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Deep Learning Based Speech Separation via
NMF-Style Reconstructions
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Abstract—Deep learning based speech separation usually uses
a supervised algorithm to learn a mapping function from noisy
features to separation targets. These separation targets, either
ideal masks or magnitude spectrograms, have prominent spectro-
temporal structures. Nonnegative matrix factorization (NMF) is
a well-known representation learning technique that is capable of
capturing the basic spectral structures. Therefore, the combination
of deep learning and NMF as an organic whole is a smart strat-
egy. However, previous methods typically use deep neural networks
(DNN) and NMF for speech separation in a separate manner. In
this paper, we propose a jointly combinatorial scheme to concen-
trate the strengths of both DNN and NMF for speech separation.
NMF is used to learn the basis spectra that then are integrated
into a DNN to directly reconstruct the magnitude spectrograms
of speech and noise. Instead of predicting activation coefficients
inferred by NMF, which is used as an intermediate target by the
previous methods, DNN directly optimizes an actual separation
objective in our system, so that the accumulated errors could be
alleviated. Moreover, we explore a discriminative training objec-
tive with sparsity constraints to suppress noise and preserve more
speech components further. Systematic experiments show that the
proposed models are competitive with the previous methods.

Index Terms—Speech separation, deep neural network
(DNN), nonnegative matrix factorization (NMF), spectro-temporal
structures.

I. INTRODUCTION

S EGREGATING the interested speech from mixture sig-
nals has been shown to be important for many realistic

applications. A good speech separation system can significantly
improve the speech intelligibility and the performance of auto-
matic speech recognition (ASR) [1]–[5]. Decades of constant
efforts have been devoted to speech separation or enhancement,
and many methods have been proposed to recover the inter-
ested speech or suppress noise, such as spectral subtraction [6],
Wiener filtering [7], [8] and model-based approaches [9], [10].
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However, these methods often assume that noise is stationary
or slowly varying [11], which is hard to be met in real-world
environments. Speech separation in real-world environments is
still a challenging task and its performance is far from being
satisfactory, especially when noise is non-stationary and only
one microphone is available.

Speech separation aims to segregate the interested speech
from a mixture of signals. It can be naturally formulated as
a supervised learning problem [12]–[15]. A typical supervised
speech separation system usually learns a mapping function
from noisy features to certain ideal masks or magnitude spec-
trograms of interest by a supervised learning algorithm [12].
Deep learning is one of the most exciting supervised learning
algorithms at present and has capability of modeling the com-
plex mapping functions. Recently, deep learning based speech
separation has been extensively studied and demonstrated re-
markable performance improvements [16]–[18].

For supervised speech separation, ideal masks and magni-
tude spectrograms of interests are the commonest separation
targets. They have been proven to be able to remarkably im-
prove the intelligibility and perception quality of speech in
noisy environments [1], [2], [12], [13], [19]. Wang et al. use
classification or regression models to learn the ideal binary or
ratio masks from the noisy auditory features [12], [20], [21].
Xu et al. use a deep neural network (DNN) to directly pre-
dict the log-power spectra of target speech from the log-power
spectra of mixture signals [13]. Compared to the conventional
speech enhancement [8], these methods achieve significant per-
formance improvement. However, they ignore spectro-temporal
structures underlying separation targets. In fact, speech presents
prominent harmonic structures and temporal continuities due to
speech production mechanisms, which results in the speech sep-
aration targets, either ideal masks or magnitude spectrograms of
interests, have distinct spectro-temporal structures [22]. These
spectro-temporal structures exhibit the physical or perceptual
properties of speech, and somehow resemble speech phones
that are the constituent components that create a speech spec-
trogram [23]. In addition, they also stay relatively invariant to
various auditory environments due to the sparseness of speech
[24]. Obviously, it is very worthwhile to exploit these character-
istics, which will probably improve the performance of speech
separation [22], [25]–[27].

Nonnegative matrix factorization (NMF) is one of the well-
known representation learning techniques [28]. It can discover
parts-based representations underlying non-negative data [29].
In an NMF framework, a collection of non-negative data can
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be factorized into a basis matrix and an encoding matrix with
non-negative elements. The basis matrix consists of a number
of non-negative basis vectors. These basis vectors capture the
parts-based representations of data. They can be regarded as
the basic patterns of the non-negative data, and can approxima-
tively reconstruct the original data with their nonnegative linear
combination. The encoding matrix consists of the activation co-
efficients of the corresponding bases. It indicates which basis
components the original data is composed of. When performed
on magnitude spectrograms of speech, NMF can discover the
basic spectral patterns of speech. These spectral patterns reflect
the physical or perceptual properties of speech, and somehow
resemble speech phones [23], [30].

NMF techniques have many realistic applications and attract
many attentions of speech separation community [30]–[34].
When we perform NMF on the targets of speech separation,
such as ideal masks or magnitude spectrograms of interests,
NMF can capture the structure patterns of separation targets
[35], [36]. Williamson et al. apply the NMF reconstruction to
the magnitude spectrograms of estimated speech to further im-
prove the quality of separated speech as a post-processing step
[37]. In [22] and [27], NMF is performed on the square-root ideal
ratio mask and the magnitude spectrograms of the target speech,
respectively, to exploit their spectro-temporal structures. And a
DNN is used to learn the mapping functions from the noisy fea-
tures to the activation coefficients inferred by NMF in advance.
After obtaining the activation coefficients, the separation targets
can be approximatively reconstructed with the nonnegative lin-
ear combination of basis vectors. The reconstructed separation
targets are used to separate the target speech from the mix-
ture. Although these basis vectors capture the spectro-temporal
structure of separation targets, the NMF inference and the DNN
estimate of the activation coefficients are separately performed.
Moreover, DNN just optimizes an intermediate target generated
by NMF in advance rather then the actual separation objective.
It may lead to double estimation errors and make the separation
more sensitive to estimation errors of DNN.

The combination of DNN and NMF as an organic whole may
be a more advisable strategy. In this paper, we propose a jointly
combinatorial model of DNN and NMF for speech separation.
NMF is used to learn the universal bases of speech and noise
from a large amount of pure speech and noise, which means the
learned bases of speech and noise are speaker-independent and
noise-independent, respectively. And then the learned bases are
integrated into a DNN as an extra layer. On the one hand, NMF
exploits the spectro-temporal structures of speech and noise. On
the other hand, DNN directly reconstructs the speech and noise
from the mixture signals, and optimizes an actual separation
objective. Therefore, the proposed combinatorial model simul-
taneously combines the strengths of DNN and NMF for speech
separation. As a variant of DNN, the key difference is that the
original outputs of the proposed model are not directly used
to compute the error metric, but used as the activations of the
bases to reconstruct the magnitude spectrograms of speech and
noise. To smooth the separation results, a Wiener-type filtering
function follows the NMF reconstruction to restrict the sum of
separated speech and noise equal to the mixture. Moreover, we

further explore a discriminative training objective with sparsity
to suppress more noise and preserve more speech components.

