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Abstract

Traditional single channel speech separation in the time-
frequency (T-F) domain often faces the problem of phase recon-
struction. Due to the fact that the real-valued network is not suit-
able for dealing with complex-valued representation, the per-
formance of the T-F domain speech separation method is often
constrained from reaching the state-of-the-art. In this paper, we
propose improved speech separation methods in both complex
and real T-F domain using orthogonal representation. For the
complex-valued case, we combine the deep complex network
(DCN) and Conv-TasNet to design an end-to-end complex-
valued model. Specifically, we incorporate short-time Fourier
transform (STFT) and learnable complex layers to build a hy-
brid encoder-decoder structure, and use a DCN based separa-
tor. Then we present the importance of weights orthogonality in
the T-F domain transformation and propose a multi-segment or-
thogonality (MSO) architecture for further improvements. For
the real-valued case, we performed separation in real T-F do-
main by introducing the short-time DCT (STDCT) with orthog-
onal representation as well. Experimental results show that
the proposed complex model outperforms the baseline Conv-
TasNet with a comparable parameter size by 1.8 dB, and the
STDCT-based real-valued T-F model by 1.2 dB, showing the
advantages of speech separation in the T-F domain.

Index Terms: speech separation, single channel, deep complex
network, DCT, end-to-end learning

1. Introduction

Single-channel speech separation is challenging because only
limited information is provided, and is currently a topic of great
interest. Recently, deep learning (DL) based speech separation
methods have achieved promising results. In early DL-based
studies, the magnitude spectrum of the mixture in the time-
frequency (T-F) domain was separated [1-6], and then the mix-
ture phase was used for reconstructing the waveforms of the
estimated sources, however the corrupted phase limited perfor-
mance. Some improved phase reconstruction algorithms [7, 8]
with additional phase models or processes have been proposed.
Researchers have performed speech separation with the time
domain signal [9-11] directly, which uses a learnable encoder
and decoder to replace the fixed T-F domain transformation.
However, the specific space generated in time domain methods
lacks interpretability and the performance is unstable in extreme
conditions [12-14]. Another solution to the phase problem is to
exploit the complex-valued representation from the short-time
Fourier transform (STFT), which belongs to the T-F domain
separation branch [15-18]. However, these approaches achieve
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separation using real-valued models, failing to follow complex
arithmetic rules, and might lose some implicit information.

One possible approach to simultaneously model both the
magnitude and phase in T-F domain speech separation is to use
the deep complex network (DCN) for dealing with complex-
valued representation. Trabelsi et al. [19] proposed elementary
building blocks for the DCN. Some researchers have applied
the DCN to image reconstruction [20], image classification [21]
and automatic music transcription [22] tasks, and have achieved
promising performance. A recent new model called the deep
complex convolution recurrent network (DCCRN) [23] applies
the DCN to achieve state-of-the-art performance in the speech
enhancement task. Another approach to T-F domain speech
separation is to avoid the complex-valued representation, e.g,
the short-time discrete cosine transform (STDCT) can trans-
form the waveform to the real-valued T-F domain. The discrete
cosine transform (DCT) [24] uses cosine function as the basis.
In [25], a warped discrete cosine transform (WDCT)-based ap-
proach was proposed to enhance the degraded speech.

In this paper, we examine the advantages of speech sep-
aration in both complex and real T-F domain by exploiting the
well-known Conv-TasNet [11] as the baseline. For the complex-
valued case, we propose deep complex Conv-TasNet (DC-
Conv-TasNet), which combines the DCN and Conv-TasNet.
More specifically, we incorporate differentiable STFT/iSTFT
and learnable complex layers to propose a hybrid encoder-
decoder structure. For the separation module, we borrow the
structure of Conv-TasNet and implement each layer based on
complex operators. Differentiability allows backward prop-
agation, which includes STFT/iSTFT in the end-to-end sys-
tem. And we dissect the gains of DC-Conv-TasNet by grad-
ually replacing components of Conv-TasNet. Then we em-
pirically show the importance of weights orthogonality in the
T-F domain transformation, and we propose a multi-segment
orthogonality (MSO) structure that utilizes advantages of the
compound loss and the orthogonality of multi hybrid decoders
to help training the segmented model. The proposed complex
model outperforms the Conv-TasNet by 1.8 dB on SI-SNRi. For
the real T-F domain, we introduce the differentiable STDCT in
Conv-TasNet (named as DCT-Conv-TasNet). We also design
the real hybrid encoder-decoder and multi-segment orthogonal-
ity (MSO) structure. The proposed real model outperforms the
Conv-TasNet by 1.2 dB. The contributions of this work are sum-
marized as follows:

