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Abstract

We present an unsupervised training method of the sequential
neural beamformer (Seq-BF) using coarsely-separated and non-
separated supervisory signals. The signal coarsely separated by
blind source separation (BSS) has been used for training neu-
ral separators in an unsupervised manner. However, the perfor-
mance is limited due to distortions in the supervision. In con-
trast, remix-cycle-consistent learning (RCCL) enables a separa-
tor to be trained on distortion-free observed mixtures by mak-
ing the remixed mixtures obtained by repeatedly separating and
remixing the two different mixtures closer to the original mix-
tures. Still, training with RCCL from scratch often falls into a
trivial solution, i.e., not separating signals. The present study
provides a novel unsupervised learning algorithm for the Seq-
BF with two stacked neural separators, in which the separators
are pre-trained using the BSS outputs and then fine-tuned with
RCCL. Such configuration compensates for the shortcomings
of both approaches: the guiding mechanism in Seq-BF acceler-
ates separation to exceed BSS performance, thereby stabilizing
RCCL. Experimental comparisons demonstrated that the pro-
posed unsupervised learning achieved performance comparable
to supervised learning (0.4 point difference in word error rate).
Index Terms: sequential neural beamforming, teacher-student
learning, remix-cycle-consistent learning, unsupervised speech
separation

1. Introduction

Since speech recordings are frequently contaminated by inter-
ference and background noise, source separation has become
essential in voice applications such as automatic speech recog-
nition (ASR). In particular, blind source separation (BSS) such
as independent component analysis (ICA) [1], independent vec-
tor analysis (IVA) [2,3], and independent low-rank matrix anal-
ysis (ILRMA) [4] have long been studied. Recently, supervised
learning of deep neural networks (DNN5s) has also been actively
investigated [5-7]. In the multi-channel setup, neural beam-
forming such as DNN-based minimum variance distortion-
less response (MVDR) beamforming [8-10], sequential neu-
ral beamforming (Seq-BF) with multiple stacked neural beam-
formers [11-13], and BSS with a neural source model [14-16]
have been shown to give remarkably high performance. How-
ever, it is not feasible to collect ground-truth signals in a real
environment, and learning source separation model under unsu-
pervised conditions is thus highly desired.

Teacher-student learning has been attempted to learn neu-
ral separators in an unsupervised manner. Such an approach
exploits pseudo-target signals generated by BSS techniques in-
stead of using the ground truth (i.e., clean signals) [17-19].
Still, distortions in pseudo-target signals can hinder, limiting
the separation performance.

Alternative approaches attempt to exploit distortion-free
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observed mixtures as the target signals [20-23]. In remix-cycle-
consistent learning (RCCL), two different mixtures are sepa-
rated and then remixed [22,23]. The separator is trained such
that the final remixed signals would get closer to the original
mixtures, aiming to reduce distortion in the separator’s output.
In this case, the target signal is a microphone observation, so
it is distortion-free, unlike teacher-student learning using BSS
outputs. RCCL, however, has a fatal flaw of giving the optimal
solution both when the signals are perfectly separated and when
they are not separated at all. Therefore, this method requires a
mechanism to avoid trivial solutions that would eliminate the
separation. Pre-training the separator with unsupervised adver-
sarial learning has attempted to address this problem without
introducing a mechanism to facilitate separation explicitly [23].
It, however, is not clear whether this approach works effectively
in challenging noisy and reverberant environments.

The present study proposes an unsupervised training
method for the Seq-BF framework, where neural separators
are first pre-trained using pseudo-target signals generated by
BSS and then fine-tuned with RCCL. These pre-training and
fine-tuning processes complement the shortcomings of teacher-
student learning with BSS outputs and performing RCCL: the
former can train from scratch, but the performance is lim-
ited due to the pseudo-targets with distortions while the latter
can exploit distortion-free supervisions but requires some high-
performance separators to be obtained by pre-training. Here, the
configuration of the Seq-BF, where two neural beamformers are
stacked, and the output signal of the first separator is used as a
guide for the second separator, also makes sense to address the
drawbacks of both approaches simultaneously. When training
with pseudo-target signals generated by BSS, the first separator
would yield comparable performance to BSS, and the second
separator would achieve more accurate separation thanks to the
guide from the first separator. Such a guiding mechanism helps
RCCL-based training with facilitating separation.

The key contributions are as follows. 1) We propose a
new unsupervised learning method that takes advantage of BSS-
based and RCCL-based training. 2) We adopt Seq-BF to incor-
porate the two techniques, which can effectively complement
the drawbacks of each approach. 3) The proposed method gives
performance close to supervised learning. This is the first work
to show the effectiveness of RCCL in a noisy reverberant setup.

2. Elemental Technology

Let us denote mixtures of N sources captured by M micro-
phones as @; € R and those in the short-time Fourier trans-
form (STFT) domain as Xy, € CM. 1 =1,...,Lis the
time index of time-domain signals, and f = 1,...,F and
t = 1,...,T denote a frequency bin and a time frame in-
dex of STFT-domain signals, respectively. This section de-
scribes auxiliary function-based independent vector analysis
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(AuxIVA) [24] assuming the time-varying spherical Gaussian
prior (Gauss-IVA), which is used as the pseudo-target signal
generator, and Seq-BF with MVDR beamformer.

2.1. AuxIVA with time-varying Gaussian prior

AuxIVA [24] estimates a separated source vector Yy, with a
frequency-wise demixing matrix Wy € CV*M a5 Vi, =
W; X . Since both Yy, and W} are unknown, we solve it
by likelihood maximization assuming a prior distribution of the
sources p(Yn,f,¢+), where Yy, ¢+ is the n-th component of Y7 ;.
Gauss-IVA assumes a time-varying complex Gaussian as the
prior distribution, i.e., Yy r¢ ~ N(0,75,7,:), Where 7y, 5 is
the variance of the n-th source. Assuming the statistical inde-
pendence of each source, the demixing matrix can be estimated
by minimizing the following negative log-likelihood,

Z [l s X 54|
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where wf: # 1s the n-th row vector of Wy. The demixing ma-
trix W can be updated with the techniques such as iterative
projection [24] or iterative source steering [25].

2.2. Neural MVDR Beamforming

Neural beamforming is a technique that exploits DNNs to ob-
tain spatial statistics for beamforming. The overview of neural
beamforming is shown at the bottom of Fig. 1. The DNN first
estimates a time-frequency (TF) mask of each source M., s ;
from the mixture X ;. We then obtain a target source esti-
mate Yy, t,+ and noise (sources other than the target) estimate
Nn,f,t € CM by TF masking as ?n,f,t = Must © Xpy
and N, ;¢ = (1 — My st) @ Xy, where ® denotes an
element-wise product. To address the phase inconsistency prob-
lem, iSTFT/STFT projection is applied again [11]. The spatial

covariance matrix (SCM) of the target source RSIY} and that of

the noise Rlef) € CM*M are computed as [26],
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The filter coefficient of the MVDR beamformer is [27],
(N)y—1 p(Y)
_ (Rn,f) Rn,f MxM
nf = ) (4)

Tr(R())-1R())

where Tr(.) is the trace of a matrix. The n-th separated signal
is given as,

(&)

where f’m t,¢ is the M-channel separated signal at the micro-
phone location. Finally, iSTFT is applied and the time-domain
separated signal, ¢, ;, is obtained. Here, we can also obtain
the noise component of the mixture, by, as the same way us-
ing (1=, My y¢)and (3, Mu 5,:) as the target and noise
masks, respectively. The estimated noise component by is uti-
lized in RCCL described in Sect. 3.2. In the following, we omit
the indices [, ¢, and f for simplicity.

Yn,f,t = Wn,fo,t € (C]W7
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Figure 1: Overview of training Seq-BF with BSS outputs. Each
separator is trained using pseudo-target signals generated by
Gauss-1VA.

2.3. Sequential Neural Beamforming

Sequential neural beamforming (Seq-BF) [11-13] stacks mul-
tiple neural beamforming-based separators, as shown in Fig. 1.
The first separator is the normal neural beamformer that takes
a mixture & as input and outputs separated signals g, as de-
scribed in Sect. 2.2. The difference is that the subsequent sep-
arator exploits the separated signals of the previous separator,
which is referred to as guide signals. The loss is computed for
the output of each separator, and the gradient flows only to that
separator. Let us denote each separator as S; and its separated
signals as Yn, i, where ¢ € 1,2,... I is the separator index.
In Seq-BF, S;~1 perform separation taking the mixture and the
guide signals from the previous separator as input,

Ylyis- YN = Si(@, Y1,i-1, -, YNi—1)- (6)

The guide signals help in more accurate mask estimation and
higher separation performance.

