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Abstract—Cocktail party problem has attracted more
attentions in recent years in the speech community. Specially,
the single-channel multi-talker speech separation and
recognition has become a research hotspot. Also, the visual
based information has also been adopted to improve the
performance of speech separation and speech recognition. In
this paper, we explored to improve the baseline permutation
invariant training (PIT) based speech separation systems by
two data augmentation methods. Firstly, the visual based
information is selected to determine the permutation of
separated speakers and also improve the separation
performance. Besides, the SpecAugment was explored with big
data augmentation method to improve the performance of
separation. Finally, we achieved dB of SDR on a mixed dataset
using TCD-TIMIT corpus.

Keywords—audio-visual, speech separation, Big Data,
permutation invariant training

1. INTRODUCTION

With the development of speech recognition and
processing using deep learning, cocktail party problem has
become a research hotspot. There are some related works
focusing on single-channel multi-talker speech separation[1-
4].

Deep clustering and deep attractor network projects the
time-frequency (TF) units into a high-dimension space,
where deep clustering use a cluster algorithm to generate a
partition of TF units and then use it to separate the mixed
speech, while deep attractor network use some attractor
points to attract all the TF units corresponding to the target
speaker[5-7].

Permutation invariant training (PIT) is an end-to-end
speech separation method, which use a unified deep neural
network to separate the mixed speech by considering all the
possible permutation of outputs, since we don’t know which
output permutation corresponds to target speakers. PIT is
also widely used in single-channel multi-talker speech
recognition scenes. Meanwhile, the speech processing based
on multi-mode has also been widely explored by the
community, including audio-visual based speech recognition,
speech separation and so on [8-12].

The videos with speakers’ faces are obtained from
YouTube, then the audios are mixed and the speakers’ face
features are extracted use a convolutional neural network
(CNN). The mixed speech feature and face feature of each
speaker are feed into a separation network to predict the
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amplitude and phase of each speaker’s speech spectrum.
Then with inverse short-time Fourier transform (iSTFT), the
predicted speech of each speaker is obtained. The target
speaker’s visual representation is used to extract the
amplitude of target speaker’s speech spectrum from the
mixed speech spectrum, Then the predicted amplitude of
spectrum and the phase of mixed speech are used to generate
the phase of target speaker’s speech. Then with iSTFT, we
can generate the target speaker’s clean speech[13, 14].

The cross-mode predict model to predict the amplitude of
target speaker’s spectrum using visual information. Then the
predicted amplitude spectrum is used to compute the ideal
binary mask of target speaker. With this mask, the target
speaker’s speech can be extracted from the mixed speech.
However, this method is speaker-related, where the cross-
mode predict model is dependent on the target speaker. A
dataset named TCD-TIMIT is created by recording the lip
videos of speakers reading the sentences in TIMIT corpus.
The lip videos are recorded in both 0 degree and 30 degree.
Also, a speech recognition baseline is also provided. The
deep feedforward sequential memory network is used to
improve the performance of audio-visual speech recognition.
Besides, the per-frame dropout is used to simulate the
missing of some video frames. The convolutional neural
network and long short-term memory are used to process
audio and video features, then the features are averaged
across time axis and combined to feed to a classification
layer to predict which alphabet is said by the speaker.
However, the scene is quite simple and don’t work on
continuous speech recognition[15-21].

The paper is organized as follows. The Section I is the
introduction of previous works. The methods used in this
paper is discussed in Section II. The experimental results will
be analyzed in Section III, followed by the conclusions in
Section I'V.

II. AUDIO-VISUAL BASED SPEECH SEPARATION SYSTEM

In this section, we will first discuss the framework of the
audio-visual based speech separation system. Then we will
introduce the SpecAugment based data augmentation
technology and how to use it in the speech separation system.

A. Framework

The PIT based framework is used to do separation firstly,
where the audio-based and visual-based features are process
separately and then concatenated to a vector as the input of
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the LSTM/BLSTM based separation network. The two
outputs of the separation network and the two target
spectrums may have two possible permutations (N! possible
permutations for N speaker), which can be written as follows:
|2

~ 12 .
Li=|% % +|x - %,

()

12 ~ 12
L=X-% +|%-X[ (o

Lp;['t = nlin(Ll,Lz) (3)

Where L, and L, are the losses of two permutations, X;
and X, are the target spectrums of two speakers respectively,
X, and X, are the predicted spectrums of two speakers
respectively, Ly;. is the loss for training.

In this framework, the output permutation is chosen from
all the possible permutations and is invariant with the order
of input visual features. Since if we change the order of input
visual features, the output permutation can still keep the
same or switch to another one.

However, unlike the audio-only based speech separation
system, the visual information can be obtained from different
camera, or can be extracted using the technology in computer
vision. Thus, it is reasonable to obtain each speaker’s visual
information separately. Then we may align the output
permutation to the order of input visual features, i.e., the first
output always corresponds to the predicted speech of the
person with first input visual feature. We note this system as
‘FIX’, since the output permutation is fixed given the input
visual information order, as illustrated in Figure 2.
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Fig. 1. The PIT based speech separation system.
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Fig. 2. The FIX based speech separation system.

In the FIX system, the loss is computed as follows:

o 12 o2
Lﬂx=|Xl—Xll +|X2_X2| (4)

Where X; and X; are the target and predicted speech
spectrums correspond to the same speaker with i-th visual
information.

B. SpecAugment

SpecAugment is proposed in [22], which is a powerful
data augmentation technology for end-to-end speech
recognition. It is composed of three parts, named time
warping, frequency masking and time masking respectively.
Time warping will slightly warp the left part and right part
spectrum, while frequency masking and time masking
respectively will set some random areas across frequency
axis and time axis to zeros or mean value of the feature.
Though it is widely used in speech recognition system, it
hasn’t been explored in speech separation task.

Besides, in audio-visual based speech separation system,
the SpecAugment technology can be adapted to the visual
features. In this paper, since the feature is already extracted
by previous work and is not the original picture or video, we
cannot to the technology similar to frequency masking on
video features. Besides, time warping will destroy the time
alignment between input feature and target spectrum, so it is
not used in both audio spectrum and video features.

Also, note that time masking on video features is not the
same as the per-frame dropout in [17]. Because the first one
is to randomly drop some continuous frames, while the
second one is to randomly drop every frame.

In this paper, we denote the time masking and frequency
masking on audio spectrum as A-TM and A-FM, while the
time masking on visual feature as V-TM.
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III. EXPERIMENTAL RESULTS

A. Dataset

The dataset often used in single-channel multi-talker
speech separation is the WSJ0-2mix dataset [5-9]. However,
this dataset doesn’t contain visual features. Thus, we choose
to use TCD-TIMIT dataset and mix the speech of different
speakers with a random signal-to-noise of 0~5 dB to simulate
a training, validation and test set, with 20k, 2k and 2k
sentences respectively. The dataset is about 30 hours, and the
speakers in training, validation and test do not overlap.

The video feature has already been extracted in the TCD-
TIMIT corpus, which is processed to have the same frame
rate as speech recognition, i.e., 10ms per frame. Thus, for the
spectrum of mixed speech and target speech, we choose to
do STFT with a frame length 20ms and shift 10ms, and the
spectrum has a dimension of 161. The video feature has a
dimension of 40.

During training, the training set is doubled by exchanging
the order of input features of two speakers while keep the
same target permutation for PIT. However, for FIX, it is
doubled by both exchanging the order of input features and
target spectrums.

B. Network Structure

The network is implemented using TensorFlow [23]. The
input to the network is the amplitude of the mixed spectrum
and two speaker’s video features, which are concatenated
and has a total dimension of 241. We use 3-layer LSTM and
BLSTM for the separation network, among which LSTM is
used for fast development. For the LSTM, the cell size is 640,
while for BLSTM, the cell size is 512 among each direction.
The two outputs have a dimension of 161, which corresponds
to the phase-sensitive mask of the target spectrum, and is
multiplied by the mixed spectrum to predict the amplitude of
the target speech. Then with the phase of the mixed speech
and iSTFT, the predicted target speech is generated.

During training, we use Adam as the optimizer with an
initial learning rate of 5e-5, which will be decayed by 0.7
once the loss on validation set is increased after epoch. The
dropout is applied to the output of LSTM/BLSTM layers to
prevent the model from getting overfitted. Since LSTM is
much fast to train, we will use it to verify the effectiveness of
the methods proposed in this paper.