e To the best of our knowledge, this is the first successful
attempt in which the DCN is applied to the speech separation
task in the complex T-F domain, and we also extend the method
to the real T-F domain by introducing STDCT. We propose a
hybrid encoder-decoder structure in the complex and real T-F
domain respectively.

e We show that weights orthogonality in the T-F domain
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Figure 1: Structure of DC-Conv-TasNet. The convolution layers and activations in the overall structures are simplified.

transformation is important to the improvements. We further
propose multi-segment orthogonality (MSO) structure for fur-
ther improvements. Experimental results show that the pro-
posed complex and real models outperforms the baseline Conv-
TasNet significantly, showing the superiority of speech separa-
tion in the T-F domain over the time domain.

2. DC-Conv-TasNet

2.1. Overall structure

Fig.1 (a) shows the overall structure of DC-Conv-TasNet,
in which we design the hybrid encoder-decoder, and build
the separator by replacing components of Conv-TasNet with
corresponding complex-valued blocks. The original separa-
tor of Conv-TasNet is based on temporal convolutional net-
work(TCN). For details of Conv-TasNet, please refer to [11].
The network configurations are listed in Table 1. Compared
with Conv-TasNet, the hyper-parameters B and Sc are reduced
from 128 to 96, and N and H from 512 to 384, which makes
the model sizes comparable.

2.2. Hybrid encoder-decoder

The T-F domain transformation has the characteristics of
weights orthogonality and signal reconstruction. On one hand,
weights orthogonality brings gains for deep learning. The
works [26, 27] developed novel orthogonality regularizations
on training deep models. Povey et al. [28] improved speech
recognition tasks by factorizing the parameter matrix into two
smaller matrices with one constrained to be orthogonal. On the
other hand, signal reconstruction is beneficial to speech separa-
tion that needs to reconstruct the estimated sources. Some two-
stage methods [29, 30] for speech separation presented that pre-
training an encoder-decoder structure which reconstructs the in-

Table 1: Hyper-parameters of DC-Conv-TasNet

Symbol Value Description
F varying Number of frequency channels of STFT
N 384 Number of output channels of the encoder
w varying Length of filters in STFT

Hop 8 Hop length of filters in STFT

B 96 Number of channels in the bottleneck
Sc 96 Number of channels in the skip-connection
H 384 Number of channels in convolution blocks
P 3 Kernel size in convolution blocks
X 8 Number of convolution blocks in each repeat
R 3 Number of repeats

put signal will improve the separation results. This pre-trained
encoder could output sparse representation, which is similar to
the T-F domain transformation.

However, the fixed parameters of the traditional T-F do-
main transformation are not learnable, that limit its potential.
Heitkaemper et al. [14] showed that only using the STFT/iSTFT
as the encoder/decoder would lead to poor separation results,
and so it does in our experimental results. Instead of only us-
ing the STFT/ASTFT as the encoder/decoder, we design a hy-
brid encoder-decoder structure, as shown in Fig.1 (b). We add
a complex 1 x 1 convolution layer and CPReLLU activation [31]
after STFT, and a complex 1 x 1 transposed convolution layer
before iSTFT. The learnable layers can modulate the T-F do-
main representation to a specific space for the separator, while
keeping the influence of orthogonality.

2.3. Multi-segment orthogonality (MSO)

Nachmani et al. [32] grouped the RNN-based model and evalu-
ated the error after each RNN group, and showed that the com-
pound loss was beneficial in the time domain. Based on the
grouping and compound loss, we propose multi-segment or-
thogonality (MSO) in the T-F domain. The long distance be-
tween the learnable layers and the orthogonal transformations
might weaken the the gains from orthogonality. We divide the
original separator of DC-Conv-TasNet into groups and employ
the hybrid decoder for each group, to improve the benefits from
orthogonality.