In [12], an iterative separation framework was proposed,
where the final separator S utilizes its separated signals to im-
prove the performance. Once we obtain ¥, ; with (6), we can
iterate the following procedure,

gl7[,...7gN,IHSI(m,gl,I7...7yAN’I)- (7)

3. Proposed Method

This section describes the proposed unsupervised learning
scheme for Seq-BF. In this method, a neural separator based
on Seq-BF is pre-trained using teacher-student learning with
the BSS output as a target and then fine-tuned using RCCL.
Figures 1 and 2 illustrate an overview of the pre-training with
BSS outputs and that of RCCL-based fine-tuning, respectively.
The proposed framework is designed to compensate for the
shortcomings of teacher-student learning with BSS outputs and
RCCL (i.e., for the former, a distorted target signal limits sep-
aration performance, and for the latter, the separator should be
coarsely pre-trained). The guiding mechanism in Seq-BF also
contributes to addressing such shortcomings. Consider learning
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Figure 2: Overview of RCCL. Separation and remix are re-
peated twice for same separator. Si>1 exploits guide signals
from S;_1, which facilitates separation.

Seq-BF using pseudo-target signals given by the BSS. In this
case, even if the first separator gives a comparable performance
to the BSS, the subsequent separator can exceed the teacher’s
performance with the help of the guide. Using such a high-
performing pre-trained separator would help stabilize RCCL-
based fine-tuning. The rest of the paper assumes that the num-
ber of sources NV is two and that of separators [ is two.

3.1. Unsupervised Training with Pseudo-target Signal

At first, we train Seq-BF with pseudo-target signals generated
by Gauss-IVA. Let us denote the separated signals of Gauss-
IVA as Y,,. The loss to train the ¢-th separator is,

Lot = L(Yn, Yw(n>,i), )

where m(n) denotes the optimal assignment among all the per-
mutations to minimize the loss, and £ is a loss function. We
investigate two loss functions, STFT domain mean squared er-
ror (MSE) loss and time-domain convolutive transfer function
invariant [28] signal-to-distortion ratio (CI-SDR) loss [29].
CI-SDR loss was recently shown to be effective for multi-
channel separation. Let g, and ¥, be the time-domain sepa-
rated signals of BSS and DNN, where we omit the separator
index ¢. Further define a matrix containing P = 512 shifts of
Yo inits columns, Yn = [Gh1, ..., o) € RE*F with I-th

1oW Y = [Jni—1,- -, Jni—p] € RP. CI-SDR loss is,
Z |[gnea|l®
i—sdr — 10 log (% 3 (9)
Le 10 ||ynan - yfr(n)||2

where a,, = (yn Yn)~ 3=ln ?gfr(n%

3.2. Remix-Cycle-Consistent Learning

RCCL repeats the separation and remixing of two different ob-
served mixtures to train the separator such that the final remixed
mixtures get closer to the initially observed mixtures [22,23].
The overview of RCCL is shown in Fig. 2.

Let @, be a mixture of two sources, y§ and y5 *’, and

the noise b(®+). Supposing that xl and a2 are given as mix-

tures of different source pairs, y§ (=)

yézZ), which are all assumed to be different speech sources.

First, these mixtures are separated by the separator S; as,

= Si(Xr,i),

()

and y, '/, and y%mz) and

~(x)

) y2 ]
where X ; = [mk,yi Z’“)Ngjéwf)l] fori > 1,and Xp; = xx
for i« = 1. These outputs are remixed in combinations between

(@)

Yi,i B(zk)

(10)
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Table 1: Evaluation results of models trained with pseudo-
target signals from Gauss-IVA. Training was done with two
types of losses and DNNs. Performances of S1/ Sa are shown.

