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Abstract
In this paper, we propose a robust demixing filter update algorithm for audio source separation. Audio source
separation is a task to recover source signals from multichannel mixtures observed in a microphone array, which
can be applied to, e.g., speech recognition and music signal analysis. Recently, independent deeply learned
matrix analysis (IDLMA) has been proposed as a state-of-the-art separation method. IDLMA utilizes deep
neural network (DNN) inference of source models and blind estimation of demixing filters based on sources’
independence. In conventional IDLMA, iterative projection (IP) is exploited to estimate the demixing filters.
Although IP is a fast algorithm, when the specific source model is not accurate owing to the bad SNR condition,
the successive update of filters will fail hereafter. This is because IP updates the demixing filters in a source-wise
manner where only one source model is used for each update. In this paper, we derive a new microphone-wise
update rule which exploits all information of the source models simultaneously for each update. Moreover, we
propose a method to select the appropriate source- or microphone-wise update rule depending on the source
signal’s pseudo SNR estimated via the DNNs. Experimental results show the efficacy of the proposed method.
Keywords: Audio source separation, Deep neural network

1 INTRODUCTION
Audio source separation aims to recover source signals from the multichannel mixtures observed by a micro-
phone array. Many types of algorithm have been proposed, e.g., unsupervised (blind) methods [1–17] and
supervised (informed) methods [18–22]. Independent deeply learned matrix analysis (IDLMA) [23,24] is a state-
of-the-art separation method combining blind estimation of the demixing matrix and deep neural network (DNN)
inference of source models. In the conventional source-separation methods including IDLMA, a fast and stable
coordinate descent algorithm called iterative projection (IP) [5,25] is exploited to estimate the demixing matrix.
IP updates the demixing matrix in a source-wise (row-wise) manner where only one source model is used for
each update. Although IP is a fast algorithm, our preliminary experiments show that it sometimes fails to find a
good solution. This is because when the specific source model is not accurate owing to the bad SNR condition,
the successive update of filters will fail hereafter. In this paper, we propose a new microphone-wise (column-
wise) update rule of the demixing matrix, which exploits all information of the source models simultaneously
for each update. Since IP and the proposed column-wise update rule are based on the coordinate-descent-type
iterative algorithm, the update order exists and it is arbitrary. In general, different update rule or update order
leads to a different solution because of local minima in the cost function, and it is difficult to choose the most
appropriate update strategy (here the “strategy” includes a type of row/column-wise update rule, update order,
and how to switch them in the iterative optimization). In order to find the appropriate update strategy, we
propose an automatic selection method for the update strategy depending on the source signal’s pseudo SNR
estimated via the DNNs.
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2 CONVENTIONAL METHODS
2.1 Formulation
Let M and N be the numbers of microphones and sound sources, respectively. We assume a determined case
where M = N. The short-time Fourier transform (STFT) of the observed mixtures, estimated signals, source
signals are defined as

xi j = (xi j1, . . . ,xi jN)
T, (1)

yi j = (yi j1, . . . ,yi jN)
T, (2)

si j = (si j1, . . . ,si jN)
T, (3)

where i and j denote the indexes of frequency bins and time frames, respectively, and T denotes the transpose.
In the determined case, the estimated signals yi j can be represented as

yi j = Wixi j, (4)

where Wi = (wi1, . . . ,wiN)
H is the demixing matrix and wH

in is the demixing filter for the nth source, and H

denotes the Hermitian transpose.

2.2 Generative Model and Cost Function
In IDLMA, the following univariate complex Gaussian distribution is assumed as a source generative model:

∏
i, j

p(yi jn) = ∏
i, j

1
πri jn2 exp

(
−
|yi jn|2

ri jn2

)
, (5)

where ri jn is the scale parameter of a Gaussian distribution. Under the model (5), the cost function to be
minimized w.r.t. Wi and ri jn (negative log-likelihood of xi j = W−1

i yi j) is obtained as

L
c
= ∑

i

(
∑
n

wH
inQinwin− log |detWi|2

)
+

1
J ∑

i, j,n
logr2

i jn, (6)

Qin =
1
J ∑

j

xi jx
H
i j

ri jn2 . (7)

We denote the scale parameter matrix as Rn ∈RI×J
≥0 , whose elements are ri jn. The aim of IDLMA is to blindly

estimate Wi only from the observed mixtures with the assistance of a DNN. The overview of separation process
of IDLMA is shown in Fig. 1.

2.3 Update Rule of Demixing Matrix by IP
In [5, 25], a fast and convergence-guaranteed algorithm called IP was proposed, which can be applied to the
sum of a negative log-determinant and a quadratic form. By applying IP to the first and second terms of the
right side in (6), the update rule of demixing matrix Wi is obtained as follows:

win← (WiQin)
−1en, (8)

win←
win√

wH
inQinwin

, (9)

where en denotes the unit vector with the nth element equal to unity. Note that since the update order w.r.t. n
is arbitrary, we have to select the appropriate update order from N! options.
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Figure 1. Overview of separation process in IDLMA.

