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Abstract

Multi-task audio source separation aims to separate the audios
collected from the complex environment into three fixed types
of signal sources. Existing methods like EAD-Conformer usu-
ally take a manually designed model to process the separation.
These networks may be sub-optimal since it is hard for humans
to train and test all possible architectures. Especially, it is natu-
ral to adopt different optimal sub-structures for decoding differ-
ent types of signals, which, however, is very hard for humans to
enumerate. In this paper, we quantitatively analyze the redun-
dancy of the EAD-Conformer network and customize an effec-
tive and efficient search space. We propose an efficient K-path
search method to search for the optimal architectures from the
Conformer-based search space. We conduct a comprehensive
search in terms of block numbers, head numbers, and channel
numbers. Extensive experiments demonstrate that our searched
architectures outperform existing methods in terms of efficiency
and effectiveness.

Index Terms: multi-task audio source separation, neural archi-
tecture search

1. Introduction

As the preliminary step for audio signal processing, audio sep-
aration plays an important role in speech recognition, music in-
formation retrieval, and keyword spotting. The audio signals
recorded in live broadcasts and short videos usually contain
three major components: speech, music, and other background
noises. To obtain the separated signals for downstream tasks,
multi-task audio source separation (MTASS) [1] aims to sepa-
rate three fixed types of sound sources from the mixture audios.
Significant progress has been made in MTASS. Complex-
MTASSNet [1] adopts stacked convolutions to estimate the
spectrum and a residual estimation network to refine the com-
plex spectra of each track. MRX [2] uses a Bi-directional
Long Short-Term Memory network (Bi-LSTM) to capture long-
term dependencies and performs separation on different scales.
EAD-Conformer [3] applies the Conformer block to extracting
the local information and modeling the independence of differ-
ent signals from a global view. To capture the different char-
acteristics of speech, music, and noises, EAD-Conformer [3]
shares the same encoder but uses three independent decoders.
However, as pointed out by recent works [4, 5], though the
global information extracted by the self-attention module is of
vital importance, it consumes the most computation and con-
tains large redundancy, greatly hindering the network efficiency.
For example, as shown in Figure 1, we first compute the num-
ber of parameters of the standard EAD-Conformer [3], which
has 27M parameters. The model parameters and performance
change little when removing the convolution module of each
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Figure 1: Model parameters and performance comparison.
The first column represents the original EAD-Conformer [3],
while "w/o Conv’ and 'w/o MSA’ denotes the ablation EAD-
Conformer after removing the convolution module and the
multi-head self-attention module in each layer, respectively.
"possibility’ means that we try to explore more lightweight ar-
chitectures with higher performance (SDRi) in this paper.

conformer block, but a large decrease emerges once we omit
the self-attention module of each conformer block, which re-
minds us that it is possible to obtain a lightweight architecture
by slimming the self-attention module.

Moreover, hand-designed architectures have certain limita-
tions and easily fall into the trap of the sub-optimum. Espe-
cially for the multi-task audio separation, it usually contains an
audio feature encoder and several feature decoders for differ-
ent separated audio tracks, whose structures may be identical
if designed by humans. Among previous literature, the same
structure used by each decoder may be inappropriate because
re-constructing the audio of speech, music, and noise naturally
requires distinct efforts. Nevertheless, it is challenging to design
such customized architectures for different decoders depending
on expertise, and thereby an effective search for elastic architec-
tures on a well-defined search space is desired and necessary.

Fortunately, there are various Neural Architecture Search
(NAS) methods proposed to automatically search high perfor-
mance neural architectures with the manually designed search
space and the manually chosen search algorithm. Early NAS
methods adopt Reinforcement Learning (RL) [6,7] or Evolution
Algorithm (EA) [8] as the search engine and need to train many
architectures from scratch to perform the architecture search,
thus requiring huge computational costs even to thousands of
GPU days. Conveniently, recent one-shot NAS methods [9] and
differentiable NAS methods [10, 11] have reduced the search
cost to several GPU days using the weight sharing mechanism
[12], making it possible to readily apply NAS methods in many
application fields. Some previous works have proved the effec-
tiveness of NAS methods for the acoustic, such as in the acous-
tic scene classification [13—15], speech recognition [16], voice
activity detection [17], and speaker verification [18], whereas
there is no such try for multi-task audio separation.

