
EEG-based Short-time Auditory Attention Detection using Multi-task Deep
Learning

Zhuo Zhang1, Gaoyan Zhang1, Jianwu Dang1,2, Shuang Wu1, Di Zhou1,2, Longbiao Wang1

1College of Intelligence and Computing, Tianjin key Laboratory of Cognitive Computing and
Application, Tianjin University, China

2Japan Advanced Institute of Science and Technology, Japan
zhuozhang@tju.edu.cn, zhanggaoyan@tju.edu.cn, jdang@jaist.ac.jp, longbiao wang@tju.edu.cn

Abstract
A healthy person can attend to one speech in a multi-speaker
scenario, however, this ability is not available to some peo-
ple suffering from hearing impairments. Therefore, research
on auditory attention detection based on electroencephalogra-
phy (EEG) is a possible way to help hearing-impaired listen-
ers detect the focused speech. Many previous studies used lin-
ear models or deep learning to decode the attended speech, but
the cross-subject decoding accuracy is low, especially within a
short time duration. In this study, we propose a multi-task learn-
ing model based on convolutional neural networks (CNN) to si-
multaneously perform attention decoding and reconstruct the at-
tended temporal amplitude envelopes (TAEs) in a 2s time condi-
tion. The experimental results show that, compared to the tradi-
tional linear method, both the subject-specific and cross-subject
decoding performance showed great improvement. Particularly,
the cross-subject decoding accuracy was improved from 56% to
82% in 2s condition in the dichotic listening experiment. Fur-
thermore, it was found that the frontal and temporal regions of
the brain were more important for the detection of auditory at-
tention by analyzing the channel contribution map. In summary,
the proposed method is promising for nerve-steered hearing aids
which can help hearing-impaired listeners to make faster and
accurate attention detection.
Index Terms: EEG, brain-computer interface (BCI), auditory
attention detection, multi-task learning, the cocktail party prob-
lem

1. Introduction
The cocktail party problem has been a research hotspot since
it was proposed in 1953 [1]. Understanding speech in a noisy
environment requires not only the auditory system to separate
simultaneous speech streams but also the ability to focus on
a specific speech stream while suppressing irrelevant informa-
tion. Although the normal-hearing person can easily analyze
complex speech scenes, some people with hearing impairments
(such as sensorineural hearing loss) encounter difficulties in un-
derstanding speech in a noisy environment, even if they wear
auditory prostheses (such as hearing aids or cochlear implants)
[2]. Therefore, some studies proposed to use the EEG sig-
nals to detect the speech stream that the listener wants to focus
on in advance, which will promote the development of nerve-
steered cochlear implants to help these hearing-impaired listen-
ers [3, 4, 5, 6, 7].

When focusing on one of the mixed speeches of two
speakers concurring at the same time, it is possible to detect
which speaker the listener is following from the brain activi-
ties [8, 3], this detection is called auditory attention detection

(AAD). Most of the previous studies proposed an idea that re-
constructing the temporal amplitude envelopes (TAEs) of the
speech from neural signals and compare the correlation of re-
constructed TAEs with the presented attended and unattended
speech to detect the auditory attention. They supposed that
if one attended to the speech, the reconstructed correlation is
higher in the attended side than the unattended side. This idea
based on a hypothesis that the cortical signal can track the
TAEs of the acoustic speech signal. Numerous electrophysi-
ological studies have shown that the slower than 20 Hz time-
domain fluctuations in speech signals are synchronized with
low-frequency cortical activity in the delta (1-4 Hz) and theta
(4-8 Hz) frequency bands [9, 10]. This idea has been concep-
tualized through theoretical models [11] and has been verified
through extensive experimental research.