The structure of DC-Conv-TasNet with MSO is shown in
Fig.1 (c). We divide all the 24 stacked complex convolution
blocks into three groups. Because the increasing dilation fac-
tors in the convolution blocks are repeated three times [11], we
regard one repeat as one group. And then we add the complex
1 x 1 convolution, complex activation and hybrid decoder for
each group to obtain separated sources.

2.4. Implementation of the complex-valued layers

We follow the work in [19] for the implementation of the
complex-valued layers. We represent a complex vector with
real-valued vectors. Consider a typical real-valued tensor that
has 2N channels, to represent it as complex-valued, we assign
the first /N channels to represent the real components and the
remaining N channels to represent the imaginary components.

Convolution layer: We represent a complex convolution
layer using two real-valued convolution layers, one as the real
part and the other as the imaginary part. Given a complex con-

3047



volution filter W = W, + jW; and the input vector z = a+ jb,
we can obtain the output:

Wexx=Wrxa—W;*xb)+ j(Wrxb+W;xa), (1)
where * denotes the convolution operator.

Activation: Several complex activations have been pro-
posed in early literatures, e.g. MODReLU [33], CReLU [19],
zReLU [34] and CPReLU [31]. We empirically found that
CPReLU yielded a better performance for our model. Com-
pared with CReLU, CPReLU can retain the information of rep-
resentation with negative values.

Normalization: We apply complex layer normalization
(CLN) for our model, by combining the layer normalization in
Conv-TasNet [11] and the complex batch normalization [19].
For implementation details of CLN, please refer to [19].

2.5. Complex ratio mask

We seek to estimate the complex ratio mask (CRM) [15,35] for
each source, which is phase-aware and guaranteed to achieve
promising performance. Assuming the estimated CRM of the
cth source is M. = M., + jM.,;, and the complex represen-
tation of the mixture is X = X, + j.X;, we can obtain the the
corresponding estimated source in complex field:

Se = (Meyp X — MeiX;) +§(Mei X + Mep X)) (2)
Then we use the hybrid decoder to obtain the estimated source
Sc in the time domain.

3. DCT-Conv-TasNet

DCT-Conv-TasNet is a T-F domain separation model using real-
valued network, by incorporating STDCT into Conv-TasNet.
We stack an STDCT, 1 X 1 convolution layer and ReL.U acti-
vation to build a real-valued hybrid encoder. For the hybrid de-
coder, we use an 1 x 1 transposed convolution layer and inverse
STDCT (iSTDCT), i.e.: zen = ReLU(Conv(STDCT(z)))
and z4e = iISTDCT(TransConv(x)). The separation module
is inherited from Conv-TasNet. We also design MSO version of
the model, DCT-Conv-TasNet-MSO, by segmenting the stacked
convolution blocks of Conv-TasNet and adding corresponding
components for each group, similar to that of DC-Conv-TasNet
in Fig.1 (c).

4. Experiments and results
4.1. Experimental setup

We experiment with the proposed models on the WSJ0-2mix [1]
dataset. 8 kHz sampling is used. The mixtures are generated
by mixing two random utterances from different speakers in the
Wall Street Journal dataset (WSJO) with a random SNR between
-5dB and 5 dB. About 30 hours of training and 10 hours of vali-
dation speech data are generated from recordings in the training
set si_tr_s from the WSJO dataset. We mix two random speak-
ers from the WSJO development set si_dt_05 and evaluation set
si_et_05 in the same manner to generate 5 hours of audio for the
evaluation set.

We use negative scale-invariant source-to-noise ratio (SI-
SNR) [11] as the objective function. For the model with MSO,
we apply the loss:

M

> SI-SNR(s, 8m),

m=1

1

L(5,{8m 1) = ~7 3)
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where s represents the clean sources and {§m}%[:1 denote the
estimated sources from the M groups. While in inference, con-
sidering that the later blocks will benefit from the results of the
previous blocks, we only use the last group output Sas.

