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Abstract—Among numerous blind source separation (BSS)
methods, convolutive transfer function-based multichannel non-
negative matrix factorization (CTF-MNMF) has demonstrated
strong performance in highly reverberant environments by mod-
eling multi-frame correlations of delayed source signals. However,
its practical deployment is hindered by the high computational
cost associated with the iterative projection (IP) update rule,
which requires matrix inversion for each source. To address
this issue, we propose an efficient variant of CTF-MNMF that
integrates iterative source steering (ISS), a matrix inversion-free
update rule for separation filters. Experimental results show that
the proposed method achieves comparable or superior separation
performance to the original CTF-MNMF, while significantly
reducing the computational complexity.

Index Terms—Blind source separation, nonnegative matrix
factorization, convolutive transfer function, fast algorithm.

I. INTRODUCTION

Blind source separation (BSS) is a technique that recovers
the source signals from only the observed sensor signals,
without prior knowledge of the mixing process or the source
characteristics [1]–[3]. Based on how signals are mixed, BSS
can be categorized into two types: instantaneous BSS and
convolutional BSS [4]–[6]. Although the instantaneous mixing
model is computationally efficient and conceptually simple, it
fails to adequately capture real-world reverberation structures,
resulting in terrible performance in environments with pro-
nounced delays and reflections [1], [7], [8].

As popular instantaneous BSS techniques, auxiliary
function-based independent vector analysis (AuxIVA) [9]–[12]
and independent low-rank matrix analysis (ILRMA) [13] are
widely used due to their stable separation performance. IL-
RMA replaces the source model used in AuxIVA with the
nonnegative matrix factorization (NMF) [14] model to capture
deeper harmonic structures in sources. Both AuxIVA and
ILRMA adopt the rank-1 spatial model to enable efficient
separation, where each source’s spatial image is modeled as a
scaled steering vector. However, these algorithms will remain
effective only when the Short-Time Fourier Transform(STFT)
window fully encompasses the dominant part of the acoustic
impulse response(AIR). Once this condition is violated, e.g.,
in highly reverberant environments, their performance quickly
degrades.

Recently, convolutive transfer function-based multichannel

non-negative matrix factorization (CTF-MNMF) [15]–[17] has
shown superior separation performance effectively, especially
in highly reverberant conditions. By explicitly modeling multi-
frame correlations of delayed source signals, the convolutive
transfer function(CTF) model retains a finite set of delayed
taps of the CTF filter in the STFT domain. Therefore, early
reflections are integrated into an extended instantaneous mix-
ing matrix, which enables efficient instantaneous BSS updates
while modeling the actual mixing process more accurately.
Besides, since the CTF model can efficiently model long
AIR using short-time frames, CTF-MNMF also relaxes the
restriction on STFT window lengths. However, CTF-MNMF
suffers from significant computational complexity due to the
introduction of additional parameters, especially since its iter-
ative projection (IP) [10] based demixing filter update requires
matrix inversion for each source. This computational burden
increases substantially with longer CTF filters.

To address these computational challenges, we propose an
efficient variant of CTF-MNMF [15] by integrating the itera-
tive source steering (ISS) [18] algorithm, termed CTF-MNMF-
ISS. The ISS update rule completely avoids matrix inversion,
significantly reducing computational complexity. Experimen-
tal results demonstrate that the proposed CTF-MNMF-ISS
achieves comparable or superior separation performance rela-
tive to the original CTF-MNMF-IP method, while substantially
enhancing computational efficiency.

