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Abstract

Time-domain approaches for speech separation have achieved

great success recently. However, the sources separated by these

time-domain approaches usually contain some artifacts (broad-

band noises), especially when separating mixture with noise. In

this paper, we incorporate synthesis way into the time-domain

speech separation approaches to deal with above broadband

noises in separated sources, which can be seamlessly used in the

speech separation system by a ‘plug-and-play’ way. By direct-

ly learning an estimation for each source in encoded domain,

synthesis way can reduce artifacts in estimated speeches and

improve the speech separation performance. Extensive experi-

ments on different state-of-the-art models reveal that the synthe-

sis way acquires the ability to handle with noisy mixture and is

more suitable for noisy speech separation. On a new benchmark

noisy dataset, the synthesis way obtains 0.97 dB (10.1%) SDR

relative improvement and respective gains on various metrics

without extra computation cost.

Index Terms: synthesis way, speech separation, time domain,

deep learning

1. Introduction

Speech separation, also known as audio source separation, is a

significant task in signal processing, which is commonly known

as the cocktail party problem [1, 2]. The aim of speech separa-

tion is to separate each source from mixed audio signals and

this work is very important for some real-world applications.

For example, it can separate clean speech from noisy speech

signals to improve the accuracy of automatic speech and speak-

er recognition. A machine solution to this problem is critical to

enable resolvability of various scenarios such as meeting tran-

scription, hearing prosthesis, mobile telecommunication, and so

on. In general, there are two types of speech separation: monau-

ral speech separation and multi-microphone speech separation.

This study focuses on monaural separation since it has low re-

quirements for sensors. Compared to multi-microphone solu-

tions, a monaural system is less sensitive to room reverberation

and spatial source configuration [3]. On the other hand, monau-

ral separation is a severely underdetermined figure-ground sep-

aration problem, which is typically more challenging than its

multi-microphone counterpart.

Regardless of the challenge in monaural speech separation,

a lot of attempts have been made in previous works to dispose of

this problem. Before the rise of deep learning, many tradition-

al methods were proposed for this task, such as non-negative

matrix factorization (NMF) [4, 5] and computational auditory

scene analysis (CASA) [6]. However, they only work well in

the condition that there is prior information about the speaker-

s. With the success of the deep learning techniques on various

domains[7, 8], a large number of deep learning-based methods

have been proposed for monaural speech separation, and they

usually design data-based models to separate the mixture of un-

known speakers without prior information. In general, these

techniques can be divided into two categories. The first catego-

ry is based on time-frequency features created by calculating the

short-time Fourier transform (STFT) [9, 10, 11, 12, 13], where

the time-frequency features for each source are separated and

then are used to reconstruct the source waveforms by inverse

STFT. The second category is end-to-end speech separation in

time domain [14, 15, 16, 17, 18, 19, 20], which is a natural way

to overcome the phase errors in time-frequency methods.

Because it is difficult to separate the phase, most of first-

category methods only modify the magnitude, and then directly

use the original phase of mixture to reconstruct the estimated

source waveforms by inverse STFT. This modeling strategy is

usually defective and imposes an obvious upper bound on the

separation performance [14, 17]. To overcome above limits, pa-

per [14] proposes the second category of approaches, namely

end-to-end speech separation in time domain. Time-domain ap-

proaches directly model the mixture waveform using an encode-

decoder framework, and perform the separation for each source

on the output of the encoder. These approaches focus most of

their attention on learning long-term temporal dependency and

pay little attention to the way of decomposition. For the ques-

tion of how to perform the separation, they empirically con-

struct a mask for each source, which is a method that achieves

best performance in time-frequency methods. However, speech

estimated by the masks in time-domain approaches usually con-

tain some artifacts (broadband noises), which could lead to de-

generated separation performance, especially when it comes to

the separation of mixture with noise.

In this paper, we introduce the synthesis method to the

filed of time-domain speech separation, which can synthesize

the sounds lost in overlaps, thereby helping reduce the artifacts

in the estimated speech. Furthermore, the introduced synthesis

method has no any additional computing overheads, and it can

be seamlessly used in speech separation systems by a ‘plug-and-

play’ way. Note that the synthesis method in this paper refers to

an approach to separate the features of the mixed speech, which

is totally different from the Text-To-Speech based methods.

The remainder of this paper is organized as follows: In Sec-

tion 2, we describe the details of the synthesis method for time-

domain speech separation. Sections 3 introduces the experi-

ment configurations. The experiment results and discussions

are presented in Section 4. Section 5 concludes this paper.

