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Abstract

The rising interest in single-channel multi-speaker speech sep-
aration has triggered the development of end-to-end multi-
speaker automatic speech recognition (ASR). However, until
now, most systems have adopted autoregressive mechanisms for
decoding, resulting in slow decoding speed, which is not con-
ducive to the application of multi-speaker speech recognition in
real-world environments. In this paper, we first comprehensive-
ly investigate and compare the mainstream end-to-end multi-
speaker speech recognition systems. Secondly, we improve
the recently proposed non-autoregressive end-to-end speech
recognition model Mask-CTC, and introduce it to multi-speaker
speech recognition to achieve real-time decoding. Our experi-
ments on the LibriMix data set show that under the premise of
the same amount of parameters, the non-autoregressive model
achieves performance close to that of the autoregressive model
while having a faster decoding speed.

Index Terms: Speech separation, end-to-end multi-speaker
speech recognition, non-autoregressive, real-time decoding.

1. Introduction

In recent years, end-to-end (E2E) ASR has made great progress
in a relatively quiet environment with a single speaker [1-7],
e.g., recordings of telephone speech or audio books. However,
more realistic scenarios like spontaneous speech or meetings
with multiple participants require the ASR system to recognize
the speech of multiple speakers simultaneously, which is also
known as the cocktail party problem. Thus, there has been a
growing interest in source separation systems and multi-speaker
ASR. In this paper, we focus on single-channel multi-speaker
speech recognition because it is important not only in scenarios
where only a single-channel is available (e.g., telephone confer-
ence recordings), but also in multi-channel recordings where
conventional multi-channel processing methods, e.g., beam-
forming [8], cannot separate the speakers well enough in case,
e.g., they are spatially too close to each other.

For single-channel source separation, the mainstream meth-
ods can be divided into two main categories: frequency-domain
source separation and time-domain source separation. For fre-
quency domain source separation, Deep Clustering (DPCL) [9]
employs a neural network to map each time-frequency bin to an
embedding vector by forming a cluster of embedding vectors of
the same speaker in the embedding space. These clusters can
be found by a clustering algorithm and be used for construct-
ing a mask for separation in frequency domain. Another main-
stream frequency-domain approach is time-frequency mask-
ing (TF-masking) [10-13], which generates the corresponding
mask values for each source as training labels, such as ideal bi-
nary mask (IBM) [14], ideal ratio mask (IRM) [15] and phase-
sensitive mask (PSM) [16], by estimating the weight of each
source in the time-frequency bin of the mixed speech, and us-
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es neural networks to estimate these masks. Each source can
be obtained by multiplying the corresponding mask values with
the amplitude spectrum of the mixed speech, and then convert-
ed to speech waveform by inverse short-time Fourier transform
(iSTFT). However, TF-masking source separation uses only the
amplitude spectrum as the input of the neural networks and the
phase of the mixed speech to recover each source, which limit-
s the performance of these methods. In contrast, time-domain
source separation, such as time-domain audio separation net-
work (TasNet) [17-19], directly uses the speech waveform as
the input of the neural networks, utilizing both amplitude and
phase information, which greatly improves the separation per-
formance. For TasNet and TF-masking methods, the output
permutation of each source is uncertain. In order to achieve
speaker-independent source separation, the permutation invari-
ant training (PIT) [20] is usually used to solve this problem by
selecting the one with the lowest loss.

There are two mainstream end-to-end multi-speaker speech
recognition architectures: the full E2E multi-speaker ASR
[21-23], and the model that combines source separation and
E2E ASR. The former uses Mel-filterbank coefficients of the
mixed speech as input, and introduces speaker-dependent en-
coders for implicit speech separation, and then uses shared
recognition encoders and decoders for multi-speaker speech
recognition. This full E2E architecture is based on the PIT cri-
terion fully optimized using the ASR loss, does not require in-
dividual sources speech as the training target of the source sepa-
ration part. The latter uses the source separation methods men-
tioned above for speaker separation followed by speech recog-
nition. The advantage of this joint architecture is that source
separation and speech recognition can be achieved simultane-
ously, and the separated speech can be preserved. However, the
autoregressive mechanism is usually used in both architectures
for decoding, which leads to slow decoding speed and is not
conducive to application in real scenarios.

The reason why attention-based end-to-end ASR uses the
autoregressive decoding mechanism is that the decoder of it is
essentially an autoregressive speech-conditional language mod-
el. Thus, if the decoder can work in a non-autoregressive mech-
anism, its decoding speed will be faster. Based on this idea, [24]
proposed Mask-CTC, which introduces conditional masked lan-
guage model (CMLM) [25] as the decoder to decode in an itera-
tive refinement manner, greatly speeding up the decoding speed.
In this paper, in order to obtain better recognition performance,
we further improve the decoding strategy of the original Mask-
CTC and introduce it to multi-speaker speech recognition sys-
tems to achieve real-time speech recognition decoding.