II. SIGNAL MODEL AND PROBLEM FORMULATION

Assume that N sources are recorded by M microphones.
For the overdetermined condition where M > N , the sig-
nals observed at the m-th microphone with time index t is
expressed as

xm(t) =
N∑

n=1

hm,n ∗ sn(t), (1)

where hm,n is the time-invariant AIR from the n-th source
to the m-th microphone, xm(t) and sn(t) are the m-th mi-
crophone signal and the n-th source signal, respectively, and
∗ represents linear convolution. The STFT of the observed
signals (1) is derived as a sum of linear convolutions using the
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CTF assumption [8], [15], [19], [20]

xm,i,j =

N∑

n=1

Ln−1∑

l=0

hm,n,i,l sn,i,j−l, (2)

where i = 1 . . . I and j = 1 . . . J are the frequency index and
time-frame indexes, respectively, with I and J being the total
number of frequency bins and time frames, xm,i,j and sn,i,j
are the STFTs of xm(j) and sn(j), respectively, hm,n,i,l is the
band-to-band filter coefficient and Ln is the length of the CTF
filter. For simplicity, we rewrite (2) in vector form as

xi,j = H̃i si,j , (3)

where

xi,j = [x1,i,j , x2,i,j , · · · , xM,i,j ]
⊤ ∈ CM×1,

hn,i,l = [h1,n,i,l, h2,n,i,l, · · · , hM,n,i,l]
⊤ ∈ CM×1,

Hn,i = [hn,i,0, hn,i,1, · · · , hn,i,L−1] ∈ CM×Ln ,

H̃i = [H1,i, H2,i, · · · , HN,i] ∈ CM×L,

s̃n,i,j = [sn,i,j , sn,i,j−1, · · · , sn,i,j−Ln+1] ∈ C1×Ln ,

si,j = [s̃1,i,j , s̃2,i,j , · · · , s̃N,i,j ]
⊤ ∈ CL×1.

Here, Hi is the mixing matrix for the i-th frequency bin,
si,j stacks the delayed source signals, and (·)⊤ denotes the
transpose. Following [15], we set L =

∑N
n=1 Ln = M . This

choice makes Hi ∈ CM×M square and full-rank, a prerequisite
for the IP update rule, which requires matrix inversion at
every frequency bin. Consequently, the demixing matrix can
be defined as Wi = H−1

i as

Wi =
[
W̃1,i, · · · , W̃N,i

]H ∈ CL×M

where

W̃n,i =
[
wn,0,i, · · · , wn,Ln−1,i

]H ∈ CM×Ln

is the group of filters corresponding to source n and each wn,l,i

is an M -dimensional column vector. (·)H stands for Hermitian
transpose. Now, the demixing process is denoted as

yn,i,j,l = wH
n,l,ixi,j for n = 1, . . . , N, (4)

where yn,i,j,l is the estimated source signal with l taps de-
lay. Each source is modeled as a complex Gaussian random
variable with zero mean and time-varying variance λn,i,j . The
power spectral density (PSD) is represented using NMF as [21]

λn,i,j−l =

Kn∑

k=1

bn,i,k vn,k,j−l,

where bn,i,k and vn,k,j−l are the NMF basis and activation
components for the n-th source, respectively, with k =
1, . . . ,Kn, where Kn is the number of latent spectral bases
for source n.

The objective function is obtained by calculating the nega-
tive log-likelihood function as in [15]:

L(W,Λ) =
∑

i,j,n,l

(
log λn,i,j−l +

|yn,i,j,l|2
λn,i,j−l

)

−2J
∑

i

log | detWi|+ cst. (5)

The task is now transformed into minimizing the objective
function (5) with respect to the demixing matrices {Wi}
and PSD parameters {λn,i,j}, which yields the following
optimization formulation:

{W⋆,Λ⋆} = arg min
W,Λ

L(W,Λ). (6)

III. PROPOSED METHOD

A. Optimization algorithm
1) Update of Wi: In the following, we deduce update

rules for optimizing (5) based on the auxiliary function tech-
nique [10]. It can be obtained that

L+ = −2
I∑

i=1

log | detWi|+
I∑

i=1

∑

n,l

wH
n,l,i Qn,l,i wn,l,i, (7)

where the weighted covariance matrix Qn,l,i is defined as

Qn,l,i =
1

J

J∑

j=1

xi,j x
H
i,j

λn,i,j−l
. (8)

