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Improving End-to-End Single-Channel Multi-Talker
Speech Recognition

Wangyou Zhang
Yanmin Qian

Abstract—Although significant progress has been made in single-
talker automatic speech recognition (ASR), there is still a large
performance gap between multi-talker and single-talker speech
recognition systems. In this article, we propose an enhanced end-to-
end monaural multi-talker ASR architecture and training strategy
to recognize the overlapped speech. The single-talker end-to-end
model is extended to a multi-talker architecture with permuta-
tion invariant training (PIT). Several methods are designed to
enhance the system performance, including speaker parallel at-
tention, scheduled sampling, curriculum learning and knowledge
distillation. More specifically, the speaker parallel attention extends
the basic single shared attention module into multiple attention
modules for each speaker, which can enhance the tracing and
separation ability. Then the scheduled sampling and curriculum
learning are proposed to make the model better optimized. Finally
the knowledge distillation transfers the knowledge from an original
single-speaker model to the current multi-speaker model in the
proposed end-to-end multi-talker ASR structure. Our proposed
architectures are evaluated and compared on the artificially mixed
speech datasets generated from the WSJ0 reading corpus. The
experiments demonstrate that our proposed architectures can sig-
nificantly improve the multi-talker mixed speech recognition. The
final system obtains more than 15% relative performance gains
in both character error rate (CER) and word error rate (WER)
compared to the basic end-to-end multi-talker ASR system.

Index Terms—Multi-talker mixed speech recognition,
permutation invariant training, end-to-end model, knowledge
distillation, curriculum learning.

1. INTRODUCTION

HANKS to the advances in deep learning, automatic
T speech recognition (ASR) has achieved a huge progress.
Deep neural networks (DNN) and hidden Markov model (HMM)
based hybrid systems have achieved a very good performance,
which are comparable with, or even surpassing, human perfor-
mance [1]-[3]. Recently, there have been growing interests in
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developing end-to-end systems for speech recognition, in which
multiple modules in the hybrid systems, such as the acoustic
model (AM), lexicon model, and language model (LM), are
folded into a single neural network model, so that they can be
optimized simultaneously. Over the past few years, a variety
of end-to-end (E2E) models have been proposed and they can
be mainly categorized into connectionist temporal classification
(CTC) based models [4], [5], and sequence to sequence (S2S)
based models [6], [7]. The combined mode with both CTC
and S2S [8] is also designed to further improve the end-to-end
ASR system. The end-to-end systems have shown promising
results according to existing works [8]—[10]. On the other hand,
although a huge progress has been achieved on ASR, the current
systems mainly focus on single-talker speech, and there is still
a large performance gap between single-talker and multi-talker
speech recognition. Processing the multi-talker mixed speech
is a key problem when multi-talker mixed speech commonly
exists in the complex real-world conditions, especially under
the cocktail party scenarios [11]-[13].

In this work, we aim to address the monaural multi-speaker
speech separation and recognition problem. A large amount
of research has been done to tackle this problem in recent
years. In [14], [15], a speech separation method called deep
clustering (DPCL) was proposed to separate the mixed speech
by mapping each time-frequency (T-F) unit of the signal into a
high-dimensional embedding space, where T-F units dominated
by the same speaker are close and those dominated by different
speakers are farther away. Later, a simple yet effective tech-
nique, called permutation invariant training (PIT), was proposed
for both multi-talker speech separation [16], [17] and speech
recognition [18]-[22], which trains a deep neural network by
optimizing the objective of the best output-target pair assignment
at the utterance level. In [23], [24], an end-to-end model for
multi-speaker speech recognition was brought up using the joint
CTC/attention-based encoder-decoder framework [8], [25], in
which the encoder first separates the mixed speech and then the
attention-based decoder generates the output sequences based
on the separated streams.

Given the success of an end-to-end model for multi-speaker
speech recognition [23], [24], this paper further extends the
prior study by focusing a novel neural network architecture and
training methods. The novelties are summarized as follows:

i) We revise the permutation invariant training (PIT) based
model in [24], using speaker parallel attention modules
for each speaker to enhance the speaker tracing and
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separation ability as well as to alleviate the burden of
the encoder.
ii) We adopt the scheduled sampling technique [26] to
mitigate the training-inference discrepancy caused by
teacher-forcing during training.
We design a curriculum learning method [9], [27] to
exploit the data scheduling scheme which can make the
model better optimized, and three modes are explored and
compared.

iv) Finally, an architecture is designed to distill knowledge
from the single-speaker model to the multi-speaker model
in the end-to-end framework, which is motivated by the
knowledge distillation [28]-[30].

This paper is an extension of our previous study [31], [32],
which proposes several new methods to improve the multi-talker
speech recognition with an end-to-end architecture. In this pa-
per, we summarize these proposed methods with a consistent
formulation and further extend the curriculum learning with
various modes. Additional experiments are also conducted to
clearly specify the effectiveness of the proposed methods under
the same experimental condition as in [32].

We evaluate the proposed architectures on the artificially
generated WSJ data with two-talker mixed speech. The experi-
mental results show that our proposed architectures can signif-
icantly improve the performance of end-to-end single-channel
multi-talker speech recognition.

The rest of the paper is organized as follows. In Section II
we define the problem of the single-channel multi-talker mixed
speech recognition. In Section III we propose the new methods
based on the end-to-end architecture to recognize the multi-
talker mixed speech. The experimental results and analysis are
presented in Section IV and finally the conclusion is given in
Section V.

iii)

II. SINGLE-CHANNEL MULTI-TALKER SPEECH RECOGNITION

In this paper, we assume that only a single microphone is
available, which is common in many real-world conditions,
therefore a single-channel speech signal y[n] is observed. And
y[n] is a mixture signal and can be assumed to be a linear
combination of multiple speech sources, i.e.

s
yln) = sln],

where zs[n] (s =1,...,5) represents streams from S differ-
ent speakers. Then our goal is to separate these streams and
recognize each of them simultaneously. However, given the
single-channel speech signal y[n], the problem of separating
S different streams is underdetermined, because the number of
possible combinations of x4[n] is infinite. Therefore, it is diffi-
cult to derive well-separated streams in the signal level before
speech recognition. On the other hand, the sparsity assumption
of the speech signals in the time-frequency domain has been
adopted in many works on speech enhancement [33]-[35] and
speech separation [36], [37], which assumes that the speech from
a certain speaker only occupies some part of the feature repre-
sentation of the mixed signal in the time-frequency domain, and

ey

IEEE/ACM TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE PROCESSING, VOL. 28, 2020

thus is separable in the feature space. Under such assumption, we
can separate different streams in the feature space and perform
speech recognition on these separated features, which can be
done by designing a separation module and a recognition module
in the model architecture [24].