In this paper, we propose a K-path search method to

10.21437/Interspeech.2022-755



|Mmixture|
NPT S
> Speech Decoder speech_l

¥

Smixture | Mmi xturel §speech
((Q))—» % _’leixturel —» Music Decoder —%MaSkmuSic é )—’ |Mmusic| — % T Bié
|Mmixture| S\‘"n:lSic
i
> Noise Decoder M@—v IM,wl-SeI—T IR
§mise

Figure 2: The overall process of MTASS. |M;| represents the STFT magnitude of signal. Mask; is a weight vector and is used to

separate the mixture magnitude.

efficiently search for superb architectures in a pre-defined
Conformer-based search space. Specifically, considering the re-
dundancy of the self-attention module in the Conformer struc-
ture, we search for the optimal hidden dimension and the opti-
mal number of attention heads in each block. To create a cus-
tomized architecture for the encoder and each decoder, we also
search for the appropriate depth for each part, i.e., the number
of Conformer blocks. Our framework is general enough and
can be transferred to other tasks. We summarize the main con-
tributions as:

* By quantitatively analyzing the redundancy of the EAD-
Conformer network, we customize an effective and effi-
cient search space based on the Conformer block, inspir-
ing the relevant model designs in the community.

* We further propose an efficient K-path search method to
search for the optimal structure of the self-attention mod-
ule in the Conformer block. Moreover, we also achieve
an elastic depth for the encoder and each decoder.

* Comprehensive experiments are conducted to demon-
strate that our searched architectures outperform state-
of-the-arts with higher signal-to-distortion ratio [19] im-
provement (SDRi) but with fewer parameters.

2. System overview

We first introduce the processing procedure of the MTASS in
Sec.2.1 and the loss function in Sec.2.2. Then we describe our
constructed Conformer-based search space in Sec.2.3. Finally,
we elaborate on our architecture search pipeline in Sec.2.4.

2.1. MTASS

Frequency domain-based audio separation can be formulated as
follows: Give a mixture signal Mmixure (¢, f), We aim to recover
N sources S;(t, f), i =1,..., N, from the mixture.

N
Z Sz (t, f) — Mmixlure(ty f)a

=1

ey

where N is the number of source signals and N = 3 in
this work. Muixare(t, f) and S;(t, f) represent the short-time
Fourier transform (STFT) feature of the mixture and sources
signal, respectively. In this paper, the signal is subjected to a
STFT with a frame length of 1024 and a shift of 256. Its analy-
sis window is a Hanning window.

In this experiment, the mixed STFT magnitude is acted as
input, and the phase of the mixture is only used when recover-
ing the waveform of the sources. Audio separation is converted
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to the problem of recovering each source |M; (¢, )|, given the
magnitude of the mixed |Mmixwre(t, f)|. As the spectrum to
spectrum mapping is difficult [20], we turn to estimate a set of
masks Mask; (¢, f) [3] rather than estimate |M; (¢, f)| directly,

Maski (i} f) = g(|Mmixture(t7 f)|7 9)7
|Mi(t, f)| = Mask;(t, f) © | Muixure (£, f)],
5;(t) = iISTFT(IM;(t, f)|, £ Mumixure (£, £)),

(€3

where g(x) and 6 represent the separation network and its pa-
rameters. © denotes the element-wise product. We use the
inverse STFT (iSTFT) to recover the waveform $;(¢) with the
phase of the mixture signal £ Mmixwure (¢, f). Accordingly, in the
separation network, we utilize a Conformer encoder to refine the
mixture feature and three Conformer decoders to get the sepa-
rated audio masks. The overall process of the separation system
is summarized in Figure 2.

2.2. Loss function

Following the EAD-Conformer [3], we adopt the L; loss to
decrease the intra-class distance between the estimated signal
|M;| and its corresponding clean signal |.S;| and the discrim-
inate loss to increase the inter-class distance between the es-
timated signal |A/;| and other clean signals |S;| on the STFT
magnitude,

> M),

i
3)
where ) is a hyper-parameter and we use A = 0.1 in practice.
To further improve the generalization ability of the network,
we also introduce the source-to-noise ratio (SNR) loss on the
time domain,

N N
Loee = > L1(Si] = [Mi]) = X L1(1S:] —
i=1

i=1

N

Lime = Y SNR(8;,51), “
i=1

where 3; (Eq.2) and s; are the estimated and clean waveform of

separated signals.

