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Abstract

Time-domain single-channel speech enhancement (SE) still re-
mains challenging to extract the target speaker without any prior
information on multi-talker conditions. It has been shown via
auditory attention decoding that the brain activity of the listener
contains the auditory information of the attended speaker. In
this paper, we thus propose a novel time-domain brain-assisted
SE network (BASEN) incorporating electroencephalography
(EEG) signals recorded from the listener for extracting the tar-
get speaker from monaural speech mixtures. The proposed
BASEN is based on the fully-convolutional time-domain au-
dio separation network. In order to fully leverage the comple-
mentary information contained in the EEG signals, we further
propose a convolutional multi-layer cross attention module to
fuse the dual-branch features. Experimental results on a public
dataset show that the proposed model outperforms the state-of-
the-art method in several evaluation metrics. The reproducible
code is available at https://github.com/jzhangU/Basen.
Index Terms: Speech enhancement, EEG signals, Conv-
TasNet, end-to-end network, multi-talker conditions.

1. Introduction
It is natural for human auditory systems to extract the auditory
information of the attended speaker while attenuate compet-
ing speakers in multi-talker conditions. This facilitates various
applications in e.g., speech recognition [1], hearing aids [2],
speech synthesis [3], etc. However, speech enhancement (SE)
suffers from this efficacy in such multi-talker scenarios, which
is often-used to improve the speech quality or intelligibility in
speech interaction systems. The focus of this work is on the
monaural SE issue, as the single-microphone setup is more flex-
ible and economic than microphone arrays [4] in configuration.
Conventional well-established monaural SE methods mainly
depend on statistical modeling [5], which usually can perform
well in stationary noise conditions. But the performance drops
rapidly in case of non-stationary noises (e.g., cocktail parties),
as it becomes difficult to track the noise statistics.

Recently, deep neural networks (DNNs) have been success-
fully applied in many fields including SE, which can achieve
an even better listening performance than conventional coun-
terparts, particularly in non-stationary cases. The DNN-based
methods can be generally categorized into time-domain and
time-frequency (T-F) domain designs. The former is mainly
based on the observation that in the short-time Fourier transform
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(STFT) domain the speech and noise patterns are more distin-
guishable, such that the training target can be learned, which is
then multiplied with the noisy speech representation to recover
the speech magnitude. The training target can be masking-
based, e.g., ideal ratio mask [6], phase sensitive mask [7], and
mapping-based, e.g., spectral magnitude and log-power spec-
trum [8] corresponding to the spectral representation of clean
speech. However, T-F domain methods only enhance the spec-
tral magnitude and keep the phase unchanged. In order to in-
corporate the phase process complex spectral mapping [9] and
complex ratio mask [10] were thus proposed, where the magni-
tude and phase can be recovered implicitly, but the magnitude
distortion might contradict the phase prediction [11, 12].

The time-domain methods can avoid processing the com-
plex spectral and directly predict the clean speech waveform
from the noisy input mixtures [13]. The magnitude and phase
are thus jointly optimized. For example, the fully-convolutional
time-domain audio separation network (Conv-TasNet) was pro-
posed in [14] (i.e., an extension of TasNet [15]), which uses a
linear encoder to generate a speech representation optimized for
separating individual speakers, applies a set of weighting func-
tions (masks) to the encoder output and finally utilizes a linear
decoder to recover the speech waveform. In [16], a convolu-
tional neural network (CNN) based time-domain SE framework
was built, while the loss functions are calculated in the STFT
domain to avoid the distortion of the phonetic information in the
estimated speech. It was shown that usually the time-domain
methods have a smaller model size and a much shorter latency,
which would be more appropriate for real-time applications.

However, these approaches heavily depend on prior infor-
mation on, e.g., the target speaker and/or the number of speak-
ers [17]. The remaining challenge is that how to estimate the
target speech signal in multi-talker conditions without these
prior information? It was shown in [18–24] that in multi-talker
conditions, the attended speaker can be decoded from the brain
activity of the listener, which is known as auditory attention de-
coding (AAD). This means that speech separation has to be per-
formed in prior to AAD. It was shown that the AAD accuracy
strongly depends on the length of the decision window, which
decreases drastically with a shorter decision window. Also, this
cascaded scheme requires a large computational cost.

As the speech of the attended speaker is the estimation goal,
it is more natural to directly use the brain activity as an extra
modality similarly to multi-model speech separation [25–28].
Three brain-based SE methods were thus proposed, e.g., brain-
informed speech separation (BISS) [29], brain-enhanced speech
denoiser (BESD) and U-shaped BESD (UBESD) [30]. For
BISS, the estimated speech envelope is first estimated from
electroencephalography (EEG) signals and then fused with the
speech mixture in a target extraction network to recover the
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Figure 1: The proposed BASEN model: (a) an overview, (b) CMCA, (c) DepthConv1D block, and (d) cross attention block.

attended speech signal. The BESD and UBESD methods fol-
low a dual-branch end-to-end scheme, which was shown to be
more effective than BISS. However, in these methods the binary
modalities are mainly fused using concatenation, and the cross-
modal complementary information is insufficiently leveraged.
In this paper, we therefore propose an end-to-end time-domain
brain-assisted SE network (BASEN), which is built based on the
typical Conv-TasNet backbone [14]. First, we use two encoders
to extract the speech and EEG embeddings, respectively from
the speech mixture and EEG trials. In order to explore the com-
plementary information (e.g., the attended speaker), we design
a convolutional multi-layer cross attention (CMCA) module to
deeply fuse the embeddings, which are then fed into the decoder
to recover the final speech waveform. Experimental results on a
public dataset show the superiority of the proposed method over
the current state-of-the-art UBESD model.

2. Methodology
Problem formulation: The proposed BASEN model is graphi-
cally shown in Figure 1(a), which is based on the popular Conv-
TasNet [14]. The original Conv-TasNet basically follows the
end-to-end framework, consisting of an audio encoder, a sepa-
ration network and a decoder. The BASEN additionally incor-
porates an EEG branch and uses the CMCA module for deep
dual-modal feature fusion. Given the noisy speech signal x, the
audio encoder first transforms it into an embedding sequence
wx. The EEG branch exploits an EEG encoder to extract the
EEG embedding from the recorded EEG trials. That is,

wx = AudioEncoder(x), ex = EEGencoder(et). (1)

Both audio and EEG embeddings are input to the separation
network to estimate the source-specific masks, given by

[m0, · · · ,mT−1] = Separator(wx, ex), (2)

where T denotes the number of existing sources. For SE, T
= 2, i.e., the target speech and non-target additive noise, while
for the general speech separation task T might be greater than
2. Note that the audio and EEG features have to be fused in
the separator using the proposed CMCA module. Finally, the

reconstructed speech signal is obtained by mapping the audio
embedding using the source-specific masks, i.e.,

ŝt = Decoder(wx �mt), ∀t ∈ {1, . . . , T}, (3)

where � denotes the element-wise multiplication.
Audio and EEG encoders: The audio encoder consists of a

couple of 1-dimensional (1D) convolutions for downsampling
to extract the audio feature. The corresponding decoder ex-
hibits a mirror structure of the audio encoder, which has the
same number of 1D transposed convolutions with a stride of 8
to perform upsampling. The EEG encoder at the lower branch
of Figure 1(a) is composed of one 1D convolution with a stride
8 to downsample the EEG trials and a stack of Depth-wise 1D
convolutions [14], which has 8 layers and each has residual con-
nections to help form multi-level features. The Depth-wise 1D
convolution block is shown in Figure 1(c), which decouples the
standard convolution operation into two consecutive operations,
i.e., a Depth-wise convolution followed by a pointwise convo-
lution. As such, the model size can be largely reduced. Note
that the Depth Conv1D module has eight basic layers and each
sets a residual connection to obtain a multi-level feature output.

Separation network: The separation network aims to pre-
dict the target speaker’s mask mt by fusing audio and EEG em-
beddings, which mainly consists of three stacks of Depth-wise
1D convolutional blocks and a CMCA module for dual-modal
feature fusion and synchronization. In each DepthConv1D
stack, there are D layers of DepthConv with an exponential
growth of the dilation factor 2d, where d ∈ {0, ..., D − 1}.

Letting the output of the first stack be denoted by ax =
Stack1(wx), the fused feature output by the CMCA can be
given by cx = CMCA(ax, ex), which is then fed into two
sequential DepthConv1D stacks, and the corresponding trans-
formed feature is dx = Stack3(Stack2(cx)). Note that this in-
termediate feature has to be further summed with the skip con-
nections from the mentioned three stacks, which will be passed
through a parametric rectified linear unit (PReLU) as well as a
1× 1 convolution to resolve the final target-specific mask mt.

CMCA: The CMCA module in Figure 1(b) is designed for
feature fusion, which consists of N layers of coupled cross at-
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tention blocks with skip connections and group normalization
being placed between two adjacent layers. The cross attention
block is depicted in Figure 1(d). The left branch of CMCA deals
with the audio stream and the right branch copes with the EEG
modality. In layer i, the inputs of two branches are denoted by
ei−1 and ai−1, respectively. Note that in case i = 0, e0 = ex
and a0 = ax. Let the right cross attention block be denoted as
CrossAttr and the left block as CrossAttl, respectively. Sim-
ilarly, we define GroupNl and GroupNr . The outputs of layer
i,∀i ≥ 1 can be represented as

ai = GroupNl(ai−1 +CrossAttl(ei−1, ai−1, ai−1)), (4)
ei = GroupNr(ei−1 +CrossAttr(ai−1, ei−1, ei−1)). (5)

The audio-related and EEG-related layer-wise features of all
layers are then added together, which will be concatenated with
the original audio-EEG embeddings (ax, ex) over the channel
dimension. The concatenated result will be sent into a 1D con-
volution to construct the final fused dual-modal feature.