Note that speech recognition of multiple speakers is much
harder than that of a single speaker. In the single speaker case, i.e.
S =1, the problem is significantly simplified because the input
stream to be recognized only consists of one single speaker, thus
itcan be cast as a simple supervised optimization problem. When
multiple speakers are involved, however, the problem becomes
much more complicated. We not only need to separate different
streams of multiple speakers, but also have to handle the label
ambiguity or permutation problem. In the case of two speakers,
while the input is the feature of mixed speech from speaker s1
and s9, the output of the model is two labels corresponding to
speaker s; and so respectively. However, the permutation of
output labels (Y, Y2) is not guaranteed to be invariant, i.e. we
do not know whether Y corresponds to speaker s; or speaker
So. Previous works such as [16] and [38] have demonstrate the
influence of the label ambiguity problem on training with con-
ventional supervised approach for speech separation. In order
to address the label ambiguity problem, several techniques such
as permutation invariant training [16], [18]-[22], deep cluster-
ing [14], [15], [39] and deep attractor network (DANet) [40],
[41] can be used, as described in Section I.

III. END-TO-END MULTI-TALKER SPEECH RECOGNITION

While there are several existing solutions to the label ambigu-
ity problem, as introduced in the last section, DPCL and DANet
are not as straightforward as those in PIT [16], [18], [22], and
cannot be easily applied to direct recognition of multiple streams
of speech without first separation in training or evaluation.
Therefore, in this paper, we adopt the permutation invariant
training method in end-to-end single-channel multi-talker mixed
speech recognition. For simplicity and without loss of generality,
we always assume there are two talkers in the mixed speech when
describing our architectures in this section.

In this section, we first describe the basic end-to-end multi-
talker ASR system that has been used in [24]. Then we introduce
the proposed four techniques to improve the end-to-end multi-
talker ASR system, including speaker parallel attention, sched-
uled sampling, curriculum learning and knowledge distillation.

A. End-to-End Multi-Talker ASR With Joint
CTC/Attention-Based Encoder-Decoder

The basic framework of end-to-end multi-speaker ASR sys-
tem in this paper is the joint CTC/attention-based encoder-
decoder framework proposed in [8], [25], [42], which is il-
lustrated in Fig. 1. It takes advantage of CTC as a secondary
task to enhance the alignment ability of the attention-based
encoder-decoder. Later, this model was extended to be applied in
the multi-speaker scenario [24], [31] by introducing a separation
stage in the encoder and allowing the permutation-free training
in the objective function.
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End-to-End multi-speaker speech recognition model in the 2-Speaker

As illustrated in Fig. 1, the input speech mixture O is
first fed into the encoder, which is composed of three stages:
Encoderyx, Encodersp and Encoderge.. Encodery;y is the
mixture encoder that encodes O as an intermediate represen-
tation H, which is then processed by S independent speaker-
differentiating (SD) encoders Encodersp. Each SD encoder
outputs a representation H* (s = 1,...,.5) of one speaker and
prepare it for recognition. The recognition encoder corresponds
to an acoustic model that transforms the single-speaker feature
to high-level representations G° for the final decoding. The
encoder can be formulated as follows:

H = Encoderpix (O) (2)
H® = Encoder§,(H),s =1,...,5, 3)
G*® = Encoderge.(H?), s =1,..., 5. (@)

A CTC objective function with permutation invariant training
is concatenated after the encoder, whose benefits come in with
two folds. The first is to jointly train the encoder of the sequence-
to-sequence model as an auxiliary task [8], [25], [42]. The
second is to solve the label ambiguity problem by performing
permutation invariant training as shown in Eq. (5):

S
# = arg min Z Lossee (Y, R™®)) | (5)
=1

TeEP

where P is the set of all permutations on {1,...,5}, Y* is the
output sequence variable computed from the representation G*,
m(s) is the s-th element in a permutation 7, and R is the set of
reference labels for S speakers. Later, the permutation 7 with the
minimum CTC loss is chosen for the order of reference labels
in the attention-based decoder to reduce the computational cost.

The autoregressive attention-based decoder network decodes
each stream G* and generates the corresponding output label
sequence Y °. For each pair of representation and reference label
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index (s, 7(s)), the decoding process is described as follows:
pan(YSﬁ(S”O dett o7 (s) |an :( 1)) (6)
579 = Attention(e® ™Y, G*) (7

6?{7}(8) = Update<€z’f§8)a cfzir§3)7 T: 81)> ’ (8)

s,7(s)

Yo ~ Decoder(c5 (), :;(71)) )

where cs’ﬁ(s) denotes the context vector obtained with an atten-

tion mechanism,
¢5™) is the hidden state of the decoder, and 77 is the
n-th element in the refegr?nce label sequence. During training,
TS

the reference label r, in R is used as a history in the

manner of teacher-forcing, instead of the output label yn( 1) in

Eq. (8) and (9). The probability of the target label sequence
Y ={y1,...,yn} predicted by the attention-based encoder-
decoder is defined in Eq. (6), where the probability of y,, at the
n-th time step is dependent on the previous sequence ¥1.,,—1-

The final loss function L,y of the system is defined as the
combination of two objective functions:

['mtl - )‘-‘Cctc + (1 - )\)Eatt ) (10)
Z Lossac(Y*, R™)) | (11)
TR, (12)

Lot = Z Lossay (Y

where A is the interpolation factor, and 0 < A < 1. Lossg and
Loss, are the cross entropy (CE) loss functions.

B. Proposed Method (i): Speaker Parallel Attention Modules

Since the acoustic characteristics and energy of different
speakers are usually very different, the encoder has to com-
pensate for the differences while separating the mixed speech.
Our motivation is to alleviate the burden for the encoder and
to make the attention-decoder module learn to filter the sepa-
rated speech as well while keeping the model compact. In light
of [20], we propose to use independent attention modules for
different streams, called speaker parallel attention [31]. Fig. 2
illustrates the architecture of the model, in which Attention 1
and Attention 2 are two independent modules for each speaker
respectively. The computation process in Eq. (7) is then changed
in a stream-specific way, in particular for the s-th stream, as:

37 = Attention® (¢2*(%) G*).

n

(13)

We hope the speaker parallel attention modules can enhance
the model ability on the speaker tracing and separation, which
should be useful for the final recognition.

C. Proposed Method (ii): Scheduled Sampling

Different from the teacher-forcing method used in the basic
end-to-end multi-speaker ASR model in Section III-A, we adopt
the scheduled sampling [26] to alleviate the exposure bias [43],
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Fig. 2. End-to-End multi-speaker speech recognition model with speaker
parallel attention modules in the 2-speaker case.

[44], since the model is never exposed to its own prediction
errors during training with the teacher-forcing mode. It can also
reduce the mismatch between training and inference, because
we only have access to the predicted token y,, from the model
itself in the inference phase, which is important especially in
the multi-speaker speech recognition task due to the label per-
mutation problem. The scheduled sampling technique changes
the training process from the teacher-forcing scheme to a more
flexible scheme, which utilizes the predicted token with a large
probability and the reference token with a small probability.
During training, whether the history information is chosen from
the ground truth label or the prediction is determined randomly,
with a probability of p from the the prediction and (1 — p) from
the ground truth.