2.4 Update Rule of Scale Parameter Matrix by DNN
DNNn is pre-trained so that the scale parameter |Rn|.1 is predicted from an input mixture spectrogram |X̃|.1,
where X̃ ∈ CI×J is a mixture spectrogram in the training data and | · |.p for matrices denotes the element-wise
absolute and pth-power operations. In inference for open data, the scale parameter matrix is updated by the
pre-trained DNNn as

|Rn|.1← DNNn(|Yn|.1), (10)
ri jn←max(ri jn,ε), (11)

where Yn ∈CI×J is the spectrogram of the estimated signal whose elements are yi jn, temporally obtained through
the update of Wi and ε is a small value to increase the numerical stability in IP.
When we define the output scale parameter matrix as Dn = DNNn(|X̃|.1) ≈ Rn and source spectrogram as
S̃n ∈ CI×J , the loss function of DNNn in (10) can be defined as

L(Dn) = ∑
i, j

|s̃i jn|2 +δ1

di jn
2 +δ1

− log
|s̃i jn|2 +δ1

di jn
2 +δ1

−1, (12)

where s̃i jn and di jn are the elements of S̃n and Dn, respectively, and δ1 is a small value to avoid division by
zero [20]. Since minimizing (12) corresponds to a simulation for the ML estimation of ri jn in (6) (only limited
to the training data), DNNn can be approximately interpreted as an appropriate source model based on (5). In
making the mixture spectrogram |X̃|.1, source spectrograms are mixed with various SNR as described in [23].

3 PROPOSED METHODS
3.1 Proposed Update Rule of Demixing Matrix
In [23], demixing matrix Wi is updated by (8) and (9). IP updates win based on given source model Rn
and win′ (n′ ̸= n) for each n, which corresponds to a source-wise update of Wi. Therefore, updating win with
accurate Rn first leads to a good solution and the update order w.r.t. n is important.
In this paper, we propose a column-wise update rule, which corresponds to a microphone-wise update of Wi.
Figure 2 illustrates a difference between the conventional IP and the proposed column-wise update algorithm.
We denote the column vector w̃im of Wi as Wi = (w̃i1, . . . ,w̃iN), where w̃im is a microphone-wise vector
although win is a source-wise (row) vector. We pick out the partial cost function J w.r.t. demixing matrix Wi
from (6), which is rewritten as follows w.r.t. w̃im:

J = ∑
i

(
∑
n

wH
inQinwin− log |detWi|2

)
c
= ∑

i

(
w̃H

imQ̃imw̃im + w̃H
imh̃im + h̃H

imw̃im− log |bH
imw̃im|2

)
, (13)
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Figure 2. (a) Conventional row-wise update of Wi. (b) Proposed column-wise update of Wi.

where

Q̃im = diag(Qi1mm, . . . ,QiNmm), (14)

h̃im =

(
∑

m′ ̸=m
w∗i1m′Qi1m′m, . . . , ∑

m′ ̸=m
w∗iNm′QiNm′m

)T

. (15)

Here Qinm′m is the (m′,m)th element of Qin, winm′ is the m′th element of win, diag(Qi1mm, . . . ,QiNmm) is the
diagonal matrix whose elements are Qi1mm, . . . ,QiNmm, bH

im is the mth row vector of the adjugate matrix of Wi,
and ∗ denotes the complex conjugate. Since IP can not minimize the cost function that includes the linear form,
we derive a new coordinate descent algorithm for (13). The derivative of (13) is obtained as

∂J

∂w̃∗im
= Q̃imw̃im + h̃im−

bim

w̃H
imbim

. (16)

From ∂J /∂w̃∗im = 0, the stationary point is given in [26] as

uim← (Q̃imW H
i )−1em, (17)

ûim← Q̃−1
im h̃im, (18)

aim← uH
imQ̃imuim, (19)

âim← uH
imQ̃imûim, (20)

w̃im←


uim√

aim
− ûim (âim = 0),

âim
2aim

[
1−
√

1+ 4aim
|âim|2

]
uim− ûim (âim ̸= 0).

(21)

Similarly to IP, we have to select the appropriate update order from N! options.
Although we obtain two update rules (row-wise or column-wise), each of which has N! update order, it is
difficult to determine the most appropriate update strategy in advance. In order to select the appropriate update
strategy that derives high separation performance, we propose the following pseudo-SNR-related criterion ζ :

ζ =
1
N ∑

n

∑i, j{|DNNn(|Yn|.1)|.2}i j

∑l ∑i, j{|DNNl(|Yn|.1)|.2}i j
, (22)

where {}i j denotes the (i, j)th element of the matrix. Since DNNn is trained to output the scale parameter of
the nth source, the numerator of ζ represents the nth source’s power in Yn and the denominator of ζ represents
the sum of all the sources’ power, which means that ζ indicates the separation accuracy of Yn. We propose the
following procedure to select the update strategy when the demixing matrix is updated.