Similarly to the self-attention mechanism [31], the consid-
ered cross attention block includes three key components: query
Q, key K and value V , where {K,Q, V } ∈ RC×L with C and
L denoting the number of channels and the length of embed-
dings, respectively. We first use 3 Depth-wise 1D convolution
to transform the input (i.e., ai−1 and ei−1) into K, Q and V .
From Figure 1(d), it is clear that K and V come from the same
sequence, while Q is from the other. Specifically, the correla-
tion between Q and K is first calculated as W = QKT , where
W ∈ RC×C stands for the attention weights. Next, the corre-
lation scores are converted into probabilities using the softmax
function. Then the attention weight W is multiplied with the
value V to obtain A = WV , which is then added with the
residual connections and passed through a group normalization,
leading to the output of the i-th layer of CMCA.

Loss function: In this work, we use the scale-invariant
signal-to-distortion ratio (SI-SDR) [32] to measure the loss
function, which was shown to be a well-performed general-
purpose loss function for the time-domain SE [33], defined as

SI-SDR = 10 log10 ‖xtarget‖2/‖xres‖2, (6)

where xtarget =
ŝTt s

‖s‖2 s and xres = xtarget − ŝt with s and ŝt
standing for the target speech and the reconstructed speech, re-
spectively. Scaling the target speaker ensures that the SI-SDR
is invariant to the scale of the reconstruction, which is impor-
tant for the stability of model training as the scale of the target
speaker might be changed after processing. As in general the
higher the SI-SDR, the higher the speech quality, the negative
SI-SDR is thus taken as the loss function for training. In addi-
tion, we use the Adam optimizer for model training.

3. Experimental setup
Dataset: The dataset used in this work originates from [34] in
accordance with the Declaration of Helsinki and the consent
of the Ethics Committees of Trinity College Dublin. All sub-
jects in the dataset were native English normal-hearing speak-
ers without any history of neurological diseases. A total of 33
subjects (28 males and 5 females) with a mean age of 27.3±3.2
years participated in experiments, but the data from subject #6
was not included in the analysis due to the poor quality.

The subjects undertook 30 trials and each contains 60 sec-
onds. During each trial, they were presented with two stories,
one to the left ear and the other to the right ear. Each story was
read by a different male speaker. Subjects were divided into
two groups, and each group was instructed to pay attention to

either the left (17) or the right ear (16 + 1 excluded subject) with
each group instructed to attend to the story in either the left or
right ear throughout the entire 30 trials. After each trial, sub-
jects were required to answer multiple choice questions on both
stories to test their attention. The storyline was continuous, that
is, for each trial the story began where the last trial ended.

The stimuli amplitudes were normalized to have the same
root mean square (RMS) level and silent gaps were cut short
to a maximum of 0.5 seconds. Stimuli were presented us-
ing Sennheiser HD650 headphones and a presentation software
from Neurobehavioral Systems with a sampling frequency of
44.1 kHz. Subjects were required to maintain a visual fixation
on a cross hair centered on the screen and to minimize eye blink-
ing and other motor activities. EEG data were recorded using
a 128-channel (plus two mastoids) EEG cap at a rate of 512
Hz using a BioSemi ActiveTwo system. The EEG recordings
were further downsampled to 128 Hz. More details about the
experimental setting can be found in [34].

Pre-processing: Our experimental setup is kept the same
as that in [30]. In order to reduce the computational complex-
ity, we downsampled the sound data to a sampling rate of 14.7
kHz. The two stimuli were normalized to have the same RMS
level and then equally added to synthesize the noisy mixture at
a fixed SNR of 0 dB. That is, the target speaker and the interfer-
ing source have the same power, and the presence of additional
background noise or reverberation was not taken into account.
We divided the data into the following three groups: randomly
choosing 5 trials from all subjects as the test data and 2 trials as
the validation data, and all the remaining trials were used as the
training data. For the training and validation sets, each trial was
cut into 2-second segments. For the testing set, each 60-second
trial was cut into 20-second segments.