We summarize our contributions as follows: 1) we propose a
jointly combinatorial scheme to combine the strengths of both
DNN and NMF for speech separation; 2) we explore a dis-
criminative training objective with sparsity constraints, which
strengthens the separation model to suppress more noise and
preserve more speech.

The rest of this paper is organized as follows: the problem
formulation of speech separation is presented in Section II. In
Section III, we give a review on NMF-based speech separation.
Section IV introduces the proposed approaches, including ex-
ploiting the basis spectra of speech and noise, combining DNN
and NMF, the training objective and the related works. Section V
presents our experiments and results in speech separation tasks.
Finally, we conclude this study in Section VI.

II. PROBLEM FORMULATION

Let us denote s(k) and n(k) as the pure speech and noise
signals, respectively, where k is the sample index. If we only
consider the case of additive noise, the mixture signal x(k) is
obtained by directly adding n(k) to s(k) as follows:

x(k) = s(k) + n(k). (1)

In speech processing, the short-time Fourier transform (STFT)
is one of the commonest techniques for time-frequency (T-F) de-
composition. When performing STFT on the time-domain sig-
nal, we can obtain its T-F representation. Let X(f, t), Ys(f, t)
and Yn (f, t) denote the complex-valued STFT coefficients of
x(k), s(k) and n(k), respectively, where f and t are the fre-
quency and time indices, respectively. In the STFT domain,
equation (1) can be written as:

X(f, t) = Ys(f, t) + Yn (f, t). (2)

Due to the fact that speech is sparse and statistically indepen-
dent of noise, the magnitude spectrogram of the noisy signal
can be approximated as follows [38], [39]:

|X(f, t)| ≈ |Ys(f, t)|+ |Yn (f, t)| , (3)

where |·| denotes the absolute value operator in the complex
domain. For notational simplicity, we rewrite equation (3) in
matrix form as follows:

X ≈ Ys + Yn , (4)

where X ∈ RF ×T
+ , Ys ∈ RF ×T

+ and Yn ∈ RF ×T
+ denote the

magnitude spectrograms of the mixture signal, the speech and
the noise, respectively. And F and T are the numbers of fre-
quency bins and time frames, respectively.

The task of speech separation is to obtain an estimate ŝ(k) of
target speech s(k) from a noisy signal x(k) mixed with addi-
tive noise n(k). Without considering the impact of phase, speech
separation can be treated as the estimation of target speech mag-
nitude spectrum. Although the better reconstruction is obtained
if phase is considered [40], many studies have shown that the es-
timated magnitude spectrum combined with the mixture phase
can produce good separation results [13]. Therefore, we do not
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consider the estimate of the phase and only predict the magni-
tude spectrum of speech in this study. To obtain the waveform
of the target speech, we pass the estimated magnitude spectrum
combined with the mixture phase through an inverse STFT.

III. A REVIEW ON NMF-BASED SPEECH SEPARATION

The magnitude spectrogram of noisy speech can be approxi-
mated by a product of a nonnegative basis matrix and a nonneg-
ative activation matrix as follows:

X ≈ BxAx , (5)

where Bx ∈ RF ×R
+ is the nonnegative basis matrix and Ax ∈

RR×T
+ is the nonnegative activation matrix. Bx is composed of

R nonnegative basis vectors respectively corresponding to its
columns, where R ≤ F . Each basis vector represents a basis
spectrum associated with the physical or perceptual properties
of sounds. The noisy speech contains speech and noise compo-
nents. Therefore, the basis matrix of the noisy speech consists
of two parts and can be obtained by concatenating two basis
sub-matrices as follows:

Bx =
[
Bs Bn

]
, (6)

where Bs ∈ RF ×Rs
+ is the basis matrix associated with speech

and Bn ∈ RF ×Rn
+ is the basis matrix associated with noise.

Rs and Rn are the numbers of basis vectors of speech and
noise, respectively, and Rs + Rn = R. Correspondingly, the
activation matrix is divided into two parts as follows:

Ax =
[
AT

s AT
n

]T
, (7)

where As ∈ RRs×T
+ and An ∈ RRn ×T

+ are the activation ma-
trices corresponding to Bs and Bn , respectively, and T denotes
transpose operation. Substituting equation (6) and (7) into equa-
tion (5), X is written as follows:

X ≈ BxAx =
[
Bs Bn

] [
AT

s AT
n

]T

= BsAs + BnAn = Ŷs + Ŷn , (8)

where Ŷs ∈ RF ×T
+ and Ŷn ∈ RF ×T

+ are the speech and noise
components in the mixture signals, respectively. They can be
approximately estimated by BsAs and BnAn , respectively. To
smooth the separation results further, a Wiener-type filtering
technique is usually applied to restrict the sum of the estimated
Ŷs and Ŷn equal to the original mixture [14], [34], [41], as
shown in equation (9).

Ỹs =
Ŷs

Ŷs + Ŷn

⊗X,

Ỹn =
Ŷn

Ŷs + Ŷn

⊗X, (9)

where Ỹs ∈ RF ×T
+ and Ỹn ∈ RF ×T

+ are the final estimates of
the speech and the noise magnitudes, respectively. The division
operator is performed element-wise, and⊗ denotes an element-
wise multiplication. Finally, the speech waveform ŝ(k) and the
noise waveform n̂(k) are obtained by the noisy phase and the
inverse STFT.