2.3. Customized Conformer-based search space

Vanilla Conformer [21] is constructed by stacking M identical
Conformer blocks, each of which includes the Multi-head Self-
Attention (MSA) module and the Convolution (Conv) module
sandwiching between two Feed Forward Network (FFN) mod-
ules. The Conv module can gather local neighborhood infor-
mation effectively, and the MSA module is designed to capture
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Figure 3: Our proposed conformer-based search space. We
Jjointly search in both macro and micro levels of conformer
structure for the encoder and three decoders.

global long-range dependencies. Given an input x; to the i-th
Conformer block, the output x;41 can be formulated as below:

1
Ti =x; + 5 FFN (321),
x; = & + MSA (5;) ,
z! =z} + Conv (w;) , )
1
z;+1 = LayerNorm (x;/ + 3 FEFN (mé’)) .

In this work, we jointly search for the hidden dimension of
FFN, the attention heads number, and the elastic depth for the
encoder and three decoders to discover a lightweight and effec-
tive architecture. Our search space is summarized in Figure 3.

Elastic hidden dimension for FFN. FEN module consists
of two fully connected layers with an activation function in the
middle, and we use the ReLU function in this work. We fo-
cus on searching for the optimal hidden dimension for the FFN
module for both encoder and three decoders.

Elastic attention heads for MSA. MSA contains paral-
lel scaled dot-product attention heads, and their outputs are
concatenated to the subsequent layers. Previous studies have
pointed out that MSA produces more powerful features than
single-head self-attention. Therefore, our goal is to customize a
suitable number of attention heads for each layer of the encoder
and three decoders.

Elastic depth for the encoder and three decoders. The
network needs appropriate depth to provide sufficient represen-
tation ability, and it requires distinct efforts to re-construct dif-
ferent source signals. Thus we search for the appropriate depth
for the encoder and three decoders.

2.4. Search pipeline

Our search pipeline mainly includes two sequential phases: K-
path supernet training and evolutionary search. Traditional
one-shot NAS methods usually train a supernet A with weights
W and then efficiently evaluate sub-model structures o with a
heuristic algorithm by inheriting the pre-trained weights W*
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from the supernet. The goal of NAS is to find the optimal sub-
model o* with top performance P from this supernet:
a* = argmax P(AW*, a)). (6)
K-path supernet training. Motivated by ViT-ResNAS
[22], we adopt a K-path sampling method to efficiently train
the supernet. Specifically, for each batch data, we randomly
split the batch data into k parts and generate k masks for each
Conformer block. By assembling the different masks in each
Conformer block, we can obtain k paths in the supernet. We for-
ward and backward the supernet with these masks, amounting
to an efficient training of random-generated k paths in parallel
with the training loss Lain, Which can be formulated as below:
W* = argmlinin Liain AW, a1, ..., ag])). @)
Such K-path sampling strategy covers more sub-models
with different configurations than single-path one-shot meth-
ods [23,24] and thus is more efficient and effective.
Evolutionary search. After pre-training the supernet, we
adopt the evolutionary algorithm NSGA-II [25] to generate can-
didate sub-models, which are required to meet the pre-defined
resource constraints (e.g., the number of model parameters in
our experiments). We aim to discover the optimal sub-model
o, whose resource is no more than resource target Ciarger and
then Eq.6 can be re-formulated as below:

o = argmax P(AW*,a)), s.t.Ca < Cuarger-  (8)

3. Experiments
3.1. Experimental setup

We search for the best architecture on the MTASS dataset [1],
which contains 20,000 training data, 1000 validation data, and
1000 test data. This dataset includes three types of audio:
speech, music, and noise. All of them are collected from
aishelll [33], DiDiSpeech [34], DSD100 [35], and DNS chal-
lenge [36]. The input mixture is generated by summing up the
three types of audios with varying SDR, and all audios clips
are down-sampled to 16kHz. We randomly extract continuous
audios with the length of 6 seconds from the whole audios for
the training and use 10-seconds (almost the entire audio length)
continuous audios to calculate the final results for evaluation
like previous works [3].

During the supernet training, we set k as the number of
GPU cards. Other training configurations are kept the same for
both the supernet and our searched architectures. Specifically,
we train our network by 200 epochs, of which L. is utilized in
the first 135 epochs and Ly 18 used in the last 65 epochs. We
employ the Adam optimizer with the maximum learning rate
le-3 and the minimum learning rate le-4. The Cosine sched-
uler is applied following the 10 epochs of linear warm-up. We
use the clip-norm method with a clip rate of 5.0. We set the
weight decay as le-5 and the training batch size as 80. Both
the supernet training and sub-models training spend 20 hours
on a machine with 8 NVIDIA Tesla V100 GPU cards, and we
implement our code using the Pytorch 1.8 framework.