The EEG data were first pre-processed using a bandpass
filter with the pass frequency ranging from 0.1 Hz to 45 Hz,
such that only related frequency bands are preserved and the
electrical noise (50 or 60 Hz) and very low-frequency noise
originating from the drift in the recording environment can be
removed. To identify channels with excessive noise, the stan-
dard deviation (SD) of each channel was compared to the SD
of the surrounding channels and each channel was visually in-
spected. Channels with excessive noise were recalculated by
spline interpolation of the surrounding channels. The EEGs
were re-referenced to the average of the mastoid channels to
avoid introducing noise from the reference site. To remove ar-
tifacts caused by eye blinking and other muscle movements, we
performed independent component analysis (ICA), which was
done in EEGLAB [35]. For each subject, the trial that contains
too much noise was excluded from the experiments.

In principle, EEG signals are noisy mixtures of potential
existing sources that are not necessarily related to the target
stimuli. It was shown in [30] that using the underlying neu-
ral activity more related to the speech stimuli for the separation
network is more beneficial for the performance than directly us-
ing the EEG signals. We therefore further processed the EEG
data using a frequency-band coupling model to extract the audio
related information in the EEG data, which can be represented
by the cortical multiunit neural activity (MUA) from EEG sig-
nals. In [36,37], MUA was shown to be effective for estimating
the neural activity in the visual and auditory systems, given by

N(t) = aγ × Pγ(t) + aδ × ∠δ(t) (7)

where Pγ(t) and ∠δ(t) are the amplitude of the gamma band
and the phase of the delta band, respectively, and in experiments
both aγ and aδ are set to be 0.5 accordingly.
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Figure 2: The comparison with the state-of-the-art UBESD method, where the median values are shown at the top of each sub-figure.
The white dot in each plot shows the median, and the black bar in the center of the violins shows the interquartile range (IQR).
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Figure 3: The SE performance for unknown attended speaker
denoising in terms of SI-SDR , PESQ and STOI.

In addition, we use SI-SDR [32] (in dB), perceptual evalua-
tion of speech quality (PESQ) [38] and short-time objective in-
telligibility (STOI) [39] to evaluate the performance. The Adam
optimizer with a momentum of β1 = 0.9 and a denominator mo-
mentum of β2 = 0.999 is used for training. We use the linear
warmup at the cosine annealing learning rate with a maximum
learning rate of 2e-4 and a warmup ratio of 5%. The model is
trained with around 60 epochs and a batch size of 8.

4. Experimental results
In this section, we first conduct several experiments to show
the effectiveness of the designed modules within the proposed
BASEN model. In Figure 3(a), we show the performance of
BASEN using the audio-only signal, simple concatenation and
CMCA, respectively. It is clear that without prior informa-
tion on the attended speaker, the typical Conv-TasNet (i.e.,
BASEN-EEG-prior) cannot improve the speech quality, since
both speakers produce speech signals and no ambient noises are
present in the considered setting. Given the attended speaker,
Conv-TasNet becomes equivalent to the proposed BASEN with-
out EEG trials but with prior information, which can largely
improve the performance. This shows that the efficacy of Conv-

TasNet [14] on SE is heavily dependent on the prior attended
speaker information. Including the EEG branch and simply
concatenating the audio and EEG embeddings can achieve a
comparable performance as the ideal Conv-TasNet. Applying
the proposed CMCA module for feature fusion further improves
the performance, particularly the PESQ score.

In order to find out the most appropriate number of cross-
attention layers in the CMCA module, we evaluate the impact
of the layer number on the performance in Figure 3(b), where
N changes from 1 to 5. It is clear the choice of N = 3 returns
the best SE performance in all metrics, which will be used in
the sequel. Note that including more layers will also increase
the parameter amount of the overall BASEN model, which in-
creases from 0.57M for N = 1 to 0.64M for N = 3 for example.

Then, we conduct a comparison of the proposed BASEN
with the best published method on the same dataset, i.e.,
UBESD in [30]. The obtained SI-SDR, PESQ and STOI in
terms of the testing subjects are summarized in Figure 2. We
can clearly see that the proposed BASEN outperforms the state-
of-the-art UBESD in all metrics and over all subjects. More
importantly, the performance of BASEN is more subject invari-
ant, as that of UBESD varies more across subjects, meaning
that BASEN is more robust against listening dynamics. This
also shows that the proposed CMCA module is more effective
for feature fusion than the FiLM strategy in [30]. Note that
UBESD also has a larger parameter amount, which is around
1.84M, due to the fact that the adopted FiLM has four convolu-
tions and each has more channels.

5. Conclusion
In this paper, we proposed the BASEN approach for time-
domain SE using the EEG signal of the listener as an additional
modality, where the CMCA module was designed to deeply fuse
the audio and EEG embeddings. It was shown that the EEG tri-
als are helpful for extracting the attended speaker, and the pro-
posed BASEN method can improve the speech quality without
any prior information on the target speaker. This would be a
useful candidate for realistic applications where no prior infor-
mation on the attended speaker is given. Due to the page limita-
tion, more results will be presented in a future journal version.
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