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Abstract
Binaural speech separation algorithms designed for augmented
hearing technologies need to both improve the signal-to-noise
ratio of individual speakers and preserve their perceived loca-
tion in space. The majority of binaural speech separation meth-
ods assume nonmoving speakers. As a result, their application
to real-world scenarios with freely moving speakers requires
block-wise adaptation which relies on short-term contextual in-
formation and limits their performance. In this study, we pro-
pose an alternative approach for utterance-level source separa-
tion with moving speakers and in reverberant conditions. Our
model makes use of spectral and spatial features of speakers in
a larger context compared to the block-wise adaption methods.
The model can implicitly track speakers within the utterance
without the need for explicit tracking modules. Experimental
results on simulated moving multitalker speech show that the
proposed method can significantly outperform block-wise adap-
tation methods in both separation performance and preserving
the interaural cues across multiple conditions, which makes it
suitable for real-world augmented hearing applications.
Index Terms: Binaural speech separation, moving speakers,
interaural cues, real-time

1. Introduction
Speaker-independent speech separation is crucial for improv-
ing speech perception in multitalker listening environments [1].
The developments in hardware technologies have made it pos-
sible to build binaural hearing devices with microphones placed
on both left and right ears that can communicate wirelessly.
These technological advances have enabled binaural speech
separation algorithms [2–4] with simultaneous access to both
microphone signals. A crucial factor in such algorithms is
preserving the spatial cues such as interaural level difference
(ILD) and the interaural time difference (ITD) of all directional
sources to enable a listener to perceive the correct location of
sources in space [5,6]. Various techniques have been developed
for source separation with preserved spatial cues [7–11]. These
algorithms can enable immersive audio for applications such
as augmented reality (AR) and brain-controlled hearing devices
that can detect and amplify an attended speaker to improve the
intelligibility and perception of the relative location of speak-
ers in space [12, 13]. Conventionally, most speech separation
methods assume the sources are nonmoving which limits their
application in real-world scenarios. A commonly used solution
is block-wise adaptation of these methods, meaning to split the
signal into short blocks in which the sources within each block
are assumed stationary since spatial features vary smoothly and
slowly [14–16]. Choosing an appropriate block size is not triv-
ial: on one hand, the block size must be small enough to satisfy
stationarity assumption; on the other hand, the block size should
be long enough for successful separation. For example, inde-
pendent component analysis (ICA) methods require block size
that is large enough for the independence assumption to hold

within the block. Besides, block-wise methods require a track-
ing module to resolve the source permutation problem across
consecutive blocks [17, 18].

An alternative solution is to divide the moving source sep-
aration problem into speech source localization, tracking, and
separation problems, and to tackle them separately [19, 20] or
jointly [21]. In [22], an approximate Bayesian tracker that em-
ploys the Markovian property of the speaker motion model is
used to associate time-frequency bins to each source, based on
which spatial filters are estimated to separate moving sources.
However, these approaches depend on the high fidelity of source
localization and/or tracking. In real scenarios, speech turns,
speaker appearance and disappearance, and room reverberation
[23] can complicate the source tracking considerably. More-
over, the tracking methods mainly utilize the past spatial infor-
mation but do not take advantage of long-term spectral infor-
mation. Long-term spectral information has proven beneficial
for source separation [24, 25]. Instead, a method that is able to
use both spectral-temporal and spatial-temporal information in
a larger context is desired for resolving these challenges.

In this paper, we describe a deep learning approach that
performs utterance-level source separation of moving speakers.
The approach does not require localization and tracking mod-
ules and crucially, is able to preserve the spatial cues in the
outputs which enables the correct localization of the separated
moving source. Our framework that uses a binaural separation
module and a binaural post enhancement module. The binaural
speech separation module takes binaural mixed signals as input
and simultaneously separates speech in both channels; then the
left and right channel speech of each speaker are concatenated
and further enhanced by the binaural post enhancement mod-
ule; the output of the binaural post enhancement module is the
separated stereo sound rendered to the listener. The modules
employ the TasNet framework [24] that can achieve latency as
low as 2 ms which is important for deployment in hearing de-
vices. We created a dataset to simulate moving speakers in re-
verberant rooms. Experimental results show that utterance-level
separation significantly outperforms the block-wise adaptation
methods both in terms of signal quality and spatial cue preser-
vation.

The rest of the paper is organized as follows. We introduce
the separation framework in Section 2, present the experiment
configurations in Section 3, analyze the experiment results in
Section 4, and conclude the paper in Section 5.