After the modifications, Eq. (8) and Eq. (9) should be changed

as:
eZ-fr(S) = Update(efl’fl(s)7 Cf{fES)’ h), s
yivﬁ(s) ~ Decoder(c‘f{fr(s)a h), (s
where
b ~ Bernoulli(p) , (16)
), ifb=0,
_ o (17)
I it =1

D. Proposed Method (iii): Curriculum Learning for
Multi-Talker ASR

According to some research [9], [27], the order of the data is
proven to have an influence on the model optimization, which is
called the curriculum learning strategy. It will start the training
with some simple samples and then progressively increase the
difficulty of training data, which is similar as the curriculum
learning process for humans. Therefore, here we would like to
utilize the curriculum learning to better optimize the model and
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further improve the system performance on multi-talker speech
recognition.

According to [21], one observation is that the signal-to-noise
ratio (SNR, the energy ratio between the source speech from
two speakers) between the overlapped speech can significantly
influence the separation performance. When |[SNR|! is small, i.e.
the energy of the target speech is similar to that of the interfering
speech, each utterance in the mixed speech can be recognized
with similar performance, thus the model can learn the knowl-
edge from each speaker. On the contrary, a large |[SNR| means
the energy in the mixed speech is unbalanced. It is dominated by
the high-energy speech from one speaker, which is clearer and
easier to recognize, but the recognition of the interfering speech
with lower energy is much more difficult. Therefore, we can sort
the mixed speech data in the ascending order of |SNR| between
the two speakers, and start with mixtures where both speakers
have similar energy levels in the training phase. We think that
the more balanced energy in the mixed speech is easier for the
model training, especially at the beginning of the optimization.
And this is proven effective in our previous study [32].

Another useful information is the genders of the speakers in
the mixed speech. As observed in [45], different-gender (M-F)
mixtures have a better separability than the same-gender (M-M
or F-F) mixtures, and the M-M mixtures seems slightly easier
than the F-F mixtures.? Therefore, we can also sort the mixed
speech data with the order of different gender combinations, i.e.
following the order of M-F — M-M — F-F.

In addition, the length of input speech also indicates the
difficulty of separation and recognition. On one hand, it is similar
to the case of single-speaker speech recognition in which longer
sequences tend to be harder to model. On the other hand, as the
length of the mixed speech becomes longer, the risk of speaker
permutation occurring grows in the middle. Thus we can sort
the mixed speech data in the ascending order of length as well.

In our work, we evaluate the proposed curriculum learn-
ing with all three data scheduling schemes on the end-to-end
multi-talker ASR, and the common strategy is described in
Algorithm 1. More specifically, we iterate through minibatches
on the training set with one of the specific orders in the first
several training epochs. After that, the model is further finetuned
with the random order over minibatches.

E. Proposed Method (iv): Knowledge Distillation for
End-to-End Multi-Talker ASR

When training models described in previous sections, we only
use the hard labels in the cross entropy criterion. In [30], how-
ever, it is reported that the soft targets from another model can
provide additional valuable information such as the similarity
structure over the data, leading to a better performance. This
method is called knowledge distillation [30] (also known as
the teacher-student learning in some application scenarios [28],
[29]). Different from the former applications using knowledge

I| - | denotes the absolute value.

2M-F denotes the mixture of a male and a female speaker, F-F denotes the
mixture of two female speakers, and M-M denotes the mixture of two male
speakers.
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Algorithm 1: Curriculum learning for end-to-end multi-
talker ASR

1 Load the training dataset X;

2 if type = SNR then

3 Sort the training data in X in ascending order of
|SNR|;

4 else if type = length then

5 Sort the training data in X in ascending order of the

length of utterances;

6 else if type = gender then

7 Sort the training data in X in the order of the type of
gender combinations: M-F — M-M — F-F;

s end

9 while model is not converged do

10 for each i in all minibatches of training data do

11 Feed minibatch 7 into the model and perform
gradient descent;

12 end

13 end

14 Shuffle the training data randomly and divide them into
minibatches;

15 Feed each minibatch into the model iteratively and
update the model;

16 Repeat step 14 and step 15 until converge.

distillation for model compression in most previous works [46]—
[48], we propose a knowledge distillation framework [32] to
transfer knowledge from a single-speaker model, i.e. the teacher,
to a multi-speaker one, i.e. the student. It is beneficial to reducing
the gap between the single-talker and multi-talker ASR systems,
and to improving the recognition accuracy of multi-talker ASR
model.

To obtain the soft label vectors, the parallel original single-
speaker speech from each speaker is fed into the teacher model,
which is built with the single-speaker speech in advance.

The whole architecture is shown in Fig. 3. The mixed speech
and the corresponding individual speech are denoted as O and
O° (s =1,...,5) respectively. As we can see, the end-to-end
single-speaker teacher model takes the source speech O? as the
input to compute teacher logits (the inputs to the final softmax)
for each step in the target sequence. And the corresponding
outputs, denoted as Y. (s =1, ..., .5), are treated as the target
distribution for the multi-speaker student model. Thus the loss
function for the teacher-student learning can be formulated as
follows:

Lawce = Y Lossce (Y57, Y1), (18)

where the knowledge distillation loss Losscg (Y?, Y;(S)) after
the attention-based decoder is computed as the cross entropy
between the predictions of the student model and the teacher
model, 7 is still the best permutation determined by the CTC
loss. The cross entropy loss can be written as

N |C|
LOSSCE(YS7 Y%) = = Z Z Q(y%n = C|Y’§"O:n—1a OS; OT)

n=1 c=1

x log P(y,, = ¢|¥5.,-1,0;0) , (19)
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Fig.3. The proposed knowledge distillation architecture for end-to-end multi-
speaker speech recognition in the 2-speaker case.

where @7 corresponds to the parameters in the teacher model;
6 corresponds to the learning parameters in the student model,
Q(-) and P(-) represent the distributions for every speaker from
the teacher and student model respectively.

In this paper, we combine both hard targets from the true labels
and soft targets from the teacher model to optimize the perfor-
mance. The loss function of the attention-based decoder L, is
thus modified to the weighted sum of the original loss based on
cross entropy and the term based on knowledge distillation loss,
namely

‘Czn = nﬁatt + (1 - 77)£att—CE s (20)

where 7 is the interpolation factor and 0 < 7 < 1.

IV. EXPERIMENT

To evaluate the performance of our proposed architectures,
all experiments were conducted on the same two-talker mixed
speech dataset, which is artificially generated from the Wall
Street Journal (WSJO) reading speech corpus [49].

In this section, we will first introduce the experimental setup
in this work, and then the experimental results on the WSJ0-2mix
dataset are presented and discussed.

