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Abstract—Non-negativematrix factorization (NMF) is one of the
most well-known techniques that are applied to separate a desired
source from mixture data. In the NMF framework, a collection of
data is factorized into a basis matrix and an encoding matrix. The
basismatrix formixture data is usually constructed by augmenting
the basis matrices for independent sources. However, target source
separation with the concatenated basismatrix turns out to be prob-
lematic if there exists some overlap between the subspaces that
the bases for the individual sources span. In this letter, we pro-
pose a novel approach to improve encoding vector estimation for
target signal extraction. Estimating encoding vectors from themix-
ture data is viewed as a regression problem and a deep neural
network (DNN) is used to learn the mapping between the mix-
ture data and the corresponding encoding vectors. To demonstrate
the performance of the proposed algorithm, experiments were con-
ducted in the speech enhancement task. The experimental results
show that the proposed algorithm outperforms the conventional
encoding vector estimation scheme.

Index Terms—Deep neural network, dictionary learning, non-
negative matrix factorization, speech enhancement, target source
separation.

I. INTRODUCTION

D ICTIONARY learning has been found to be useful in
many classification and regression tasks of signal pro-

cessing [1]–[8]. A crucial part of this approach is to analyze a
given data matrix based on a fundamental basis structure while
minimizing a specific cost function.
Non-negative matrix factorization (NMF) is known as one

of the most popular techniques for dictionary learning [3]. In
this approach, a non-negative data matrix is approximated by a
product of a basis matrix and an encoding matrix with non-neg-
ative elements. The NMF technique has been applied to a va-
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riety of tasks including object recognition, acoustic signal de-
tection, speech enhancement, speech recognition in adverse en-
vironment, and acoustic source separation to name just a few
[4]–[8].
In [6]–[8], NMF is applied to separate a target source from

mixture data. In this task, the basis matrix for all sources is
built by concatenating the basis matrices for individual sources
so that the product of the corresponding parts of the basis and
encoding matrices becomes separated target sources. The fun-
damental assumption underlying the conventional NMF tech-
nique with a concatenated basis matrix is that the subspaces
which the separate sources span are almost orthogonal to each
other.
However, the source subspaces often overlap, which makes

the estimation of an encoding vector and the separation of each
source difficult. This implies that if a data vector generated by a
target source can be possibly represented by a linear combina-
tion of basis vectors corresponding to other interfering sources
or vice versa, then the target source separation is likely to fail.
Even though an orthogonality constraint is employed for the
basis matrix in [9], it would not resolve this difficulty as long
as the basis matrix for each source is trained independently. Re-
cently, several discriminative training approaches which aim to
achieve low reconstruction error and high discrimination among
different classes at the same time have been proposed [10]–[13].
These approaches could enhance the classification and separa-
tion performances, but the reconstruction error for each source
might be compromised for the vectors which lie in the overlap-
ping regions of the source subspaces.
Unlike the previous approaches, we focus on improving en-

coding vector estimation for data vectors which are mixtures of
target and interfering sources. To improve the performance of a
target data extraction algorithm with source subspace overlap,
we propose a novel supervised algorithm to estimate encoding
vectors. A deep neural network (DNN) is used to estimate the
encoding vectors which can faithfully reconstruct the desired
source data vectors. In the proposed approach, the mapping be-
tween the data vectors and the corresponding encoding vectors
is modeled with a DNN for which the training data includes
mixture data. DNNs are widely used in classification [14] and
regression [15] problems and found to be efficient in learning
complicated inter-dependencies between the input variables. To
show the performance of the proposed algorithm, we apply it to
a speech enhancement task in which the clean speech is treated
as a target source and additive noises are considered to be the
interfering sources. Experimental results demonstrated that the
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proposed method outperformed other encoding vector estima-
tion algorithms.