2. Method
Figure 1 shows the overall flowchart of the proposed frame-
work. In the first step, the binaural speech separation module si-
multaneously separates the speaker in each channel of the mixed
input. In the second step, the binaural post enhancement mod-
ule enhances each speaker individually. We first describe these
two modules and then discuss a speaker localizer for evaluating
the preservation of the interaural cues in the stereo output.
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Figure 1: (top) The architecture of the proposed system. Two moving speakers, denoted in blue and red are being separated. The bottom
left and bottom right figures illustrate the details of binaural speech separation and binauarl post enhancement modules.

2.1. Binaural speech separation module

TasNet has shown superior separation performance on various
conditions, and TasNet can be implemented with causal con-
figuration with low latency which is needed for real-time ap-
plications [10, 24]. We used multi-input-multi-output (MIMO)
TasNet for binaural speech separation. MIMO TasNet contains
three steps: (1) spectral and spatial feature extraction, (2) esti-
mation of multiplicative functions, which is similar to 2-D time-
frequency masks, and (3) speech reconstruction.

Two linear encoders transform the left- and right-channel
of the mixed signals yL,yR ∈ R

T into 2-D representations
EL,ER ∈ R

N×H , respectively, where N is the number of
encoder basis and H is the number of time frames. To en-
hance the extraction of the spatial features, we explicitly added
interaural phase difference (IPD) and interaural level differ-
ence (ILD) as additional features. Specifically, we calculate
cosIPD, sinIPD, ILD ∈ R

F×H ,

cosIPD = cos(∠YL − ∠YR) (1)

sinIPD = sin(∠YL − ∠YR) (2)

ILD = 10 log10

(
|YL| � |YR|

)
(3)

where YL,YR ∈ R
F×H are the spectrograms of yL,yR,

respectively, F is the number of frequency bins, and � is
element-wise division operation. The hop size for calculat-
ing YL,YR is the same as that for EL,ER to guarantee they
have the same number of time frames H, although the win-
dow length in the encoder is typically much shorter than that in
the STFT. Finally, these cross-domain features are concatenated
into EM = [EL,ER, cosIPD, sinIPD, ILD] ∈ R

(2N+3F )×H as
the spectro-temporal and spatial-temporal features.

Subsequently, EM is fed into a series of temporal convolu-
tional network (TCN) blocks for estimating multiplicative func-
tion ML,MR ∈ R

C×N×H , where C is the number of speakers.
We apply ML and MR to EL and ER, respectively, and use a
linear decoder to transforms the multiplied representations back

to the waveforms,
{
sLi

}C

i=1
and

{
sRi

}C

i=1
. Due to the permu-

tation problem [26], the order of the estimated speakers in each
channel cannot be pre-determined. However, we constrain the
speaker order in two channels to be the same, which is impor-
tant to pair the left- and right- channel signals of the individual

speaker in a real-time system.

2.2. Binaural post enhancement module

Post enhancement processing stages have proven effective in
further improving the signal quality [27]. Each stereo sound, sLi
and sRi , from the separation module, combined with the mixed
signals (yL, yR), is sent to a multi-input-single-output (MISO)
TasNet for post enhancement. Similar to the speech separation
module, we concatenated all the encoder outputs and passed
them to the TCN blocks for estimating multiplicative functions
ML

i ,M
R
i ∈ R

2×N×H ,

sLi = decoder(EL ·ML
i [0, :, :] +ER �ML

i [0, :, :]) (4)

sRi = decoder(EL ·ML
i [1, :, :] +ER �ML

i [1, :, :]) (5)

where, � denotes element-wise multiplication. Different from
the speech separation module that only applies multiplicative
functions, which is equivalent to spectral filtering, speech en-
hancement module performs multiplication and sum, which is
equivalent to both spectral and spatial filtering. This is simi-
lar to multichannel wiener filtering [9]. We denote it as as the
mask-and-sum mechanism [10].

Since the input stereo sound, sLi , sRi , contains both spec-
tral and spatial information of the speaker i, the enhancement
module essentially performs informed speaker extraction with-
out the need for permutation invariant training.

2.3. Speaker localizer

The speaker localizer adopts the similar architecture as the
speech enhancement module but performs classification of the
direction of arrival (DOA). We discretize the DOA angles into
K classes. The speaker localizer takes only stereo sound, sLi ,
sRi , as input, concatenates two encoders’ outputs, and passes
them to the TCN blocks to estimate a single-class classification
matrix Vi ∈ (0, 1)K×H , where “single-class” means that in
each time frame, there is exactly one class labeled with 1 and
all the other classes are labeled with 0.

We splits Vi into B small chunks
{
Vb

i

}B

b=1
∈ R

K×Q,
where Q is the number of time frames in each chunk and
B = H

Q
. In each chunk, we count the frequency of each class

labeled with 1, and regard the most frequent class as the esti-
mated DOA for that chunk.
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Figure 2: SNR improvement (top) and DOA estimation (bottom) over time for two moving speakers on three examples of trajectories in
the reverberant room with RT60 0.2s. The result for each trajectory is averaged over 100 instances of speech separation.