A. Experimental Setup

We artificially generated the single-channel two-speaker
mixed speech based on the WSJO corpus, using the tool released
by MERL.? Note that the length of the generated mixture is
determined by the longer sample when mixing speech from two

3[Online]. Available: http://www.merl.com/demos/deep-clustering/create-
speaker-mixtures.zip
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speakers. The sampling rate of the dataset is 16 kHz. The train-
ing, development and evaluation data were generated from the
WSJO SI-84, Dev93 and Eval92 respectively, and the duration is
88.2 hours for training, 1.1 hours for development, and 0.9 hours
for evaluation individually. The SNR of one speaker against the
other is randomly sampled from a uniform distribution on the
interval [—5, 5] dB.

The input features for the ASR systems are the 80-
dimensional log-Mel filterbank coefficients with pitch features
on each frame, concatenated with their delta and delta-delta co-
efficients. All features were extracted using the Kaldi toolkit [50]
and normalized to zero mean and unit variance.

In our experiments, all the neural network models in different
approaches have the same depth and a similar size so that their
performance is comparable. The encoder is composed of two
VGG-style convolutional neural network (CNN) blocks [51]
and three bidirectional long-short term memory recurrent neural
networks with projection (BLSTMP) [52], while the decoder
network has only one unidirectional long-short term memory
(LSTM) layer with 300 cells. Note that all networks were built
based on the ESPnet framework [53] with the Pytorch back-end.
The AdaDelta optimizer [54] with the running average parameter
p = 0.95 and the constant ¢ = 10~® was used for training. The
interpolation factor A in Eq. (10) was set to 0.2 during training.
All models are trained at most 15 epochs, but the training may be
finished early if no performance improvement is observed for 3
consecutive epochs. During training, the model is evaluated on
the development set after each epoch. After training, the model
with the best performance on the development set is used for
final evaluation on the evaluation set.

In the decoding phase, we combined both the joint
CTC/attention score and the score of the word-level RNN lan-
guage model (RNNLM), which has a 1-layer LSTM with 1000
cells and was trained on the transcriptions of WSJO SI-84, in
a shallow fusion manner. The beam width for the beam search
process was 30. The interpolation factor A in Eq. (10) was set to
0.3 during decoding, and the weight for RNNLM was 1.0.

B. Evaluation of PIT-E2E Model on WSJO-2mix

Firstly, we compare the performance of the usual end-to-end
single-speaker model and the basic multi-speaker model (called
PIT-E2E from now on) described in Section III-A for recogniz-
ing the multi-talker mixed speech.

The single-speaker model is the joint CTC/attention-based
encoder-decoder network trained on the original WSJO dataset,
and word error rate (WER) on WSJO0 Dev93 and Eval92 is 8.0%
and 2.1% respectively. Its architecture is similar to that in Fig. 1,
and the difference is two-fold. First, the encoder module is
composed of a three-layer BLSTMP following the CNN block,
rather than divided into three stages. Second, there is only
one representation after the encoder and thus no permutation
invariant training is demanded. For both models, each BLSTMP
layer has 1024 memory cells in each direction. The experimental
results on the generated WSJO-2mix dataset are presented in
Table I. Note that the CER and WER of the single-speaker model
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TABLE I
PERFORMANCE (AVG. CER & WER) (%) COMPARISON OF THE END-TO-END
SINGLE-SPEAKER MODEL AND PIT-E2E MULTI-SPEAKER MODEL ON THE
WSJO0-2MIX DATASET

Model dev CER  eval CER

E2E single-speaker 75.46 77.80

PIT-E2E multi-speaker 13.72 15.31

Model dev WER  eval WER

E2E single-speaker 113.26 115.94

PIT-E2E multi-speaker 21.28 2341
TABLE I

PERFORMANCE (AVG. CER & WER) (%) EVALUATION OF THE SPEAKER
PARALLEL ATTENTION ARCHITECTURE ON THE WSJ0-2MIX DATASET

Model dev CER  eval CER
PIT-E2E 13.72 15.31
+ speaker parallel attention 12.48 14.51
Model dev WER  eval WER
PIT-E2E 21.28 23.41
+ speaker parallel attention 20.28 23.04

is measured by comparing the output against the reference labels
of both speakers.

As we can see in the table, the capability of the single-speaker
model is very limited on the two-talker mixed speech, and
its performance on the overlapped speech degrades severely
compared to the single-talker utterance, even more than 100%
WER. In contrast, the speech recognition system designed for
multiple speakers can significantly improve the performance
on the multi-talker mixed speech, with more than 80% relative
reduction on both average CER and WER. This demonstrates the
effectiveness of the end-to-end multi-speaker speech recognition
architecture to recognize the overlapped speech.

In addition, another baseline can be a two-stage method
performing speech separation at the first stage and E2E single-
speaker ASR for each separated stream at the second stage.
Interested readers can refer to Section 4.2.4 in [24], which shows
that the purely E2E multi-speaker ASR system has a comparable
performance to the two-stage method proposed in [23]. There-
fore, in this work, we will focus on improving the PIT-E2E
multi-speaker ASR system.

C. Evaluation of Speaker Parallel Attention on WSJO-2mix

In this subsection, the proposed speaker parallel attention ar-
chitecture is evaluated and compared on the WSJ0-2mix dataset.
On the basic PIT-E2E model, the single shared attention module
is extended to two independent attention modules for each
speaker source. The rest of the network is kept the same as
the PIT-E2E model, containing a 2-layer CNN Encoderyy, an
1-layer BLSTMP Encodergp, a 2-layer BLSTMP Encoderge,
and a shared 1-layer LSTM as the decoder network. The results
are illustrated in Table II.

We can observe that the speaker parallel attention module
achieves an obvious reduction on both the average CER and
WER. This result demonstrates the better separation capability
of the proposed speaker parallel attention, and the independent
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Fig. 4. Visualization of the sequences of attention weights for two overlapped
speakers. The left part is from the basic PIT-E2E model with single attention
and the right part is from the PIT-E2E model with speaker-parallel-attention.
Attention weights are depicted in orange, while the best fitting curve of linear
regression is depicted in blue.

attention modules for each speaker can improve the multi-
speaker ASR based on the PIT-E2E architecture.

For further investigation on the efficacy of the proposed
speaker parallel attention, we visualize the attention weight
sequences for two overlapped speakers in one utterance, which
are generated by the basic PIT-E2E model with single atten-
tion and the enhanced PIT-E2E model with speaker-parallel-
attention respectively. In Fig. 4, the horizontal axis represents
the sequence of output tokens and the vertical axis represents
the input sequence to the attention module. And the attention
weights are depicted in orange. The left parts of Fig. 4(a) and
(b) show the attention weights for speaker 1 and speaker 2
generated by the PIT-E2E model with single attention, while the
right parts show the attention weights generated by the enhanced
speaker-parallel-attention model. We can observe that the right
parts are more smooth and clear, and the attention weights are
more concentrated. This observation conforms with the char-
acteristics of alignments between the output sequence and the
input sequence for speech recognition, which further shows the
superiority of the proposed speaker parallel attention model. In
addition, we also compute the variance of linear regression on the
evaluation set. The linear regression on each attention sample
is weighted by its attention weights for both curve fitting and
calculating the variance. The best-fitting curve is depicted in blue
in Fig. 4. For the basic PIT-E2E model, the average variance is
2055.89; for our proposed model with speaker parallel attention,
the average variance is 1718.65. This observation also illustrates
the effectiveness of the proposed method.