II. DNN-BASED ENCODING VECTOR ESTIMATION

A. A Brief Review on NMF-Based Source Separation

Let us denote a non-negative dimensional data matrix
as . In the NMF approach, the data matrix is approximated by

where is a non-negative dimensional basis
matrix and is a non-negative dimensional encoding
matrix.
To estimate and given a data matrix , an objective

function is needed which measures the reconstruc-
tion error, i.e., the difference between and , and con-
ventionally it is iteratively minimized through a multiplicative
update rule. For source separation, Kullback-Leibler (KL) di-
vergence is one of the most popular candidates for the objective
function. At each iteration of the multiplicative rule, and
are updated as follows [3]:

(1)

(2)

where and are the -th and -th elements of and
, respectively. Once is trained, a test data vector is factor-

ized by estimating the encoding vector according to (1) while
the basis matrix is fixed.
Now suppose that the test data vectors are generated by

mixing separate sources. In order to separate each source
component from this mixture, the basis vectors for each source
should be known a priori. Let us denote the basis matrix for the
-th source by . Traditionally, each source basis matrix
is trained independently based on the corresponding source
data according to (1) and (2) [6]–[8]. Once each source basis
matrix is obtained, the basis matrix for the mixture data
is formed by a simple concatenation as follows:

(3)

For a test data vector , if we apply NMF with the concate-
nated basis matrix , we can extract the encoding data vector
where each part of the encoding vector corresponds to a specific
source. Let us suppose that a mixture data vector factorizes as

...
(4)

Then, the estimate for the -th source is given by

(5)

Though simple and easy to implement, the source separation
approach with the concatenated basis matrix has serious prob-
lems. These come from the fact that each basis matrix is

Fig. 1. Log spectral distances for speech (solid) and factory noise (dash-dotted)
obtained from NMF-based source separation of speech-factory noise mixture
based on conventional (x) and DNN-based (o) encoding vector estimation.

independently trained and (5) is valid only when some orthog-
onality conditions among are satisfied.
To show the performance degradation of the conventional

NMF technique for source separation, we conducted an experi-
ment with mixtures of two independent sources.We added clean
speech and factory noise samples at different signal-to-noise
ratios (SNRs) and reconstructed the speech and noise magni-
tude spectra from their mixture using the conventional NMF ap-
proach which minimizes the KL-divergence. We measured the
reconstruction error in terms of the log-spectral distance (LSD)
[16] and the results are shown in Fig. 1. We can see from the
results that the performance of the conventional NMF-based
approach degrades severely as the strength of the interfering
source increases.

B. Encoding Vector Estimation Using DNN

In this letter, we propose a novel approach to estimate the en-
coding vectors of the NMF analysis. Even though the proposed
approach is applied to NMF, it can be easily employed in other
dictionary learning techniques with only slight modifications.
A major difficulty in target source separation with a concate-

nated basis matrix is how to estimate the encoding vector when
the orthogonality conditions among are not satisfied. In
this case, minimizing does not guarantee the suc-
cessful separation of the individual sources. A simple remedy
to this is to learn the mapping from an input data vectors to the
encoding vectors when we are given a set of mixture data. Under
this framework, the problem of estimating the encoding vectors
can be treated as a regression task where the input is the mix-
ture data vectors and the output is the encoding vectors corre-
sponding to separate sources. In this letter, we apply the DNN
which accommodates the inter-dependencies between basis ma-
trices of the desired and interfering sources with a deep structure
to estimate the NMF encoding vectors.
There are several approaches which apply DNN to estimate

source data [17] or source probability [18] from the mixture
data directly. Compared with these approaches, our approach
which focuses on the encoding vector estimation of the dictio-
nary learning can be more easily extended to adopt the advances
in the dictionary learning area such as the update of bases [19].
Also, the number of estimated parameters for the proposed ap-
proach is smaller than that for [17].
The proposed technique consists of three parts: NMF

training, DNN training, and source separation stages. In the
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NMF training stage, the conventional NMF technique is ap-
plied for each source data matrix separately. The trained basis
matrix for each source is used in the following stages after
forming a concatenated basis matrix.
In the DNN training stage, each data vector for the -th source
is factorized using the conventional NMF technique with

fixed . Since this factorization is applied to each source in-
dependently, an encoding vector for the -th source is es-
timated without ambiguity caused by mixed sources. After ob-
taining for where indicates the total
number of separate sources, we artificially generate a mixture
data vector with some arbitrary weights as follows:

(6)

The optimal encoding vector corresponding to this mixture
data is then given by

(7)

where the prime denotes the transpose of a matrix or a vector.
After generating a collection of the artificial mixture data vec-
tors, we can train a DNN where in (6) is fed to the network as
an input and as defined in (7) is applied as the corresponding
target output. Before and are applied to the DNN, it is
useful to normalize them to be in the range of (0, 1). Multiplying
weights and normalizing and do not hamper the rela-
tionship among the separate source components since the NMF
analysis is scale-independent when the KL-divergence is used
as an objective function.
It is widely known that DNNs provide a more proper struc-

ture than shallow neural networks for representing complicated
functions or mappings. However, with randomly initialized pa-
rameters, the performance of DNNs is generally worse than
that of shallow neural networks. To initialize DNN parameters,
the stacked restricted Boltzmann machines accompanied with
greedy layer-wise unsupervised learning is adopted to initialize
DNN parameters as in [20], [21]. After this pre-training stage,
a supervised learning algorithm using backpropagation and sto-
chastic gradient descent is carried out in fine-tuning stage. The
Euclidean distance is used as the training cost function in this
stage as in [22]. In this letter, the activation function used in
each hidden unit of the DNN is the logistic sigmoid function
[14]. The nonlinear activation function is usually used to deal
with nontrivial problems with a small number of nodes [22].
A major weakness of the proposed training algorithm is that

the number of possible source combinations for generating
training data may increase rapidly as more separate sources
are taken into account. However, the proposed approach can
be considered to be a useful way if the goal is to extract a few
target sources of our interest and all the remaining sources
are treated as interferences. The DNN with enough number of
hidden layers and nodes might learn the inter-dependencies
between the target sources and various composite effect of the
interfering sources simultaneously. From this aspect, it is more
suitable to call the current issue ‘target source extraction’ rather
than arbitrary ‘source separation’.

Finally, in the source separation stage, an actual mixture data
vector is applied to the DNN with the standard feedforward
processing. The output vector of the DNN is re-scaled to
such that the reconstructed mixture data vector has the
same -norm as . The estimate for the -th separate source
is then given by the product of the basis matrix with the
corresponding part of .
To verify the performance of the proposed algorithm, we car-

ried out an experiment the same as in the previous subsection.
Fig. 1 also shows the LSD obtained from the proposed DNN-
based approach. From the result, we can see that in all the tested
conditions, the performance was improved compared with that
of the conventional technique.

III. EXPERIMENTS

In order to evaluate the performance of the proposed algo-
rithm, we conducted experiments on speech enhancement where
the number of sources is assumed to be two: one for the clean
speech and the other for the additive noise. We will first briefly
review the NMF-based speech enhancement approachwhich we
have adopted in this work. In this approach, only the magnitude
spectrum of the noisy input signal is modified to estimate the
clean speech spectrum while the phase parts are kept intact. Let
denote a magnitude spectrum of the noisy input signal. Then

the estimate of the magnitude spectrum of the corresponding
clean speech, , is given by

(8)

where , , and represent
the basis matrices and encoding vectors for the speech and noise,
respectively, and and mean element-wise multiplication
and division operations.
In the experiment, clean speech data was taken from the

TIMIT database. The factory, babble, machinegun noises from
NOISEX-92 DB [23] were used for training and test, and buc-
caneer, f16 noises from NOISEX-92 DB and Cafeteria noise
from ITU-T recommendation P.501 [24] were used additionally
for the test in mismatched condition. Each waveform was sam-
pled at 16 kHz, and a 512-point Hamming window with 75%
overlap was applied. We compared the quality of the enhanced
speech obtained from the proposed algorithm with those from
the traditional NMF-based speech separation algorithm [8] and
discriminative NMF (DNMF) [13] in which the basis matrices
are trained jointly to describe mixed as well as separate data
vectors. The performance of DNN-based separation [17] which
estimates the source data vector directly from mixture data
through a DNN is also demonstrated.
In the NMF analysis, was trained based on 10000

frames of the clean speech data and was trained by using
9000 frames of noise data. The number of speech and noise basis
vectors was set to be 40 each. For DNMF analysis, and

were jointly trained over 9000 frames of speech and
noise data pairs.
To train the DNN, a set of noisy speech utterances were arti-

ficially generated with SNRs from -5 to 20 dB with 5 dB step.



232 IEEE SIGNAL PROCESSING LETTERS, VOL. 22, NO. 2, FEBRUARY 2015

TABLE I
SPEECH ENHANCEMENT PERFORMANCE WITH VARIOUS SOURCE SEPARATION ALGORITHMS: MODELS TRAINED FOR A SPECIFIC TYPE OF NOISE

TABLE II
SPEECH ENHANCEMENT PERFORMANCE WITH VARIOUS SOURCE SEPARATION ALGORITHMS IN

MATCHED CONDITIONS: MODELS TRAINED FOR POOLED NOISE DATA

TABLE III
SPEECH ENHANCEMENT PERFORMANCE WITH VARIOUS SOURCE SEPARATION ALGORITHMS IN

MISMATCHED CONDITIONS: MODELS TRAINED FOR POOLED NOISE DATA

For each SNR in this range, 23 different utterances of clean
speech were added with the noise to generate noisy speech and
corresponding encoding vectors. The DNN was constructed by
stacking 3 hidden layers with 400 nodes each. To compare the
separation performance of DNN with that of a shallow model,
we also trained a shallow neural network (SNN) consisting of
only one hidden layer with 1200 nodes. We ran 30 epochs for
pre-training of each hidden layer and 300 epochs for fine-tuning
to train DNN or SNN. The numbers of hidden layers and nodes
in each hidden layer were determined empirically to describe
complicated relation between input and output well enough
while avoiding over-fitting. The DNN which estimates the
source data vector directly [17] was constructed with the same
configuration except the target output.
Ten utterances from 5 male and 5 female speakers were used

for performance evaluation for each SNR value and noise type.
The performance of the speech enhancement was evaluated in
terms of the signal to distortion ratio (SDR), signal to interfer-
ence ratio (SIR), signal to artifacts ratio (SAR) [25] and the per-
ceptual evaluation of speech quality (PESQ) score [26]. Table I
shows the SDR, SIR, and SAR values and PESQ scores for en-
hanced speech obtained from various algorithms averaged over
all noise types when each model was trained for a specific type
of noise. From the results, we can see that the proposed al-
gorithm outperformed the conventional NMF-based techniques
and DNN-based separation.
We performed an additional experiment in which the NMF,

DNMF, SNN and DNN models were trained over all types of
noises pooled together to examine whether the proposed algo-

rithm can learn various types of source characteristics simul-
taneously. In this experiment, was trained from 9000
frames of pooled noise data. It is noted that the number of basis
vectors in was also fixed to 40 even though we pooled
all types of noise together. All the training data used in the pre-
vious experiment were pooled together for the training of the
SNN and DNN. In this experiment, we also tested in the mis-
matched conditions where the noises unseen in the training were
mixed covering wider range of SNR.
Table IIand III shows the SDR, SIR, SAR values and PESQ

scores averaged over all noise types in matched and mismatched
conditions when the model was trained for pooled noise data.
Comparing Tables Iand II, we can find that the performance
of NMF and DNMF deteriorated severely when the noise basis
was trained over a pooled noise data. In contrast, there was only
slight performance degradation in the case of SNN and DNN,
which confirms the robustness of these techniques. Moreover,
in most test conditions in the Tables IIand III, DNN-based en-
coding vector estimation showed better performances than other
algorithms.

IV. CONCLUSIONS

In this letter, we have proposed a novel approach to estimate
the encoding vectors based on DNN. Through a series of exper-
iments on speech enhancement, we have proved that the per-
formance of the proposed algorithm outperforms the conven-
tional NMF-based technique. The future work will focus on im-
proving the proposed algorithm by combining adaptation tech-
nique from dictionary learning area.
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