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Abstract: The cocktail party problem, i.e., tracing and recognizing the speech of a speciﬁc speaker when multiple
speakers talk simultaneously, is one of the critical problems yet to be solved to enable the wide application of
automatic speech recognition (ASR) systems. In this overview paper, we review the techniques proposed in the
last two decades in attacking this problem. We focus our discussions on the speech separation problem given
its central role in the cocktail party environment, and describe the conventional single-channel techniques such as
computational auditory scene analysis (CASA), non-negative matrix factorization (NMF) and generative models, the
conventional multi-channel techniques such as beamforming and multi-channel blind source separation, and the newly
developed deep learning-based techniques, such as deep clustering (DPCL), the deep attractor network (DANet), and
permutation invariant training (PIT). We also present techniques developed to improve ASR accuracy and speaker
identiﬁcation in the cocktail party environment. We argue eﬀectively exploiting information in the microphone array,
the acoustic training set, and the language itself using a more powerful model. Better optimization objective and
techniques will be the approach to solving the cocktail party problem.
Key words: Cocktail party problem; Computational auditory scene analysis; Non-negative matrix factorization;
Permutation invariant training; Multi-talker speech processing
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1 Introduction
Although the accuracy of automatic speech
recognition (ASR) systems has surpassed the threshold for adoption for many real-world applications
(Hinton et al., 2012; Abdel-Hamid et al., 2014;
Yu and Deng, 2014; Bi et al., 2015; Peddinti et al.,
2015; Sainath et al., 2015; Qian et al., 2016;
Sercu et al., 2016; Xiong et al., 2016; Yu and Li,
2017), there are still diﬃculties to be solved to
make ASR systems more robust and more widely
deployed (Qian et al., 2018). The cocktail party
‡
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problem, i.e., tracing and recognizing the speech
from a speciﬁc speaker when multiple speakers talk
simultaneously and when other background noise is
involved, is one such problem. The cocktail party
problem has been widely observed. Solving it could
enable many scenarios and applications, such as
meeting transcription, multi-party human–machine
interaction, and hearing impairment assistants,
where overlapped speech cannot be ignored.
There is a long history of research on the cocktail party problem (Cherry, 1953; Wang and Brown,
2006; Kolbæk et al., 2017a; Yu et al., 2017b). Although the processing mechanisms seem clear and
related tasks are easy for humans, researchers
have found it surprisingly diﬃcult to give machines the same ability. Although many approaches
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were proposed and attempted in the early days,
including those based on signal processing techniques (Ephraim and Malah, 1985; Hu and Loizou,
2007, 2008), computational auditory scene analysis (CASA) (Brown and Cooke, 1994; Ellis, 1996;
Wang and Brown, 2006), non-negative matrix factorization (NMF) (Raj et al., 2010; Schuller et al.,
2010; Chen et al., 2014), and microphone array
techniques (Fischer and Simmer, 1996; Kellermann,
1997; Anguera et al., 2007; Benesty et al., 2007), a
few of these approaches achieved robust performance
with a high separation quality, especially when only
a single channel of the mixed signal is available or
the speakers are facing the same direction.
Inspired by the great success of deep learning in speech recognition (Sainath et al., 2013;
Xiong et al., 2016; Yu et al., 2016) and speaker
identiﬁcation (Lei et al., 2014; Variani et al., 2014;
Liu et al., 2015), deep learning-based techniques
have been developed recently to address the cocktail party problem. These new techniques signiﬁcantly outperform the conventional approaches, and
performance improvements are particularly impressive for recent techniques such as deep clustering
(DPCL) (Hershey et al., 2016), the deep attractor
network (DANet) (Chen et al., 2017b), and permutation invariant training (PIT) (Yu et al., 2017a,b).
The preliminary success ignites new hope and provides important stepping stones towards eventually
solving the cocktail party problem.
This paper aims to provide a comprehensive survey of the popular and eﬀective solutions to the
cocktail party problem developed in the past two
decades. We focus on the recent progress achieved
with deep learning technologies and the remaining
diﬃculties and challenges ahead. We hope this survey can help readers become familiar with this active
research area, and gain insights into the possible research directions for addressing this interesting and
important problem.

2 Cocktail party problem
Natural auditory environments, such as cocktail parties, usually contain many concurrently existing sounds, including speech signals from multiple speakers and other sounds such as music and
instruments. The cocktail party problem is the
task of separating these mixed sounds and paying
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attention to only one or two sounds of interest, often speech signals, in such complex auditory environments (Fig. 1). The cocktail party problem is
quite interesting yet diﬃcult to solve. Although
there is a long history of research on how humans
behave in the cocktail party environment and many
attempts have been make to develop computer algorithms to match a machine’s ability to that of
humans in such environments, the cocktail party
problem remains a challenge to be solved to enable a truly free conversation between humans and
computers.

Fig. 1 A typical cocktail party scene (image from
Daniel Hagerman: High Society Cocktail Party—End
of Prohibition 1933 )

Although the cocktail party problem is diﬃcult
for computers, it seems to be easy for humans. Humans can separate a signal consisting of multiple
sources and attend to recognize one single source
(Mesgarani and Chang, 2012; Chen, 2017). For instance, at a typical cocktail party, people can easily
concentrate on the speech of the conversational talkers, the song from the singers, or the melody from the
musical instruments. Mesgarani and Chang (2012)
conducted a research on the cortical representation
of multi-talker mixed speech, and concluded that the
human auditory system restores the representation
of speaker of interest while suppressing irrelevant
competing speech. In fact, this ability exists in not
only humans but also other species. For example,
animals can easily identify the sounds from mates or
enemies in crowded environments where many animals vocalize at the same time (McDermott, 2009).
To match a computer’s ability to that of humans and animals in the cocktail party environment,
we need to attack two distinct challenges. The ﬁrst
challenge is how to separate sounds from the mixed
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signal, which is the sum of all sounds in the complex auditory scene. Humans are typically interested
in and capable of concentrating on only one or two
sound sources at the same time and thus need only
to separate these sounds from the mixture. However, computers can multi-task, and thus it is desirable to separate all sound sources from the mixture.
The second challenge, which is very important in
multi-talker conversation, is how to trace and hold
attention to the sound of interest source and switch
attention among sources. In most cases, these two
challenges are intertwined: the attention to the target source of interest can beneﬁt from good separation and the separation can beneﬁt from speaker
tracing.
The term ‘cocktail party problem’ was coined in
Cherry’s classic paper (Cherry, 1953). This paper
studied whether humans can select one speech signal
over another, whether they retain anything about the
non-selected signal, and how they can switch their
attention between signals. About four decades later,
Bregman (1990) began studying sound segregation,
termed ‘auditory scene analysis’. In fact, most of the
past and current work on the cocktail party problem focused on the ﬁrst challenge (Du et al., 2014;
Xu et al., 2014; Wang et al., 2014; Weninger et al.,
2015; Chen, 2017), i.e., sound segregation, which is
also the main focus of this paper.
To evaluate the performance of the solution to the cocktail party problem, many metrics have been proposed to measure the ability
of sound separation (usually speech separation)
and target source attention (usually target speaker
tracing).
For example, for the speech separation task, the metrics for speech quality, such as
perceptual evaluation of speech quality (PESQ)
(Rix et al., 2001), source-to-noise ratio (SNR),
source-to-distortion ratio (SDR), source-to-artifacts
ratio (SAR) (Vincent et al., 2006), and short-time
objective intelligibility (STOI) (Taal et al., 2010),
are commonly used. In some scenarios, the performance measurement is task dependent. For example,
in the multi-talker speech recognition task, speech
separation is just an intermediate step and the essential metric of the system is the recognition accuracy
measured with, e.g., the word error rate (WER).
In the multi-talker speaker identiﬁcation task, the
equal error rate (EER) is often used to evaluate
the performance of the solution in the cocktail party
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environment.
Although researchers have not achieved a solution yet, many technologies have been proposed to
attack the cocktail party problem over the past two
decades. In Sections 3–7 we will review the most
popular ones.