D. Evaluation of Scheduled Sampling for PIT-E2E ASR Model

In this subsection, we evaluate the scheduled sampling
technique on PIT-E2E ASR model for overlapped speech
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TABLE III
PERFORMANCE (AVG. CER & WER) (%) EVALUATION OF THE SCHEDULED
SAMPLING ON THE PIT-E2E FOR THE WSJ0-2MIX DATASET

Model dev CER  eval CER

PIT-E2E 13.72 15.31

+ scheduled sampling 11.73 14.61
++ speaker parallel attention 11.65 14.29

Model dev WER  eval WER

PIT-E2E 21.28 23.41

+ scheduled sampling 18.96 22.83
++ speaker parallel attention 18.75 22.19

TABLE IV

PERFORMANCE (AVG. CER & WER) (%) COMPARISON OF DIFFERENT
CURRICULUM LEARNING STRATEGIES ON THE WSJ0-2MIX DATASET

Model dev CER  eval CER
PIT-E2E 13.72 15.31
+ CL (ascending SNRs) 11.09 13.52
+ CL (gender:FM—MM—FF) 10.99 14.36
+ CL (ascending lengths) 11.36 13.93
Model dev WER  eval WER
PIT-E2E 21.28 23.41
+ CL (ascending SNRs) 18.11 20.79
+ CL (gender:FM— MM —FF) 17.19 21.75
+ CL (ascending lengths) 18.06 21.56

recognition, and the results are shown in Table III. The
sampling probability p in Eq. (16) is 0.3 in our experiments. It is
noted that although scheduled sampling slows the convergence
of our model by about 2 epochs during training, the total time
of training is not influenced.

Itis observed that the performance of the basic PIT-E2E model
can be further improved by applying the scheduled sampling
approach during training. The scheduled sampling approach
is capable of reducing the mismatch between the training and
inference, thus leading to performance improvement. We further
applied the scheduled sampling to the enhanced PIT-E2E with
speaker parallel attention, and the results are shown as the last
row in Table III. It shows that scheduled sampling still works
well on the enhanced architecture with speaker parallel attention,
and combining both strategies can get a further improvement.

E. Evaluation of the Curriculum Learning for PIT-E2E ASR

Then we implemented the curriculum learning strategies de-
scribed in Section III-D on the PIT-E2E ASR model. In our ex-
periments, the curriculum learning strategy is applied for the first
3 training epochs, and then random shuffling is used for the re-
maining 12 epochs. Several strategies of curriculum learning are
compared, including reordering the data by SNR, gender mixture
and utterance length, and the results are shown in Table IV. It
can be observed that our proposed curriculum learning strategies
all can bring decent performance improvement compared to the
basic PIT-E2E system. All three strategies can achieve ~10%
relative WER improvement, indicating that an appropriate data
scheduling scheme can significantly affect the multi-speaker
ASR system. For the three modes, doing the curriculum learning
with ascending SNRs seems the best on the eval set, which will
also be utilized in the following experiments. Overall, the results
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TABLE V
PERFORMANCE (AVG. WER) (%) COMPARISON OF DIFFERENT MODELS
(PIT-E2E/PIT-E2E + CL) ON THE WSJO0-2MIX EVALUATION SET

Mixture type |SNR| High E WER Low E WER
EF 0-25dB 55.34 / 49.68 55.67 / 49.82
25-5dB 52.25 / 56.69 46.48 / 46.16
M-M 0-25dB 24.27 / 21.91 32.03 / 26.32
25-5dB 25.94 / 19.62 34.94 / 30.76
M-F 0-25dB 8.69 / 8.68 15.08 / 13.41
25-5dB 9.70 / 9.43 18.11 / 14.86

Sample Length |SNR| High E WER Low E WER

< 10s 0-25dB 16.15 7 15.01 24.98 / 20.24

= 25-5dB 19.66 / 15.25 30.36 / 24.00

> 10 0-25dB 2443/ 22.44 27.92 / 25.31

s 25-5dB 21.48 /20.91 25.90 / 24.97

show the flexibility of the proposed method, enabling us to use
different strategies when the respective information (e.g. SNR)
is available in different applications.

To better illustrate how different SNR levels, gender com-
binations and lengths of utterances influence the recognition
performance, we evaluate the basic PIT-E2E model and the
model trained with ascending SNRs (2nd row in Table IV) on
different subsets of the evaluation set. The results are presented
in Table V, which show the recognition performance on samples
with different gender combinations and different lengths. For
each case, we evaluate the WER on the high energy (High E)
source and low energy (Low E) source in the mixed speech,
under either low SNR conditions or high SNR conditions. Since
the SNR of one source against the other ranges from —5 to
5 dB, the value of |[SNR] lies between 0 and 5 dB, and we
simply take 2.5 dB as the threshold for high SNRs. From the first
subtable, we can clearly see that the recognition performance
of both systems degrades as the mixture type changes from
M-F to M-M to F-F, and our method outperforms the baseline
in almost all cases.* When |[SNR| is relatively low, the WERs
of both speakers are close; when |SNR| is relatively high, the
WER of the low energy speaker is usually increased. These
observations further confirm the assumptions in Section III-D
and demonstrate the effectiveness of our proposed curriculum
learning method. Similar conclusions can also be drawn from
the second subtable, which shows that our method brings a
consistent improvement on samples of different lengths, and
the shorter utterances are easier to be recognized than the longer
ones.

F. Evaluation of Knowledge Distillation for PIT-E2E ASR

The proposed knowledge distillation is evaluated for the
end-to-end multi-talker ASR model in this subsection. We first
apply the teacher-student learning to the basic PIT-E2E model.
The teacher model used in our experiments is the single-speaker
end-to-end model with joint CTC/attention, which was trained

4For F-F mixtures with SNRs ranging from 2.5 to 5 dB, the WER of the high
energy source is higher than that of the low energy source, which may be due to
the small amount of such samples (only 4.5% of the entire evaluation set).
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TABLE VI
PERFORMANCE (AVG. CER & WER) (%) EVALUATION OF THE KNOWLEDGE
DISTILLATION FOR PIT-E2E ASR MODEL ON THE WSJ0-2MIX SPEECH

Model dev CER  eval CER
PIT-E2E 13.72 15.31
+ teacher-student learning 11.27 14.69
++ speaker parallel attention 11.46 13.54
+++ CL (ascending SNRs) 10.84 11.97