The rest of the paper is organized as follows. In Section 2,
various source separation models and E2E multi-speaker AS-
R systems are described in detail. In Section 3, we address the
experimental details. Experimental results are presented in Sec-
tion 4. Finally, the paper is concluded in Section 5.
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Figure 1: Mainstream end-to-end multi-speaker speech recognition systems and modified Mask-CTC.

2. System overview
2.1. Full E2E multi-speaker ASR

As shown in Figure 1(a), full E2E multi-speaker ASR receives
the FBank coefficients of the mixed speech as input, and first
preprocesses them using a shared encoder (Mix) to extract the
high-level features suitable for speech separation. Then, two
speaker-dependent (SD) encoders are used to separate the over-
lapped speech and extract speaker-dependent feature represen-
tations from the mixed speech. The recognition encoder is re-
sponsible for extracting high-level features from the separated
features to facilitate speech recognition. To reduce the computa-
tional effort, permutation invariance training is performed with
the connectionist temporal classification (CTC) [26] loss func-
tion, which provides the decoder with the correct permutation
to compute the cross-entropy loss. The total loss function of the
complete model is a weighted sum of the CTC loss function and
the decoder’s cross-entropy loss function:

ey

where « is a hyper parameter used to balance the two losses,
and 7 is the correct permutation obtained from CTC.

Lioss = aLg’TC’ + (1 - a)LgE

2.2. TF-masking separation + ASR

The most intuitive idea for multi-speaker speech recognition is
to merge the source separation model with the speech recog-
nition model. Take TF-masking frequency source separation
method as an example, as shown in Figure 1(b), the mixed
speech is first processed by short-time Fourier transform, and
the amplitude spectrum is input to the neural networks to pre-
dict the mask of each source, which represents the weight of
each source in the mixed speech. Then, the separated sources
are passed through Mel filters to extract the FBank coefficients
and are fed into the ASR part for recognition.

There are three ways to train this model. The first one is
to train the separation part and the ASR part separately, and
combine them at inference stage, which is named as cascade
model. Since the training objectives of the two models are d-
ifferent, cascade models usually have mismatch problems. The
second way is to train the separation model and ASR jointly
(ASR-driven), where the ASR loss can be directly used for op-
timization because the whole network is differentiable. Howev-
er, using only the ASR loss is strenuous for the model training.
The third method is also to train the separation part and the ASR
part jointly, but the loss function is a weighted sum of the two
parts:

Lioss = BLEs_prr + (1 — B)Lasr )
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where (3 is a hyper parameter used to balance the two losses, and
7 is the correct permutation obtained from the source separation
part.

The loss function of the TF-masking source separation has
three forms. The first one is to directly calculate the mean
square error (MSE) loss between the mask predicted by the
neural networks and the ground truth mask (IBM, IRM, PSM,
etc.). The second form does not specify the ground truth mask,
but obtains the amplitude spectrum or spectrum of each source
through the mask predicted by the neural networks, and then
calculates the MSE loss on either the magnitude spectrum or
the complex spectrum. This form allows the neural networks to
learn the most appropriate mask by itself. However, this form
may distort the amplitude spectrum, so STFT consistency train-
ing [27] is usually used to solve this problem. The third form
converts the separated source spectrum into the speech wave-
form by iSTFT and then calculates the scale invariant signal-
to-distortion ratio (SI-SDR) [17] loss. In this form, the neural
networks learn the most appropriate mask by themselves. In
addition, all the above three forms require the use of the PIT
criterion to solve the permutation problem.

2.3. TasNet separation + ASR

TasNet is an advanced time domain source separation network.
As shown in Figure 1(c), TasNet takes the original speech wave-
form as the input directly. In addition, an encoder is employed
in TasNet to replace the STFT module to learn a signal transfor-
mations suitable for source separation task automatically. The
separator of TasNet serves the same role as the neural network-
s of the TF-masking methods, which also performs mask pre-
diction of individual sources. The decoder of TasNet is used
to replace the iSTFT, where the network reconstructs individu-
al source speech waveforms directly. There are various archi-
tectures for TasNet, and the better performing architectures are
Conv-TasNet [18] and DPRNN-TasNet [19], so these two vari-
ants of TasNet are the main architectures adopted in this paper.

