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Abstract
Bottleneck (BN) features, particularly based on deep struc-

tures of a neural network, have been successfully applied to
Automatic Speech Recognition (ASR) tasks. This paper goes
on the study of improving the BN features for ASR tasks by
employing two different methods: (1) a Cochleagram generated
by Gammatone filters as the input feature for a deep neural net-
work; (2) imposing the sparsity regularization on the bottleneck
layer to control the sparsity level of BN features by constrain-
ing the activations of the hidden units to be averagely inactive
most of the time. Our experiments on the Wall Street Journal
(WSJ) database demonstrate that the two approaches can de-
liver certain performance gains to BN features for ASR tasks.
In addition, further experiments on the WSJ database from dif-
ferent noise levels show that the Cochleagram as input has better
noise-robust performance than the commonly used Mel-scaled
filterbank.
Index Terms: bottleneck feature, Cochleagram, sparsity regu-
larization, deep neural network

1. Introduction
Bottleneck (BN) features are generated from a neural network,
typically multiple layer perceptron (MLP) or deep neural net-
work (DNN). The neural network is designed such that the in-
put corresponds to certain primary features and the output cor-
responds to the sequential labels (e.g., a sequence of context-
dependent triphone states). The BN feature associated with
a latent pattern of an input feature is obtained from a shal-
low layer of a neural network and can be regarded as a high-
level feature for automatic speech recognition (ASR) [1, 2, 3].
A multitude of research has demonstrated that the BN feature
can deliver significant improvement for ASR tasks when com-
pared to primary features, such as Mel-frequency cepstral co-
efficient (MFCC), perceptual linear predictive (PLP) and Gam-
matone frequency cepstral coefficient (GFCC) [4, 5]. Further-
more, recent research has shown that the BN feature, when gen-
erated based on a deep neural network, is even more promising
[6, 7, 8].

A commonly used neural network input is the filterbank
generated by Mel-scaled filters on the spectrogram, which has
shown a better ASR performance than other primary features
[6]. In this paper, we propose a novel cochleagram-based input
for a neural network. The production of a Cochleagram is based
on a set of Gammatone filters which simulate the frequency

response of human ears. As has been shown in our previous
work [4], the GFCC is generated from applying a Discrete Co-
sine Transformation (DCT) on each column of a Cochleagram
because the dimensions of the Cochleagram are highly corre-
lated. Since the deepest layer of the DNN has the capability of
learning discriminative representations with respect to the in-
puts, the Cochleagram is assumed to be directly applied. One
exploration of this paper is to study whether the Cochleagram
as input for the DNN is able to bring in further improvement
compared to the Mel-scaled filterbank both in clear and noisy
conditions.

In addition, a problem associated with the BN feature is
that the feature vectors tend to be highly sparse, i.e., most of
the probability mass concentrates on one or a few dimensions,
which leads to high correlations among feature dimensions.
Considering the sparsity of the BN feature, our previous work
proposed a subspace Gaussian Mixture Model (SGMM) for the
BN feature [9]. On the top of the SGMM, this paper proposes
a sparsity regularization on the BN layer by adding an extra
sparsity penalty term to the cost function of the neural network.
Sparsity regularization tries to control the sparsity level of the
BN feature by constraining the BN units to be averagely inac-
tive most of the time.

The rest of the paper is organized as follows: Section 2
presents the implementation of the BN feature, Section 3 in-
troduces the sparsity regularization approach and Section 4
presents an implementation of Gammatone filters for the gen-
eration of the Cochleagram. Experiments are reported in Sec-
tion 5 and the paper is concluded in Section 6.

2. Bottleneck feature
The BN feature is derived from the bottleneck layer of an
MLP/DNN structure. A typical bottleneck structure is illus-
trated in Figure 1. There are 7 layers in total and 5 of them are
hidden. The units at the input layer (at the bottom) correspond
to a long-context feature vector that is generated by concatenat-
ing 15 consecutive frames of the primary feature followed by a
DCT. The dimension of the primary feature is 24, and hence the
context window involves 360 primary feature elements. After
the DCT, the dimension is reduced to 128, which corresponds
to the number of units at the input layer of the MLP.

The output layer (at the top) consists of 3560 units, corre-
sponding to the clustered triphone states. The five hidden layers
are constructed following a 1024-1024-39-1024-1024 configu-
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ration, where the 39-unit layer (in the middle) is the ‘bottleneck
layer’, and the activations of the units yield the BN feature. The
configuration is selected to optimize the ASR performance on a
development set.