In NMF-based speech separation, Bs and Bn are learned
from massive pure speech and noise signals in advance. After
obtaining Bs and Bn , the basis matrix Bx of the noisy speech
is obtained by concatenating Bs and Bn , as equation (6) shows.
With Bx held fixed, the estimation of activation matrix Ax

is achieved by minimizing a cost function D(X|BxAx) that
measures the difference between X and BxAx . The common
cost functions include Euclidean distance [28], Kullback-
Leibler (KL) divergence [28], [42] and Itakura-Saito (IS) di-
vergence [33]. For speech separation, KL divergence is one of
the most popular cost functions [27], which is written as follows:

DK L (X|BxAx) = ‖X⊗ log(X/BxAx)−X + BxAx‖F ,
(10)

where ‖·‖F is the Frobenius norm, / is an element-wise division
operation, and the logarithm is applied to all the matrix elements
separately. Conventionally this function is iteratively minimized
through a multiplicative update rule as follows [28]:

Ax ← Ax ⊗
BT

x
X

Bx Ax

BT
x 1

, (11)

Bx ← Bx ⊗
X

Bx Ax
AT

x

1AT
x

, (12)

where 1 is an F × T matrix with all elements set to 1, and
the matrix divisions are performed in an element-wise manner.
Given a test data, the activation matrix Ax is estimated accord-
ing to equation (11) while the basis matrix Bx is fixed. Bx is
obtained by concatenating Bs and Bn . Correspondingly, As

and An can be obtained by dividing Ax into two parts accord-
ing to equation (7). Then the separation of speech and noise in
mixture signal can be obtained by equation (9).

IV. THE PROPOSED APPROACHES

A. Exploiting The Basic Spectra of Speech and Noise

NMF is known as one of the most popular techniques for
dictionary learning [28]. It can discover parts-based basis rep-
resentations underlying non-negative data by the nonnegative
constraints. In speech separation, NMF is usually used to learn
the basic spectral patterns Bs and Bn of speech and noise. These
basic spectral patterns are usually learned from a large scale of
appropriate training data in advance. A common approach is to
perform NMF modeling on the magnitude spectrograms of the
pure speech and noise, respectively, such as [15], [23], [30], [32].

Let S ∈ RF ×T
+ and N ∈ RF ×T

+ denote the magnitude spec-
trograms of the pure speech and noise, respectively, and they are
obtained by concatenating all frames of corresponding source
in training data into a large matrix. In the training phase, NMF
models BsAs and BnAn are fitted by minimizing the objective
functions D(S|BsAs) and D(N|BnAn ), respectively. A mul-
tiplicative update rule is conventionally used to optimize this
function. In addition to the typical NMF (denoted as “TNMF”)
proposed in [29], many variants of NMF have been proposed for
various applications, such as sparse NMF (denoted as “SNMF”)
[43], discriminative NMF (denoted as “DNMF”) [41] and con-
volutive NMF (denoted as “CNMF”) [23], [30]. They take the
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sparsity of the activations, the discrimination of the bases and the
temporal dependencies of input data into account, respectively.

SNMF: Owing to nonnegative constraints, NMF usually pro-
duces a sparse representation of nonnegative data [29]. Sparse-
ness is crucial for a parts-based representation [29]. To improve
the sparseness of representation learning further, SNMF en-
forces a sparsity regularization on the activation coefficients
while learning basis vectors. Specifically, a �1-norm sparsity
constraint with weight μ is added to the optimization objective
to constrain the activations of basis vectors, as follows:

Bs ,As = arg min
Bs ,As

(D(S|BsAs) + μ‖As‖1), (13)

where ‖·‖1 denotes �1-norm operator.
DNMF: In NMF-based speech separation, the bases of the

noisy signals are usually obtained by directly concatenating the
speech and noise bases that are separately trained in advance.
In this case, if there is a spectral overlap between the bases of
speech and noise, which cannot be avoided in real-world en-
vironments, the activations obtained by the test-time inference
objective will be different from those obtained by the training
objective. This is mostly because the test-time inference objec-
tive operates on a mixture while the training objective operates
on separated speech and noise. Obviously, the concatenated
bases cannot be used at test time, since the separated speech
and noise are unknown. To alleviate this issue, Weninger et al
propose a discriminative approach to obtain the bases of speech
and noise in [41], which takes into account the test-time infer-
ence objective at training time. Instead of separately training the
bases of speech and noise, DNMF minimizes a whole objective
to jointly learn the bases of speech and noise. It produces the
discriminative bases and alleviates the problem of the spectral
overlap in the bases of speech and noise.

CNMF: Due to speech production mechanisms, its mag-
nitude spectrogram S presents prominent harmonic structures
and temporal continuities. However conventional NMF ignores
these characteristics. To capture the time-varying nature of
speech, Paris et al extend the conventional NMF to the con-
volutive case which can extract cross-column patterns of an
input [30]. For convolutive NMF, a non-negative matrix S is
reconstructed by the convolution of a sequence of successive
basis spectra and corresponding activation pattern across time,
as follows,

S ≈
To−1∑

t=0

Bs(t)
t→
As , (14)

where Bs(t) ∈ RF ×Rs
+ is a set of bases, and To is the length

of each spectrum sequence. The function
t→
(·) denotes a column

shift operator that moves its argument t places to the right; as
each column is shifted off to the right the leftmost columns are

zero filled. Conversely, the
←t

(·) operators shifts columns off to
the left, with zero filling on the right.

Fig. 1. The architecture of Joint-DNN-NMF.

B. Combining DNN and NMF

The basis spectra of speech and noise learned by NMF con-
tain the basic constituent components of speech and noise, re-
spectively. They can be used to approximatively reconstruct the
magnitude spectrograms of speech and noise by the nonnegative
linear combination. For speech separation, the basis spectra Bs

and Bn of speech and noise are obtained in advance by per-
forming NMF on the magnitude spectrograms of pure speech
and noise in training phase. Under the spaces spanned by the
basis spectra of speech and noise respectively, DNN can be
trained to reconstruct the magnitude spectrograms of speech
and noise from the mixture input. In this paper, we proposed
a jointly combinatorial model to concentrate both strengths of
DNN and NMF for speech separation. Let us denote the jointly
combinatorial model of DNN and NMF as “Joint-DNN-NMF”.

The proposed Joint-DNN-NMF is a variant of DNN. Fig. 1
shows its architecture. Similar to DNN, Joint-DNN-NMF con-
sists of an input layer, hidden layers and an output layer. But
the difference is that the original output layer of Joint-DNN-
NMF follows an NMF reconstruction layer. This reconstruction
layer integrates the basis spectra Bs and Bn of speech and
noise learned in advance. It can reconstruct the magnitude spec-
trograms Ŷs and Ŷn of speech and noise from the mixture
input with the joint efforts of DNN and NMF. In addition, to
smooth the separation results, a Wiener-type filtering layer is
added to the NMF reconstruction layer to restrict the sum of re-
constructed speech and noise equal to the mixture. We mention
that the NMF construction and the Wiener-type filtering can be
viewed as extra layers of DNN, but they are deterministic and
has no connective weights to be optimized, and their resulting
outputs are used to compute the error metric to optimize the
network weights.