Common methods to record brain activity include EEG,
Magnetoencephalography (MEG), and Functional magnetic
resonance imaging (fMRI). Among all these physiological sig-
nals, EEG signals can directly reflect variation in human ac-
tivities. At the same time, EEG is a non-invasive device with
high temporal resolution that is ideal for capturing these fast,
dynamic, and chronological cognitive events [12]. Therefore,
many previous studies have tried to construct a model that can
account for relationships between EEG signals and the TAEs of
the attended speech and detect auditory attention. Many studies
used linear models to decode the EEG signals in a two-speaker
environment, that is, to reconstruct the TAEs of stimulus by
the multivariate temporal response function (mTRF) method
[3, 4, 7]. The accuracy of classification by comparing the cor-
relation is about 83.9% when subject-specific in the 60s time
condition [3, 4].

Recently, deep learning technologies have shown to use au-
tomatic feature extraction to achieve competitive accuracy for
EEG decoding which has been widely used in the field of BCI
[13, 14]. There was a study proposed to use a deep neural net-
work model (DNN) to reconstruct the TAEs of interest speech.
Compared with the linear model, this method improves the de-
coding accuracy to 97.6% in the 60s condition, but the accuracy
of the 2s condition is about 67.8% [6]. In addition to stimu-
lus reconstruction, many studies directly classify EEG signals.
Some researchers used CNN to classify smaller periods (1-2s)
to increase the accuracy to about 80% in the subject-specific
condition [5]. These previous studies had problems that the
classification accuracy is not so high, especially under cross-
subject condition, which limited the model generalization in the
practical application of the smart hearing aids.

The main purpose of this study is twofold: First, we pro-
posed the multi-task learning model based on CNN to simulta-
neously detect auditory attention and reconstruct the attended
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Figure 1: The dichotic listening experiment.

TAEs in a 2s time duration, because the CNN can extract
the deep features of EEG signals and has good performance
[5, 13, 14]. It is shown that the proposed multi-task learning
frame can improve the decoding accuracies in both subject-
specific and cross-subject conditions within a short time win-
dow of 2s. Secondly, through the Layer-Wise Relevance Propa-
gation (LRP) method, we conclude that the temporal and frontal
regions of the brain have made major contributions to auditory
attention detection.

2. Materials
2.1. Experiment Setup

The dataset was collected by O’Sullivan et al. [3]. Forty sub-
jects participated in the dichotic listening experiment. Partici-
pants reported no history of hearing impairment or neurological
disease and were right-handed. In the experiment, the subject
listened to two classic fictions that were played concurring, and
different stories were played in the left and right ear respectively
through the Sennheiser HD650 headphone. The story played in
each trial is continuous with the previous trial. Another male
speaker read each story. Participants were averagely divided
into 2 groups, and each group listened to one of the stories in
the left or right ear and ignored the other. After each trial, the
subjects were required to answer 4 to 6 multiple-choice ques-
tions about the story to check the concentration. The ampli-
tude of each speech stream was normalized to the same root
mean square (RMS) intensity. All silence intervals of audio
were shortened to 0.5 s to prevent the subject from distracting.
Moreover, subjects should fix their eyes on the crosshairs on
the screen during each trial and minimized blinks, head move-
ments, and all other motor activities. During the experiment,
the BioSemi Active Two system [3] was used to record the EEG
signal.

2.2. Data Acquisition and Preprocessing

The experimental dataset published the EEG data and TAEs of
32 subjects, as shown in Table 1. Half of them attended to one
story presented in the left ear. The other half subjects attend
to the other story played in the right ear. There were 30 trials
for each subject, and each trial recorded EEG signal for one
minute, and the EEG signal was down-sampled to 128 Hz. The
EEG data have 128 channels and two mastoid channels.

To remove line noise, the EEG data was filtered over the
range of 1–45 Hz. Then, the Cleanline is used to eliminate the
remaining line noise. Artifacts of the EEG channel were cor-
rected by using Artifact Subspace Reconstruction (ASR). More-
over, bad channels were rejected and then interpolated. Finally,

all EEG channels were re-referenced to the average of EEG
data.