Model dev WER  eval WER
PIT-E2E 21.28 23.41
+ teacher-student learning 18.29 22.82
++ speaker parallel attention 18.84 21.64
+++ CL (ascending SNRs) 17.78 19.80

on the clean single-speaker speech training dataset from the
original WSJO corpus. To perform teacher-student learning, we
feed the multi-speaker mixed speech feature and the correspond-
ing single-speaker feature into the teacher-student architecture
simultaneously. The best performance was achieved when the
weight coefficient ) in Eq. (20) was set to 0.5 in our experiments.
Then the other techniques described in Sections III-B, III-C
and III-D are further integrated to boost the performance. All
methods are evaluated on the WSJO-2mix dataset and the results
are shown in Table VL. It is noted that the scheduled sampling
technique is applied for the last two rows in Table VI, and is only
used for the student model, while the teacher model still uses
history information from the ground truth label for decoding.
It is observed that the knowledge distillation from the single-
speaker model to the multi-speaker model is useful for the
proposed PIT-E2E architecture when recognizing overlapped
speech, and PIT-E2E with teacher-student learning can obtain a
substantial improvement on both dev and eval datasets. Then the
previously proposed speaker parallel attention and curriculum
learning with |SNR| reordering are also applied within this
knowledge distillation framework. We can see that all the ap-
proaches can be combined to achieve a better performance, and
the best system is more than 15% relative lower on both WER
and CER upon the basic PIT-E2E model for multi-speaker ASR.

G. Performance Comparison With Previous Works on the
Benchmark WSJO-2mix Speech

Finally, we compared the final system in our work with other
related works on multi-talker speech recognition. We trained
and tested our model on the benchmark WSJO-2mix dataset,
which was released by MERL [14]. Compared to the above used
WSJ0-2mix dataset introduced in Section IV-A, the benchmark
dataset is relatively small, with approximately 30 hours of
training data and 10 hours of validation data. The top part of
Table VII shows the WER comparison of the previous work on
this dataset, including DNN-HMM hybrid systems using PIT-
Hybrid-ASR proposed in [21] and using DPCL-based speech
separation proposed in [15], and the basic end-to-end ASR
systems constructed in [24]. Both [15] and [21] use a trigram
language model obtained by a standard Kaldi recipe, while [24]
uses the character and word level RNNLMs pretrained on the
WSIJ text corpus, and our system uses the same RNNLM as
our previous experiments which is described in Section IV-A
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TABLE VII
WER (%) COMPARISON OF OUR NEWLY PROPOSED MODEL AND OTHER
RELATED WORKS ON THE BENCHMARK WSJ0-2MIX DATASET RELEASED
BY MERL [14]

Model avg WER
DPCL+ASR [15] 30.8
PIT-Hybrid-ASR [21] 28.2
End-to-end ASR (Char/Word-LM) [24] 28.2
PIT-E2E with our proposed methods 234

of this paper. The result using all our proposed approaches is
illustrated as the last row of Table VII. Note that the model
in [24] was trained on a different, larger training dataset than
that used in other experiments. From Table VII, we can see
that our new system constructed by the proposed methods is
significantly better than all the previous architectures on this
benchmark WSJO-2mix speech.

V. CONCLUSION

In this paper, we proposed an enhanced end-to-end archi-
tecture to recognize single-channel multi-talker mixed speech,
which is based on permutation invariant training for solving the
label ambiguity problem.

The basic joint CTC/attention-based encoder-decoder frame-
work was enhanced with several approaches, including speaker
parallel attention, scheduled sampling, curriculum learning and
knowledge distillation. The speaker parallel attention can en-
hance the tracing and separation ability on multiple streams,
and the scheduled sampling and curriculum learning can make
the training easier and better optimized. The end-to-end based
knowledge distillation transfers the knowledge from single-
speaker ASR to multi-speaker ASR. All the proposed new
approaches were evaluated and compared on the artificially
generate the WSJO-2mix dataset with two-talker mixed speech.
The experiments on the WSJ0-2mix dataset demonstrate that all
the proposed methods are very useful to improve the end-to-end
multi-speaker ASR system, and the best system can obtain more
than 15% relative improvement on both CER and WER.

Although significant improvement is achieved by the pro-
posed approach, there is still an accuracy gap when compared to
the usual single-speaker speech recognition. It is even more dif-
ficult and challenging when facing the more spontaneous speech
under real noisy scenarios such as the AMI meeting corpus [55]
and the LibriCSS conversation corpus [56]. In our future work,
we would like to develop more advanced multi-talker ASR
architectures, which can show better noise-robustness in such
real noisy environments. Moreover, we will also extend our work
from single-channel to multi-channel conditions, where we can
exploit spatial information to achieve a better performance.

ACKNOWLEDGMENT

Experiments have been carried out on the PI supercomputer
at Shanghai Jiao Tong University.

[1]

[2]

[3

[

[4

finar

[5

[ty

[6

=

[7

—

[8

[t}

[9]
[10]

(1]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

1393

REFERENCES

G. Hinton ef al., “Deep neural networks for acoustic modeling in speech
recognition,” IEEE Signal Process. Mag., vol. 29, no. 6, pp. 82-97,
Nov. 2012.

T.N. Sainath, A.-R. Mohamed, B. Kingsbury, and B. Ramabhadran, “Deep
convolutional neural networks for LVCSR,” in Proc. IEEE Int. Conf.
Acoust., Speech Signal Process., 2013, pp. 8614-8618.

W. Xiong, L. Wu, F. Alleva, J. Droppo, X. Huang, and A. Stolcke, “The
Microsoft 2017 conversational speech recognition system,” in Proc. [EEE
Int. Conf. Acoust., Speech Signal Process., 2018, pp. 5934-5938.

A. Graves and N. Jaitly, “Towards end-to-end speech recognition with
recurrent neural networks,” in Proc. Int. Conf. Mach. Learn., 2014,
pp. 1764-1772.

Y. Miao, M. Gowayyed, and F. Metze, “EESEN: End-to-end speech recog-
nition using deep RNN models and WEST-based decoding,” in Proc. [EEE
Workshop Autom. Speech Recognit. Understanding, 2015, pp. 167-174.
J. Chorowski, D. Bahdanau, K. Cho, and Y. Bengio, “End-to-end continu-
ous speech recognition using attention-based recurrent NN: First results,”
in NIPS 2014 Deep Learn. Repres. Learn. Workshop, 2014.

W. Chan, N. Jaitly, Q. Le, and O. Vinyals, “Listen, attend and spell:
A neural network for large vocabulary conversational speech recogni-
tion,” in Proc. IEEE Int. Conf. Acoust., Speech Signal Process., 2016,
pp. 4960-4964.

S. Kim, T. Hori, and S. Watanabe, “Joint CTC-attention based end-to-end
speech recognition using multi-task learning,” in Proc. IEEE Int. Conf.
Acoust., Speech Signal Process., 2017, pp. 4835-4839.