C. Training Objectives

Speech separation is aimed at segregating the interested
source (e.g, speech) from mixture signals. The different sources
in mixture signals have strong complementarity that can be
exploited for source separation. Simultaneously modeling all
sources using a model will probably improve the separation
performance, which has been demonstrated in previous works
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[14], [44]. In this paper, we adapt the architecture of DNN to
simultaneously predict the speech and noise, as shown in Fig. 1.

Given the predictions of speech and noise magnitude spectro-
grams Ỹs and Ỹn , the commonest optimization objective of the
speech separation system is to increase the similarity between
the prediction and the corresponding target as much as possible.
In other words, it minimizes the distance between the prediction
and the corresponding target, as follows:

Lsim =
∥
∥
∥Ys − Ỹs

∥
∥
∥

2
+

∥
∥
∥Yn − Ỹn

∥
∥
∥

2
, (15)

Even so, there is inevitably a certain amount of noise residue
in the separated speech, and there is also some speech residue
in the separation noise. In oder to suppress noise and preserve
more speech components further, we explore a discriminative
objective to decrease the residual noise in the separated speech
and the residual speech in the separated noise. Specifically, the
discriminative objective is implemented by decreasing the sim-
ilarity between the prediction and the targets of other sources,
as follows:

Ldis =
∥
∥
∥Ys − Ỹn

∥
∥
∥

2
+

∥
∥
∥Yn − Ỹs

∥
∥
∥

2
, (16)

When the NMF reconstruction layer of Joint-DNN-NMF per-
forms a linear combination, the NMF inference is done as fol-
lows:

Ŷs = BsÂs ; Ŷn = BnÂn , (17)

where Âs ∈ RRs×T
+ and Ân ∈ RRn ×T

+ are the original outputs
of DNN, which can be regarded as the activation coefficients of
the bases of speech and noise, respectively.

Similarly, when the NMF reconstruction layer of Joint-DNN-
NMF performs a convolution operator across time, the NMF
inference is done as follows:

Ŷs =
To−1∑

t=0

Bs(t)
t→
Âs ; Ŷn =

To−1∑

t=0

Bn (t)
t→
Ân . (18)

The equation (17) and (18) show that the separated speech
and noise are reconstructed by the corresponding basis spectra.
In the reconstruction phase, generally speaking, only few of the
basis vectors should be active at a time. To enforce a sparsity
on the activations while reconstructing speech and noise, we
add �1 sparsity constraint to Âs and Ân . Enhance, the final
optimization objective function is written by

L =
1
2
Lsim +

λ

2
Ldis + μ

(∥
∥
∥Âs

∥
∥
∥

1
+

∥
∥
∥Ân

∥
∥
∥

1

)
, (19)

where λ and μ specifies the relative importances of the corre-
sponding terms, which can be experimentally chosen.

D. Related Works

The Joint-DNN-NMF described above is different from the
previous works in [22], [26], [27], [45], [46]. [45] and [46]
use an NMF as a post-processing step to improve the quality
of the separated source after DNN. In [22] and [26], Wang
and Williamson et al. perform NMF on the square-root ideal
ratio mask (IRM) to exploit the basis spectro-temporal structure

of the separation target. Then they use a DNN to learn the
activation coefficients inferred by NMF in advance. Although
the estimated activation coefficients can be used to construct
the IRM to separate the speech and noise from the mixture,
the DNN optimizes the intermediate objective instead of the
actual separation objective. And the whole speech separation
pipelines are highly complex. Kang et al. perform NMF on
the magnitude spectrograms of the target speech as the Joint-
DNN-NMF does, but the optimization of DNN is still for the
intermediate objective [27]. The NMF inference and the DNN
estimate of the activations are separately performed.

The proposed method is also different from our previous
works in [47] and [48] that can be regarded as the prelimi-
nary versions of this work. In this paper, we systematically
explore various NMF models for learning the basis spectra of
speech and noise. In addition, we further explore a sparse output
of DNN for reconstructing magnitude spectrograms of speech
and noise.

V. SYSTEMATIC EVALUATION AND COMPARISON

In this section, we systematically evaluate the proposed com-
binatorial scheme of DNN and NMF on the speech separation
task. We also explore the combinations of NMF and gated re-
current unit (GRU) [49].

A. Dataset

For evaluation, we take the TIMIT corpus[50] and the
NOISEX-92 corpus [51] as the speech and noise dataset, re-
spectively. The TIMIT contains broadband recordings of 630
speakers of eight major dialects of American English, each read-
ing ten phonetically rich sentences. The NOISEX-92 contains 15
common types of noises in real-world environments, with length
of about 4 minutes for each. These noises mainly cover a variety
of daily noises and most of them are highly non-stationary.

For the trainings of TNMF, SNMF and CNMF, we randomly
chose 2000 utterances of speech from the TIMIT training part
to train the speech basis spectra Bs and 9 types of noises1

from the NOISEX-92 to train the noise basis spectra Bn . For
the training of DNMF, we randomly cut 2000 noise segments
from 9 types of noises according to the time length of speech
utterance, and then randomly combine them with the chosen
2000 speech utterances to produce 2000 utterances of speech
and noise pairs. Bs and Bn are jointly trained on the 2000
utterances of speech and noise pairs. Since the data for NMF
training are randomly chosen, the bases Bs and Bn are speaker-
independent and noise-independent, respectively.

For DNN training, 100 speech utterances from 50 different
speakers, with 2 utterances for each speaker, are randomly cho-
sen from the TIMIT training part. And then they are randomly
mixed with 9 types of noises2 from NOISEX-92 to generate
2000 mixture utterances at a SNR of continuous variation from
−5 to 5 dB.

1babble, factory1, buccaneer1, destroyerengine, white, machinegun, pink,
volvo, hfchannel.

2babble, factory1, buccaneer1, destroyerengine, white, machinegun, pink,
volvo, hfchannel.
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For testing, we randomly choose 100 clean speech utterances
from the TIMIT test part. Each utterance is recorded by a differ-
ent speaker. They are randomly mixed with 15 types of noises
from NOISEX-92 to generate 500 mixture utterances at −10,
−7,−5,−2, 0, 2, 5, 7 and 10 dB. 6 types of noises3 among them
are unseen in training set, which is used to test the generalization
of the separation models to the unmatched noise. Similarly, we
construct a development set of 500 mixture utterances.

While mixing speech and noise, in order to ensure that the
different parts of each noise utterance are mixed with the clean
speech utterances, we randomly cut each noise utterance of
NOISEX-92 into different parts according to the time length of
speech utterance. Each waveform was sampled at 16 kHz, and
a 512-point Hamming window with 50% overlap was applied
to produce frames of data with 32-ms frame length. Then a
512-point STFT was performed on each frame to extract its
T-F representation. 257-dimension magnitude spectrograms are
obtained by the absolute value operator on the STFT coefficients
and cutting off the symmetrical parts.