2. Synthesis method for time-domain
monaural speech separation

In this section, we first describe the formal definition of the

time-domain monaural speech separation. In quick succession,
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Figure 1: Flowchart of masking and synthesis.

we describe the synthesis method in details and then plug it into

two state-of-the-art models.

2.1. Time-domain monaural speech separation

Given the discrete waveform of the mixture y(t) ∈ R1∗T , time-

domain monaural speech separation is often formulated as di-

rectly estimating each source x1(t), ..., xs(t) ∈ R1∗T from the

mixture. Usually, we assume the sources are mixed linearly,

which can be expressed by the following formula:

y(t) =
S∑

s=1

xs(t) (1)

where s = 1, ..., S, and S is the number of sources [14].

2.2. Synthesis method

Previous monaural speech separation approaches in time do-

main usually learn a mask for each source, and we present the

flowchart of the masking method in Figure 1(a). The masks are

multiplied with the mixed speech signals to obtain the estima-

tion for each source in encoded domain. In the case of sepa-

rating noisy mixture, the overlaps of the speech and loud noise

sometimes lead to a loss of information of the clean speech,

which is required to be reversible by some kind of operation.

However, the masking operation cannot synthesize new sounds

due to the linearity of the encoder and decoder, thus it is tough

for the masking method to deal with the problem of separating

noisy mixture. The underlying reason is that time-domain ap-

proaches based on masking method use an over-complete linear

representation on which they apply a mask obtained from the

separation network [21].

To overcome the above limitation, we propose to directly

learn the estimations in encoded domain, namely the synthesis

method, which is shown in Figure 1(b). Similar to the masking

method, the synthesis method works on the encoded domain

and generates an estimation for each source. The difference be-

tween them is that the synthesis method has no the intermediate

process of learning the masks. The main advantage of the syn-

thesis method is that it can synthesize the sounds lost in over-

laps, which is quite important to reduce artifacts in separated

speech and improve the performance of speech separation. In

addition, we normalize the estimated waveforms to the range of

[-1, 1], which does not interfere the scores of evaluation metric-

s but is beneficial to regulate the volume and audibility of the

separated speech.
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Figure 2: Architecture of Conv-TasNet with synthesis method.

2.3. Conv-TasNet with synthesis method for time-domain

monaural speech separation

One of the utilized neural network for speech separation is the

convolutional time-domain audio separation network (Conv-

TasNet) as presented in [15], which is the first model that sur-

passes ideal time-frequency magnitude masking in this field.

We show the overall framework of Conv-TasNet fused with the

synthesis method in Figure 2, which consists of an encoder, a

separation network and a decoder.

The mixed speech y ∈ R1∗T can be divided into overlap-

ping segments with length L, represented by y ∈ RL∗I , where

I is the total number of segments. The encoder can be described

as a super-filter with N filters of length L, which is actually a

1-D convolution module. The output signal Y ∈ RN∗I of the

encoder for the mixed speech signal y is computed as:

Y = y ∗W encoder
(2)

where the rows in W encoder ∈ RN∗L are the encoder ba-

sis functions, each with length L. The separation network is

a fully-convolution separation module that consists of stacked

1-D dilated convolutional blocks. It learns the temporal de-

pendency in encoded domain and finally outputs an estimation

Xs ∈ RN∗I for the s-th source. In the decoder, the separated

speech signal for the s-th source xs ∈ RL∗I is reconstructed by

a deconvolution module as below:

xs = Xs ∗W
decoder

(3)

where W decoder ∈ RN∗L contains N vectors (decoder basis

functions) with length L each. The overlapping reconstruct-

ed segments are overlap-added to generate the final waveform

x̃s ∈ R1∗T .

2.4. DPRNN with synthesis method for time-domain

monaural speech separation

The second utilized framework is a time-domain audio separa-

tion network with dual-path recurrent neural network (DPRN-

N) [20], which is a extremely effective and simple module that

brings the best results for the task of monaural speech sepa-

ration. The encoder and the decoder in this framework are

the same as those in Conv-TasNet, while the biggest differ-

ence is that this architecture use DPRNN to replace the fully-

convolution model as the separation module. The DPRNN
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module is composed of three stages: segmentation, block pro-

cessing and overlap-add, and the specific details of SDPRNN

(DPRNN with synthesis method) are presented in Figure 3.

For a sequential Y ∈ RN∗I with feature dimension of N

and time steps of I , the segmentation stage first splits Y in-

to overlapped chunks of length K and hop size H , and then

concatenates all the chunks into a 3-D tensor U ∈ RN∗K∗P .