The combined methods of TasNet and ASR are similar to
the TF-masking methods, but since TasNet is a time-domain
separation network, the separated speech waveforms need to be
converted to the frequency domain through STFT before being
fed into the Mel filters. Because STFT is differentiable, TasNet
and ASR can be trained jointly like the TF-masking method. In
addition, TasNet is optimized using the SI-SDR loss function,
which is the standard loss function for time-domain source sep-
aration. Moreover, TasNet has the same permutation problem
and still needs to be optimized using the PIT criterion.



2.4. Modified Mask-CTC

The decoder of the attention-based end-to-end speech recogni-
tion system is essentially a speech-conditional autoregressive
language model, which requires the previous character as the
input to generate the next character, resulting in slow decoding
speed. In contrast, mask-based language models, such as bidi-
rectional encoder representations from Transformers (BERT)
[28], are capable of generating multiple characters simultane-
ously with an iterative refinement non-autoregressive mechanis-
m. In view of this, Mask-CTC introduces a conditional mask-
based language model (CMLM) [25] as the decoder for the
attention-based E2E ASR, and achieves non-autoregressive fast
decoding. Specifically, the speech features are input to the en-
coder, and the initial results are obtained through CTC greedy
search. Then, the characters with low confidence in the results
are replaced with the special character <mask> and then are
input to the CMLM decoder for iterative correction, so that the
model outputs characters with higher confidence.

However, CTC greedy search is not always accurate, and
the sequence length of the final recognition result is entirely de-
termined by the CTC result, so the decoder is not able to make
length correction if the length prediction is not accurate, which
causes the performance degradation. In order to solve this prob-
lem, we improve the decoding strategy of Mask-CTC. As shown
in Figure 1(d), we first use CTC prefix beam search to generate
multiple candidate paths (N-best), making the initial recogni-
tion results as accurate as possible. Then we feed these candi-
dates into the CMLM decoder for batch decoding, and finally
we use the Transformer language model for re-scoring to select
the best result. The scores of each candidate are as follows:

S=

CMLM LM
(Syim 7 +8yi)
1

3

l
i=

where [ is the length of the candidate sequence, yi is the i-th
character of the candidate sequence, SyciM EM and SyLiM are the
scores of yi in the CMLM decoder and the Transformer LM
outputs, respectively. The ~ is a hyperparameter to adjust the
weight of the Transformer LM. We select the candidate with
the highest score as the final recognition result.

We introduce the modified Mask-CTC into the end-to-end
multi-speaker speech recognition systems mentioned above to
achieve real-time end-to-end monaural multi-speaker speech
recognition. Specifically, for the full E2E multi-speaker AS-
R, we use the CMLM decoder of the modified Mask-CTC to
replace the original attention-decoder module and keep the rest
of the modules same as before. For the combined source sepa-
ration and ASR architecture, we use the modified Mask-CTC to
replace the ASR part entirely.

3. Experimental setup

3.1. LibriMix dataset

LibriMix [29] is a new open source speech separation bench-
mark dataset, which contains artificial mixtures of utterances
from LibriSpeech, including four conditions (2/3 speakers,
clean or noisy). We choose the subset (Libri2Mix) from Lib-
riMix for our experiments, which contains 292 hours of speech
data, 1252 speakers, and the sampling rate is 8 kHz. The train-
ing set, development set, and test set contain 270 hours, 11
hours, and 11 hours of two speaker’s mixed speech, respec-
tively. For training efficiency, we removed the speech larger
than 15 seconds from the training set, so the final training set is
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137 hours. Another popular speech separation dataset is wsj0-
2mix [12, 30], which consists of 30 hours of fully overlapped
speech data. However, real-world overlap ratios are typically in
the order of 20% or less in natural meetings and casual dinner
parties, which shows that wsj0-2mix is not applicable to real
scenarios. In contrast, Libri2Mix contains a variety of mixed
speech data with different overlap rates: 0 %, 20 %, 40 %, 60
%, 80 %, and 100 %, which can be adapted to different appli-
cation scenarios. In addition, Hanning windows with length of
256, 128 hop length, and FFT length of 256 are used for STFT
computation, and 80-dimensional FBank coefficients are used
for speech recognition. For the modeling unit, we use English
characters due to the training data size limitation.