B. Evaluation Metrics

We take source to interference ratio (SIR), source to arti-
facts ratio (SAR), source to distortion ratio (SDR) [52], source
to noise ratio (SNR), perceptual evaluation of speech quality
(PESQ ∈ [−0.5, 4.5]) [53] and short-time objective intelligibil-
ity measure (STOI∈ [0, 1]) [54] as evaluation metrics. SIR, SAR
and SDR measure the ratios of source to interference, artifacts
and distortion, respectively, and can be computed by the BSS
Eval toolbox [52]. The SNR and PESQ score quantify the ratios
of source to noise and the objective speech quality, respectively,
while the STOI measures the objective speech intelligibility. In
addition, we also compute the gains of SIR, SDR, SNR, PESQ
and STOI with respect to the mixture speech, as follows:

gSDR(ŝ, s, x) = SDR(ŝ, s)− SDR(x, s),

gSIR(ŝ, s, x) = SIR(ŝ, s)− SIR(x, s),

gSNR(ŝ, s, x) = SNR(ŝ, s)− SNR(x, s),

gPESQ(ŝ, s, x) = PESQ(ŝ, s)− PESQ(x, s),

gSTOI(ŝ, s, x) = STOI(ŝ, s)− STOI(x, s), (20)

where gSIR, gSDR, gSNR, gPESQ and gSTOI denote the gains
of SIR, SDR, SNR, PESQ and STOI, respectively. s is the pure
speech, x is the mixture signals and ŝ is the separated speech. All
evaluation metrics are the weighted means of all testing clips
weighted by their lengths, and higher values mean the better
performances.

C. Comparison Methods and Configurations

Proposed models: In order to compare different combina-
tions of DNN and various NMFs, we build four Joint-DNN-
NMF models that are combined with TNMF, SNMF, DNMF and
CNMF, respectively. They are denoted as “Joint-DNN-TNMF”,

3factory2, buccaneer2, destroyerops, f16, leopard, m109.

“Joint-DNN-SNMF”, “Joint-DNN-DNMF” and “Joint-DNN-
CNMF”, respectively. These four models have similar net-
work architectures but different NMF reconstruction layers.
The NMF reconstruction layers of Joint-DNN-TNMF, Joint-
DNN-SNMF and Joint-DNN-DNMF perform the linear com-
bination operator, while that of Joint-DNN-CNMF performs a
convolutive combination operator. Similarly, we also compare
the combinations of GRU and various NMFs, including “Joint-
GRU-TNMF”, “Joint-GRU-SNMF”, “Joint-GRU-DNMF” and
“Joint-GRU-CNMF”.

Comparison models: We take the DNN-based and DNN-
NMF-based systems as the comparisons. The DNN-based meth-
ods, including “DNN-SPE-NOI-n” [55], [56], “DNN-SPE-n”
[55], [56], “DNN-IRM-n” [12] and “DNN-PSF-n” [40], use a
DNN to learn a mapping function from noisy features to separa-
tion targets. DNN-SPE-n predicts n frames of magnitude spectra
of target speech, while DNN-SPE-NOI-n simultaneously pre-
dicts n frames of magnitude spectra of speech and noise. They
both use the MSE-based magnitude approximation as training
objective, as shown in equation (15). DNN-IRM-n takes the
ideal ratio mask (IRM) as its separation target and predicts n
frames of IRMs at a time. The IRM is computed as follows:

IRM =

√
|Ys |2

|Ys |2 + |Yn |2
. (21)

where Ys and Yn are the magnitude spectra of the clean speech
and noise in the mixture signals, respectively. DNN-PSF-n uses
a phase-sensitive spectrum approximation (PSA) objective [40]
and predicts n frames of |Ys(f, t)| cos(θ) by â |X(f, t)|, as
follows:

Dpsa(â) = (â |X(f, t)| − |Ys(f, t)| cos(θ))2 . (22)

where θ = θs − θx . θs and θx are the phase angles of clean
speech and mixture signal, respectively. |X(f, t)| and |Ys(f, t)|
are the amplitudes of mixture signal and clean speech. â is the
output of DNN. We mention that we truncate â to between 0
and 1 to fit the range of a sigmoid unit. Although DNN-IRM-
n, DNN-PSA-n, DNN-SPE-n and DNN-SPE-NOI-n predict n
frames of separation targets, we only take the center frame to
separate speech and noise from the mixture signals.

Instead of directly predicting separation targets, The DNN-
NMF-based (denoted as “Kang-DNN-NMF” [27]) use a DNN to
predict the activation coefficients inferred by NMF in advance.
Then the predicted activations are used to reconstruct the mag-
nitude spectrums of speech and noise by the nonnegative linear
combinations of the corresponding basis spectra. In addition,
we also compare with our previous works, “Pre-DNN-TNMF”
[47] and “Pre-DNN-CNMF” [48]. They did not consider the
sparsity constraints on the output of DNN compared to Joint-
DNN-TNMF and Joint-DNN-CNMF.

NMF configurations: All NMF models (including TNMF,
SNMF, DNMF and CNMF) are performed on the magnitude
spectrograms of pure speech and noise to obtain the basis spec-
tra. To capture temporal structures of magnitude spectrograms,
a sliding window of 5 frames is used for TNMF, SNMF and
DNMF. Specifically, we concatenate the neighboring contextual
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Fig. 2. A collection of speech basis spectra respectively discovered by (a) TNMF, (b) SNMF, (c) DNMF and (d) CNMF (trained with the TIMIT training
database). A collection of noise basis spectra respectively discovered by (e) TNMF, (f) SNMF, (g) DNMF and (h) CNMF (trained with 9 noises taken from the
NOISEX-92 dataset). Each NMF is trained on magnitude spectrograms with a sliding window of 5 frames to produce 256 bases, but here only 40 bases are shown
for each case.

frames of STFT magnitudes into a 257× 5 dimensional column
vector. A set of 257× 5 dimensional column vectors from the
training set are used to train NMF, and resulting in 257× 5 di-
mensional NMF basic vectors. Similarly, CNMF uses a temporal
extent of 5 frames, To = 5. We empirically set the numbers of
both speech and noise bases to be 256 according to the results
of [43], [23] and [41]. Our preliminary experiment shows larger
numbers of bases (e.g., 1000) does not seem to improve the
performance significantly. And, the sparsity weights of TNMF,
SNMF, DNMF and CNMF are empirically set to 0, 5, 5 and 0.3
in accordance to [43], [41] and [23], respectively. For TNMF,
SNMF and CNMF, we use the best configurations and code
implementations provided by [43] and [23], respectively, while
DNMF is implemented and configured according to [41].