3 Conventional single-channel
niques

tech-

3.1 Computational auditory scene analysis
Although speech separation has proved to be
diﬃcult for computers, it is remarkably easy for the
human auditory system. An obvious idea is to study
how humans separate speech and learn from them.
CASA follows this idea exactly.
In psychoacoustic research, the perceptual process of separating mixtures of sound sources is called
‘auditory scene analysis (ASA)’ (Bregman, 1990).
Research in ASA has inspired CASA (Hu and Wang,
2004; Wang, 2005; Wang and Brown, 2006), in which
certain segmentation rules based on perceptual
grouping cues are (often semi-manually) designed
to operate on low-level features to estimate a time–
frequency (T-F) mask that isolates the signal components belonging to diﬀerent speakers. This mask
is then used to reconstruct the signal. For example, natural speech contains both voiced and unvoiced portions, and voiced portions account for
about 75%–80% of spoken English (Hu and Wang,
2008). Because voiced speech is characterized by
periodicity (or harmonicity), harmonicity has been
used as a primary cue in many CASA systems for
segregating voiced speech (Brown and Cooke, 1994).
Although CASA was proposed more than a
decade ago, techniques based on the same principles
are still being developed. Hu and Wang (2010) used
a tandem algorithm to generate multiple simultaneous speech streams, and then grouped them sequentially by maximizing a joint speaker recognition score
where speakers are described with Gaussian mixture
models (GMMs). Hu and Wang (2013) proposed to
use the information from a co-channel signal to improve the segmentation and grouping in CASA. An
input scene is decomposed into T-F segments, each
of which originates primarily from a single sound
source. Grouping selectively aggregates segments to
form streams corresponding to sound sources. Both
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simultaneous and sequential grouping techniques are
used. Simultaneous grouping organizes sound components across frequencies to produce simultaneous
streams, and sequential grouping links them across
time to form ﬁnal sound streams.
Although CASA simulates the high-level behavior of human listening, it suﬀers from many drawbacks. First, it works on only speech and may fail
in the broader perspective of audio source separation. Second, most of the rules are manually designed based on a limited number of observations
and generalize poorly. Third, since the ﬁnal separation is based on T-F segmentation (i.e., each T-F bin
belongs to only one sound source), the best possible result is agreement with the oracle binary mask,
which has been shown to be suboptimal in most scenarios (Wang, 2005; Kjems et al., 2009). Fourth, the
entire system heavily depends on the accuracy of
the pitch tracker, which is not robust under complex
acoustic conditions. Fifth, it is limited because it
cannot learn from data automatically.
3.2 Non-negative matrix factorization
In CASA, the T-F bins are grouped together
based mainly on the hand-designed rules from human observations. To ﬁnd the complex inherent
characteristics from data, the data-driven methods
were proposed. NMF (Lee and Seung, 2001), along
with other matrix decomposition models, was built
based on the assumption that the audio spectrogram
has a low rank structure that can be represented
with a small number of bases. Under certain conditions, the decomposition in NMF is unique and
no other orthogonality or independence assumptions
are needed. Speciﬁcally, in NMF,

Ws H s ,
(1)
Y =
s

where each source s is modeled by the low rank approximation with non-negative matrices Ws and Hs
and then summed to form mixture Y . Because of the
non-negativity of the decomposition matrices, there
is no cancellation between sources in the reconstruction of mixture spectra Y , which models the additivity between mixed sources.
Fig. 2 illustrates the basic NMF process. In
the training stage, each clean source, e.g., speech,
noise, and music, is decomposed and mapped into
a set of bases and activations, and a source-speciﬁc
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Fig. 2 The training phase where a dictionary set is
learned for each individual source, and the testing
phase where activation is inferred from non-negative
matrix factorization, which is then used to reconstruct the source signals, given the dictionary and
testing data

dictionary W is formed. During the testing stage, all
the source-speciﬁc dictionaries learned are merged
into a combined dictionary. This combined dictionary is ﬁxed and only activation H is optimized for
each source, in which case the optimization is convex
and a global optimum can be achieved. Each source
in the mixture is then reconstructed by the bases
and the corresponding activations. The basic NMF
algorithm is
min D(Y W H)

(2)

s.t. W , H ≥ 0.

(3)

W,H

Several variations of the NMF methods have been
proposed. For example, the sparse NMF (Hoyer,
2004; Schmidt and Olsson, 2006; Virtanen, 2007)
forces activation H to be sparse. In the convolutional NMF (Behnke, 2003; Bello, 2010; Chen et al.,
2014), the spectrogram is decomposed into the convolution (instead of multiplication) of the basis and
the activation. The robust NMF (Zhang et al., 2011;
Chen and Ellis, 2013) combines NMF with robust
principal component analysis.
The success of NMF is limited by a few facts.
First, it is limited by the basis. Other attributes
and regularities (e.g., temporal dynamics) of speech
signals are not exploited. Second, the power of the
model is limited by its linear system formulation,
which prevents it from achieving a high separation
quality. Third, the complexity of the decomposition
during testing is expensive, limiting its application
in real-time scenarios. Fourth, the size of the model
parameters is determined by, and increases linearly
with, the number of clean sources in the training set.
This deteriorates its eﬀectiveness in using a large
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training set. Fifth, during testing, each source has
to have a dictionary learned during the training stage
(i.e., the source is included in the training set), which
is not feasible in most real-world applications.

s
}) as
p(yt |{v(t)
s
p(yt |{v(t)
})

=

=

NMF cannot model temporal dynamics. To
address this limitation, several studies have
been conducted (Kristjansson et al., 2006; Virtanen,
2006; Hershey et al., 2007; Cooke et al., 2010;
Hershey et al., 2010; Rennie et al., 2010), most of
which are based on the Gaussian mixture modelhidden Markov model (GMM-HMM) framework,
a popular generative model in single-talker speech
recognition. Among all these GMM-HMM separation models, the factorial hidden Markov model
(FHMM) (Ghahramani and Jordan, 1996) is the
most interesting and performs best. In FHMM, each
source signal is modeled with an HMM trained on
the data for that source. For each signal source s, if
we deﬁne the clean signal as {xst } (t ∈ {1, 2, · · · , T }),
hidden states as {vts }, and the discrete mixture state
as {mst }, HMM has the characteristics

s
) = p(xst |vts )
p(xst |v1:T

p(xst |mst )p(mst |vts ),
=

(4)

(5)

sst

p({yt }, {xt }, {mt }, {vt })
=

p(yt |{xs(t) })

t=1

·

T 
S


s
p(xst |mst )p(mst |vts )p(vts |vt−1
),

(6)

t=1 s=1

where {xst } is not observable.
The process of inferring hidden state sequence
for each source s using the maximum
a posterior (MAP) criterion requires computing

(s)
{v̂t }



p(yt |{mi(t) })


s

{mi(t) }


s

p(mst |vts )

p(mst |vts ),

(7)

where
p(yt |{ms(t) })
 

=
· · · p(yt , {xs(t) }|{ms(t) })dx1t dx2t · · · dxSt .
(8)
s
p(yt |{v(t)
}) does not factor over the speakers. The
exact MAP state sequences of the speakers must be
jointly estimated.
To reconstruct the features of source s at time
t, the posterior expected value needs to be computed
as

i
i
}) =
p({m(t) }i |yt , {v̂(t)
})
E(xst |yt , {v̂(t)
{mi(t) }

· E(xst |yt , {mi(t) }),

(9)

where
E(xst |yt , {mi(t) })
 

=
· · · xst p({xi(t) }|yt , {mi(t) })dx1t dx2t · · · dxSt .
(10)

where Eq. (4) describes the transition probability
and Eq. (5) describes the observation probability under the Markov independence assumption. Given the
mixed signal {yt } of S signal sources, the new generative model, called the ‘interaction model’, can be
deﬁned as

T


p(yt |{mi(t) })

m1t ,m2t ,··· ,mS
t

3.3 Generative models

s
s
p(vts |v1:t−1
) = p(vts |vt−1
),
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The computation process is very complicated
and intractable because all these estimates are coupled over the states of the speakers. Several approximations for the interaction function have been
developed to allow the integral in Eq. (10) to be computed analytically. The computation process can be
divided into two parts, i.e., computing acoustic state
likelihoods p(yt |{ms(t) }) and combining these likelihoods to infer the MAP conﬁguration of dynamic
state variables {v̂ts }. The former part includes approximation using the log-sum model and the maxmodel, and the latter part includes loopy belief
propagation.
Table 1 compares FHMM with other conventional techniques on the 2006 two-talker speech
separation and recognition challenge (SSC) task
(Cooke et al., 2010). All generative models outperform CASA and NMF. Among the generative models, FHMM (Hershey et al., 2010) performs the best
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and even surpassed human listeners on this task
(which is not a natural task for humans). Additional details can be found in Rennie et al. (2010)
and Cooke et al. (2010).
Table 1 Word error rate (WER) on the 0-dB portion
of the 2006 two-talker speech separation and recognition challenge (SSC) task (Cooke et al., 2010)
Algorithm
ALGONQUIN (log-sum model)
(Hershey et al., 2010)
Max-model
(Hershey et al., 2010)
Humans
(Cooke et al., 2010)
PMC iterative Viterbi (log-sum model)
(Virtanen, 2006)
CASA and fragment decoding
(Barker et al., 2010)
NMF (Schmidt and Olsson, 2006)

WER (%)
22.7
23.7
28.5
35.1
38.2
44.2

Bold numbers indicate results exceeding human performance.
PMC: parallel model combination; CASA: computational auditory scene analysis; NMF: non-negative matrix factorization

Although FHMM shows promising performance, it has several limitations that prevent it from
being used in real-world applications. First, the computation cost during inference is very high, especially
with an increased number of speakers, even with the
approximate inference technique. Second, the interaction model becomes exponentially more complex
when the number of speakers in the mixed signal increases. Third, because each speaker in the test set
needs to have an HMM model, FHMM cannot effectively handle speakers and acoustic environments
unseen in the training set.