3.2. Comparison with the state-of-the-arts

We show three searched optimal architectures with different
size of parameters, namely ConformerNAS-A, ConformerNAS-
B, and ConformerNAS-C. The comparisons with previous



Table 1: Comparison with previous state-of-the-arts on the speech, music, and noise signal tracks. RTF means the processing time

consumption per second (real-time factor) on GPU.

SDRi (dB)
Method Parameters (M) FLOPs(G) RTF (GPU) Speech Music Noise  Ave.
GCRN-RI [26] 9.88 2.5 0.031 9.11 5.76 5.51 6.79
GCRN-cRM [26] 9.88 2.5 0.031 8.73 6.25 6.50 7.16
Demucs [27] 243.32 5.6 0.006 9.93 6.38 6.29 7.53
D3Net [28] 7.93 35 0.002 10.55 7.64 7.79 8.66
Conv-TasNet [29] 5.14 5.2 0.017 11.80 8.35 8.07 9.41
DCCRN [30] 3.70 14.5 0.018 11.24 9.15 8.80 9.73
Sepformer [31] 25.75 77.7 0.052 11.33 8.52 9.42 9.76
DPRNN [32] 2.65 21.9 0.012 11.34 9.41 8.63 9.79
Complex-MTASSNet [ 1] 28.18 1.9 0.019 12.57 9.86 842 1028
EAD-Conformer [3] 26.09 2.1 0.005 13.37 1141 1056  11.78
ConformerNAS-A 16.30 1.5 0.004 13.65 11.71 10.89 12.08
ConformerNAS-B 20.98 1.8 0.005 13.61 1190 11.11 1221
ConformerNAS-C 36.67 2.8 0.006 13.67 12.00 11.23 1230
Table 2: Comparison with other NAS methods. 5,
-E Spejech
P SDRi (dB) k e
arams. i “
Method ™M) Speech Music Noise Avg. LR
Random 1696 13.54 11.04 10.14 11.57 21
Training-Free ~ 16.60  13.62 11.35 10.76 11.91 g o
Ours 16.30 13.65 11.71 10.89 12.08 0 ! 2 3 4 3

methods are shown in Table 1. Our searched architectures
can customize the structure for the encoder and three decoders
according to their characteristics of processing different sig-
nals, further improving the representation ability while remov-
ing the redundancy. The searched results prove this conclusion:
ConformerNAS-A is our most lightweight model with the least
FLOPs, which, however, outperformed other methods in all
tracks. Our searched ConformerNAS-B and ConformerNAS-C
have a little more FLOPs and can further push the state-of-the-
art performance to a higher level.

3.3. Comparison with other NAS methods

We search for a model with the similar size to our
ConformerNAS-A using the random search [37] and a training-
free search method [38] to provide an apples-to-apples com-
parison in Table 2. The randomly searched architecture per-
forms worst, showing that finding a superb architecture in our
enormous search space is non-trivial. Though the training-free
method improves the searched performance with little search
cost, it seems that the correlation between its training-free met-
ric and the final performance is still not that good or reliable,
and our ConformerNAS-A surpasses it with fewer parameters.

3.4. More analysis

We visualize the attention heads number and the FFN hidden di-
mension of each block for three decoders of ConformerNAS-C
in Figure 4. As different signals have different characteristics,
our searched architectures have distinct structures for each de-
coder. For example, the source music usually has high energy
and is uniformly distributed among full frequency, the searched
music decoder of ConformerNAS-C has one more block than
its speech and noise decoders and has a larger FFN hidden di-
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(a) Attention heads number vs. block index for three decoders.
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(b) FFN hidden dimension vs. block index for three decoders.

Figure 4: Visualization of the attention heads and the FFN hid-
den dimensions of three decoders in ConformerNAS-C.

mension in most blocks, which achieves the highest SDRi in
all three tracks, especially the music track, proving that such
searched architecture is effective in improving the decoding per-
formance of the music track, as shown in Table 1.

4. Conclusions

In this paper, we propose a comprehensive Conformer-based
NAS search space and adopt a K-path search method to search
for a customized architecture for the multi-task audio separation
by a joint search in both macro (depth) and micro (dimension,
head) levels. Our searched architectures achieve a new SOTA
performance with fewer parameters and FLOPs, fully demon-
strating the effectiveness of our method. However, our work
only discovers the optimal structure of the standard Conformer
block and doesn’t invent new operations. In the future, we will
further explore a more abundant search space, possibly with
customized operations, to discover more effective architectures.
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