Table 1: The format of the public dataset

EEG
data

Subject 32
Channels 128

Trial 30
(each trial 1 min)

Sampling
Rate 128 Hz

Data
format

(128 × 7680 × 30)
(channel × timepoint× trial)

Stimul
data

Left
Audio

’Twenty Thousand Leagues
Under the Sea’

(Subject 1-7, 9-17)
Right
Audio

’Journey to the Centre of
the Earth’ (Subject 18-33)

Sampling
Rate 128 Hz

Data
format

2 × 7680 × 30
(audio× timepoint× trial)

The TAEs of the speech signal were extracted by Hilbert
transform and were kept to the same sampling rate of 128 Hz so
that we can relate TAEs’ dynamics to the dynamics of EEG.
We used a 2s sliding window to intercept the corresponding
EEG signals and speech stimuli and the window overlap rate
is set as 50% so that this study can detect auditory attention in
a shorter time. The training input sample format for each EEG
is 128 channel × 256 timepoints and the format of stimuli is
2 direction (attended, unattended) × 256 timepoints.

3. Methods
3.1. Multivariate Temporal Response Function Model

The mTRF model assumes the human brain as a linear convolu-
tion system where the temporal response functions describing a
mapping between speech stimulus and neural response in both
encoding and decoding directions. [4, 15].

When using mTRF for backward decoding, the method can
be described as follows: r(t, n) expressed the EEG response
at time t = 1 · · ·Tr recorded by the channel n, n = 1 · · ·N .
The stimulus is represented by s(t), t = 1 · · ·Ts. At the cor-
responding time t = 1 · · ·T , a linear model is constructed as
follow:

ŝ(t) =
∑
n

∑
τ

r(t− τ, n)g(τ, n), (1)

where ŝ(t) represents the reconstruction stimulus, and g(τ, n)
represents the parameter that needs to be estimated by mini-
mizing the distance between the original stimulus s(t) and the
reconstruction stimulus ŝ(t). We use root mean square as a for-
mula to measure the distance between s(t) and ŝ(t):

min ε(t) =
∑
t

[s(t) − ŝ(t)]2. (2)

In this experiment, the number of channels N is 128, and
the original stimulus s is TAEs of attended speech. We used
the Subject-Specific and Grand-average method proposed by [3]
to train each sample of r(t, n) and corresponding stimuli s in
order to obtain the corresponding parameter g. Finally, all the g
obtained from each sample were averaged as the final parameter
ḡ to test the testing set. The model can be regarded as a linear
regression method to compare with our proposed model.
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Figure 2: Proposed CNN-based D + R model.

3.2. Proposed CNN-based Multi-task Learning Model
CNN can automatically extract abundant features through layer-
by-layer convolution. The lower layer extracts local and spa-
tial features, such as boundaries. And higher layer can extract
global features, such as complex shapes and complete objects.
EEG spatial maps can be regarded as a two-dimensional im-
age, one dimension is the temporal context, and the other is
the electrode spatial dimension. Therefore, our study employed
CNN to perform automatic feature extraction on EEG signals.
The proposed multi-task learning model (D + R model) innova-
tively combined the task of attended TAEs reconstruction with
the classification task for the left and right direction by shar-
ing hidden convolutional layers. The model used the task of
stimulus reconstruction to facilitate the learning of the classi-
fication task for direction. As shown in Figure 2, considering
both decoding performance and efficiency, we used two con-
volutional layers after the EEG signal input layer and each of
them connected with the max-pooling layer and the Relu func-
tion in turn. The convolution kernel size of the first convolution
layer is 3 × 3, a total of 16 filters, the kernel size of second
layer is 3 × 3 with a total of 32 filters. The window size of the
max-pooling layer is 2×2, and the stride of the window in each
dimension is 2. The max-pooling layer makes our convolutional
features more robust, and the Relu function, which represents a
non-linearly activated neuron, prevents gradient exploding and
gradient vanishing problem. These layers were shared by two
tasks as hidden layers. After them, the classification task was
followed by a fully connected layer with a dropout of 0.5, and
then a softmax layer, which outputs a 1 × 2 matrix represented
the direction. The cost function of this task is the cross-entropy
function. The TAEs reconstruction task is to connect three fully
connected layers after the hidden layer and the numbers of neu-
rons of which are 1024, 512, and 256, respectively. The dropout
is set to 0.3 for each fully connected layer to prevent it from
overfitting. The final fully connected layer outputted a 1 × 256
reconstruction TAEs matrix with the same dimensions as the
original TAEs. The root mean square error (MSE) is set as the
cost function:

C(êa, ea) = [êa − ea]2, (3)

where êa is the reconstructed TAEs and ea is the original TAEs
of the attended stimuli. The simple and efficient Adam opti-
mizer was used in this model. The convolution layers use two-
dimensional convolution kernels to automatically extract the
features of the EEG signal on the temporal context and chan-
nel spaces respectively.

3.3. Visualization by Layer-wise Relevance Propagation

The Layer-wise Relevance Propagation (LRP) algorithm is pro-
posed as a model visualization method [16]. In brief, the main

idea of the LRP algorithm is to calculate the relevance of each
input node layer by layer to the effect on the final output node
[17]. The total relevance of each layer is the same, and the rele-
vance is transmitted between the layers. Each node of the layer
l which transmitted to the connected node j in the subsequent
layer l+ 1 share part of relevance. In general, the LRP assumes
that we have a relevance scoreR for each dimension of the vec-
tor on layer l+1. The idea is to find a relevance scoreR in each
dimension of the next vector. Layer l closer to the input layer
makes the following equation:∑

i

Ri→j
l,l+1 = Rjl+1. (4)

In this study, we used the following basic LPR rules to tra-
verse the network [18]:

Ri→j
l,l+1 =

∑
j

zi,j∑
i zi,j

Rjl+1, (5)

where i and j are two neurons in any continuous layer. The
quantity zi,j models the extent to which neuron i has con-
tributed to make neuron j relevant. We know the relevance of
the output layer, so we will start there and iteratively use this
formula to calculate R for each neuron in the previous layer.

3.4. Model Training and Testing

To compare with the proposed D + R model, in addition to train-
ing the mTRF model on the training and testing set, we also in-
creased a CNN-based direction binary classification model (D
model) to further test the performance of the proposed D + R
multi-task learning model. We compared the subject-specific
and cross-subject decoding performance in 2s time duration
with the linear mTRF model, D model, and the proposed D + R
model, respectively.

First, we divided the data of the same subject into 9: 1 as
the training set and the testing set, and trained the data of 32
subjects respectively under the subject-specific conditions. Sec-
ondly, for the training of cross-subject, we randomly selected
about 10% of the data from all 32 subjects as the test set (a to-
tal of 3 subjects). We shuffled the remaining 90% of the data
in the temporal dimension and subject dimension (a total of 29
subjects) to use as a training set. EEG signals vary significantly
between different subjects. Therefore, cross-subject training is
essential for practical applications. There is no subject over-
lap between the samples in the testing set and the training set,
which means that cross-subject training is achieved.

4. Results and Discussion
4.1. Experiment 1: Subject-Specific Training

The results of classification accuracy for different subjects in
this experiment are shown in Figure 3. The mTRF linear model
has a very poor classification effect under 2s conditions, and
the average accuracy is only 56.41% as shown in Table 2. In
contrast, the CNN based nonlinear models achieve great classi-
fication results under 2s duration. Among them, the classifica-
tion accuracy of the D model is about 89.83%, and the average
accuracy of the proposed D + R model reaches 90.68%. Since
the nonlinear classification model can already obtain very high
classification accuracy, in that case, the accuracy of the pro-
posed D + R model dose not have great improvement in the
subject-specific condition. However, for each subject, the clas-
sification accuracy of our proposed D + R model is improved
compared to the D model.
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Figure 3: Classification accuracy under the subject-specific
condition.