For the STFT and STDCT, various window lengths are eval-
uated, and the hop length is fixed to 8 samples. The SI-SNR im-
provement (SI-SNRi) is used as the evaluation metric. We also
report the perceptual evaluation of speech quality (PESQ [36]).
Adam [37] is used as the optimizer, and the initial learning rate
is set to 0.001. All the models are trained for 100 epochs on 4-
second long segments. Gradient clipping with a maximum L2-
norm of 5 is applied during training. Both the real and complex
initial slopes in CPReLU are set to 0.25. We found empirically
that the parameter initialization for DCN in [19] yields no im-
provement in our experiments, thus we initialize the parameter
with the random settings.

4.2. Results of DC-Conv-TasNet

Table 2 presents the results of DC-Conv-TasNet. We investi-
gated four window length settings: 16, 32, 64, 128. The larger
number represents more fine-grained features. We reproduced
Conv-TasNet [11] as the baseline. From Table 2, it can be ob-
served that the proposed model with various window lengths
outperforms the baseline in SI-SNRi and PESQ. The window
length of 64 shows the best performance. The reason may be
that too much channel information exceeds the representation
capacity of the convolution layers in the model. The window
length of 64 is fixed for the latter experiments of DC-Conv-
TasNet. Table 2 also lists the oracle results, including the ideal
binary mask (IBM), ideal ratio mask (IRM), ideal phase sensi-
tive mask (IPSM), and complex ideal ratio mask (cIRM) [35].
As expected, the results of cIRM are almost perfect reconstruc-
tion, that provide a promising upper-bound for our method.

4.3. Dissection results of DC-Conv-TasNet

We dissect the DC-Conv-TasNet to demonstrate the contri-
butions of each components. The results are shown in Ta-
ble 3. Starting from Conv-TasNet, we first replace the
learnable encoder/decoder with the STFT/iSTFT respectively
(STFT+TCN), in which the real and imaginary parts of the com-
plex input are concatenated along the frequency dimension to
be processed in real-valued domain. We can see that the com-
bination of STFT+TCN yields inferior results. Then we inves-
tigate the combination of the hybrid encoder-decoder and the
TCN (Hybrid+TCN). The SI-SNRI is increased to 15.3 dB and
PESQ to 3.35, showing the importance of the hybrid encoder-
decoder, but still lower than the baseline. We can see the dis-
advantages of the real-valued network when it is operated on

Table 2: Results of DC-Conv-TasNet

Window  Model SI-SNRi

Model length  size @) FPESQ

16 5.8M 165 353

32 5.8M 167 3.57
DC-Conv-TasNet 64 5.8M 168 3.5

128 5.8M 166 357
Conv-TasNet | - 5.1IM 157 3.40
IBM - - 133 349
IRM - 122 393
IPSM - 160 423
cIRM - 633 450

LThe result reported here is from our implementation.



Table 3: Results from Conv-TasNet to DC-Conv-TasNet

Model STFT Conv CPReLU NET [SI-SNRi(dB) PESQ
Conv-TasNet 15.7 3.40
STFT+TCN v TCN 14.0 3.19
Hybrid+TCN v v v TCN 15.3 3.35
STFT+DCN v DCN 15.7 3.49
STFT+CPReLU+DCN v v DCN 15.8 3.47
STFT+Conv+DCN v v DCN 16.6 3.56
DC-Conv-TasNet v v v DCN 16.8 3.59

Table 4: Results on orthogonality in T-F domain

Model Domain Ortho. MSO [SI-SNRi(dB) PESQ
Conv-TasNet Time 15.7 3.40
DC-Conv-TasNet-NO 16.3 3.53
DC-Conv-TasNet Complex T-F v 16.8 3.59
DC-Conv-TasNet-MSO v v 17.5 3.65
DCT-Conv-TasNet-NO 15.7 3.39
DCT-Conv-TasNet Real T-F v 16.0 3.44
DCT-Conv-TasNet-MSO v v 16.9 3.52

complex-valued inputs. Next we keep STFT and replace the
TCN with the DCN, shown as STFT+DCN. The SI-SNRi is in-
creased to 15.7 dB and PESQ to 3.49, showing that DCN is
effective for the complex-valued representation. Finally we test
by adding the complex 1 x 1 convolution layer and CPReLU
respectively, shown as STFT+Conv+DCN (corresponding de-
coder is Conv+iSTFT) and STFT+CPReLU+DCN (correspond-
ing decoder is iSTFT). When we add CPReLU, there is almost
no improvement for the results, while STFT+Conv+DCN yields
significant improvements, i.e. 16.6 dB in SI-SNRi and 3.56 in
PESQ. Therefore, compared with CPReLU, complex 1 x 1 con-
volution layer plays a more important role in the hybrid encoder.

