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Abstract
The EEG signal is a medium to estimate human
attention due to its zero clinical risk and portable
acquisition devices. Current EEG research usually
requires a subject-specific adaptation step before a
BCI can be employed by a new user. In contrast, the
subject-independent scenario, where a well-trained
model can be directly applied to new users without
pre-calibration, is particularly desired. Considering
this critical gap, the focus in this paper is develop-
ing an effective EEG signal analysis adaptively ap-
plied to subject-independent settings. We present a
Convolutional Recurrent Attention Model (CRAM)
that utilizes a convolutional neural network to en-
code the high-level representation of EEG signals
and a recurrent attention mechanism to explore the
temporal dynamics of the EEG signals as well as to
focus on the most discriminative temporal periods.

1 Introduction
Estimating humans’ attention is crucial to improve the hu-
man learning in Real-world educational contexts. A Brain-
Computer Interface (BCI) builds the bridge to directly “as-
sessing” users’ attention from various human brain signals,
such as EEG (Electroencephalogram), fNIRS (functional
near-infrared spectroscopy) and fMRI (functional magnetic
resonance imaging). Among these tools, the EEG signal has
been widely explored due to its zero clinical risk, as well
as portable and cost-effective acquisition devices. Moreover,
many prototypes are developed demonstrating the potential
applications of the EEG-based BCI system. One example
system is the BCI-Exoskeleton assistive stroke rehabilitation
framework [Webb et al., 2012].

Although many efforts have been devoted to developing
EEG signal analysis approaches and result in promising out-
comes [Mishuhina and Jiang, 2018; Gaur et al., 2018]. Most
current works focus on the subject-dependent scenario in
which training and test data are from the same subject, thus
a brief calibration session is mandatory before a BCI system
can be used to a new user. This calibration process needs to
be performed on each new subject and in each usage, which is
labor-intensive and time-consuming. In contrast, the subject-
independent scenario, in which a BCI system is trained using
data from seen subjects while directly applied to new users
without pre-adaptation, is barely investigated but highly de-
sired to improve the user-experience. However, exploring
the subject-independent scenario is significantly challenging.

EEG signals exhibit high variability across different subjects
and differ considerably even between recording sessions of
the same user within the same experimental paradigm [Suk
and Lee, 2013].

Among the few subject-independent explorations, most ap-
proaches depend on traditional machine learning methods and
hand-crafted features. In [Jatupaiboon et al., 2013], the au-
thors propose to combine feature extraction from the Power
Spectral Density (PSD) of the EEG signals and the Support
Vector Machine (SVM) classifier to detect happy/unhappy
emotions. [Fazli et al., 2009] uses the Common Spatial Pat-
terns (CSP) and Linear Discriminant Analysis (LDA) pairs
to extract and classify features from the EEG data of ev-
ery subject. Multiple classifiers are gathered with l1 regular-
ized regression to form an ensemble classifier. These meth-
ods cannot provide satisfactory performance due to the lim-
ited abilities of hand-crafted features and traditional learn-
ing strategies. Recent advances in deep learning technolo-
gies have exhibited promising capabilities of handling the
large-scale cross-subject scenario [Lawhern et al., 2018;
Zhang et al., 2018]. Nevertheless, few effective deep learning
works have been demonstrated high generalization abilities
from seen subjects to new subjects.

In this work, we propose a novel Convolutional Recur-
rent Attention Model (CRAM) to estimate human attention
level in the subject-independent context. It splits an individ-
ual EEG trial into temporal slices and leverages a specifically
designed convolutional network to encode temporal slices
extracting the spatio-temporal information. A recurrent-
attention network is further developed to explore the temporal
dynamics among different temporal slices and concentrate on
the most discriminative ones.

2 Methodology
2.1 Pipeline Overview
Figure 1 shows an overview of the proposed approach. Given
a period of EEG signals Xm

T ∈ Rm×T with T time points
and m EEG electrode nodes, which is called an EEG trial,
The goal is to estimate the human attention performed dur-
ing the period. A sliding window technique is first applied
to segment the raw EEG signals to n temporal slices. Then a
specifically designed encoding network is constructed to en-
code each temporal slice and extract spatio-temporal features.
A recurrent-attention network is then utilized to explore the
attentive temporal dynamics inter EEG temporal slices. A
standard softmax classifier classifies the extracted features to
the corresponding categories.