The original IP-based Optimization goes as in [15]

wn,l,i ←
(
Wi Qn,l,i

)−1
e (L1+L2···+Ln−1+l+1), (9)

wn,l,i ← wn,l,i

(
wH

n,l,iQn,l,iwn,l,i

)−1/2
, (10)

where e (L1+L2···+Ln−1+l+1) is a unit column vector whose
(L1+L2 · · ·+Ln−1+l+1)th element equals to one. To simplify
the ISS update formulation, we flatten the two-dimensional
index (n, l) into a single index r = (L1 + L2 · · · + Ln−1) +
l + 1, where n = 1, . . . , N , l = 0, . . . , Ln − 1, and r =
1, . . . , L. Hence, wn,l,i can be denoted as wr,i for notational
convenience. The proposed method employs the ISS updating
rule [18], which updates the entire filter using a rank-1 matrix
as

Wi ←Wi − zr,i w
H
r,i, (11)

where r is the index indicating the rank-1 updates ap-
plied sequentially to each source and delay tap, and zr,i =
[z1,r,i, . . . , zL,r,i]

⊤ ∈ CL×1 is a vector to estimate and (·)∗
denotes complex conjugate.

To derive the optimal update direction, we substituting the
rank-1 update (11) into the auxiliary objective function (7), we
get the new optimization objective:

LISS(zr,i) = −2
I∑

i=1

log
∣∣∣det

(
Wi − zr,i w

H
r,i

)∣∣∣+
∑

i

L∑

p=1
(
wp,i − z∗p,r,i wr,i

)H
Qp,i

(
wp,i − z∗p,r,i wr,i

)
, (12)

where p is a dummy index ranging from 1 to L that enu-
merates all rows, by the matrix determinant lemma det

(
A −

uzH
)
= det(A)

(
1− zHA−1u

)
, we have

det
(
Wi − zr,iw

H
r,i

)
= det (Wi) (1− zr,r,i) . (13)

2025 Asia Pacific Signal and Information Processing Association Annual Summit and Conference (APSIPA ASC) 150



Taking the derivative of L with respect to z∗p,r,i and setting it
to zero, we consider two cases.
First, when r ̸= p, we can obtain

∂LISS

∂z∗p,r,i
= −wH

r,iQp,iwp,i + zp,r,i w
H
r,iQp,iwr,i (14)

Next, when r = p, the partial derivative of L is
∂LISS

∂z∗p,r,i
=

2

1− zr,r,i
− 2(1− zr,r,i)w

H
r,iQr,iwr,i (15)

Setting these expressions to zero yields the closed-form solu-
tion, then the update of zr,p,j can be obtained that

zp,r,i =





wH
r,iQp,iwp,i

wH
r,iQp,iwr,i

, p ̸= r,

1−
(
wH

r,iQr,iwr,i

)−1/2
, p = r.

(16)

Then, by using the original ISS update rule, the demixing
matrix W is solved.

2) Update of Λ: With W fixed, minimising L over
{bn,i,k, vn,k,j} is equivalent to minimising a sum of
Itakura–Saito divergences between the |yn,i,j,l|2 and λn,i,j−l.
Using a Majorize-Minimization (MM) framework yields the
following Multiplicative Update (MU) rules [15]. For each
n, i, k, the update of the basis and the activation can be
obtained by

bn,i,k ← bn,i,k

√√√√
∑J

j=1

∑L−1
l=0 |yn,i,j,l|

2
vn,k,j−lλ

−2
n,i,j−l∑J

j=1

∑L−1
l=0 vn,k,j−lλ

−1
n,i,j−l

,

(17)

vn,k,j ← vn,k,j

√√√√
∑I

i=1 |yn,i,j,0|
2
bn,i,kλ

−2
n,i,j∑I

i=1 bn,i,kλ
−1
n,i,j

. (18)

To resolve scale ambiguity among bn,i,k, vn,k,j and the demix-
ing matrix W, we compute the average power:

µn,l =

√
1

IJ

∑

i,j

|yn,i,j,l|2, (19)

then apply rescaling:

yn,i,j,l ← yn,i,j,l µ
−1
n,l , (20)

bn,i,k ← bn,i,k µ
−2
n,0. (21)

The same scaling is also applied to the corresponding rows of
W to ensure consistent signal energy.