Step 1: Make 2N! copies of Wi .

Step 2: Each Wi is updated by each update rule ((8)–(9) or (17)–(21)) and their update order (N! options for
n).
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Figure 3. Recording conditions of impulse responses obtained from RWCP database.

Step 3: ζ is calculated via (4) and (22) for each Wi.

Step 4: Wi with the highest ζ is taken over to the next iteration.

4 EXPERIMENTAL EVALUATION
We confirmed the validity of the proposed update strategy selection by conducting a music source separation
task. We compared six methods: multichannel nonnegative matrix factorization (MNMF) [7], independent low-
rank matrix analysis (ILRMA) [9], DNN+WF [27], Duong+DNN [20], conventional row-wise update IDLMA
(Row IDLMA), and proposed IDLMA exploiting both row-wise and column-wise updates based on DNN se-
lection (Row+Column IDLMA). MNMF and Duong+DNN estimate the mixing system by the EM algorithm,
where MNMF estimates the source model blindly and Duong+DNN estimates it using DNN. ILRMA is a blind
method that estimates the demixing system by IP. DNN+WF applies a Wiener filter constructed using all the
outputs of the DNN source models to the reference channel signal. Note that MNMF and ILRMA are “blind
(unsupervised)” techniques, but we show their performances just for reference to understand to what extent the
supervised methods (DNN+WF, Duong+DNN, Row IDLMA, and Row+Column IDLMA) can improve the per-
formance by using pretraining data. For all methods except DNN+WF, we updated the demixing matrix 200
times. In Duong+DNN, Row IDLMA, and Row+Column IDLMA, the scale parameter matrix Rn was updated
by DNNn after every 10 iterations of the spatial parameter optimization. We treated 10 iterations of the spatial
parameter optimization as one update strategy and DNN selection of update strategy is done every time after
Rn is updated. In Row IDLMA, we averaged the separation performance of all the row-wise update order.
We used the DSD100 dataset of SiSEC2016 [28] as the dry sources and the training dataset of DNN. The 50
songs in the dev data were used to train DNNn and the top 25 songs in alphabetical order in the test data
were used for performance evaluation. The test songs were trimmed only in the interval of 30 to 60 s. To
simulate reverberant mixtures, we produced two-channel observed signals by convoluting the impulse response
E2A (T60 = 300ms) obtained from the RWCP database [29] with each source, and mixtures of bass and vocal
were created. The recording conditions of E2A is shown in Fig. 3. All the signals were downsampled to
8kHz. An STFT was performed using a 512-ms-long Hamming window with a 256-ms-long shift. We used the
signal-to-distortion ratio (SDR) [30] to evaluate the total separation performance.
In this paper, the number of hidden layers in the constructed fully connected DNN was set to four. Each
layer had 1024 units, and a rectified linear unit was used for the output of each layer. To optimize the DNN,
we added the term (λ/2)∑q gq

2 to (12) for regularization, where gq is the weight coefficient in DNN, and
ADADELTA [31] with a 128-size minibatch was performed for 2000 epochs. The parameter ε was experimen-
tally optimized and set to 0.1× (IJ)−1 ∑i, j σi jn. The other parameters were set to δ1 = δ2 = 10−5 and λ = 10−5.
Figure 4 shows the average SDR improvement for bass/vocal separation. The proposed Row+Column IDLMA
achieves the best SDR improvement among all the state-of-the-art blind and supervised methods. In particular,
the proposed Row+Column IDLMA increases the SDR improvement from Row IDLMA by 1.5 dB, which
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Figure 4. Average SDR improvement of 25 bass/vocal songs.

Row (ascend)     Row (descend)    Col (ascend)    Col (descend)

Figure 5. Histogram of selected update rule and update order in Row+Col IDLMA

indicates that DNN selects the appropriate update strategy. Figure 5 shows the histogram of the update rule and
order selected in Row+Column IDLMA. In Fig. 5, “Row” or “Col” is the type of update rule and “ascend” or
“descend” is the update order. Here “ascend” means that the demixing filter corresponding to Vo. was updated
first in “Row” and the vector corresponding to the right microphone in Fig. 3 was updated first in “Col”. It
is confirmed that the column-wise update is chosen 2.8 times as much as the row-wise update, which indicates
that the column-wise update often leads to a better solution than IP in IDLMA.

5 CONCLUSIONS
In this paper, we proposed a new microphone-wise update algorithm for demixing matrix. Moreover we pro-
posed a method to select the appropriate row- or column-wise update rule depending on the source signal’s
pseudo SNR estimated via the DNNs. Experimental results showed that the update strategy selection improves
the separation performance, which exploits the proposed column-wise update more frequently than the conven-
tional row-wise update.
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