4 Conventional
niques

multi-channel

tech-

The techniques discussed in Section 3 require
only a single channel of the mixed signal. The speech
separation and tracing are carried out based on manually designed rules or joint distributions and models
learned from the training data. However, if we can
access multiple channels of the mixed signal, just
as each person has two ears, we can exploit spatial sound source information of the sound source
to improve the performance in the cocktail party
environment.
Conventionally, there are two main categories
of multi-channel techniques in dealing with the
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cocktail party problem: beamforming and multichannel blind source separation.
4.1 Conventional beamforming approaches
A beamformer is a spatial ﬁlter that operates
on the outputs of a microphone array and forms a
beam (directivity) pattern to enhance the desired
speech coming from one direction when suppressing interfering speech or noise from other directions.
Such a spatial ﬁltering operation can be divided into
two subprocesses, synchronization and weight-andsum (Benesty et al., 2008). According to the time
diﬀerence of arrival (TDOA) information, the synchronization subprocess introduces a proper amount
of delay to each channel to align the signal components coming from the desired direction. The weightand-sum subprocess is to weight aligned signals and
then add them to form one channel output. The
synchronization controls the steering direction, and
the weight-and-sum process controls the beamwidth
of the mainlobe and the characteristics of the sidelobes. Conventional beamforming can be divided
broadly into two categories. A ﬁxed beamformer,
as its name indicates, uses a ﬁxed set of weighting
coeﬃcients and time delays once the array geometry
and the desired steering direction are determined,
while an adaptive beamformer automatically adapts
its coeﬃcients to diﬀerent situations based on the
characteristics of signal and noise.
4.1.1 Fixed beamforming
Delay-and-sum is the most widely known ﬁxed
beamforming approach. Denoted by x(t), the source
signal at time t, the received signals by each of N
microphones in the array can be expressed as
yn (t) = an x[t − τn ] + vn (t),
= xn (t) + vn (t), n = 1, 2, ..., N,

(11)

where an and τn are attenuation factors and delays
due to the propagation, respectively, and vn (t) is
the interfering speech or ambient noise signals. The
ﬁrst step of delay-and-sum is to introduce proper
time shifts to align the microphone signals that correspond to the TDOA estimation. Without loss of
generality, we consider the ﬁrst microphone signal
as the reference; i.e., after applying time shifts, the
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aligned array output signals will be
ynalign (t) = an x[t − τn + Δτn ] + vn (t + Δτn )
= an x[t − τ1 ] + vn (t + Δτn )
= xalign
(t) + vnalign (t), n = 1, 2, ..., N,
n
(12)
Then the second step will sum up the aligned signals:
z(t) =

N
1  align
y
(t)
N n=1 n

= as x[t − τ1 ] + vs (t),

vs (t) =

(13)

N
1 
an ,
N n=1
N
1 
vn (t + Δτn ).
N n=1

(14)

Assuming all the signals are zero-mean and stationary, SNRs for reference input and summed output
signals can be written as
2
σx2 1
2 σs
=
a
,
1
σv21
σv21
N
2
2

σs2
2 2 σs
= N as 2 =
an
.
σvs
σv2s
n=1

SNRin =

(15)

SNRout

(16)

With a few derivations and under the assumptions
that all the interfering signals have the same energy
and ∀n, an = 1, Benesty et al. (2008) showed that
the relationship between input and output SNRs can
be concisely expressed as
SNRout =

N
SNRin ,
1+ρ

(17)

−1 
N
2 N
ρv v , and ρvi vj is the corN i=1 j=i+1 i j
relation coeﬃcient between vi (t) and vj (t). If vn (t)
are uncorrelated, we will have SNRout = N · SNRin .
If vn (t) is completely correlated (i.e, ρvi vj = 1 and
ρ = N − 1), we will not have any SNR gains from
delay-and-sum beamforming.
One issue of a delay-and-sum beamformer is
its narrowband nature; i.e., the beam pattern will
change in diﬀerent frequencies while speech is a
broadband signal. A natural extension of a delayand-sum beamformer is the ﬁlter-and-sum beamforming techniques ﬁrst proposed by Frost (1972).

where ρ =

Instead of introducing only a time shift and attenuation scale to each channel before summing up the
signals, ﬁlter-and-sum applies a ﬁnite impulse response (FIR) ﬁlter to each channel output to enable
a response-invariant beamforming design (Sydow,
1994). Another advantage of ﬁlter-and-sum is that
all the FIR design algorithms, such as dereverberation, can be applied to each individual channel.
4.1.2 Adaptive beamforming

where
as =
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Instead of optimizing beam patterns in the
ﬁxed beamforming approaches, an adaptive beamformer is usually designed by ﬁrst formulating a criterion and then adapting the ﬁltering coeﬃcients
to optimize it statistically based on the arriving
source speech and interfering signals. Some popular criteria used to design an adaptive beamformer
include maximum-SNR (Applebaum, 1976), least
squares error (Doclo and Moonen, 2003), minimum
variance distortionless response (MVDR) (Capon,
1969; Souden et al., 2010, 2013), and linearly constrained minimum variance (LCMV) (Frost, 1972).
MVDR is perhaps the most widely used adaptive beamformer in speech recognition. An MVDR
beamformer estimates the coeﬃcients to minimize
the power of the output signals under the constraint
that the desired source speech signals are not distorted. In the STFT domain, denoting the frame
and frequency index by t and f , we can express the
observations at a microphone array in vector-matrix
form as
Y (t, f ) = hf X(t, f ) + V (t, f ),

(18)

where X(t, f ) and V (t, f ) are the source
and interfering signals, respectively.
hf =
[h1 (f ), h2 (f ), ..., hN (f )]T is the steering vector representing the propagation from the source to the microphones. The array output can be written as
X̂(t, f ) = wfH Y (t, f ) = wfH (hfX(t, f ))+wfH V (t, f ).
(19)
According to MVDR, wf is solved by
wf = arg min E|wfH V (t, f )|2
wf

s.t. wfH hf = 1.

(20)

By solving Eq. (20) with Lagrange multipliers and
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setting the derivatives to zero, we have
wf =

−1
hf
(Rvv
f )

vv −1 h
hH
f
f (Rf )

.

(21)

As can be seen in Eqs. (18)–(21), the key components of MVDR coeﬃcients computation are steering vector hf and spatial correlation matrix Rvv
f of
the interfering signals. In a practical MVDR system, both of the coeﬃcients can be calculated based
on the estimation of a T-F mask M (t, f ):

1, if |V (t, f )| > |X(t, f )|,
M (t, f ) =
(22)
0, otherwise.
With the mask available, we have

H
M (t, f )yt,f yt,f
t
vv

.
Rf =
M (t, f )

(23)

t

Souden et al. (2013) showed that the steering vector
can be estimated using the principal eigenvector of
the spatial correlation matrix of source signals Rss
f ,
which can be further obtained by
yy
vv
Rxx
f = Rf − Rf .