NN configurations: For simplicity, unless mentioned explic-
itly, a DNN with two hidden layers of 1000 rectified linear units
(ReLU) [57] are used for the DNN-based, DNN-NMF-based
and the proposed Joint-DNN-NMF speech separation models.
For Joint-GRU-NMF, we use a two-layers GRU with 800 cells as
the separation models. In addition, we also apply batch normal-
ization to the input-to-hidden transitions of each hidden layer
for DNN and GRU, which can lead to a faster convergence of
the training criterion [58].

According to the prediction targets, the output layer of DNN-
IRM-n has 257× n units and uses a sigmoid as the activa-
tion function. DNN-SPE-NOI-n has 257× n× 2 output nodes,
while DNN-SPE-n has 257× n output units. They both use
ReLU [57] as the activation function for the output layers.
Kang-DNN-NMF has 256× 2 output nodes due to it predicting
the activation coefficients of speech and noise bases. For the
proposed Joint-DNN-NMF, Joint-GRU-NMF and our previous
models, their output layers follow an NMF reconstruction layer
to obtain the estimates of magnitude spectrograms of speech and
noise. Their original outputs are used as the activation coeffi-
cients of NMF reconstructions. Therefore, their original output

layers have 256× 2 units. Due to that the activation coefficients
are nonnegative and exceed [0, 1], we use ReLU [57] as the
activation function of output layers.

All separation systems are implemented with PyTorch4, and
all networks are trained from a random initialization by the
Adam optimizer [59]. The initial learning rate is set to 0.0001
and the maximum epoch is set to 50. A dropout regularization
of 0.15 is used to avoid over-fitting.

In following experiments, we use the 257-dimension STFT
magnitude spectrum of mixture signals as the input feature,
and each dimension of input features is normalized to have zero
mean and unit variance over the training set. To capture temporal
information, 5 frames of context features (2 frames on each side
of the current frame) are concatenated as the final inputs of
all models.

D. Comparison Among Different NMF models

In this section, we systematically analyze and compare four
popular NMF models, including TNMF, SNMF, DNMF and
CNMF. All NMF models are trained on the same datasets.
Fig. 2 presents the basis spectra learned by different NMFs.
They exhibit prominent spectro-temporal structure, especially
for speech, the learned basis spectra intuitively resemble some
phonemes that are the most basic constituent component of
speech. Although NMF is just a shallow and linear autoencoder
model, it indeed captures the structural representation with phys-
ical or perceptual properties. Moreover, we also observe that the
expressive power of each basis seems to be extended when in-
troducing a sparseness constraint on the activations of the basis
functions, as Fig. 2-(b) shows. Specifically, the basis spectra
extracted by SNMF exhibit a richer and more complete struc-
ture in phonetic features, especially where harmonics at higher

4PyTorch: https://github.com/pytorch/pytorch
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Fig. 3. The average gSDR, SAR, gSIR and gSNR comparisons of TNMF,
SNMF, DNMF and CNMF on the test set.

frequencies have a much greater intensity. Although the basis
spectra learned by DNMF seems to resemble those learned by
SNMF, there still are some distinct differences, such as the basis
spectra in the rectangles with the red and solid border as shown
in Fig. 2-(b) and (c). This is mainly because DNMF jointly
learns the bases of speech and noise by discriminative training,
which strengthens the ability in dealing with the case of spec-
tral overlap in the bases of the different sources, while other
NMFs separately learn the bases of different sources. Fig. 2-(d)
presents the speech basis spectra learned by CNMF. We observe
that changes over time are much more varied, as shows in the red
dotted ellipse of Fig. 2-(d). It suggests that CNMF can captures
more time-varying nature than other NMFs.

In addition, we apply the learned basis spectra of speech and
noise to the NMF inference for speech separation to further es-
timate the performances of different NMF models. To smooth
the separation results, a Wiener-type filtering technique is used
as the post-processing of speech separation. Fig. 3 reports the
separation results of different NMF models on the same test
dataset. It can be observed that DNMF achieves the best perfor-
mance on SDR, SIR and SNR, especially on SIR, but behaves
worse on SAR than TNMF. It suggests that DNMF can suppress
more interferences, but at the same time it also brings in more
artifacts. This could be attributed to DNMF being able to deal
with the case where there is spectral overlap between the bases
of speech and noise. SNMF and CNMF achieve similar perfor-
mances with only slight differences, and they consistently and
significantly outperform TNMF on SDR and SIR. This mainly
owes to the sparseness constraint and convolutional construc-
tion being able to strengthen the expressive power of each basis.
These results reported here are consistent with those reported in
[15], [23], [43].

E. Comparison Among Different Separation Models

This scenario aims to evaluate how the different combinatorial
models of neural networks and NMFs affects the performance
of speech separation, including Joint-DNN-NMF-based and
Joint-GRU-NMF-based models. “Joint-DNN-*NMF-*” repre-
sents the combination of DNN and various NMFs (including

TABLE I
SPEECH SEPARATION PERFORMANCES OF VARIOUS

MODELS ON THE DEVELOPMENT SET

TNMF, SNMF, DNMF and CNMF), while “Joint-GRU-*NMF-
*” represents the combination of GRU and various NMFs. For
“Joint-DNN-*NMF-*” and “Joint-GRU-*NMF-*”, their NMF
construction layers are initialized by the learned speech and
noise bases in advance, where “Fixed” means the NMF con-
struction layers are fixed in the training phase and “Updated”
means the NMF layers initialized with the NMF bases will be
fine-tuned in the training phase. But for “Joint-DNN-randNMF-
*” and “Joint-DNN-randCNMF-*”, their NMF construction lay-
ers are randomly initialized by a uniform distribution of [0, 1]
and fine-tuned in the training phase. “Lsim ” means that the
separation model takes the MSE-based magnitude approxima-
tion as the training objective, as shown in equation (15). In
order to compare the log-magnitude spectrum and the magni-
tude spectrum, we also report the separation results obtained by
using the log-magnitude spectrum as the input feature, as shown
in LgJoint-DNN-Fixed*NMF-Lsim . For all Joint-DNN-NMF-
based and Joint-GRU-NMF-based models, the Wiener-type fil-
tering layer is kept to restrict the sum of separated speech and
noise equal to the mixture. Our preliminary experiment shows
the Wiener-type filter layer boosts the Joint-DNN-NMF and
Joint-GRU-NMF models. Table I reports the overall perfor-
mances of various speech separation models on the test dataset.
It can be seen that that GRU has not achieved the desired per-
formance improvement compared with DNN, which is in accor-
dance with the results of [60]. In the combinatorial models of
neural networks and NMFs, “Joint-DNN-FixedDNMF-*” and
“Joint-GRU-FixedDNMF-*” both achieve best performance on
most metrics, which is mainly due to the fact that DNMF can
learn the discriminative bases and alleviate the problem of the
spectral overlap in the bases of speech and noise. Compared with
the “Fixed” NMF layers, the “Updated” NMF layers improve
the separation performance further. The “Fixed” and “Updated”
NMF layers both outperform the randomly initialized NMF lay-
ers on gSDR, SAR, gSIR and gSTOI, which is mainly due to
the fact that the bases learned by NMF capture the priori knowl-
edge of speech and noise with the extra pure data. In addition, we
also observe that the magnitude spectrum and the log-magnitude
spectrum achieve almost the same performance on most metrics.
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Fig. 4. The performances obtained with Joint-DNN-TNMF for various dis-
crimination weights λ on the development set. (a) the average gains in SDR; (b)
the average SAR; (c) the average gains in SIR; (d) the average gains in PESQ.

F. Comparison With Different Discrimination Weights λ

This scenario aims to evaluate how the discrimination weights
λ of the optimization objective affects the performance of speech
separation. λ specifies the relative importance of the discrimi-
native term for the optimization objective. The discriminative
term forces the speech separation model to decrease the residual
noise in the separated speech and the residual speech in the sep-
arated noise. Larger λ means the severer penalty to the residual
speech and noise. But the excessive elimination of noise will
also damage the speech components. Therefore, an appropri-
ate λ is very important to speech separation. For simplicity, we
choose the hyper-parameter λ only according to the performance
of Joint-DNN-TNMF on the development set. This facilitation
is justified in the sense of the optimization objective. In the
experiments, we set the sparsity weight μ to 0 and choose λ

from {0, 0.005, 0.01, 0.02, 0.05, 0.1, 0.25, 0.5, 1.0}. Fig. 4 re-
ports the yielding performances on gSDR, gSIR, SAR and
gPESQ for various discrimination weights λ. It can be seen
that the improvement of gSIR is more and more significant with
the increase of λ, but the improvement has disappeared since
λ = 0.5. It means that the larger λ can suppress more interfer-
ences, but the excessive values will damage speech components.
We also observe that there is a slight improvement of gSDR and
SAR for λ ≤ 0.02, and the gPESQ decreases only slightly. This
suggests that a small discrimination weight λ is able to suppress
more interferences with very little cost of artifacts and distortion.
For balancing different performance goals, we choose λ = 0.02
for the experiments.

G. Comparison With Different Sparsity Weights μ

This scenario aims to evaluate how the sparsity weights μ
affects the performance of speech separation. The �1 sparsity
constraint with weight μ is performed on Âs and Ân to en-
force a sparsity on the output of DNN. Larger μ means a
larger sparsity penalty, which can ensures that only a small

Fig. 5. The performances obtained with Joint-DNN-TNMF, Joint-DNN-
SNMF, Joint-DNN-DNMF and Joint-DNN-CNMF for various sparsity weights
μ on the development set. (a) the average gains in SDR; (b) the average SAR;
(c) the average gains in SIR; (d) the average gains in PESQ.

TABLE II
SPEECH SEPARATION PERFORMANCES OF VARIOUS

MODELS ON THE TEST DATASET

number of basis spectra will be active while reconstructing.
It is important to choose a appropriate sparsity weights μ for
the proposed speech separation models. We choose μ from
{0, 0.01, 0.05, 0.1, 0.5, 1, 5, 10} according to the performance
on the development set. Fig. 5 reports the achieved perfor-
mances by Joint-DNN-TNMF, Joint-DNN-SNMF, Joint-DNN-
DNMF and Joint-DNN-CNMF for various sparsity weights μ.
We observe that there is only a slight performance difference
for the small sparsity weights (μ < 0.1). While it might not be
obvious, we also observe a slight improvement on gSDR for
Joint-DNN-TNMF, Joint-DNN-SNMF and Joint-DNN-DNMF
at μ < 1. Joint-DNN-TNMF and Joint-DNN-SNMF achieve
the best gSIRs at μ = 5 and μ = 1, respectively, while the
gSIR obtained by Joint-DNN-DNMF is monotonically increas-
ing for μ = [0, 10]. The SAR and gPESQ of Joint-DNN-TNMF,
Joint-DNN-SNMF and Joint-DNN-DNMF are less sensitive to
the sparsity weight, but the excessive sparsity weights (μ > 1)
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TABLE III
SPEECH SEPARATION PERFORMANCES WITH VARIOUS SOURCE SEPARATION MODELS IN NOISE-MATCHED AND NOISE-UNMATCHED CONDITIONS

degrade their performances on SAR and gPESQ. With a compre-
hensive consideration, we choose μ = 1 for Joint-DNN-TNMF,
Joint-DNN-SNMF and Joint-DNN-DNMF, μ = 0.1 for Joint-
DNN-CNMF. In addition, we also observe that Joint-DNN-
DNMF significantly outperforms Joint-DNN-SNMF on gSDR,
gSIR and gPESQ, which is consistent with the results of SNMF
and DNMF reported in [41].

H. Results and Discussions

In this section, we systematically evaluate the performances
of the proposed models and the comparison models on the test
dataset. According to the above analyses and discussions on the
hyper-parameters λ and μ, we set λ = 0.02 for all proposed mod-
els, and set μ = 1 for Joint-DNN-TNMF, Joint-DNN-SNMF
and Joint-DNN-DNMF, and μ = 0.1 for Joint-DNN-CNMF.
We report the overall performances by various speech separation
models on the test dataset, as shown in Table II. To further evalu-
ate the generalization abilities to unmatched noise, we compare
the performances of separation models on the noise-matched
and noise-unmatched conditions, as shown in Table III.