D. Amodei et al., “Deep speech 2: End-to-end speech recognition in En-
glish and Mandarin,” in Proc. Int. Conf. Mach. Learn.,2016, pp. 173-182.
D. Bahdanau, J. Chorowski, D. Serdyuk, P. Brakel, and Y. Bengio, “End-to-
end attention-based large vocabulary speech recognition,” in Proc. [IEEE
Int. Conf. Acoust., Speech Signal Process., 2016, pp. 4945-4949.

E. C. Cherry, “Some experiments on the recognition of speech, with one
and with two ears,” J. Acoust. Soc. Amer., vol. 25, no. 5, pp. 975-979,
1953.

M. A. Bee and C. Micheyl, “The cocktail party problem: What is it?
How can it be solved? And why should animal behaviorists study it?”
J. Comparative Psychol., vol. 122, no. 3, pp. 235-251, 2008.

Y. Qian, C. Weng, X. Chang, S. Wang, and D. Yu, “Past review, current
progress, and challenges ahead on the cocktail party problem,” Frontiers
Inf. Technol. Electron. Eng., vol. 19, no. 1, pp. 40-63, Jan. 2018.

J. R. Hershey, Z. Chen, J. L. Roux, and S. Watanabe, “Deep clustering:
Discriminative embeddings for segmentation and separation,” in Proc.
IEEE Int. Conf. Acoust., Speech Signal Process., 2016, pp. 31-35.

Y. Isik, J. L. Roux, Z. Chen, S. Watanabe, and J. R. Hershey, “Single-
channel multi-speaker separation using deep clustering,” in Proc. ISCA
Interspeech, 2016, pp. 545-549.

D. Yu, M. Kolbzk, Z.-H. Tan, and J. Jensen, “Permutation invariant
training of deep models for speaker-independent multi-talker speech sep-
aration,” in Proc. IEEE Int. Conf. Acoust., Speech Signal Process., 2017,
pp. 241-245.

M. Kolbzk, D. Yu,Z.-H. Tan, and J. Jensen, “Multitalker speech separation
with utterance-level permutation invariant training of deep recurrent neural
networks,” IEEE/ACM Trans. Audio, Speech, Lang. Process., vol. 25,
no. 10, pp. 1901-1913, Oct. 2017.

D. Yu, X. Chang, and Y. Qian, “Recognizing multi-talker speech with per-
mutation invariant training,” in Proc. ISCA Interspeech, 2017, pp. 2456—
2460.

Z. Chen, J. Droppo, J. Li, and W. Xiong, “Progressive joint modeling in
unsupervised single-channel overlapped speech recognition,” IEEE/ACM
Trans. Audio, Speech, Lang. Process., vol. 26, no. 1, pp. 184-196,
Jan. 2018.

X. Chang, Y. Qian, and D. Yu, “Monaural multi-talker speech recognition
with attention mechanism and gated convolutional networks,” in Proc.
ISCA Interspeech, 2018, pp. 1586-1590.

Y. Qian, X. Chang, and D. Yu, “Single-channel multi-talker speech recog-
nition with permutation invariant training,” Speech Commun., vol. 104,
pp. 1-11, 2018.

T. Tan, Y. Qian, and D. Yu, “Knowledge transfer in permutation invariant
training for single-channel multi-talker speech recognition,” in Proc. IEEE
Int. Conf. Acoust., Speech Signal Process., 2018, pp. 5714-5718.

S. Settle, J. Le Roux, T. Hori, S. Watanabe, and J. R. Hershey, “End-to-
end multi-speaker speech recognition,” in Proc. IEEE Int. Conf. Acoust.,
Speech Signal Process., 2018, pp. 4819-4823.

Authorized licensed use limited to: University College London. Downloaded on May 24,2020 at 07:08:49 UTC from IEEE Xplore. Restrictions apply.



1394

[24]

[25]

[26]

[27]
[28]

[29]

[30]

[31]

[32]

[33]

[34]
[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]
[44]

[45]

[46]
[47]

[48]

[49]
[50]

[51]

IEEE/ACM TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE PROCESSING, VOL. 28, 2020

H. Seki, T. Hori, S. Watanabe, J. Le Roux, and J. R. Hershey, “A purely
end-to-end system for multi-speaker speech recognition,” in Proc. Assoc.
Comput. Linguist., Jul. 2018, pp. 2620-2630.

S. Watanabe, T. Hori, S. Kim, J. R. Hershey, and T. Hayashi, “Hybrid
CTC/attention architecture for end-to-end speech recognition,” /EEE J.
Sel. Topics Signal Process., vol. 11, no. 8, pp. 1240-1253, Dec. 2017.

S. Bengio, O. Vinyals, N. Jaitly, and N. Shazeer, “Scheduled sampling for
sequence prediction with recurrent neural networks,” in Proc. Adv. Neural
Inf. Process. Syst., 2015, pp. 1171-1179.

Y. Bengio, J. Louradour, R. Collobert, and J. Weston, “Curriculum learn-
ing,” in Proc. Int. Conf. Mach. Learn., 2009, pp. 41-48.

J. Ba and R. Caruana, “Do deep nets really need to be deep?” in Proc.
Conf. Neural Inf. Process. Syst., 2014, pp. 2654-2662.

J. Li, R. Zhao, J.-T. Huang, and Y. Gong, “Learning small-size DNN
with output-distribution-based criteria,” in Proc. ISCA Interspeech, 2014,
pp. 1910-1914.

G. Hinton, O. Vinyals, and J. Dean, “Distilling the knowledge in a neural
network,” in NIPS 2014 Deep Learn. Representation Learn. Workshop,
2014, pp. 1-9.

X. Chang, Y. Qian, K. Yu, and S. Watanabe, “End-to-end monaural multi-
speaker ASR system without pretraining,” in Proc. IEEE Int. Conf. Acoust.,
Speech Signal Process., 2019, pp. 6256-6260.

W. Zhang, X. Chang, and Y. Qian, “Knowledge distillation for end-to-end
monaural multi-talker ASR system,” in Proc. ISCA Interspeech, 2019,
pp. 2633-2637.

D. Wu, W.-P. Zhu, and M. Swamy, “On sparsity issues in compressive
sensing based speech enhancement,” in Proc. IEEE Int. Symp. Circuits
Syst., 2012, pp. 285-288.

V. Abrol, P. Sharma, and A. K. Sao, “Speech enhancement using com-
pressed sensing,” in Proc. ISCA Interspeech, 2013, pp. 3274-3278.

S. Kammi and M. R. K. Mollaei, “Noisy speech enhancement with sparsity
regularization,” Speech Commun., vol. 87, pp. 5869, 2017.

A. Asaei, M. Golbabaee, H. Bourlard, and V. Cevher, “Structured spar-
sity models for reverberant speech separation,” IEEE/ACM Trans. Audio,
Speech, Lang. Process., vol. 22, no. 3, pp. 620-633, Mar. 2014.

S. Gannot et al., “A consolidated perspective on multimicrophone speech
enhancement and source separation,” IEEE/ACM Trans. Audio, Speech,
Lang. Process., vol. 25, no. 4, pp. 692-730, Apr. 2017.