The output U of segmentation stage is then transmitted to the

stack of B SDPRNN blocks, where each block consists of t-

wo sub-modules corresponding to intra-chunk and inter-chunk

processing respectively. The intra-chunk and inter-chunk pro-

cessing block are applied to the second and last dimension of U

alternately and iteratively as follows:

U
intra
b = Intrablockb[U

inter
b−1 ]

= U
inter
b−1 + LN([f intra

b (U inter
b−1 [:, :, i]), i = 1, ..., P ])

(4)

U
inter
b = Interblockb[U

intra
b ]

= U
intra
b + LN([f inter

b (U intra
b [:, j, :]), j = 1, ...,K])

(5)

where b = 1, ..., B, U inter
0 = U , f represents the Bi-LSTM

and fully-connected layers. Finally, the output of the last SD-

PRNN block, namely U inter
B ∈ RN∗K∗P , is used to learn an es-

timation for each source. And then these estimations are trans-

formed back into sequence Xs ∈ RN∗I by overlap-adding.

3. Experiments

3.1. Dataset

We evaluate the synthesis method to the masking method on the

tasks of two-speaker speech separation with or without noise.

With references to the methods in [9, 22], we create a common

monaural dataset (LS-2mix) and a noisy monaural dataset (LS-

2mixNoise) from the Librispeech dataset [23] and a well-known

noise corpus [24]. The Librispeech dataset is a new corpus of

reading English speech, which is suitable for training and evalu-

ating speech separation and recognition systems. Two speakers

are randomly selected from the train-100 set of Librispeech to

generate the mixtures of LS-2mix train set, at various Signal-

to-Noise Ratios (SNRs) uniformly sampled between 0 dB and

5 dB. The validation and test set are similarly generated using

utterances from unseen speakers in the Librispeech validation

and test set. In LS-2mix, we constructed 15k and 1.5k mix-

tures in total for the training and validation set, respectively, and

1.5k mixtures for the test set. To create LS-2mixNoise, the two-

speakers mixture is further corrupted by a random noise signal

sampled from a noise corpus [24]. The SNRs between the mix-

ture and the noise are randomly chosen between 0 dB and 5 dB,

and the noise is repeated if its length is smaller than the mix-

ture. The complete source code for creating the two datasets is

available at “https://github.com/ujscjj/On-Synthesis”.

3.2. Experiment setup

We use Scale-Invariant Source-to-Noise Ratio (SI-SNR) as loss

function, which is similar to the standard Signal-to-Distortion

Ratio (SDR) [14]. If we denote clean and estimated source by

x and x̃ respectively, then the SI-SNR can be formulated as:

starget =
〈x̃, x〉x

‖x‖2
(6)

enoise = x̃− starget (7)

SI − SNR := 10log10
‖starget‖

2

‖enoise‖2
(8)

where x and x̃ are both normalized to zero-mean before the

calculation to ensure the scale-invariance. The utterance-level

permutation invariant training (uPIT) [12] is employed in our

experiments to deal with the permutation problem.

We use a training principle similar to that in [20], which

means that the learning rate is initialized to 0.001 and decays

by 0.98 for every two epochs. The maximum epoch is set to

100, and the criteria for early stopping is no decrease in the loss

function on validation set for 10 epochs.

3.3. Evaluation metrics

For performance comparison of all tested models and meth-

ods, we use Signal-to-Distortion Ratio (SDR), Signal-to-

Interference Ratio (SIR), Signal-to-Artifact Ratio (SAR) [25]

and Short-Time Objective Intelligence (STOI) [26] as evalua-

tion metrics, which are often employed in various speech sepa-

ration systems.

4. Results and discussions

4.1. Performance of the synthesis method on mixture with

or without noise

Table 1: The performance of the masking and synthesis method

on Conv-TasNet

(a) Performance difference on LS-2mix

Method SDR(dB) SIR(dB) SAR(dB) STOI

Masking 12.58 27.12 12.87 0.90

Synthesis 12.56 27.36 12.90 0.90

(b) Performance difference on LS-2mixNoise

Method SDR(dB) SIR(dB) SAR(dB) STOI

Masking 7.81 23.31 8.07 0.80
Synthesis 8.34 25.32 8.61 0.81

To prove the superiority of the synthesis method, we inves-

tigate the performance of the synthesis method as well as the

masking method on the task of separating mixture with or with-

out noise. Based on Conv-TasNet, we conduct experiments on

the LS-2mix and LS-2mixNoise datasets. The results are shown

in Table 1(a) and Table 1(b) respectively.
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As can be seen from Table 1(a), the performance of syn-

thesis method is almost identical to that of masking method on

the common monaural dataset. However, with the occurrence of

background noise in speech mixture, there is a significant differ-

ence between the two methods on all metrics, which is shown in

Table 1(b). On the LS-2mixNoise dataset, the synthesis method

outperforms the masking method with an improvement about

0.53 dB, 2.01 dB and 0.54 dB for SDR, SIR and SAR respec-

tively. With respect to STOI, the synthesis method provides a

0.01 improvement, where a 1% absolute improvement of STOI

is considered significant [27, 28]. Results on various metric-

s prove the superiority of the synthesis method on the task of

speech separation with background noise.