(24)

A reliable mask estimation often plays a key role in
an MVDR beamformer in real applications. A simple
mask estimation can be conducted based on the voice
activity detection (VAD) module, while more sophisticated schemes have been explored by Souden et al.
(2010). Recently, a few neural network-based approaches have been proposed (Erdogan et al., 2016;
Heymanna et al., 2017; Xiao et al., 2017) to improve
the mask estimation accuracy. Gannot et al. (2001)
showed that MVDR is a special case of the LCMV
beamforming approach and is closely related to a
generalized sidelobe canceller (GSC) (Gannot et al.,
2004).
4.1.3 Direction-of-arrival estimation
Obviously, a good direction-of-arrival (DOA)
estimation is crucial to generic beamforming algorithms. When the geometry of a microphone
array is determined, DOA estimation is equivalent to time-diﬀerence-of-arrival (TDOA) estimation.
Most TDOA estimation algorithms are
based on the cross-correlation method where delay estimation is obtained as the lag time that
maximizes the cross-correlation function between
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two channels. The generalized cross correlation
(GCC) (Knapp and Carter, 1976) uniﬁes various
cross correlation-based algorithms into one framework as
τ̂GCC = arg max ΨGCC [m],
m

(25)

where
ΨGCC [m] =

K−1


Φ[k]Sx0 x1 ej2πmk/K

(26)

k=0

is the generalized cross-correlation function (GCCF),
Sx0 x1 [k] = E{X0 [k]X1 [k]∗ } is the cross spectrum, ‘∗’ denotes the complex conjugate operator, X[k] is the DFT of x[t], K is the length
of DFT, and Φ[k] is a weighting function. In
a practical system, Sx0 x1 [k] is usually estimated
by replacing the expected values by the corresponding instantaneous ones.
Commonly used
weighting functions Φ[k] include the smoothed coherence transform (SCOT) (Carter et al., 1973),
the Roth processor (Roth, 1971), the Echart ﬁlter (Knapp and Carter, 1976), the phase transform
(PHAT), the maximum-likelihood (ML) processor
(Applebaum, 1976), and the Hassab-Boucher transform (Hassab and Boucher, 1981). A GCC with
a PHAT TDOA estimation is practically robust
to the reverberation where the PHAT transform
weighting function is used, ΦPHAT [k] = 1/|Sx0 x1 [k]|.
A systematic overview of TDOA algorithms ranging from cross-correlation methods to blind channel identiﬁcation-based techniques can be found in
Chen et al. (2006).
4.2 Multi-channel blind source separation
State-of-the-art multi-channel blind source separation (BSS) approaches can be categorized into
two main classes, mask based and independent component analysis (ICA). Mask-based BSS approaches
separate multiple sources of speech usually by performing clustering algorithms on the STFT representation of a speech signal and estimating a T-F
mask for each source, while an ICA-based approach
conducts the separation based on the assumption of
independence between the sources.
4.2.1 Mask-based blind source separation
Mask-based BSS was ﬁrst studied in
Yilmaz and Rickard (2004) where the W-disjoint
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orthogonality assumption (i.e., each T-F bin is dominated by no more than one source) was introduced.
Instead of estimating the binary T-F mask simply
via an ML estimator of attenuations and delays in
the original masked-based BSS work, more advanced
probabilistic models have been adopted to perform
mask estimation (Sawada et al., 2007; Mandel et al.,
2010; Souden et al., 2013). In Sawada et al. (2007),
the frequency bin-wise mixtures were classiﬁed
based on GMM ﬁtting when a permutation alignment needs to be conducted to make sure that
the same class index from each frequency bin
corresponds to the same source. In model-based
EM source separation and localization (MESSL)
(Mandel et al., 2010), each source in a broadband
mixture is directly modeled by a probabilistic model
of inter-aural parameters and the mask is estimated
iteratively when ﬁtting this mixture model to the
data using an expectation maximization (EM)
algorithm; therefore, the permutation alignment
step is no longer needed in the later stage.
Most mask-based approaches can be used as a
single channel ﬁlter; however, they work more eﬀectively when multi-channel inputs become available
and more optimally if combined with other multichannel techniques such as MVDR beamforming.
Traditionally, mask-based BSS approaches are unsupervised in the sense that mask estimation is based
mainly on the clustering algorithms. Recently, more
and more deep learning approaches, such as deep
clustering (Hershey et al., 2016; Isik et al., 2016)
and permutation invariant training (Kolbæk et al.,
2017b; Yu et al., 2017b), have been introduced to
more reliably estimate masks for a better separation
quality. These techniques formulate the mask estimation problem as a supervised learning problem
that requires source labels during the training stage.
Actually, some CASA-based approaches can also be
regarded as mask-based BSS, and deep learningbased CASA approaches have been explored in much
research (Narayanan and Wang, 2013; Wang et al.,
2014; Erdogan et al., 2017). See Section 5 for details
on mask-based BSS using deep learning.
4.2.2 Independent component analysis
ICA-based BSS approaches are a family of
methods for ﬁnding statistically independent sources
given a mixture of sources by using higher-order
statistics (Lee, 1998; Hyvarinen et al., 2001). They
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usually work more eﬀectively in a case where there
are more microphones than in a case where there are
sources to be separated. A typical ICA-based BSS
approach requires two steps: narrow-band source
separation and permutation alignment. Independent
vector analysis (IVA) (Ono, 2011), however, is formulated in a single step without requiring the permutation alignment step. The simplest form of ICA
algorithms assumes the instantaneous mixing model;
i.e., all the signals arrive at the sensors at the same
time without any reverberation, whereas in a real
environment, the mixing models involve both delays
and convolutions. To deal with more realistic convolutive mixtures in both time and frequency domains,
several approaches have been proposed (Kim et al.,
2006). A good survey of ICA-based convolutive BSS
can be found in Pedersen et al. (2007).

5 Deep learning techniques
In recent years, inspired by the success in speech
recognition, deep learning techniques have been introduced to solve the cocktail party problem. Most
research has been conducted on monaural speech
separation tasks.
5.1 Separation with supervised regression
Deep learning models are mostly eﬀective when
the problem can be formulated as a supervised
learning problem. In the monaural speech separation task, a linearly mixed single-microphone signal
S

xs [t] is given, where t is the time index,
y[t] =
s=1

and xs [t] (s ∈ {1, 2, · · · , S} are S individual source
signals. The goal of the task is to recover the source
signals. In most cases, the separation is carried out
on the corresponding short-time Fourier transformation (STFT) Y (t, f ) to recover each source Xs (t, f )
in the T-F domain for every time point t and frequency bin f . Because there are an inﬁnite number
of possible source signal combinations to obtain the
same mixed signal, we need to learn regularities in
the speech signals from a training set to rule out
impossible combinations.
This task can be formulated as a multi-class regression problem, in which the regression module can
be a deep learning model. More speciﬁcally, given
spectral feature Y (t, f ) of the mixed speech as the
input, the deep model aims to predict the individual
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spectral feature stream Xs (t, f ). The key here is to
provide the right supervision information to the network. One approach is to record both the individual
source signals and the mixed signal synchronously.
However, this can be very expensive and in most
cases feasible only for collecting the test data. As an
alternative, the training set is usually constructed by
recording the source signals and mixing them artiﬁcially. This approach, although not optimal, turns
out to be very eﬀective because it allows us to generate a huge amount of training data at almost no
cost. When the task is to separate speech from other
sounds such as noise and music, one of the regression
targets can simply be the clean speech and the other
noise or music. When the task is to separate multiple
streams of speech signals, special techniques need to
be used as we will discuss later in Sections 5.4–5.6.
It is possible to directly estimate magnitude
spectra Xs (t, f ) of each source using a deep learning
model (Tu et al., 2014a,b) as shown in Fig. 3. However, it is well known (e.g., in Wang et al. (2014)
and Erdogan et al. (2017)) that better results can be
achieved if, instead of estimating |Xs (t, f )| directly,
we ﬁrst estimate a set of masks Ms (t, f ) using a
deep learning model h(v(Y ); Φ) = M̂s and reconstruct magnitude spectra |Xs | as |X̂s | = M̂s ◦ |Y |,
where ◦ is the element-wise product of two operands,
as shown in Fig. 4. This is because masks are well
constrained and are invariant to input variabilities
caused by, e.g., energy diﬀerences.
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Fig. 4 Estimation of masks and reconstruction of the
source spectra from the masks
DNN: deep neural network; CNN: convolutional neural network; RNN: recurrent neural network

5.2 Masks and training criteria in supervised
regression
Because masks are estimated and used to reconstruct the magnitude spectrogram of source signals, the choice of masks is important. Several
masks have been developed (Narayanan and Wang,
2013; Wang et al., 2014; Erdogan et al., 2015, 2017;
Kolbæk et al., 2017b), including the ideal ratio mask
(IRM), ideal amplitude mask (IAM), and phase sensitive mask (PSM).
The ideal ratio mask (IRM) for each source is
deﬁned as
MsIRM (t, f ) =

Total error

|Xs (t, f )|
.
S

|Xs (t, f )|

(27)

s=1
Clean speech 2
Input 2
(M frames)