M. Kolbzk, D. Yu, Z.-H. Tan, and J. Jensen, “Multitalker speech separation
with utterance-level permutation invariant training of deep recurrent neural
networks,” IEEE/ACM Trans. ASLP., vol. 25, no. 10, pp. 1901-1913,
Oct. 2017.

T. Menne, I. Sklyar, R. Schliiter, and H. Ney, “Analysis of deep clustering
as preprocessing for automatic speech recognition of sparsely overlapping
speech,” in Proc. ISCA Interspeech, 2019, pp. 2638-2642.

Z. Chen, Y. Luo, and N. Mesgarani, “Deep attractor network for single-
microphone speaker separation,” in Proc. IEEE Int. Conf. Acoust., Speech
Signal Process., 2017, pp. 246-250.

Z. Chen et al., “Cracking the cocktail party problem by multi-beam deep
attractor network,” in Proc. IEEE Workshop Autom. Speech Recognit.
Understanding, 2018, pp. 437-444.

T. Hori, S. Watanabe, and J. Hershey, “Joint CTC/attention decoding
for end-to-end speech recognition,” in Proc. 55th Annu. Meeting Assoc.
Comput. Linguist. (Volume 1: Long Papers), 2017, pp. 518-529.

M. Ranzato, S. Chopra, M. Auli, and W. Zaremba, “Sequence level training
with recurrent neural networks,” in Proc. ICLR, 2016.

S. Wiseman and A. M. Rush, “Sequence-to-sequence learning as beam-
search optimization,” in Proc. EMNLP, 2016, pp. 1296-1306.

Y. Wang, J. Du, L.-R. Dai, and C.-H. Lee, “A gender mixture detec-
tion approach to unsupervised single-channel speech separation based on
deep neural networks,” IEEE/ACM Trans. Audio, Speech, Lang. Process.,
vol. 25, no. 7, pp. 1535-1546, Jul. 2017.

Y. Kim and A. M. Rush, “Sequence-level knowledge distillation,” in Proc.
EMNLP, 2016, pp. 1317-1327.

R. Pang et al., “Compression of end-to-end models,” in Proc. ISCA
Interspeech, 2018, pp. 27-31.

Y. Cheng, D. Wang, P. Zhou, and T. Zhang, “Model compression and
acceleration for deep neural networks: The principles, progress, and chal-
lenges,” IEEE Signal Process. Mag., vol. 35,no. 1, pp. 126-136, Jan. 2018.
LDC, LDC Catalog: CSR-1(WSJ0) Complete, University of Pennsylvania,
1993. [Online]. Available: www.ldc.upenn.edu/Catalog/LDC93S6A html
D. Povey et al., “The Kaldi speech recognition toolkit,” in Proc. IEEE
Workshop on Autom. Speech Recognit. Understanding, 2011.

K. Simonyan and A. Zisserman, “Very deep convolutional networks for
large-scale image recognition,” in Proc. ICLR, 2015.

[52] H. Sak, A. Senior, and F. Beaufays, “Long short-term memory recurrent
neural network architectures for large scale acoustic modeling,” in Proc.
ISCA Interspeech, 2014, pp. 338-342.

[53] S. Watanabe et al., “ESPnet: End-to-end speech processing toolkit,” in
Proc. ISCA Interspeech, 2018, pp. 2207-2211.

[54] M. D. Zeiler, “ADADELTA: An adaptive learning rate method,” 2012,
arXiv:1212.5701.

[55] I. McCowan et al., “The AMI meeting corpus,” in Proc. 5th Int. Conf.
Methods Techn. Behavioral Res., vol. 88, 2005, pp. 137-140.

[56] Z. Chen et al., “Continuous speech separation: Dataset and analysis,” in
Proc. IEEE ICASSP, 2020, pp. 7284-7288.

Wangyou Zhang (Student Member, IEEE) received
the B.Eng. degree from the Department of Electronic
and Information Engineering, Huazhong University
of Science and Technology, Wuhan, China, in 2018.
He is currently working toward the Ph.D. degree
in Shanghai Jiao Tong University, Shanghai, China,
under the supervision of Yanmin Qian. His current
research interests include robust speech recognition,
speech signal processing and deep learning.

Xuankai Chang (Student Member, IEEE) received
the B.Eng. and M.Eng. degrees in 2016 and 2019,
respectively, from the Department of Computer Sci-
ence and Engineering, Shanghai Jiao Tong University,
Shanghai, China. He is currently working toward
the Ph.D. degree in the Center for Language and
Speech Processing, Johns Hopkins University, Bal-
timore, MD, USA, advised by Shinji Watanabe. His
current research interests include end-to-end speech
recognition and the cocktail party problem. He was
also the recipient of the Best Paper Award of ASRU
in 2019.

Yanmin Qian (Senior Member, IEEE) received the
B.S. degree from the Department of Electronic and
Information Engineering, Huazhong University of
Science and Technology, Wuhan, China, in 2007, and
the Ph.D. degree from the Department of Electronic
Engineering, Tsinghua University, Beijing, China, in
2012. Since 2013, he has been with the Department
of Computer Science and Engineering, Shanghai Jiao
Tong University (SJITU), Shanghai, China, where he
is currently an Associate Professor. From 2015 to
2016, he also worked as an Associate Research in
the Speech Group, Cambridge University Engineering Department, Cambridge,
U.K. His current research interests include the acoustic and language modeling
in speech recognition, speaker and language recognition, key word spotting, and
multimedia signal processing.

Shinji Watanabe (Senior Member, IEEE) received
the B.S., M.S., and Ph.D. (Dr. Eng.) degrees in
1999, 2001, and 2006, respectively, from Waseda
University, Tokyo, Japan. He is an Associate Research
Professor with Johns Hopkins University, Baltimore,
MD, USA. From 2001 to 2011, he was a Research
Scientist at NTT Communication Science Laborato-
ries, Kyoto, Japan. From January to March, in 2009,
he was a Visiting Scholar with the Georgia Institute of
Technology, Atlanta, GA, USA. From January 2012
to June 2017, he was a Senior Principal Research
Scientist at Mitsubishi Electric Research Laboratories (MERL), Cambridge,
MA, USA. He has authored or co-authored more than 200 papers in top journals
and conferences. His research interests include Bayesian machine learning
and speech and spoken language processing. He was the recipient of several
awards including the Best Paper Award from the IEICE in 2003. He served
as an Associate Editor for the IEEE TRANSACTION ON AUDIO, SPEECH, AND
LANGUAGE PROCESSING, and he is a Member of several technical committees
including the IEEE Signal Processing Society Speech and Language Technical
Committee.

Authorized licensed use limited to: University College London. Downloaded on May 24,2020 at 07:08:49 UTC from IEEE Xplore. Restrictions apply.


www.ldc.upenn.edu/Catalog/LDC93S6A.html


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