Firstly, we compare the effects of different separation targets
on the separation performance, including the mask approxi-
mation, spectrum approximation and phase-sensitive spectrum
approximation objectives. DNN-IRM-n, DNN-PSA-n, DNN-
SPE-n and DNN-SPE-NOI-n predict n frames of separation
target at a time, but we only take the center frame of sepa-
ration target to separate speech and noise from the mixture
signals. For DNN-SPE-NOI-n, a Wiener-type filtering post-
processing as shown in equation (9) is applied to the predicted
speech spectrum and noise spectrum to obtain the final sepa-
rated speech and noise. It can be seen that the multiple frames
of contextual separation targets outperforms the single frame
of separation target on most evaluation metrics, which could
be attributed to the temporal structures contained in separation
targets and the fact that DNN is good at learning the struc-
tural targets. We also observe that simultaneously predicting the
magnitude spectrums of speech and noise improves the separa-
tion performance. On the one hand, the magnitude spectrums

of speech and noise have strong complementarity that can be
exploited for speech separation, on the other hand, our pre-
liminary experiment shows that the Wiener-type filtering post-
processing can improve the performance of DNN-SPE-NOI-n
further. Compared with DNN-IRM-n and DNN-SPE-n, it can be
seen that the mask approximation and spectrum approximation
objectives have their respective advantages on different metrics,
and the mask approximation objective achieves better SAR, and
the magnitude approximation objective achieves better gSIR. In
addition, DNN-PSA-n has significant performance advantages
on gSDR and gSIR, especially in gSIR, which is due to the fact
that the PSA objective is derived by maximized SNR [40]. Al-
though the PSA objective suppresses more noise, it also damages
the speech components and leads to more speech distortion.

Secondly, we evaluate the combinatorial models of DNN and
NMF. In order to capture temporal structures of magnitude spec-
trograms, we use 5 frames of concatenated STFT magnitudes
to train NMF, and resulting in 257× 5 dimensional NMF ba-
sic vectors. Therefore, the NMF reconstruction layers of Joint-
DNN-*NMF will produce 5 frames of magnitude spectrums of
speech and noise at a time. But we only take the center frame
to separate speech and noise from the mixture signals. Com-
pared to the separate DNN models, the combinatorial models
of DNN and NMF achieve a certain performance improvements
on gSDR, gSIR and gPESQ. This mainly owes to the joint ef-
forts of DNN and NMF. On the one hand, NMF can exploit
spectro-temporal structures of speech and noise by the learned
basis spectra from massive pure speech and noise. On the other
hand, DNN has strong modeling capabilities in learning the
nonlinear mapping from input to target. The proposed combi-
natorial scheme concentrates the strengths of both DNN and
NMF for speech separation. Although Kang-DNN-NMF also
exploits the strengths of both DNN and NMF for speech sepa-
ration, the NMF reference and the DNN estimate of the activa-
tions are performed in a separate or pipeline manner. This will
lead to a double error problem, and make the separation more
sensitive to estimation errors of DNN. Therefore, Kang-DNN-
NMF achieves a worse performance than the proposed combi-
natorial models, especially in unmatched noise conditions. In
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Fig. 6. The separation performances of various separation models at different
input SNR conditions. (a) the average gains in SDR; (b) the average gains in
SIR; (c) the average gains in PESQ; (d) the average gains in STOI.

addition, the proposed Joint-DNN-TNMF and Joint-DNN-
CNMF achieve equivalent performance on most metrics
compared to their previous versions, Pre-DNN-TNMF and
Pre-DNN-CNMF, but a significant improvement on gSIR. This
could be attributed to discriminative training objective with spar-
sity constraints being able to suppress more noise with very little
cost of artifacts and distortion. We also evaluated the general-
ization performance of the proposed models for the mismatched
noise. It can be seen from Table III that the performance of all
separation models will decrease in the noise-unmatched condi-
tion. Compared to the separate DNN models and Kang-DNN-
NMF, the combinatorial models of DNN and NMF perform
better in the noise-unmatched condition, which could be at-
tributed to a priori knowledges of speech and noise exploited by
NMF from the extra speech and noise data.

Thirdly, we also report the separation performances of various
separation models at different input SNR conditions, as shown in
Fig. 6. It can be seen that the proposed combinatorial models of
DNN and NMF perform better at most input SNRs, but DNN-
PSA-5 seems to achieve better gSDR and gSIR at low SNR
conditions, which is due to the fact that DNN-PSA-5 loosened
the assumption that noise and speech are independent and use
a phase-sensitive objective. We also observe that gPESQ and
gSTOI have a peak between -5dB and 5dB, which is mainly due
to the fact that the input SNRs of the training data and the test
data are matched (The SNR of the training set is between−5 dB
and 5 dB).

Finally, we present several examples of separation results on
Fig. 7. We can observe that the proposed Joint-DNN-TNMF can
recover the speech with high quality from the mixture. Com-
pared to that by DNN-SPE-NOI-5, the separated speech spec-
trogram by Joint-DNN-TNMF presents more complete spectra
structures and contains less noise residues. This result suggests
that Joint-DNN-TNMF can suppress more interferences with
less artifacts and speech distortion. It mainly owes to that the
joint combinatorial models of DNN and NMF can preserve the

Fig. 7. Top left: the magnitude spectrogram of the mixture signal of the
destroyerengine noise and pure speech at -2dB SNR (in log scale); Top right:
the groundtruth spectrogram for pure speech; Bottom left: the separation result
by DNN-SPE-NOI-5; Bottom right: the separation result by Joint-DNN-TNMF.

speech spectra structures and the discriminative training objec-
tive can suppress more interferences.

VI. CONCLUSION AND FUTURE WORK

In this study, we propose a jointly combinatorial scheme that
concentrates the strengths of DNN and NMF for speech sep-
aration. NMF is used to learn the basis spectra of speech and
noise, and DNN is used to estimate the activations of the basis
spectra. The NMF inference and the estimate of the activations
are integrated into a DNN to jointly reconstruct the clean speech
and noise from the mixture input. The joint efforts of DNN and
NMF improve the performances of speech separation. In addi-
tion, to suppress more noise, we further propose a discriminative
optimization objective with sparsity constraints. It decreases the
residues in the separated speech and noise and significantly im-
proves the gSIR performance. The experimental results show
that the proposed models can suppress more interferences with
very little cost of artifacts and distortion, and outperform the
comparison models. This study suggests that the cooperation
between generative and deep learning models is substantially
promising for speech separation. The generative models can ex-
ploit the basis spectra structures underlying speech and noise,
and the deep learning models can learn the complex nonlin-
ear mapping from noisy features to separation targets by su-
pervised learning. Inspired by this idea, we can explore var-
ious generative models and deep learning models for speech
separation. One direction is to further explore deep genera-
tive models to exploit the spectro-temporal structures of speech
and noise, such as deep NMF[25] and deep auto-encoder [61].
Another direction is to explore more powerful deep learning
models to exploit the inherent characteristics of speech, such as
CNN[62].
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