B. Source image estimation
To avoid the spatial distortion caused by using (4) when

estimating the source signal in a reverberant environment, after
estimating the demixing matrix and the source PSDs, we re-
construct the spatial images ĉn,i,j ∈ CM using a multichannel
Wiener filter (MWF) [22]. The goal is to minimize the mean
squared error (MSE) between the estimated and true spatial
images:

Mopt
n,i,j = arg min

Mn,i,j

E
[
∥cn,i,j −Mn,i,jxi,j∥22

]
, (22)

where cn,i,j ∈ CM is the source image. The optimal estimator
is given by:

Mopt
n,i,j = E[cn,i,jxH

i,j ] · E−1[xi,jx
H
i,j ]. (23)

Under the proposed CTF-based spatial model, (23) becomes

ĉn,i,j = Mopt
n,i,jxi,j

= Hn,iΛn,i,jH
H
n,i

(
HiΛi,jH

H
i

)−1
xi,j , (24)

where Λn,i,j ∈ RL×L is the diagonal PSD matrix of source
n. Therefore, the MWF serves as the final stage to recover the
spatial images.

IV. COMPUTATIONAL COMPLEXITY ANALYSIS

This section compares the computational costs of CTF-
MNMF-IP and CTF-MNMF-ISS with respect to the demixing
matrix Wi. As both methods employ identical MU rules for
the NMF parameters, the computational complexity of this part
is the same. Thus, the difference in the overall computational
burden stems solely from the optimization strategy applied to
Wi.

CTF-MNMF-IP updates the demixing matrix Wi by solving
a full linear system. Inverting an L×M matrix in (9) requires
O(M3) floating-point operations. Repeating this for all signals
across I frequency bins and L sources yields

CIP ∝ O
(
ILM3

)
. (25)

CTF-MNMF-ISS rewrites the update as a rank-one steering
step so the costly inversion disappears. The dominant opera-
tion becomes the matrix–vector product plus rank-one correc-
tion, whose computational complexity scales quadratically as
O(M2). Accounting again for all signals and I frequencies
gives

CISS ∝ O
(
ILM2

)
. (26)

which is an order of magnitude lower than that of the IP
method.

V. EXPERIMENT

In this section, we will compare the performance of CTF-
ISS with the traditional method in [15]. For simplicity, we omit
MNMF in this section.

A. Experimental setup

The observation signals are generated by convolving speech
signals from the TIMIT database [23]. Each mixed signal
consists of two speech segments, randomly selected from
different speakers, concatenated to form an 8-second clean
speech signal. To validate the performance under realistic
reverberant environments, we utilize impulse responses from
the RWCP dataset, specifically E2A with a reverberation time
of RT60 = 300 ms, JR2 with RT60 = 470 ms, and E2B with
RT60 = 1300 ms.

The geometric configuration used in our experiments is
illustrated in Fig. 1. Two sound sources are positioned 2
meters away from the microphone array center, forming an
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Fig. 1. Illustration of the simulation setup.