2.4. Training objective

We use the signal-to-noise ratio (SNR) as the training objective
for the speech separation and enhancement modules. SNR is
sensitive to both time shift and power scale of the estimated
waveform, so it’s able to force the ITD and IPD to be preserved
in the estimated waveform [10]. SNR is defined as:

SNR(x, x̂) = 10 log10

( ||x||22
||x̂− x||22

)
(6)

where x̂ and x is the estimated and reference signal, respec-
tively. In the speech separation module, we used utterance-level
permutation invariant training [28].

L = min
π∈P

C∑
c=1

SNR(x̂L
c − xL

π(c)) + SNR(x̂R
c − xR

π(c)) (7)

where P is the set of all C! permutations. The same permuta-
tion π for left- and right-channel signals guarantees the speaker
order is consistent in both channels.

3. Experimental settings
3.1. Dataset

3.1.1. Binaural room impulse responses and speech data

We used two types of binaural room impulse responses
(BRIRs); one obtained from simulated rooms and other which
was measured in real rooms, 1. There were 11 simulated rooms
with reverberation time (RT60) varying from 0 to 1 s with 0.1
s increments. In this study, we only used 8 rooms with RT60
from 0 to 0.7 s. There were 4 real rooms with RT60 0.32 s, 0.47
s, 0.68 s, 0.89 s, respectively. The impulse responses were cal-
culated with the sound source located on the frontal azimuthal
plane between −90◦ and 90◦ with 5◦ increments at a distance
of 1.5 m to the receiver. Two speakers were randomly selected
from the 100-hour Librispeech dataset [29]. Both speech data
and BRIRs were sampled at 16 kHz.

3.1.2. Moving source simulation

Given a monaural speech s and a set of BRIRs{
hL
j

}N

j=1
,
{
hR
j

}N

j=1
∈ R

Lh , where hL
j and hR

j are the

1http://iosr.uk/software/index.php

BRIR filters of length Lh from the location j to the left ear and
right ear, respectively, and N is the number of locations (37 in
this study), the moving binaural source was simulated as:

sL[n] =
N∑

j=0

Lh∑
k=0

Ij(n) · hL
j [k] · s[n− k] (8)

sR[n] =
N∑

j=0

Lh∑
k=0

Ij(n) · hR
j [k] · s[n− k] (9)

where Ij(n) is an indicator function which is 1 when s is at
location j at time step n, and is 0 otherwise. This method simu-
lates the stereo sound with time-varying spatial cues.

3.1.3. Training, development, and test sets

For the training, development, and test set, we respectively cre-
ated 40000, 10000, and 6000 utterances of length 2.4-second
using only the simulated BRIRs. For each utterence, we ran-
domly sampled a set of BRIRs and two speech samples. The
speech signals were rescaled to a random relative SNR between
0 and 5 dB. The moving velocity of each speaker was randomly
chosen between 8 and 15◦/s and moving direction was ran-
domly chosen between clockwise and counter-clockwise. In
addition, to compare the proposed method in different rooms
with different velocity, we chose 3 simulated rooms with RT60
0.3 s, 0.5 s, 0.7 s; 3 real rooms with RT60 0.32 s, 0.47 s, 0.68 s;
and 3 velocity ranges 5− 10◦/s, 10− 15◦/s, 15− 20◦/s, and
generated 1000 utterances on each condition for testing only.

3.2. Evaluation metrics

We evaluate the models by measuring the separation quality and
the preservation of spatial cues. We use SNR as the signal qual-
ity metric. In this study, ITD and ILD errors are not suitable for
utterance-level evaluation of spatial cues preservation because
the moving sources are at different locations in an utterance.
Therefore, we trained a speaker localizer for moving source lo-
calization on reverberant clean signals. We set the chunk size
as 80 ms, so the localizer predicts the DOA every 80 ms. Since
the DOA classes are ordered, even a wrong classification can
correspond to a close DOA estimation, e.x., 5◦ angular error.
As a result, We report absolute DOA errors as the metric for the
accuracy of preserving spatial cues.
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3.3. Network architectures

Our MIMO TasNet was based on the causal configuration of
TasNet [24]. We used 64 filters in the linear encoder and de-
coder with 4 ms filter length (i.e. 64 samples at 16 k Hz).
We used 5 repeated stacks each having seven 1-D convolutional
blocks in the TCN module. The effective receptive filed of he
model is approximately 2.5 s. We set the STFT window size to
32 ms and the window shift to 2 ms when calculating cosIPD,
sinIPD, and ILD in Section 2.1.

4. Results and discussions

Table 1: Experimental results of moving source separation in
reverberant rooms with various configurations of TasNet. SNR
(dB) and DOA error (°).