C. Audio-only Baseline

The baseline using audio-only information for speech
separation is important to see the importance of visual
information in the further. Table I shows the audio-only
baselines using PIT training strategy and LSTM/BLSTM as
separation networks, where the average signal to distortion
ratio (SDR) is reported on the test set. As illustrated in the
table, BLSTM outperforms LSTM significantly by an
improvement of 1.84 dB.

TABLE 1. THE BASELINE USING AUDIO-ONLY INFORMATION

. Average SDR (dB)
Baseline
LSTM BLSTM
Separation Network 6.64 8.48

D. Audio Spectrum Masking

The effects of time masking and frequency masking on
audio spectrum (A-TM and A-FM) are explored in the audio-
only system. We only masks once for A-TM and A-FM
respectively, but modifies the max size of masking to see the
effects, where the actual masking size is a uniform random
number between 0 and the max size. The results are
presented on Table II.

TABLE II. THE PERFORMANCE OF TIME MASKING AND FREQUENCY
MASKING ON SPECTRUM

Separation A-TM  mask | A-FM mask | Average
Network size size SDR (dB)

N/A N/A 6.64

32 N/A 6.83

64 N/A 6.91

96 N/A 6.79
LST™M N/A 16 6.79

N/A 32 6.86

N/A 48 6.66

64 32 6.92

Firstly, the time masking on spectrum can slightly
improve the performance of separation, with a max
improvement of 0.27 dB. Secondly, the frequency masking
on spectrum can also improve the SDR, with a max value of
0.22 dB. Finally, we combine the time masking and
frequency masking, and get a 0.28 dB improvement.

From the above results, we can see that the masking-
based data augmentation technology can improve the
separation results. But when they are combined together, the
total improvement is only 0.01 dB better than the system
using only time masking. May be a more suitable
combination can be found by fine-tuning the A-TM and A-
FM size.

E. Audio-Visual Baseline

We then explored to use the visual information to
improve the separation performance. We explored the
performance of LSTM and BLSTM using both PIT and FIX
training strategy. The results are concluded in Table III.

TABLE III. PIT AND FIX TRAINING STRATEGY WHEN USING AUDIO-

VISUAL INPUTS
Separation .
Network Training strategy Average SDR (dB)
PIT 6.87
LSTM
FIX 8.83
PIT 10.738
BLSTM
FIX 10.739

As illustrated in the table, for the LSTM based system,
the FIX strategy is much better than the PIT strategy, while
for BLSTM, both strategies performs almost same. We
maintain that the modeling capacity of BLSTM is much
stronger than LSTM, which makes BLSTM tends to learn
the correspondence between the order of input video
features and output permutation. While for LSTM, when
training using PIT strategy, the modeling capacity is too
weak to learn the correspondence. Also, since we double the
dataset by exchanging the order of input features of two
speakers while keep the same target permutation, the model
may learn that the visual information is not useful, since the
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SDR of 6.87 dB is only a little better than the audio-only
baseline’s 6.64 dB compared to the results of BLSTM.

To confirm this, we plot the curve of training losses L1,
Ly and L,;; in PIT strategy, as well as Lz, in FIX strategy,
which is equal to L;, as shown in Figure 3. As illustrated in
the figure, when using FIX strategy, the LSTM learns the
correspondence between the order of input video features
and output permutation. While no matter using FIX or PIT
strategy, the BLSTM always learned the correspondence, as
Ly is almost the same as the L.
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Fig. 3. Training losses in PIT and FIX strategy

F. Video Feature Masking

Now we explored the influence of V-TM’s max size, and
the results are presented in Table IV. As illustrated in the
table, the results is not stable enough, but in most cases, a
slight gain can be obtained from the V-TM, where the max
value is 0.26 dB.

TABLE IV. PERFORMANCE OF V-TM WITH DIFFERENT MASKING SIZE

IV. CONCLUSIONS

In this paper, we proposed to improve the audio-visual
based speech separation by two methods, named FIX
strategy and masking based data augmentation technologies.
The first one use the order of input visual features of two
speakers to determine the output permutation and thus
prevent the use of PIT and also improve the training stability,
since the LSTM failed when training using PIT strategy. The
another one is used to slightly improve the performance of
BLSTM based audio-visual speech separation system, and
improve more for the LSTM based speech separation
systems.

In the further, the speech separation based on time
domain can be explored with the proposed methods, like
Time-domain Audio Separation Network (TasNet) [24].
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