4.4. Results on orthogonality of DC-Conv-TasNet

Here we examine the contribution of orthogonality in DC-
Conv-TasNet, as shown in the complex T-F domain related
results in Table 4. We first remove the orthogonality by us-
ing the learnable complex 1-D convolution layers to replace
the STFT/ASTFT respectively, denoted as DC-Conv-TasNet-NO
(DC-Conv-TasNet with non-orthogonality). The SI-SNRIi is de-
creased from 16.8 dB to 16.3 dB and PESQ from 3.59 to 3.53.
Then we apply the MSO to DC-Conv-TasNet to enhance the in-
fluence of orthogonality. The SI-SNRi is increased to 17.5 dB
and PESQ to 3.65, further showing the advantage of orthogonal-
ity for the spectral representation in the complex T-F domain.

4.5. Results of DCT-Conv-TasNet

We extend the above corresponding experiments in DC-Conv-
TasNet to real-valued domain, i.e., DCT-Conv-TasNet. The re-
sults are shown in the lower part of Table 4. The window length
is set to 32 to show the best results. We can see that the DCT-
Conv-TasNet outperforms the baseline by 0.3 dB in SI-SNRi.
Considering only a pair of STDCT/ASTDCT are added, it is
still a potentially promising result. We report results of ap-
plying the MSO and removing the orthogonality by replacing
the STDCT/iSTDCT with corresponding 1-D convolution lay-
ers in DCT-Conv-TasNet, denoted as DCT-Conv-TasNet-MSO
and DCT-Conv-TasNet-NO, respectively. Removing orthogo-
nality decreases the SI-SNRi and PESQ, while applying the
MSO yields further improvements significantly. Similar to the
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Figure 2: Distribution of PCA singular values of the representa-
tion from encoders. The vertical axis represents the percentage
of the singular value to the sum of all singular values.

results in complex T-F domain, we can observe the advantage of
real T-F domain speech separation, and weights orthogonality is
an important factor.

4.6. Correlation of the representation

We carry out further analysis on the influence of weights orthog-
onality in the T-F domain transformation on the correlation of
the representation. We perform principal component analysis
(PCA) on the outputs of encoders in Conv-TasNet, DC-Conv-
TasNet and DCT-Conv-TasNet, respectively. For DC-Conv-
TasNet, we use the modulus of the complex representation for
PCA. Fig.2 show the comparisons of the correlation via the dis-
tribution of singular values. It can be seen that the distribution
in Conv-TasNet is more concentrated, and many singular val-
ues of greater indices are almost zero, showing high correlation
between the representation vectors. While the concentration of
distribution in DC-Conv-TasNet and DCT-Conv-TasNet is rel-
atively lower. The speech separation task, that reconstructs the
estimated signal accurately, requires more detailed information.
The representation of T-F domain methods has low correlation,
leading to a better capacity for modeling the detailed informa-
tion.

5. Conclusions

In this paper, we have shown the advantages of speech separa-
tion in the complex and real T-F domain over the time domain.
For the complex T-F case, we have applied the STFT-based hy-
brid encoder-decoder and Deep Complex Network (DCN) to the
Conv-TasNet, and propose a novel multi-segment orthogonality
(MSO) structure. The proposed complex model yields signifi-
cant improvements. For the real T-F case, we have introduced
STDCT in the Conv-TasNet, which is simple but also effective.
We have empirically shown the importance of weights orthog-
onality in the T-F domain transformation for separation, that
reduces the correlation of representation to be beneficial for re-
constructing the estimated sources accurately. In addition, the
proposed complex and real hybrid encoder-decoder and MSO
structure can be generalized to other complex-valued and real-
valued models in the T-F domain. Further work includes inves-
tigating T-F domain versions of other speech separation mod-
els that are more powerful, e.g. the dual-path RNN [38] and
transformer-based methods [39, 40].
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