Figure 1: Bottleneck feature extraction.

The bottleneck structure shown in Figure 1 consists of a
number of hidden layers and hence is regarded as ‘deep’. A
layer-by-layer growing approach can be employed to train such
a network. In this work, we employ a popular pre-training ap-
proach based on the restricted Boltzmann machine (RBM) [8].

Once the MLP structure is obtained from the RBM pre-
training, conventional back-propagation [10] is employed to
learn the parameters in a supervised and discriminative way.
The cost function of the MLP is given as (1):

J(W, b) =
1

N

N∑
i=1

(||hW,b(x(i))−y(i)||22)+λ

L−1∑
l=1,l6=lBN

||W(l)||2F ,

(1)
where parameters W , b represent the MLP weights and bias
respectively, symbols || · ||22 and || · ||2F correspond to vector l2-
norm and matrix Frobenius-norm respectively, h is a sigmoid
function, N is the size of the mini-batch data, and λ represents
a regularization constant for weight decay. In addition, x(i) rep-
resents the i-th data of a mini-batch, y(i) is its corresponding
label, L is the number of layers, and LBN represents the BN
layer index.

A feed-forward pass is performed before the back-
propagation process. The vectors a(i) and z(i), which corre-
spond to activations of layer i and its sigmoid function respec-
tively, should be computed iteratively as (2) and (3):

a(i) = h(z(i−1)) =
1

1 + exp(z(i−1))
(2)

z(i) = W(i)a(i) + b(i), (3)

where b(i) corresponds to the bias vector of layer i. The
back-propagation algorithm is presented in detail in Table 1.
When performing the parameter update in back-propagation,
the learning rate α is set in an auto-regularized manner: It is
set to 4.0 at the first several iterations, and then is decreased by
a factor of 2 at each of the remaining iterations. The maximum
number of iterations is set to 20, and the convergence is tested
on a development set.

Back-propagation algorithm
(δ, 4W(l) , 4b(l) are temporary variables, lmax is the top layer index)

(1). As to the top layer index, set
δ(lmax) = (a(lmax) − y)

(2). For the hidden layer index l = lmax − 1, ..., 2, set
δ(l) = (W(l))T δ(l+1) ◦ h

′
(z(l))

For l = 1, 2, ..., lmax − 1,
(3). Accumulate the statistics for gradient descent

4W(l) = 4W(l) + δ(l+1)(a(l))T

4b(l) = 4b(l) + δ(l+1)

(4). Obtain the regularized gradient for updating an MLP
∂

∂W(l) J(W, b) = 1
N
4W(l) + λW(l)

∂

∂b(l)
J(W, b) = 1

N
4b(l)

(5). Update of parameters
W(l) = W(l) − α ∂

∂W(l) J(W, b)

b(l) = b(l) − α ∂

∂b(l)
J(W, b)

Table 1: Back-propagation algorithm.

3. Sparsity regularization
A particular property of the bottleneck MLP is that the bot-
tleneck layer can learn some prominent patterns of the input
speech signals in the training phase. In prediction, the BN
feature represents the coefficients of the input primary feature
based on the learned patterns and hence can be taken as a high-
level feature for ASR. Since the patterns are discriminative and
representative, the BN feature tends to be highly sparse, i.e.,
most of the mass of the feature concentrates on a few dimen-
sions.

To control the sparsity level of the BN feature, a sparsity
regularization is imposed on the BN layer of the MLP by adding
an extra sparse penalty term to the original cost function (1).
The sparse penalty term is defined based on Kullback-Leibler
(KL) divergence as (4) [11]:

SBN∑
j=1

KL(f ||f̂j) =

SBN∑
j=1

flog
f

f̂j
+ (1− f)log

1− f
1− f̂j

, (4)

where SBN corresponds to the number of units of the BN layer,
f represents a constant of sparsity target, typically a small value
close to zero, and f̂j represents the average activation of the BN
unit j as shown in (5) and needs to be computed in the feed-
forward pass.

f̂j =
1

N

N∑
i=1

a(lBN )
j (x(i)) (5)

Therefore, the cost function (1) is modified as (6):

Ĵsparse(W, b) = J(W, b) + η

SBN∑
j=1

KL(f ||f̂j), (6)

where η is the sparsity regularization. Besides, for the BN layer,
the step (2) shown in Table 1 is modified as (7):

δ(lBN ) = (W(lBN ))T δ(lBN+1)◦h
′
(z(lBN ))+η(− f

f̂j
+

1− f
1− f̂j

).