Figure 1: Overview of the Convolutional Recurrent Attention Model
(CRAM) on EEG-based Human Attention Level estimation. A slid-
ing window technique is first used to split raw continuous EEG se-
quences into temporal slices and a specifically designed encoding
network is applied to each individual temporal slice to extract its
spatio-temporal features; then a recurrent-attention network is uti-
lized to explore the attentive temporal dynamics among different
temporal slices; lastly the extracted features are classified to the hu-
man attention level using a standard softmax classifier.

2.2 Spatio-temporal Encoding
A sliding window technique splits the EEG trial Xm

T into sev-
eral temporal slices Qi ∈ Rm×w, where w is the window size
or the length of a temporal slice. Let the interval between two
neighbouring slices be k, then n = int((T − w)/k) slices
are obtained from an EEG trial Xm

T . A convolutional network
based encoding layer accepts each individual temporal slice
as the input to encode the spatio-temporal information. The
commonly used convolutional network usually utilizes local
filters to extract local features of 2D tensors. This kind of
local filtering is reasonable for tasks like image or video pro-
cessing, which have observable local features. However, the
EEG signals possess different characteristics. An EEG tem-
poral slice Qi ∈ Rm×w is a two-dimensional matrix with one
dimension representing EEG electrodes and the other dimen-
sion representing the time sequence. As different EEG elec-
trodes reflect the electrical fluctuations of different brain ar-
eas, there are strong relations among different EEG electrodes
[Ives-Deliperi and Butler, 2018]. Thus small local filtering
has limited abilities exploring the important spatio-temporal
of EEG signals.

In this work, a specific convolutional network is designed
to explore the spatio-temporal information. The height of the
convolutional filter is set to m, the same as the number of
EEG electrodes, and extend the width of the filter to better ex-
plore the temporal dynamics. The convolutional filtering thus
can uncover the spatio-temporal information across different
EEG electrodes. Each temporal slice is encoded to higher-
level representations {Ui ∈ Rwc |Ui = Conv(Qi), i =
1 ... n}. The activation function used in the convolutional
operations is the exponential linear unit (elu) function, which
performs better than the commonly used rectified linear unit
(ReLU) function in many cases [Clevert, 2016]. A pooling
layer is then applied to reduce the number of parameters and
extract important information. The final encoded representa-
tion is {Si ∈ Rwp |Si = MaxPool(Ui), i = 1 ... n}.

2.3 Exploring Attentive Temporal Dynamics
A recurrent attention mechanism is introduced to discover
the attentive temporal dynamics of different encoded EEG
temporal slices. The Long Short-Term Memory (LSTM)
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Figure 2: Illustration of the self-attention module. A nonlinear en-
coding layer first transforms the encoded EEG temporal slices and
the results are scaled and normalized to get the attention weight of
each temporal slice. Lastly, the attention weight is multiplied with
its corresponding encoded features.

units are used to construct two stacked recurrent network
layers. There are n LSTM units in each layer, the same as
the number of temporal slices. The output of the recurrent
network is the hidden states of the second recurrent layer
{h′

i ∈ Rl|h′

i = lstm(Si), i = 1...n}, where l is the hid-
den size.

Usually, an EEG trial lasts for several seconds; thus a sub-
ject would concentrate in several periods while relaxing in
others within one trial. Consequently, focusing on the tempo-
ral slices of the subject-concentrated periods and neglecting
the relaxed periods are necessary for successful EEG analy-
sis. A self-attention mechanism, as illustrated in Figure 2, is
used to allocate importance to each recurrent encoded slices
and aggregate this information to form a final representation.
Each slice representation h

′

i is first non-linearly transformed
into a latent space:

Hi = tanh(Wih
′

i + bi), Hi ∈ Rha

where Wi ∈ Rl×ha and bi ∈ Rha are the input-to-hidden
weight matrix and bias for a hidden layer of size ha. The soft-
max activation function, defined as softmax(xi)= 1

Z exp(xi)
with Z=

∑
iexp(xi), is applied to the nonlinear latent repre-

sentation Hi to obtain the weight of importance for each slice:

Vi =
exp(Hᵀ

i vi)∑
i exp(H

ᵀ
i vi)

.

The slice attention vector vi ∈ Rha is randomly initial-
ized and jointly learned during the training process. The
softmax() function guarantees that all the computed weights
sum to 1. This weight representation will focus on spe-
cific temporal slices that are more discriminative than others.
Lastly, in the interest of computational efficiency, a weighted
sum of all EEG temporal slices is computed to a slice-focused
representation:

A =
∑
i

Vih
′

i, A ∈ Rl.

The attentive temporal dynamic representation A is fed
into a standard softmax classifier:

P = softmax(WA+ b),



where W and b are weight and bias matrices respectively
of the human attention level classification layers. