as good as that of the LFBE without joint optimization.

4.4. Results on Eval. Set without the optimum FST parameters

Here, we describe the final result on the evaluation set. In the pre-
vious figures, we choose the best FST parameters and HMM thresh-
olds for each method in order to investigate the pure acoustic model-
ing performance for the WW task. We may not always know the best
FST parameters. Accordingly, for the experiment on the evaluation
set, we use the best FST parameters chosen from the development
data set. Figure 8 show the DET curves on the evaluation set ob-
tained with the audio and LFBE DNNs, given the FST parameters
tuned from the development set. For the results on the evaluation
set, we also obscure the absolute miss rate. However, again, the rel-
ative improvement is maintained precisely. Table 3 shows the AUCs
on the evaluation set that correspond to Figure 8. It is clear from Fig-
ure 8 and Table 3 that the trend on the development set remains sim-
ilar on the evaluation set regardless of the suboptimal FST parame-
ters. The best performance was again achieved by the audio DNN
trained in the three stage-wise manner even if the FST parameters
are not optimum. This result verifies that the performance of the raw
audio DNN is not influenced by the different FST parameters. The
only different trend between the development and evaluation results
is that the gap between the LFBE model and audio DNN initialized
with conventional pre-training becomes bigger without help of the
best FST parameters. This could be because the evaluation set has
more noisy data.

4.5. Inside of the first linear transformation layer

In the case that raw audio samples are directly fed to the DNN, each
row vector of the first linear transformation layer must form an FIR
filter with an analysis window shift. Thus, analyzing such an FIR



Fig. 7. DET curves on the development set: Effect of Joint optimiza-
tion (Hybrid system).

WW Model Type AUC Relative Reduction
LFBE DNN 5.68 xy 0 %
Audio DNN with 6.34 xy -10.4 %
conventional pre-training
2-stage trained audio DNN 5.32 xy 6.3 %
3-stage trained audio DNN 4.96 xy 12.6 %

Table 3. AUCs of the DET plots on the evaluation set (Range of
FARs used to compute AUC was 1.5x to 5x from Figure 8).

filter may shed light on what the DNN does on the raw audio sam-
ples. Figure 9 shows pairs of the FIR weights and frequency re-
sponse samples obtained from the first linear transformation layer. In
Figure 9, the left and right subfigures correspond to the row weight
vector and frequency response, respectively. We can see from plots
in Figure 9 that the first layer forms FIR filters so as to emphasize a
certain range of frequency bands. Of course, this FIR filter is esti-
mated solely from the training data so that the phones are well dis-
criminated at each frame. Accordingly, we can hypothesize that the
resultant filters attempt at extracting subbands necessary for discrim-
inating phones.

5. CONCLUSIONS

In this paper, we have proposed the computationally efficient DNN
architecture that takes the raw audio input. Through the WW ex-
periments on the real far-field data, we showed that the audio-input
NN outperformed the LFBE DNN in the case that the training data
were sufficiently large. In the experiment, we observed that approx-
imately 12 % of the AUC was reduced by the raw audio DNN sys-
tem from the LFBE system. Moreover, we showed that building the
feature extraction and classification DNNs in the stage-wise manner
was important to achieve the better WW performance. Furthermore,
we investigated the sensitivity of the performance as a function of
the amount of training data. It turned out that the larger amount of
training data was used, the better WW performance the raw audio
DNN was able to provide than the LFBE DNN. Finally, we analyzed

Fig. 8. DET curves of LFBE and audio DNNs on the evaluation set.

the inside of the audio feature extraction DNN. Analysis of the fea-
ture extraction DNN indicated that the input layer had an effect of
subband frequency extraction and emphasis.
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