(7)
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For optimal ASR performance based on sparsity regulariza-
tion on development set, f is set to 0.1, and the regularization
constants λ and η are set to 0.002 and 0.01 respectively.

4. Cochleagram
The Cochleagram is generated based on a set of Gammatone
filters. A Gammatone filter (GF) is formally represented in the
form of impulse response in the time domain as follows:

g(t) = atn−1e−2πbtcos(2πfct+ θ), (8)

where fc is the central frequency of the filter and θ is the phase
which is usually set to 0. The constant a controls the gain and
n is the order of the filter which is normally set to be equal or
less than 4. Finally, b is the decay factor which is related to fc.

A set of GFs with different fc forms a Gammatone filter-
bank, which can be applied to obtain the signal characteristics
at various frequencies, resulting in a temporal-frequency rep-
resentation similar to the Fast Fourier Transform (FFT)-based
short-time spectral analysis. In order to simulate the human
auditory behavior, the central frequencies of the filterbank are
equally distributed on the Bark scale.

The time-efficient implementation of a Gammatone filter
can be realized in the time-domain. As is illustrated in Figure 2,
for the channel whose central frequency is fc, the input signal
x(t) is first compensated by a frequency-dependent component
e−j2πfct, and then passes a frequency-independent base filter
Ĝ(z). The output of the channel, denoted by y(t; fc), is finally
obtained from the output of Ĝ(z) followed by a reverse com-
pensation ej2πfct.

Figure 2: Time domain Gammatone filtering.

Considering the special case of n = 4, the base filter Ĝ(z)
takes the following form:

Ĝ(z) =
3a

1− 4mz−1 + 6m2z−2 − 4m3z−3 +m4z−4
, (9)

where m = e−2πb/fs and fs is the sampling frequency.
A pre-emphasis is implemented to reduce the dynamic

range of the spectrum and intensify the low frequency compo-
nents which normally involve most of the information of the
speech signals. The pre-emphasis is designed as a 2-order low-
pass filter given by (10).

H(z) = 1 + 4e−2πb/fsz−1 + e−2πb/fsz−2 (10)

The generation of the Cochleagram extracts frames from
the GF outputs by down-sampling y(t; fm) to 100 Hz where fm
is the central frequency of the m-th GF. An averaging approach
is applied by using a window covering K points and shifting
every L points to frame y(t; fm). For the n-th frame, the aver-
age value of y(t; fm) within the window t ∈ [nL, nL + K] is
computed as the m-th component:

ȳ(n;m) =
1

K

K−1∑
i=0

γ(fm)|y(nL+ i; fm)|, (11)

where |.| represents the magnitude of complex numbers, γ(fm)
is a center frequency-dependent factor, and m is the index of
the channel whose central frequency is fm.

The resulting matrix ȳ(n;m) provides a frequency-time
representation of the original signal and is often referred to as
a Cochleagram. A typical Cochleagram is shown in Figure 3
(right), which significantly contrasts to the Mel-scaled filter-
bank of the same utterance as shown in Figure 3 (left). It is
clear that the most amount of energy of the Cochleagram is con-
centrated on a certain range of frequencies and the discrimina-
tive feature pattern of the Cochleagram is assumed to improve
the high correlation among dimensions of BN feature. On the
other hand, the energy distribution of the Mel-scaled filterbank
is more disperse.

Figure 3: Spectrogram(left) vs. Cochleagram(right).

5. Experiments
5.1. Data profile

Our experiments are conducted on the Wall Street Journal
(WSJ) database. The dataset for training/development is from
the SI-84 subset (7240 utterances). The development set ran-
domly selects 700 utterances from these, and the rest are used
for training. For evaluation, data from Dev-93 (504 utterances)
and Eval-92 (330 utterances) subsets are used as test data. All
the data are reading speech recorded in a noise-free environ-
ment. Performance is evaluated on a recognition task involving
5000 words.

To simulate the acoustic mismatch, a multitude of noise sig-
nals from the NOISEX-92 database are used to corrupt the test
data. These noise signals involve three types: white noise, bab-
ble noise and f16 noise. The mixing is conducted at various
SNR levels, including 30dB, 20dB and 15dB.