Clean speech 1
Input 1
(M frames)

+

Error 1
Output 1

Error 2
Clean speech 2
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(M frames)

Clean speech 1
(M frames)

s=1

DNN/CNN/RNN
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It was shown that IRM maximizes SDR
(Vincent et al., 2006) when all sources have
the same phase, which is not realistic. IRMs
have the constraints 0 ≤ MsIRM (t, f ) ≤ 1 and
S

MsIRM (t, f ) = 1 for all T-F bins (t, f )’s, which

can be satisﬁed with the softmax activation function.
S

However, because
|Xs (t, f )| is unknown in the
Input

Fig. 3 Direct estimation of the magnitude spectra of
each source
DNN: deep neural network; CNN: convolutional neural network; RNN: recurrent neural network

s=1

mixed speech, IRM cannot be used practically to
reconstruct the source streams.
Practically, we can use IAM deﬁned as
MsIAM (t, f ) =

|Xs (t, f )|
|Y (t, f )|

(28)
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to reconstruct Xs , because the magnitude spectra of
the mixed speech Y is known during testing. IAMs
have the constraint 0 ≤ MsIAM (t, f ) ≤ ∞, although
it is found empirically that the majority of the TF units are in the range of 0 ≤ MsIAM (t, f ) ≤ 1.
Accordingly, softmax, sigmoid, and ReLU are possible activation functions for estimating IAMs in the
implementation.
IAM is suboptimal because it does not consider
the phase diﬀerences between source signals and the
mixture. PSM proposed by Erdogan et al. (2015,
2017) and Kolbæk et al. (2017b) as
MsPSM (t, f ) =

|Xs (t, f )| cos(θy (t, f ) − θs (t, f ))
,
|Ys (t, f )|
(29)

on the other hand, takes phase diﬀerence into consideration, where θy and θs are the phases of mixed
speech y and source xs , respectively. Due to
the phase-correcting term, PSM sums to one, i.e.,
S

MsPSM (t, f ) = 1.
s=1

Once the mask is chosen, a deep model can be
optimized to minimize the mean square error (MSE)
between estimated mask M̂s and target mask
Jm

S
1 
=
M̂s − Ms 2F ,
B s=1

(30)

where the denominator B = T · F · S is the total
number of T-F bins over all sources and  · F is the
Frobenius norm. However, directly optimizing for
the mask error comes with two drawbacks. First, in
the silent segments, |Xs (t, f )| = 0 and |Y (t, f )| = 0;
thus, target masks Ms (t, f ) are not well deﬁned.
Second, a smaller error in mask estimation does not
always translate to a smaller reconstruction error between the reconstructed source signal and the true
source signal.
To overcome the above limitations, Wang et al.
(2014) proposed to directly minimize MSE between
the estimated magnitude and the true magnitude:
Jx =
=

S
1 
|X̂s | − |Xs |2F
B s=1

(31)

S
1 
M̂s ◦ |Y | − |Xs |2F .
B s=1

(32)

When the phase-sensitive mask is used, Jx
can be reformulated as Jp (Erdogan et al., 2017;
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Kolbæk et al., 2017b):
Jp =
=

S
1 
M̂s ◦ |Y | − |X̃s |2F
B s=1

(33)

S
1 
M̂s ◦ |Y | − |Xs | ◦ cos(θy − θs )2F ,
B s=1

(34)
where |X̃s = |Xs | ◦ cos(θy − θs ) is the phasediscounted magnitude target. Eq. (34) essentially
indicates that to use PSM we need only to provide the phase-discounted magnitude as the training
target. Experiments in Erdogan et al. (2017) and
Kolbæk et al. (2017b) show that PSM consistently
outperforms IAM.
5.3 Label permutation problem
In the multi-class regression framework, we need
to provide the correct reference (or target) magnitude |X1 | and |X2 | to the corresponding output layer
segments for supervision during training. Assigning
the supervision with a ﬁxed order (Tu et al., 2014a;
Wang et al., 2014; Weninger et al., 2015) (Figs. 3
and 4), works well for separating speech from other
sounds, but not for separating mixed speech in the
cocktail party environment due to the label permutation problem. Assume that there are two speakers
in the mixed speech. Because speech sources are
symmetric given the mixture (X1 and X2 have the
same characteristics), we do not know whether it is
(X1 + X2 ) or (X2 + X1 ). There is thus no predetermined way to assign the correct target to the
corresponding output layer segment. This problem
becomes serious when the number of speakers in the
mixed speech increases. It prevents the supervised
regression framework from being used to solve the
speaker-independent cocktail party problem.
Recently several strategies have been proposed
to address the label permutation problem. We will
discuss the most promising ones, including DPCL
(Hershey et al., 2016; Isik et al., 2016), DANet
(Chen et al., 2017b), and PIT (Kolbæk et al., 2017b;
Yu et al., 2017b), one by one.
5.4 Deep clustering
Hershey et al. (2016) proposed a speech separation framework called ‘DPCL’ to address the
label permutation problem. Diﬀerent from the
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supervised regression framework, they cast the separation problem as a segmentation problem. Specifically, they assumed that each T-F bin (t, f ) of the
mixed speech belongs to only one speaker. If we
assign the same unique color to the bins belonging
to the same speaker, the spectrogram is segmented
into clusters, one for each speaker. The key observation in this framework is that during training we
need only to know which bins belong to the same
speaker (or cluster), and which is unambiguous, thus
avoiding the label permutation problem.
Because clustering is deﬁned based on some distance between bins, Hershey et al. (2016) proposed
to deﬁne the distance in the embedding space of the
bins that the system can learn from the training data.
If two bins belong to the same speaker, their distance in the embedding space is small, and if two
bins belong to diﬀerent speakers, their distance in
the embedding space is large.
Precisely, given a raw input signal y, its feature
vector is deﬁned as Yi = gi (y) (i ∈ {1, 2, · · · , N }),
where i is the T-F index (t, f ) in the case of audio
signals. A deep neural networkwork is used to transform input signal x into D-dimensional embeddings
V = fθ (Y ) ∈ RN ·D , where each row vector vi has
unit norm. Performing clustering in the embedding
space will likely lead to a partition of {1, 2, · · · , N },
which is close to the target. Embeddings V is considered to implicitly represent an N × N estimated
aﬃnity matrix V V T . The target partition is represented by indicator E = {ei,s }, mapping each
element i to each of S clusters; thus, ei,s = 1 if
element i is in cluster c. In this case, EE T is considered as a binary aﬃnity matrix that represents the
cluster assignments in a permutation-independent
way: (EE T )i,j = 1 if elements i and j belong to
the same cluster, and (EE T )i,j = 0 otherwise, and
(EP )(EP )T = EE T for any permutation matrix
P.
Thus, we can learn aﬃnity matrix V V T , as a
function of inputs X, to match aﬃnities EE T , by
minimizing the training cost function, with respect
to V = fθ (Y ):
2

CE (V ) = V V T − EE T F

2
=
( v i , vj − e i , e j )
i,j

=



i,j:ei =ej

|vi −vj |2 −1 +

(35)


i,j

v i , vj

2

(36)
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summed over training examples, where  · 2F is the
squared Frobenius norm.
For the inference, embeddings V is ﬁrst computed on input signal Y , and row vi is clustered using K-means. The resulting cluster assignments are
used as binary masks to separate the sources. The
sources are estimated by applying the ﬁnal masks
based on cluster assignments Ē to the mixture signal. One interesting property is that if we know
the number of speakers in the mixed speech signal,
DPCL can essentially separate mixed speech of different numbers of speakers in the same model.
This basic DPCL framework can recover only
binary masks for each source, while each bin is a
mixture of speech from multiple speakers, as we
know. Isik et al. (2016) addressed this limitation
with a second-stage enhancement network that directly improves the signal reconstruction. In addition, the enhancement stage can be trained with the
deep clustering embeddings in an end-to-end mode
using the signal reconstruction objective instead of
the original mask-based deep clustering objective.
DPCL is the ﬁrst interesting technique that
solves the label permutation problem. However,
due to the clustering step, it comes with several
drawbacks. First, the whole training and inference
pipeline is complex. This makes it diﬃcult to incorporate other techniques into the framework. Second, because clustering usually occurs only after the
embeddings of all bins are available to avoid performance degradation, it is not suitable for a real-time
streaming process. To solve this problem, an online
GMM/K-means technique can be used to reduce latency at the cost of some performance degradation.
Note that even with online GMM/K-means, some
latency may still be unavoidable due to the need
to estimate the number of speakers. Third, when
the same model is used to separate two- and threespeaker mixed speech, an estimation of the number
of speakers needs to be conducted ﬁrst, usually introducing additional errors.
5.5 Deep attractor network
One of the drawbacks of the original DPCL is its
ineﬃciency in performing end-to-end mapping, because it optimizes for the aﬃnity between the sources
in the embedded space rather than the separated signals themselves. Chen et al. (2017b) proposed an improved framework called ‘DANet’ as shown in Fig. 5.
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It can be seen that during training, an ideal mask
is applied to form the attractors; during testing, Kmeans is used to form the attractor.
Total error
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dominant source membership function for each T-F
bin. A mask M is then estimated in the embedding
space as



As,k · Vf t,k .
(38)
Mf,t,s = Softmax
K

Clean speech

Clean speech

Input

Output

Network
Mask

Attractors

f,t,s

Embedding
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Finally, the neural network is trained to minimize

2
Xf,t,s − Yf,t · Mf,t,s 2 .
(39)
L=

Input

Fig. 5 System architecture of the deep attractor network (LSTM: long short-term memory)

The term ‘attractor’ refers to the well-studied
perceptual eﬀects in human speech perception. It
is believed that the brain circuits create perceptual
attractors that warp the stimulus space to draw the
sound that is closest to it (Kuhl, 1991). DANet follows a similar principle by forming a reference attractor, which draws all the T-F bins toward itself,
for each source in the embedding space. Using the
similarity between the embedded points and each attractor, a mask is estimated for each source in the
mixture. Similar to DPCL, DANet does not have the
label permutation problem because it can be considered as a soft-clustering technique just like GMM.
Because the number of masks is determined by the
number of attractor points, the proposed framework
can potentially be extended to an arbitrary number
of sources. Compared with DPCL, the mask learning
in DANet enables more eﬃcient end-to-end training.
Given the mixture signal with S sources, a Kdimensional embedding V ∈ RF ·T ·K of the mixed
acoustic signal Y = [F · T ], where F is the frequency
and T is the time, is learned by the neural network.
During training, attractors A ∈ RS·K are learned as

Vk,f t · Es,f t
f,t

As,k =
(37)
Es,f t
f,t

in the embedding space, where E ∈ RF ·T ·S is the

where X is the clean spectrogram of S sources.
During the test, true assignment E is unknown;
thus, the attractor points need to be estimated diﬀerently, either using the K-means algorithm or reusing
the attractor points from the training stage. The
latter method is based on an observation that the
location of the attractors in the embedding space is
relatively stable between training and testing. Details can be found in Chen et al. (2017b).
DANet is a direct extension of the hard clustering in DPCL and thus has drawbacks similar to
DPCL. For example, it needs to estimate the number
of speakers in the mixed signal before it can compute
the masks. In addition, using either the attractors
learned during training or those estimated with Kmeans is suboptimal.
5.6 Permutation invariant training
A diﬀerent approach was proposed by Yu et al.
(2017b) and Kolbæk et al. (2017b) to address the label permutation problem. As shown in Fig. 6, the
key ingredient of this approach is PIT, illustrated in
the dashed rectangle in Fig. 6. PIT casts speech separation as a multi-class segregation problem where
the supervision is provided as a set instead of an
ordered list.
In this architecture, feature vectors of the mixed
S

signal Y (t, f ) =
Xs (t, f ) are input to the deep
s=1

learning model to estimate mask M̂s (t, f ) for each
talker. Each mask M̂s is then used to construct a
single-source speech
X̂s = M̂s ◦ |Y |

(40)

at the corresponding output layer segment.
During training, the correct reference magnitudes Xs (s ∈ {1, 2, · · · , S}) (or their phase-adjusted
counterparts) of each source stream are given as a
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Fig. 6 The two-talker speech separation model with
permutation invariant training
DNN: deep neural network; CNN: convolutional neural network; RNN: recurrent neural network

set. The pairwise MSE is ﬁrst computed between
each pair of reference |Xs | and estimated source |X̂s |
for any possible assignment. Then the assignment
with the least MSE is chosen and the model is optimized to further reduce this least MSE:
1
J=
F ·T ·S

min

s ∈permu(S)

S
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is needed only during training.

Total error

Input 1
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|X̂s | − |Xs |2F , (41)

s=1

where permu(S) is a permutation of 1, 2, · · · , S.
Kolbæk et al. (2017b) showed that when recurrent
neural networks with utterance-level training loss are
used, PIT can optimize eﬀectively for speech separation and speaker tracing in one shot. During evaluation, each separated speech stream can be easily
constructed by assembling estimated frames from the
same output layer segment sequentially. In contrast
to ﬁrst impression, here the extra computation introduced by permutation evaluation is quite limited.
When there are S speakers in the mixed speech,
the computation of distance between each pair of
true and estimated spectra happens only S 2 times.
The permutation score evaluation indeed happens
S! times. However, it takes only O(S!) summations,
which can be almost ignored completely (compared
with the deep learning model itself) during training. During separation, even this tiny extra computation does not exist because permutation evaluation

Fig. 7 summarizes the speech separation quality of DPCL, DANet, and PIT. All the deep learning techniques (including DPCL, DANet, and PIT)
that avoid the label permutation problem signiﬁcantly outperform the conventional techniques such
as CASA and NMF. All the three deep learning
techniques can separate two- and three-talker mixed
speech with comparable quality using a single model.
The result of one DANet in Chen et al. (2017b) is
better than that of PIT. However, it was obtained
with a complicated training schedule that includes
curriculum training. However, PIT is much simpler
to implement, easier to integrate with other techniques, and more eﬃcient during testing. With PIT,
one does not need to estimate the number of speakers
in the mixed speech before separation. This means
that the estimation error on the number of speakers
will not aﬀect the separation quality, even if users
do want to estimate the number of speakers in some
applications, e.g., by checking the energy of each output segment, whereas for approaches such as DPCL
and DANet, the estimation error on the number of
speakers will aﬀect the separation result.
PIT also has limitations. Similar to other deep
learning-based techniques, PIT performs much better with an opposite-gender mixed speech than it
does with a same-gender mixed speech. Another
limitation is that the maximum number of mixing
streams that the model can handle is determined by
the network architecture; e.g., the PIT with two output segments will not work for three-talker speech
separation. This is inferior to DPCL and DANet
in which the network architecture is independent of
the number of speakers, although their model size
may need to be increased to support more speakers. Fortunately, this limitation is not a big concern in practice, because in the majority of the environments the system needs to pay attention to at
most three overlapping streams and treat the rest
(usually low-energy streams if they exist) as speechlike noises. Kolbæk et al. (2017a) reported that this
can be very nicely handled by PIT. This essentially
means that the model needs at most four output segments to cover 99% of scenarios. For example, even
if one wants to separate six overlapping streams, the
separation quality is poor no matter which existing technique is used, and thus the limitation from
the output number of PIT has a limited practical
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importance. In addition, even though DPCL and
DANet can still output separation results with more
mixing streams larger than those have been seen
during training, the separation quality is poor. For
example, according to Table 5 in Isik et al. (2016),
DPCL trained on two-talker mixed speech achieves
only an SDR improvement of 2.1 dB on three-talker
mixed speech, whereas the system trained on threetalker mixed speech can achieve an SDR improvement of 7.1 dB. This result indicates that to better
separate S-talker mixed speech, one needs to train
the model with up to S mixing streams no matter
which technique is used.
12
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separation stage. Similar to the speech separation
task, there exists the label permutation problem
when doing so.
Weng et al. (2015) proposed to solve the label
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to output one and the other to output two. Although this addresses the label ambiguity problem,
it causes frequent speaker switch across frames. To
deal with the speaker switch problem, a two-speaker
joint-decoder with a speaker switching penalty was
used by Weng et al. (2015) to trace speakers. This
approach has two limitations. First, energy may not
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In Yu et al. (2017a) and Chen et al. (2017c),
PIT was extended for direct recognition of overlapped speech without ﬁrst separating the signal into
speech streams. Given the mixed signal of S speech
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shown in Fig. 8.
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2017b)
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Separation method

Fig. 7 Signal-to-distortion ratio (SDR) improvements
for diﬀerent separation methods on the WSJ0-2MIX
dataset without additional tracing
∗ indicates curriculum training. CC: closed condition; OC:
open condition

Cross entropy error 1
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Cross entropy error 2
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Label 1