4.2. Experiment 2: Cross-Subject Training

The experiment results of cross-subject training are shown in
Table 2. Due to the huge difference in EEG signals between
subjects, the classification accuracy of these three models under
the cross-subject conditions is lower than that of the subject-
specific condition. The results have shown that the mTRF linear
model had a poor effect of about 55.76%, however, the cross-
subject decoding accuracy of the D + R model can reach 82.38%
under 2s condition. Compared with the mTRF model and D
model, the D + R model has higher classification accuracy in 2s
condition when crossing the subject which also indicated that
CNN had a good effect in extracting the EEG features.

But it is worth noting that for the same network structure,
the R model that only performs the reconstruction task, the clas-
sification accuracy is close to the chance level under both con-
ditions of subject-specific and cross-subject. The main reason
for this result of the R model may be that the length of time
of a single sample is small and the output dimension is large.
Perhaps the RNN model that are more sensitive to time series
can be more effective for the reconstruction task. This requires
further research in the future.

Table 2: The decoding accuracy using different models

Model Accuracy
subject-specific cross-subject

Liner model 0.5614 0.5576
D model 0.8983 0.7905

D + R model 0.9068 0.8238

4.3. Experiment 3: Channel Contribution

Figure 4 shows the LRP result of the D + R model in cross-
subject condition. We averaged the relevance matrix corre-
sponding to 5310 samples of the test set and found some chan-
nels have a relatively higher relevance. In order to show it more
clearly, we normalize the matrix to (0, 1), as shown in Figure
4A. We averaged the matrix along the time axis and map to the
positions of different channels on the scalp to obtain the scalp
topology results shown in Figure 4B. As can be seen from this
weight map, the relevance between the electrodes in the tempo-
ral lobe and frontal lobe is higher, which means that the tempo-
ral lobe and frontal lobe may contribute more to the task.

5. Conclusion
In this paper, we focus on achieving continuous EEG signal
classification under a short time of 2s in cross-subject con-

(A) (B)

Figure 4: Relevance matrix (A) and channel scalp contribution
map (B).

ditions to detect auditory attention. We propose a multi-task
learning model based on CNN which combines the binary clas-
sification task for direction and the TAEs reconstruction task by
sharing hidden layers to co-training model parameters to im-
prove the classification accuracy. To that end, we compared
three types of models, including the linear mTRF model, CNN-
based D model, and the proposed D + R multi-task learning
model. By comparing and analyzing our experimental results,
it is proved that our proposed model can achieve better classi-
fication accuracy under both subject-specific and cross-subject
conditions compared with the other two models in a short time
of 2s. Compared with the traditional mTRF linear model, we
increased the classification accuracy from 55.76% to 82.38%
under the cross-subjects condition. Moreover, we obtained the
contribution of all the channels through calculating the inter-
layer relevance of the proposed model using the LRP algorithm
and found that the temporal lobe and part of the frontal lobe
channels contributed greatly to this AAD issue.

However, this study also has some shortcomings. First, the
stimuli data of this public data set is TAEs that have been ex-
tracted by Hilbert transform but not the original audio so that we
cannot make more improvements in the process of extracting
the TAEs. Secondly, in order to be closer to the actual applica-
tion, we did not specifically remove the blinking, eye movement
and other motor artifacts in the preprocessing of the EEG sig-
nals, which led to the LRP results may be interfered by blinking
and eye movement so that we cannot get more accurate chan-
nel contribution results. Finally, the experimental conditions
we compared are insufficient. We will continue to discuss more
experimental conditions in the future. Such as discussing classi-
fication accuracy under different time conditions, and analyzing
whether our proposed model can behave good performance in
different time conditions. Moreover, we will discuss the impact
of the different frequency bands of the EEG signal on this ex-
perimental result, and detect whether our proposed model has
robustness by using different data sets.

In conclusion, this study can achieve better accuracy in de-
coding EEG signals in a short-time when crossing the subjects
which can be better applied to nerve-steered smart hearing aids
or cochlear implants to help people with hearing impairments in
the future. Auditory attention detection opens up new research
possibilities in the fields of neuroscience, audiology, and signal
processing, and it also plays an important role in the study of
speech separation and in exploring the neural basis of speech
separation in noisy environments.
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