We study two features in the experiments: Mel-scaled fil-
terbank and Cochleagram. Both are used to build the baseline
systems. For a fair comparison, all the primary features are
derived from the same frequency range (80-5000 Hz) with the
same frame rate (100 frames per second). The dimension of the
primary features is set to the same. In addition, the root com-
pression is used for the primary features for better noise-robust
performance [12]. The generation of long-context features is
based on the way that is introduced in Section 2.

The Kaldi toolkit [13] is utilized to train the acoustic mod-
els, to build the decoding graph, and to conduct the decoding.
The MLP training and Cochleagram extraction are both based
on the the authors’ released codes.1

5.2. System architecture

The entire system architecture is shown in Figure 4, where a
conventional Gaussian Mixture Model-Hidden Markov Model

1https://github.com/uwjunqi
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(GMM-HMM) system is first constructed, and then a universal
background model (UBM) and a SGMM are created.

Figure 4: ASR baseline system.

We first build the baseline systems which are based on the
conventional diagonal GMM. Each context-dependent phone
(tri-phone) is modeled as an HMM which consists of three
left-to-right non-skipping states. The probability distribution
of each state is modeled by a GMM that comprises 8 Gaussian
components. The states belonging to the same phone are tied by
a decision tree and there are 3560 tied states in total. A tri-gram
model with 5000 words in the lexicon is used as the language
model in decoding.

In order to construct the SGMM, a UBM was first created
by clustering all the Gaussian components of the GMM system.
The UBM is composed of 400 Gaussian components in our ex-
periments. The full covariance matrices of the Gaussian com-
ponents are then trained via an E-M procedure. Afterwards, the
SGMM is constructed by copying the UBM followed by an E-
M full training [14]. The dimension of each state-specific vector
of the SGMMs is set to 40. The final number of sub-states of
the SGMMs is 8900 in our experiments.

5.3. Results and analysis

The experiments are firstly conducted with the BN features
based on Mel-scaled filterbank and Cochleagram. The perfor-
mance of BN features with and without sparsity regularization
is tested. The results on Dev-93 and Eval-92 are presented in
Table 2 and Table 3 respectively, where ‘Sparsity Reg.’ stands
for Sparsity regularization and ‘fbank’ represents filterbank.

WER%
Mel fbank Cochleagram

BN+GMM 6.72 6.50
BN+Sparsity Reg.+ GMM 6.61 6.38
BN+SGMM 6.37 6.09
BN+Sparsity Reg.+SGMM 6.25 5.95

Table 2: Results of the experiments on Dev-93.

It is clearly seen that Cochleagram brings in an improve-
ment on the ASR task by lowering the word error rate (WER)
4.68% relative, while the experiments with sparsity regulariza-
tion for BN features demonstrate that an extra 2.74% relative
gain can be obtained as well.

The test results on noisy ASR tasks are shown in Figure
5, where ASR results on white, babble and f16 noises are pre-

WER%
Mel fbank Cochleagram

BN+GMM 3.85 3.73
BN+Sparsity Reg.+ GMM 3.76 3.66
BN+SGMM 3.61 3.49
BN+Sparsity Reg.+SGMM 3.56 3.42

Table 3: Results of the experiments on Eval-92.

sented. Table 4 lists all WERs in Figure 5. For achieving the
best performance, the SGMM and sparsity regularization are
applied for all the tests. It is clear that the Cochleagram achieves
consistent performance improvements over the counterpart in
terms of WERs. Especially in high-level noisy conditions, the
Cochleagram is more effective in reducing the WER in ASR
tasks.

Figure 5: WERs with three kinds of noises on Dev-93.

WER%
30dB 20dB 15dB

Mel fbank + white noise 6.79 17.94 30.58
Cochleagram + white noise 6.60 15.29 26.74
Mel fbank + babble noise 6.75 16.38 28.98
Cochleagram + babble noise 6.54 14.86 25.21
Mel fbank + f16 noise 6.82 18.46 31.22
Cochleagram + f16 noise 6.68 16.22 26.63

Table 4: Results of the noise-robust experiments on Dev-93.

6. Conclusions
This paper studies the application of Cochleagram and sparsity
regularization on the BN feature. Our experiments on the WSJ
database, on the one hand, demonstrate that Cochleagram im-
proves the BN features on ASR tasks compared to the com-
monly used Mel-scaled filterbank. On the other hand, spar-
sity regularization also brings in further improvement for BN
features on ASR tasks, although the gains are comparatively
marginal. Further experiments on noisy data show that the
Cochleagram is able to improve the BN feature against noisy
effects of all levels.
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