3.2. Implementation details

Since the training period of Mask-CTC model is relatively high
(300 epochs), we first experiment on the autoregressive Trans-
former ASR (80 epochs), and then choose the optimal architec-
ture to replace with Mask-CTC. The parameters of the Trans-
former ASR and the Mask-CTC are entirely the same, only
the decoding strategy is different. As suggested in [5], we use
the configuration named big model for Transformer, in which
d**'=256, d°°""1*=2048, d"“**=4 , e=12, and d=6. In addition,
a convolutional front-end was used to subsample the acoustic
features by a factor of 4, and CTC loss (weight=0.3) is used to
assist in training. For full E2E multi-speaker ASR, the convolu-
tional front-end just mentioned is used as the mix encoder. The
SD encoder and the recognition encoder are the 4-layer and 8-
layer Transformer encoder respectively, and the decoder is the
6-layer Transformer decoder. Their parameters are the same as
the layers of Transformer ASR mentioned above. Moreover, a
6-layer Transformer LM is used as an option to further perfor-
mance improvement.

We have investigated a variety of source separation
models, and due to the space limitations, we provide the
specific details of each source separation model via the
github web page: https://github.com/Alex-Songs/
Multi-speaker—ASR. During training, for the architecture
combining source separation and ASR, we default to train joint-
ly and adjust the hyperparameter 3 so that the loss ratio between
the two is 1:1. Moreover, we also compare the cascade system
and the ASR-driven training method to ensure the integrity of
our experiments.

In all experiments, we set the number of parameters of all
the models to be close for fair comparison. The Adam [31]
optimizer is used to optimize all models. The initial learning
rate is set to 0.001, and it will decay 0.5 when the validation
loss goes up. The final models are selected by early stopping
mechanism [32].

4. Results

4.1. Comprehensive results analysis

We have conducted sufficient experiments on the model ar-
chitectures mentioned in the paper, including full E2E multi-
speaker ASR, the combination of frequency domain source sep-
aration and ASR, and the combination of time domain source
separation and ASR. As shown in Table 1, the best results were
achieved with the combined architecture of time-domain source
separation and ASR, especially DPRNN-TasNet. This is be-
cause the time-domain source separation uses the speech wave-
form as the input, which can make full use of the amplitude
and phase information, and in turn facilitates the speech separa-



Table 1: Performance comparison of different models.

Model Min_dev_-WER(%) Min_test WER(%) Min_dev_.CER(%) Min_test CER(%) SDRidev SDRi_test RTF (CPU,nj=1)
Full End-to-End Multi-speaker ASR
Multi-speaker LAS [22] (100.63M) 48.11 48.39 26.69 26.89 3.939
+ Transformer LM (shallow fusion, weight=0.6, 7.6M) 50.28 50.37 39.33 39.39 6.097
Multi-speaker Transformer (32.38M) 26.58 26.55 12.68 12.52 6.794
+ Transformer LM (shallow fusion, weight=0.6, 7.6M) 24.28 24.34 11.85 11.76 8.953
Multi-speaker Mask-CTC (max_iteration=10) (32.38M) 28.92 28.77 12.06 12.01 0.091
+ CTC Prefix BeamSearch (max_iteration=10, beam=2) 28.45 28.32 11.67 11.65 0.201
+ CTC Prefix BeamSearch (max_iteration=10, beam=4) 28.11 28.03 11.65 11.62 0411
+ CTC Prefix BeamSearch (max_iteration=10, beam=8) 27.01 27.02 11.53 11.52 0.903
+ Transformer LM (rescore, weight=0.6, 7.6M) 26.15 26.11 1141 11.43 0.939
Frequency domain speech separation + ASR
TF-masking (BLSTM) + ASR (ASR-driven) (30.38M) 69.10 69.70 51.40 52.30 -0.291 -0.373 4.740
TF-masking (BLSTM)_log_spectrum_mse + ASR (30.38M) 25.50 25.80 12.40 12.60 10.640 10.923 4.740
TF-masking (BLSTM)_IBM_mse + ASR (30.38M) 23.30 23.50 9.80 10.00 1.504 1.551 4.740
TF-masking (BLSTM)_IRM_mse + ASR (30.38M) 23.20 23.70 9.70 10.10 3493 3.566 4.740
TF-masking (BLSTM)_PSM_mse + ASR (30.38M) 28.20 28.70 13.40 13.70 5973 5.770 4.740
TF-masking (BLSTM)_SI-SDR + ASR (30.38M) 22.70 23.00 10.70 10.70 11.337 11.050 4.740
TF-masking (BLSTM)_magnitude_mse + ASR (30.38M) 22.10 22.40 10.40 10.40 7411 6.988 4.740
+ STFT Consistency [27] 21.00 21.90 9.90 10.20 7.521 7.042 4.740
+ Transformer LM (shallow fusion, weight=0.6, 7.6M) 18.90 19.50 9.70 10.00 7.521 7.042 5.895
+STFT Consistency (cascade) 67.00 67.10 41.20 41.20 8.701 8.374 4.740
TF-masking (TCN)_magnitude_mse + ASR (30.38M) 24.20 24.40 12.40 12.30 1.369 1310 5.146
TF-masking (Transformer)_magnitude_mse + ASR (31.16M) 24.90 25.20 12.80 12.90 0.535 0.488 4.604
TF-masking (Conformer)_magnitude_mse + ASR (31.96M) 23.90 23.50 12.20 11.70 1.047 1.082 4.875
Time domain speech separation + ASR
Conv-TasNet + ASR (31.58M) 19.80 19.50 8.10 8.70 10.916 10.838 5.792
DPRNN-TasNet + ASR (ASR-driven) (29.73M) 60.70 61.10 45.80 46.10 -0.110 -0.130 5.125
DPRNN-TasNet + ASR (cascade) (29.73M) 30.70 31.32 15.57 15.76 13.790 13.681 5.125
DPRNN-TasNet + ASR (29.73M) 15.30 14.50 6.70 6.80 10.232 10.081 5.125
+ Transformer LM (shallow fusion, weight=0.6, 7.6M) 14.50 13.60 6.30 6.50 10.232 10.081 5.875
DPRNN-TasNet+ Mask-CTC (max-iteration=10) (29.73M) 18.37 17.56 7.90 8.20 10.537 10.457 0.078
+ CTC Prefix BeamSearch (max_iteration=10, beam=2) 18.01 17.21 7.85 8.10 10.537 10.457 0.184
+ CTC Prefix BeamSearch (max_iteration=10, beam=4) 17.85 17.01 1.75 7.95 10.537 10.457 0.388
+ CTC Prefix BeamSearch (max_iteration=10, beam=8) 16.95 16.27 7.52 7.62 10.537 10.457 0.837
+ Transformer LM (rescore, weight=0.6, 7.6M) 15.98 15.19 7.28 7.58 10.537 10.457 0.897