TABLE I
MICROPHONE CONFIGURATIONS AND FILTER LENGTHS

M Filter length Microphones configurations

4 Ln = 2 M3, M4, M5, M6

6 Ln = 3 M2, M3, M4, M5, M6, M7

8 Ln = 4 M1, M2, M3, M4, M5, M6, M7, M8

angular separation of 100◦ (at azimuth angles −50◦ and
+50◦). The microphone array consists of eight omnidirectional
microphones (M1 to M8) arranged in a linear formation. The
experimental settings are identical to those of the conventional
method. The specific microphone configurations for different
array sizes utilized in this study is summarized in Table I. All
recordings are sampled at 16 kHz. The time-frequency repre-
sentation is obtained using the STFT with a 1024-point Hann
window and a hop size of 25%. All of the separation matrices
Wi are initialized as identity matrices, and the number of
iterations is fixed at 100. The number of bases Kn is set to
3. The number of microphones used varies among 4, 6, and
8. Each microphone is regarded as an independent observation
channel, and two sources are active in all scenarios. The CTF
filter length Ln is set to 2, 3, and 4 taps for the 4-, 6-,
and 8-channel microphone arrays, respectively, as shown in
Table I. All experiments are conducted on a laptop with an
AMD Ryzen 7 5800H CPU.

B. Experimental results

Figure 2 compares CTF-IP (red) and the proposed CTF-ISS
(blue) in terms of SDR-improvement for three reverberation
times (RT60 = 300, 470, and 1300 ms). Under all condi-
tions, the median SDR decreases with increasing reverberation
time, demonstrating the inherent difficulty of source separation
in highly reverberant environments. Increasing the number
of microphones consistently improves SDR performance by
around 2–4 dB, with the most notable improvement observed
at 1300 ms, where an 8-channel configuration outperforms the
4-channel case by nearly 4 dB.

Regarding the optimization strategy, CTF-ISS maintains
comparable median performance to CTF-IP, with differences
never exceeding 1 dB. However, CTF-ISS exhibits narrower
inter-quartile ranges and fewer outliers, particularly noticeable

300 ms 470 ms 1300 ms
Reverberation Time (RT60)
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Fig. 2. Average SDR improvement under different reverberation and
microphone setups.
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Fig. 3. Average runtime under different microphone setups.

at longer reverberation times of 470 ms and 1300 ms. This
improvement indicates that ISS updates provide robustness
and lessen sensitivity to initial conditions, yielding more
consistent separation performance. Fig 3 further analyzes the
computational efficiency of the two methods by presenting
their average runtime across different microphone configura-
tions. The proposed CTF-ISS consistently demonstrates lower
computational costs compared to CTF-IP. Specifically, CTF-
ISS achieves runtime reductions of approximately 41% , 51%,
and 33%, respectively, for the 4-channel, 6-channel, and 8-
channel setups. These significant reductions underscore the
computational advantage of the ISS-based approach, which
is particularly beneficial for real-time processing applications
or systems with limited computational resources. Besides the
CPU saving, ISS avoids repeated matrix inversions, leading
to smaller memory usage and better numerical stability. Con-
sequently, the proposed CTF–ISS variant achieves essentially
the same separation accuracy as CTF–IP while running sig-
nificantly faster and exhibiting lower run-to-run variance. The
experimental results confirm that the proposed CTF-MNMF-
ISS method not only preserves high-quality source separation
comparable to conventional method but also offers enhanced
stability and significantly reduced computational complexity,
making it particularly advantageous as the number of micro-
phones increases or under challenging reverberant conditions.

VI. CONCLUSIONS

In this paper, we proposed an accelerated CTF-MNMF
algorithm for overdetermined blind source separation, named
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CTF-MNMF-ISS. By integrating the iterative source steering
approach, we successfully circumvented the numerical insta-
bility associated with iterative projection updates, thus signifi-
cantly enhancing the practicality and robustness of the original
algorithm. CTF-MNMF-ISS substantially reduces computa-
tional complexity, achieving a runtime reduction of approx-
imately 40%. It simultaneously maintains or even surpasses
the separation performance of the original IP-based method.
Furthermore, the ISS-based updates exhibited greater numeri-
cal stability and robustness against variations in initialization,
particularly beneficial in highly reverberant environments.
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