Label 2

Input 1

Input 2

Pairwise scores

6 Multi-talker speech recognition
The speech separation techniques described in
Section 5 can be used not only to enhance speech
for improved human–human communication, but
also to improve the ASR performance in the cocktail party environment. A simple solution used in
Isik et al. (2016) is to use single- or multi-channel
speech separation techniques to estimate each speech
source stream in the mixed signal, and then use a
single-talker ASR system to recognize each stream.
To improve the recognition accuracy, single-talker
ASR system can be adapted using the reconstructed
speech streams.
Alternatively, the mixed speech signal can
be recognized directly without an explicit speech

Output 1

Prediction 1

Prediction 2

Softmax 1

Softmax 2

Output 2

DNN/CNN/RNN

Feature

Input

Fig. 8 The two-talker speech recognition model with
permutation invariant training
DNN: deep neural network; CNN: convolutional neural network; RNN: recurrent neural network

Each output layer segment represents an estimate of the senone posterior probability for a
speech stream. Similar to that in speech separation,
the model is optimized by minimizing the objective
function
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J=

1
S

min

s ∈permu(S)


s

t



CE(st , Ots ), s = 1,2,· · · ,S,
(42)

where permu(S) is a permutation of 1, 2, · · · , S, Ost

is the output for stream s at timestep t, and st are
the labels for source s . In other words, their approach ﬁrst computes the average CE over the whole
sequence for each possible assignment of labels. The
one with the minimum CE is then picked for optimization. Experiments conducted by Chen et al.
(2017c) and Qian et al. (2017) showed that PITbased direct mixed speech recognition can cut WER
by 45% over the baseline. In addition, similar to that
in speech separation, the PIT-based ASR system can
eﬀectively recognize single- and multi-talker speech
with a single model without knowing or estimating
the number of speakers in the mixed speech.
In addition to the superiority on the accuracy
and the simplicity of the architecture, another advantage of the PIT-based multi-talker speech recognition technique is its ability to combine other techniques to further improve the recognition accuracy.
For example, it has been improved with adaptation
(Chang et al., 2018), sequence discriminative training (Chen et al., 2017c), and knowledge distillation
(Chen et al., 2017c; Tan et al., 2018).

7 Multi-talker speaker identification
Multi-talker speaker identiﬁcation (SID) aims
to recognize the identities of multiple talkers when
they speak simultaneously. It is important in many
applications, such as meeting transcription, and can
help improve speech separation by paying attention
to speciﬁc speakers. Similar to the separation and
recognition tasks, there has been research on singleand multi-channel conditions, and most of the work
focuses on single-channel setup.
It is obvious that although the state-of-theart SID techniques, such as Gaussian mixture
model-universal background model (GMM-UBM)
(Reynolds et al., 2000), i-vector (Dehak et al., 2011),
and d/j-vector (Variani et al., 2014; Chen et al.,
2015), have achieved an impressive accuracy in the
single-talker scenario (Dehak et al., 2011; Liu et al.,
2015; Zhang and Koishida, 2017; Huang et al.,
2018), they perform poorly on highly overlapped
speech. If the individual speech stream in the multitalker mixed speech can be separated with a good
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quality, single-talker SID algorithms may be directly
applied. Unfortunately, multi-talker speech separation itself is a very challenging problem.
For this reason, most of the current work has
performed this task without an explicit separation
stage, and used a pattern recognition technique to
recognize the identities directly under the closed-set
supervised setup, in which all speakers in the testing
phase are shown in the training set.
7.1 Conventional techniques
Diﬀerent from multi-talker speech recognition,
multi-talker (also called ‘co-channel’) SID can be
conducted on a subset of homogeneous speech segments, called ‘usable speech’ (Lovekin et al., 2001).
To take advantage of this property, some researchers
focus on extracting usable speech by casting it
as a sequential grouping problem. For example,
Shao and Wang (2003, 2006) used a multi-pitch
tracker to ﬁnd frames with only one pitch point
and treated them as an usable speech. They then
jointly evaluated all the grouping hypotheses and
speaker candidates, and selected the optimal one.
Mowlaee et al. (2010) proposed an iterative multitalker SID and separation procedure, which was later
improved by fusing adapted GMM and Kullback–
Leibler divergence (KLD) scores (Mowlaee et al.,
2012).
The key to these conventional techniques is the
algorithm that identiﬁes the most probable speaker
pair (λ̂a , λ̂b ) from all possible pairs. This is usually
conducted by modeling the conditional joint probability of each pair of speakers in the training set
given the observation O. If we assume that the prior
probability of each speaker pair P (λa , λb ) is equal,
we can optimize for
λ̂a , λ̂b = arg max
λa ,λb

P (λa , λb |O)

= arg max

p(O|λa , λb )P (λa , λb )
p(O)

= arg max

p(O|λa , λb ).

λa ,λb
λa ,λb

(43)

In most work (Hershey et al., 2010; Li et al., 2010),
the joint probability of two speakers was modeled
using GMMs. Unfortunately, the search space increases exponentially with the number of speakers
in this approach. Hershey et al. (2010) proposed to
ﬁrst model each speaker λ given observation O individually as

Qian et al. / Front Inform Technol Electron Eng

56

p(O|λ)P (λ)
,
p(λ|O) = 
p(O|λs )P (λs )
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Evaluation

(44)
Speaker 1

s

where s is the speaker index, and P (λ) and P (λs ) are
prior probabilities. The top speaker is then paired
with the rest for expectation-maximization (EM)
based gain estimation. The output is the speaker
pair whose gain adapted model maximizes the likelihood of the test utterance.
Li et al. (2010) proposed a simpler yet more effective method, in which the top speaker model is
directly combined with each of the other candidates.
These speech pairs are then evaluated directly, one
by one, for SID without the EM step. These two
approaches are the best conventional techniques for
this task, and the multi-talker SID results on the SSC
task can be found in the ﬁrst two rows of Table 2.
7.2 Deep learning techniques
Co-channel SID can also be formulated as a
multi-class classiﬁcation problem, in which the goal
is to predict the target speakers provided that the
utterance and deep learning models can be used.
The ﬂow chart of the typical deep learning based
co-channel SID system is shown in Fig. 9. In this architecture, the frame-level multi-talker mixed feature
is used as the input, and the soft speaker identities
on that frame, computed using the frame-level energy ratio, are used as the training labels. Similar
to that in speech separation, artiﬁcially generated
multi-talker speech is usually used for training. Details can be found in Zhao et al. (2015a).
Zhao et al. (2015b) chose a simple DNN as the
deep model and optimized it with the KLD between
the model prediction and ground truth soft labels. In
the testing phase, utterance-level prediction was obtained by averaging frame-level scores. Given a test
utterance O consisting of T frames o1 , o2 , · · · , oT ,

Speaker 2
Top 2

Frame score
aggregation
Training
Predicted soft
speaker label

KL divergence

Reference Speaker
soft label
DNN/CNN

Frame-level energy
ratio computation

Features

Features

Fig. 9 Illustration of two-talker speaker identiﬁcation
using deep models
DNN: deep neural network; CNN: convolutional neural network

the utterance-level probability for speaker s can be
computed as
J (s) =

T
1 
P (s|ot ),
T t=1

(45)

where P (s|ot ) represents the probability that frame
ot comes from speaker s. The predicted speaker identities can be obtained by selecting the top-S (e.g.,
S = 2 for two-talker and S = 3 for three-talker)
speakers with the largest probabilities. The results
of this approach in the SSC task are shown in the
third row in Table 2. We can see that the deep
model based system is consistently better than the
conventional ones under all SNR conditions.
Recently, Wang et al. (2018) further improved
the system with three reﬁnements, compared with
the DNN-based system proposed by Zhao et al.
(2015b). First, the basic DNN was replaced by a dilated CNN (D-CNN) (Yu and Koltun, 2015) with a

Table 2 Speaker identiﬁcation accuracy comparison of diﬀerent methods on the speech separation and recognition challenge task
Speaker identiﬁcation accuracy (%)

Method
GMM with EM gain estimation (Hershey et al., 2010)
GMM w/o EM gain estimation (Li et al., 2010)
KLD-DNN (Zhao et al., 2015b)
FKLD-DCNN (Wang et al., 2018)