DNN Loss SDR[dB] 1 PESQ 1 WER[%] |
Gauss-IVA 14.0 2.97 19.3
BLSTM MSE 12.5/14.8 2.76 /3.04 23.7/14.7
BLSTM CI-SDR 134/152 2.86/3.09 19.7/14.0
AIANet [30] MSE 12.7/15.2 2.80/3.10 19.6/13.3
AIANet [30] CI-SDR 14.4/15.8 3.00/3.17 14.1/12.2
different observations,
(€t ))
Zii = 05+ i T oY (1

where 71 and 72 denote the assignment of each separated sig-
nals from x; and 2 to remixed signals z;, and 7, denotes that
of noise from x; or 2. 5 = 1, 2 is the index of remixed signals.
The pseudo-mixture z; ; is separated by the same separator,
gizzﬁ, g;zj)v i)<zj) = Si(zj,i)a (12)
~(x2)

where Z,; = [z, “y;%]) i—1>Uny(i),i1]> 1-€., the set of the

pseudo-mixture and the corresponding guide signals, for 7 > 1,
and Z;; = z;,; for ¢ = 1. These outputs are remixed into
another pseudo-mixtures in the closest combination to the ob-
served mixtures &y as,

T, = [Hyyfﬂ + [HJ:,E”]M

e R L
where g = [yﬁ“,yé’?),yﬁ”,gé"”} and 5% =

. . T
[bgzl), bEz2)} denote a set of separated signals and noises of

z1,; and 2o ;, and I, € B22Y and IT, € B> denotes a binary
matrix that represents the assignment of each separated signal
and noise to @1 or @2. The loss is defined as,

Lrccr, = Zk L(xk, Tr,i),

~(x)

(14)

where we use CI-SDR loss as £. Since g, “’ contains residual
noise and artifacts, the pseudo-mixtures, z;, will contain unob-

served distortions, which can make y,(f i) distorted. It implies

that distortion reduction in yff") leads to that in g A< =) M1n1—
mizing the loss Lrccr, which is computed using yn , thus

facilitates reducing the residual noise and artifacts in yfl ")

Here, it should be noted that no separation at all, e.g.,

9 =, 5™ =0, b®+) =0, is unduly optimal in RCCL.
Therefore, it is challenging to train separators from scratch with
only RCCL, and it was used to fine-tune a pre-trained separator

in [23]. In fact, we failed to train with only RCCL from scratch.

4. Speech Separation Experiment
4.1. Speech Materials

We used spatialized multi-speaker wall street journal (SMS-
WSJ) database [31]. SMS-WSIJ contains noisy reverberant two-
speaker mixtures with a sampling rate of 8 kHz. The speeches
were from WSJO and WSJ1 corpus. Sources were observed
with six channels of microphones with a radius of 10 cm. The
distances between sources and microphones were randomly se-
lected from 1 m to 2 m. The relative power of sources was cho-
sen randomly from —5dB to 5dB, and white Gaussian noise



Table 2: Average SDR, SIR, STOI, PESQ, and WER of separated signals given by S1 / S2 / S2 with iterative inference with (7) on test
set. CI-SDR w/ IVA and RCCL represent teacher-student learning-based pre-training and RCCL-based fine-tuning, respectively.

Algorithm SDR [dB] 1 SIR [dB] 1 STOI 1 PESQ 1 WER [%] |
Unprocessed 0.1 0.1 0.722 1.87 79.1
Gauss-IVA 14.0 22.8 0.920 297 19.3
Oracle MVDR 20.9 37.1 0.987 3.76 8.5
CI-SDR w/ IVA 14.4/158/15.8 21.5/24.6/24.7 0.941/0.956/0.955 3.00/3.17/3.18 14.1/122/124
RCCL 149/173/174 22.0/27.3/27.8 0.948/0.970/0.972 3.06/3.38/3.40 13.5/10.4/10.2
Supervised 16.4/183/18.4 25.6/29.0/29.2 0.964/0.976/0.977 3.27/3.52/3.53 11.2/ 99/ 9.8

was added in an SNR between 20 dB to 30 dB. The reverbera-
tion times were chosen from 0.2 s to 0.5 s. Training, validation,
and test set contained 33561, 982, and 1332 mixtures, respec-
tively. For ASR, we used the default ASR backend model pro-
vided in [31]. The word error rate (WER) for the clean rever-
berant test set was 8.4%. Note that we used clean reverberant
signals as oracle signals because we focused on separation.