4.2. Performance comparison on mixture with noise

Table 2: The performance comparison of DPRNN with the

masking and synthesis method on LS-2mixNoise

Method SDR(dB) SIR(dB) SAR(dB) STOI

Masking 9.61 28.29 9.80 0.83
Synthesis 10.58 34.45 10.72 0.85

Table 3: The performance comparison of DPRNN with the

masking and synthesis method at different SNRs

SNR Method SDR SIR SAR STOI

10 dB
Masking 11.26 28.87 11.47 0.87
Synthesis 11.99 32.83 12.15 0.88

5 dB
Masking 10.34 28.59 10.54 0.85
Synthesis 11.27 32.66 11.42 0.87

0 dB
Masking 8.76 27.90 8.94 0.81
Synthesis 9.81 32.02 9.94 0.84

To prove the effectiveness and generalization of the syn-

thesis method, we conduct related experiments of separating

noisy mixture on the DPRNN moudle, which is the state-of-

the-art model in the field of monaural speech separation. Ta-

ble 2 shows the separation performance of the two methods for

learning source estimations. For the several metrics, the results

of the synthesis method are 10.58 dB, 34.45 dB, 10.72 dB and

0.85, with an improvement of 0.97 dB (10.1%), 6.16 dB, 0.92

dB and 0.02 over the masking method. The success on the D-

PRNN module bears out the effectiveness and generalization of

the synthesis method.

In addition, to study the effect of the noise intensity on the

synthesis method, we investigate the separation performance of

the masking and synthesis method at different SNRs. The S-

NRs between speech and noise are set to decrease incremental-

ly, namely 10 dB, 5 dB and 0 dB, which means that the noise

in mixture gets louder gradually. As can be seen from Table 3,

the synthesis method is always superior to the masking method

regardless of the intensity of the noise in the mixed speech. In

particular, there is an interesting phenomenon: the increments

of all metrics increase as the noise increases. For example, on

the metric of STOI, the synthesis method outperforms the mask-

ing method with improvements of 0.01/0.02/0.03 at the SNRs of

10/5/0 dB. At the same SNRs, the increments for SDR, SIR and

SAR show growing trends similar to that of STOI. Obviously,

Figure 4: Magnitude spectrogram of a source in the mixture.

From left to right: (a) clean source, (b) estimation of the mask-

ing method, (c) estimation of the synthesis method

with the increase of noise in mixed speech, the advantages of

the synthesis method become more prominent. This is an in-

teresting and unique character specific to the synthesis method.

Moreover, the noisy mixture with 10 dB SNR has never been

in the training set. It is clearly that the synthesis method still

performs better when there is a mismatch between the SNRs of

the training and test set.

4.3. Visualization of estimated speech’s magnitude

To gain an intuitive understanding of the superiority of the

synthesis method, we visualize and compare the magnitude

spectrogram of speech separated by the masking and synthe-

sis method. From the red box in Figure 4, we can observe that

the masking method performs really inferior on one note. The

reason is that the mixture in the note contains loud noise, which

leads to losing some information of the clean speech. Because

the encoder and decoder are both linear in time-domain separa-

tion systems, it is difficult for the masking operation to generate

new sounds, which brings a pack of troubles for recovering the

lost information from the mixture. Therefore, artifacts come in-

to being. Owing to the synthetic nature, the synthesis method

can deal with this problem by generating the sounds lost in the

mixture, ultimately leading to superior performance in the case

of separating noisy mixture.

5. Conclusion

In this paper we investigate the effectiveness of the synthesis

method for multi-talker monaural speech separation in the p-

resence of a large amount of noise. Experiments on two state-

of-the-art models prove the significance of suggested synthe-

sis method. Benefiting from the character of generating new

sounds, the synthesis method brings about 0.97 dB (10.1%) rel-

ative SDR improvement over the state-of-the-art approach on

a new benchmark noisy dataset without any additional comput-

ing cost. Clearly, the synthesis method is a ‘plug-and-play’ way,

which can be used seamlessly in speech separation systems. We

hope that it can shed light for other speech processing problems.
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