tion and speech recognition performance. For the architecture
of combining frequency domain source separation and ASR,
we first performed a comparison of various loss function forms
(as mentioned in Section 2.2), where the combination of am-
plitude spectrum MSE loss and STFT consistency has the best
performance, which indicates that speech recognition is more
sensitive to the amplitude spectrum, and using the amplitude
spectrum as the training target of the source separation part im-
proves the performance of speech recognition. In addition, we
have tried various networks for mask prediction, such as tem-
poral convolutional network (TCN) [33], Transformer [34], and
Conformer [7], but the performance is not as good as BLSTM.
This is because TCN has limited perceptual field, while Trans-
former and Conformer usually need deeper network structure
to achieve comparable performance. For full End-to-end multi-
speaker ASR, although in general the performance is not as
good as the other two structures, it is more suitable for scenar-
ios where there is no source speech and only the corresponding
text is available.

4.2. Comparison of different training methods

As shown in Table 1, we trained the combined source separa-
tion and ASR architecture with different training methods (as
described in Section 2.2), where the best results were obtained
by training source separation and ASR jointly with the weight-
ed summation of loss functions. We also found that the cascad-
ed system has better speech separation performance (SDRi) and
poorer speech recognition performance, which indicates that the
cascade system does have a mismatch problem that makes per-
formance degrade. In addition, the pure ASR-driven approach
has poor performances due to the lack of source speech as the
training targets for the source separation part. In this scenario,
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the full E2E multi-speaker ASR is a better choice.

4.3. The effect of the modified Mask-CTC

We can see from Table 1 that the real time factor (RTF) met-
rics of the models using the autoregressive mechanism for de-
coding, tested on a server configured with a 4-core Intel(R) X-
eon(R) CPU with 125G memory, are all much larger than 1.
This indicates that the decoding speed of these models is s-
low, which limits the deployment of end-to-end multi-speaker
speech recognition systems in real application scenarios. In
view of this, we introduced the modified Mask-CTC into the
best model of the structure of full E2E multi-speaker ASR and
the combined source separation and ASR architectures (as men-
tioned in Section 2.4). From the experiments, it is clear that the
modified Mask-CTC achieves a performance close to that of the
autoregressive ASR model in both architectures with the RTF
metric less than 1, which achieves our desired goal of real-time
end-to-end monaural multi-speaker speech recognition.

5. Conclusions

In this paper, we conducted a sufficient investigation of var-
ious mainstream source separation models and end-to-end
multi-speaker models. In addition, we improved the non-
autoregressive ASR model Mask-CTC and introduced it into
end-to-end multi-speaker ASR, which greatly accelerates the
decoding speed and facilitates the application of end-to-end
multi-speaker ASR in real scenarios.
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