Method
Context

size (s)

SNR

(dB)

DOA

error (°)

Unprocessed - 0 -

SIMO TasNet 2.4 5.1 20.9

MIMO TasNet+block-wise

0.1 5.7 16.3

0.2 6.0 15.4

0.3 6.2 14.1

MIMO TasNet
2.4

8.4 8.3
-sinIPD, cosIPD, ILD 7.3 11.0

MISO TasNet
2.4

9.4 6.1
-mask&sum 8.8 7.3

Reverberant clean - 0.5

Table 1 compares different methods for moving source sep-
aration. The single-input-multi-output (SIMO) TasNet uses
only spectral-temporal information for separation, yielding an
average of 5.1 dB SNR improvement. The block-wise adapta-
tion of MIMO TasNet with oracle block tracking achieves bet-
ter performance than the SIMO TasNet even though it relies
on a much shorter context window. This observation suggests
the importance of spatial information in source separation. As
the duration increases, both SNR and DOA estimation becomes
better. When the MIMO TasNet performs utterance-level sep-
aration, it achieved 8.4 dB SNR improvement, outperforming
block-wise adaptation by a large margin. The huge improve-
ment confirms the effectiveness of the longer context for mov-
ing source separation, as the model could take advantage of
longer spectral-temporal and spatial-temporal information. We
also notice that the performance of MIMO TasNet drops greatly
when the frequency-domain features, i.e., cosIPD, sinIPD, and
ILD, are removed. It’s likely because the frequency-domain fea-
tures provide more stable spatial features than those extracted
by the parallel encoders in the reverberant environments as
STFT uses a longer window size than the linear encoders. In
the binaural enhancement stage, the MISO TasNet further im-
proves the SNR and reduces the DOA error. The performance
gain from the mask-and-sum mechanism shows the effective-
ness of combining spatial filtering and spectral filtering to sepa-
rate sources. Our results show that better signal quality (higher
SNR) always leads to better preservation of spatial cues (lower
DOA error), which is consistent with the observations in [10,11]
that conducted source separation on nonmoving sources.

Figure 2 reports SNR improvement and DOA estimation on
three example trajectories. In example A, two speakers move in
left and right planes, and the proposed method achieves good

Table 2: Experimental results of the proposed system with dif-
ferent moving velocity in different rooms. SNR (dB) and DOA
error (°) are reported.

Room condition (RT60)
Velocity of motion (°/s)

5-10 10-15 15-20

Simulated room

a (0.3 s) 8.8/5.8 8.7/5.6 8.9/6.2

b (0.5 s) 7.6/7.7 7.6/7.3 7.5/8.3

c (0.7 s) 6.8/9.2 6.7/9.3 6.7/10.0

Real room

A (0.32 s) 7.5/9.6 7.5/9.9 7.5/9.3

B (0.47 s) 6.6/15.2 6.5/15.0 6.5/15.2

C (0.67 s) 6.5/11.9 6.5/12.3 6.3/12.3

performance constantly because two speakers always have dis-
tinct spatial information. In B and C trajectories, the SNR im-
provement becomes less as the two speakers move closer to
each other, and improves when they move apart. Interestingly,
we notice that the DOA estimation is less affected by speak-
ers’ co-location than the SNR. A possible explanation is that
the speaker localizer uses the velocity and directional informa-
tion to compensate for decreased signal quality.

Table 2 compares the proposed method on speakers with
different moving velocities in different rooms. The model
trained in the simulated rooms can generalize to the real rooms
well. In both simulated and real rooms, reverberation substan-
tially deteriorates the performance of the model in terms of the
signal quality and accuracy of the preserved spatial cues. This
degradation is due to the temporal smearing of the mixed sig-
nal which combines the components of the same and different
speakers over time and makes the mask estimation more chal-
lenging. We notice that velocity has little impact on SNR and
, DOA estimation only becomes slightly worse in the highest
velocity range. It shows the robustness of the system across
various conditions.

5. Conclusion
In this paper, we investigated the problem of binaural speech
separation of moving speakers with interaural cues preser-
vation. We proposed a two-stage framework that performs
utterance-level binaural speech separation and enhancement se-
quentially. The proposed method fully utilizes long-term spec-
tral and spatial information and implicitly tracks the speakers
within the utterance without the need for the external speaker
tracking module. Experimental results show that the proposed
model is able to achieve significantly better separation perfor-
mance and preserves spatial cues more accurately compared to
the conventional block-wise adaptation method even with ora-
cle block tracking. The model trained with simulated room im-
luse responses could successfully generalize real rooms. Future
works include alleviating the performance degradation when
moving sources are co-located and incorporating extra micro-
phones to deal with room reverberation.
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