4.2. Separator Configuration

We examined two DNNs, the bi-directional long short-term
memory (BLSTM)-based network and the convolution-based
attention-in-attention network (AIANet) [30] with some mod-
ifications from the original. BLSTM consists of three BLSTM
layers with 512 hidden units in each direction and two fully
connected (FC) layers with the sigmoid activation to output
two masks. Each BLSTM layer has a dropout layer with
a probability of 0.5. AIANet consists of three down/up-
sampling layers and an attention-in-attention (AIA) module be-
tween them, followed by two FC layers with the sigmoid ac-
tivation. Each down/up-sampling layer comprises a 2D con-
volution/deconvolution layer, a group normalization layer [32]
with two groups, a parametric ReLU activation with the neg-
ative slope of 0.2, and a gated linear unit [33]. The third-
down/up-sampling layer has a dropout layer with a probability
of 0.5. AIA module corresponds to a feature extractor that com-
putes the attentions along with time-dimension and frequency-
dimension separately for the output of the last down-sampling
layer. The obtained feature was added to the output of the down-
sampling layer and input to the first up-sampling layer.

During training, the mini-batch size was eight, and the in-
put length was seven seconds. Gradient accumulation was con-
ducted for four training steps. The channel order was shuffled
randomly during training. All the network parameters were op-
timized using the Adam optimizer [34]. During teacher-student
learning with Gauss-IVA, models were trained for 75 epochs
and the learning rate was set to 2.0 x 10™* for the first sepa-
rator Sy and 1.0 x 10™* for the second separator Sy because
we found that the higher learning rate in S; leads to faster con-
vergence. In RCCL, model were trained for 40 epochs and the
learning rate was set to 2.0 X 107 % and 1.0 x 107° for S; and
Sa, respectively. For STFT of network input, we set the window
size to 1024 and hop size to 256. For STFT of MVDR beam-
forming, we set the window size to 4096 and hop size to 1024.
The number of iterations of Gauss-IVA was 15, and the two of
six separated signals with the highest power were utilized as the
pseudo-target signals.

4.3. Effectiveness of Training with Pseudo-target Signals

Table 1 lists the performance of S; and S trained with pseudo-
target signals yielded by Gauss-IVA. The evaluation criteria in-
cluded the SDR [35], perceptual evaluation of speech quality
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(PESQ) [36], and WER.

As was expected, S, i.e., the normal neural beamform-
ing, gave a comparable or worse performance than Gauss-IVA.
However, S», which is guided by S;, performed better than
Gauss-IVA for all DNNs and losses. In particular, AIANet
trained with the CI-SDR loss achieved the best performance,
reducing WER by 7.1% compared to Gauss-IVA. These results
demonstrated the effectiveness of the Seq-BF-based configura-
tion on teacher-student learning with the pseudo-target signals
from BSS.

4.4. Effectiveness of RCCL-based Fine-tuning

Table 2 lists the separation performance given by several al-
gorithms to demonstrate the effectiveness of RCCL. Here, two
other criteria, the signal-to-interference ratio (SIR) and the
short-time objective intelligibility (STOI) [37] were also used
for evaluation. In addition, we also evaluated the performance
of Sz with iterative inference in Eq. (7). Note that we did not
perform (7) during training. The performance of supervised
learning with the CI-SDR loss and the MVDR beamforming
using oracle signals were also evaluated to investigate the upper
bound of the performance. Here, this comparison focuses on
AIANet because it performed better than BLSTM.

The results indicate that the RCCL-based fine-tuning im-
proved the performance of the separator trained with Gauss-
IVA outputs in all metrics for both S; and Sz. In particular,
the improvement in Sz was significant, which implies that well-
trained neural separator boosts the effectiveness of the RCCL-
based fine-tuning. In addition, iterative inference described in
Eq. (7) yielded further improvement in separation performance.
It should be noted that the proposed learning algorithm ap-
proaches a difference of only 0.4 points in WER compared to
supervised learning.

5. Conclusions

This paper presented multi-channel unsupervised speech sepa-
ration where the neural separator based on the Seq-BF was pre-
trained with the BSS outputs and then fine-tuned using RCCL.
The proposed design is well structured to exceed the perfor-
mance of the teacher BSS and stabilize the RCCL. Experimen-
tal comparisons using two-speaker mixtures demonstrated that
the guide mechanism in Seq-BF helped surpass the performance
of BSS, and RCCL-based fine-tuning yielded a further improve-
ment under noisy and reverberant conditions. In the future, the
proposed method will be evaluated using data recorded in real
environments [38].
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