−9 dB

−6 dB

−3 dB

0 dB

3 dB

6 dB

9 dB

96.5
97.3
98.3
–

98.1
98.8
99.5
–

98.2
99.5
100.0
–

99.0
99.7
99.8
100.0

99.1
99.7
100.0
–

98.4
98.8
99.0
–

98.2
99.0
99.4
–

GMM: Gaussian mixture model; EM: expectation–maximization; KLD-DNN: Kullback–Leibler divergence deep neural network;
FKLD-DCNN: focal KL-divergence dilated convolutional neural network
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superior ability in learning structured features. Second, a focal KL-divergence (FKLD) loss function was
proposed for model optimization, which can reduce
the relative loss for well-classiﬁed samples (simple
samples) and pay more attention to the misclassiﬁed
ones (hard samples). Finally, rather than simply
averaging frame-wise scores to obtain an utterancelevel prediction, a post-processing task assigning different frames with individual weights was adopted
during the evaluation, assigning more conﬁdence to
non-overlapped speech frames and less to the overlapped ones.
This newly proposed method was evaluated on
an artiﬁcially generated multi-talker RSR co-channel
SID corpus, which was based on the background part
of the RSR2015 dataset (Larcher et al., 2014). Details on the data generation procedure can be found
in Wang et al. (2018). A comparison of results with
diﬀerent deep learning techniques is shown in Table 3, for both two- and three-talker speaker identiﬁcations. It is observed that each new technique
can further improve the performance signiﬁcantly
based on the previous framework, and the ﬁnal system using the dilated CNN structure with both focal KLD and post-processing can increase the accuracy from 87.16% and 47.79% to 92.47% and 55.83%
for two- and three-talker identiﬁcation, respectively
(Wang et al., 2018).
Table 3 Speaker identiﬁcation accuracy comparison of
diﬀerent deep learning techniques on the multi-talker
RSR dataset
Model

Focal

PF

Speaker identiﬁcation
accuracy (%)
Two stalkers

Three stalkers

DNN

×



×
×


87.16
88.59
89.24

47.79
51.91
52.51

D-CNN

×



×
×


88.65
91.31
92.47

50.86
55.74
55.83

Bold numbers indicate the best number with each model. PF:
post filtering proposed by Wang et al. (2018); DNN: deep
neural network; D-CNN: dilated convolutional neural network

8 Discussions and conclusions
In this paper, we have described past eﬀorts in
attacking the cocktail party problem. We can observe that the majority of the eﬀorts focus on the
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speech separation task, and some of the work targets
speaker tracing and speech recognition.
Various techniques have been proposed to address the speech separation problem. These techniques were developed to target two diﬀerent scenarios. The scenario that has received the most attention is monaural speech separation, in which it
is assumed that only a single channel of the mixed
speech is available. Speech separation under this
condition is obviously underdetermined. Additional
constraints and regularities are thus needed. These
regularities may be obtained through manually designed rules after observing and analyzing mixed
speech signals as in CASA. However, research along
this direction depends heavily on expert knowledge
and cannot exploit the complicated relationship between the T-F bins in the mixed speech. Its success
is thus quite limited. More recent work is all datadriven. Non-negative matrix factorization and generative models such as factorial HMMs, are two representative models along this direction. Both techniques outperform CASA even with a moderately
sized training set. Unfortunately, both techniques
are essentially shallow models with limited modeling
power and an indirect optimization criterion. They
require building models for each mixing source and
are thus not eﬀective under the speaker-independent
setup.
Great advancement was observed in monaural
speech separation when the problem was converted
into a supervised regression problem in which the
optimization objective is closely related to the separation task, especially when the regression model
is deep learning based. To obtain the reference target without incurring too much data collection effort, synthesized data are used typically for model
training. This framework and methodology works
well for separating speech from noise and music, or
the speech of a speciﬁc known speaker from that
of other speakers. Unfortunately, it encounters the
label ambiguity (or permutation) problem when applied to separate multiple speech streams from the
mixed speech signal. As a result, the model cannot
be eﬀectively optimized and performs poorly in the
cocktail party problem.
Techniques that can solve or avoid the label permutation problem have since been proposed. Deep
clustering, the deep attractor network, and permutation invariant training are representative techniques.
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All these techniques signiﬁcantly outperform the earlier models such as NMF and factorial HMM. More
interestingly, all these models support separation
of various numbers of mixing speech streams with
a single model. Although they achieved a similar signal-to-distortion ratio improvement in various
speech separation tasks, their diﬀerent mechanism
leads to diﬀerent complexities. Among these three
techniques, PIT is the simplest to implement and the
easiest to integrate with other techniques and thus
the most promising from our point of view.
Another scenario that has attracted great attention in recent years is multi-channel speech separation. The two most popular techniques are beamforming and multi-channel blind source separation.
Both techniques exploit correlated information existing in diﬀerent channels to conduct spatial ﬁltering. Beamforming, which is a more widely used
technique, guides the attention of the system in one
speciﬁc direction, which is often estimated using direction of arrival techniques. Thus, signals from that
direction are enhanced while those from other directions are attenuated. If the system is so designed
that it can allow for multiple beamforming at the
same time, it can potentially separate speech streams
from diﬀerent directions. To design a better beamformer, deep learning techniques have been exploited
recently to improve mask estimation (Erdogan et al.,
2016; Heymanna et al., 2017; Xiao et al., 2017). In
addition to segregation, having the system track
and hold attention on the speaker of interest is another challenge, for which making the beamformer
target-aware (speaker-aware) is one possible solution
(Zmolikova et al., 2017; Zhou and Qian, 2018).
Because a microphone array is much cheaper
and is more widely deployed than before, multichannel techniques will become more and more important. However, the single-channel techniques are
still indispensable. This is because many recording devices still do not have built-in microphone arrays, and also because when the two speakers talk
in the same direction, spatial ﬁltering techniques
cannot separate them. Furthermore, the majority of multi-channel techniques exploit only acoustic physics and signal processing techniques. They
often do not learn regularities from the training set
like single-channel techniques do. One important research direction for solving the cocktail party problem is thus to ﬁnd solutions that combine single-
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and multi-channel techniques, and signal processing
and machine learning methods. Chen et al. (2017a)
and Drude and Haeb-Umbach (2017) made some attempts and led to clear improvements. Because PIT
aﬀects only the training phase and can be integrated
freely with other techniques, we believe that the
combination of PIT and multi-channel techniques is
promising.
Speech separation is just the ﬁrst step in solving
the cocktail party problem, although it can improve
human–human communication. In many scenarios,
the goal is to improve human–computer interaction,
in which case ASR is an important component. As
we have shown in this paper, unlike humans who
can pay attention to one or at most two speakers
at the same time, computers can separate mixed
speech into multiple speech streams and recognize
all of them simultaneously.
Recognizing speech in the cocktail party environment usually takes one of two approaches. In
the ﬁrst approach which is more widely used due
to its ﬂexibility, we ﬁrst separate the mixed speech
into multiple speech streams and then recognize each
stream using a single-talker recognizer. Because the
speech separation module is not perfect and usually introduces nonlinear distortions to the separated
speech streams, the recognizer needs to be reﬁned
using the separated speech. In the second approach,
there is no explicit separation component. Instead,
the system is optimized end to end to improve the
recognition accuracy. Under this setup, PIT is an
indispensable component because other similar techniques cannot solve the label permutation problem
at the recognition level. Because mixed speech data
can be synthesized as much as we would want, none
of these two approaches would suﬀer from the data
sparsity problem. The end-to-end direct approach
has three advantages. First, it is simple architecturally, which may be beneﬁcial from an engineering
point of view. Second, it may automatically sacriﬁce separation quality for a better overall recognition accuracy, similar to what is observed in humans’ behavior. Third, the system may be combined
more easily with other techniques such as speaker
adaptation and sequence discriminative training. On
the other hand, the two-stage approach can beneﬁt both human–human communication and human–
computer interaction with one system. In addition,
such system may be easier to explain because the
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quality of the intermediate separated speech can be
evaluated independently. We believe that research
will continue in both directions and some mixture of
these two approaches will ﬁnally win.
Although we have made some advances in the
cocktail party problem, e.g., we can now use a single
system to recognize single-, two-, and three-talker
mixed speech without sacriﬁcing the recognition accuracy on the single-talker speech, there is still room
for further improvement. For example, analysis has
shown that for the opposite-gender mixed speech,
both DPCL and PIT can improve SDR by about
12 dB. However, for the same-gender mixed speech,
the improvement is only 8 dB. Our study suggests
that this is because in the same-gender case the
speech tracing is harder. Besides using multi-channel
information, we foresee several other possible ways
to improve the performance, including using ﬁner
speech features, operating at the raw wave signal
level, using more powerful deep learning models,
simultaneously identifying speakers and separating
speech, and exploiting the language model and decoding graph information.
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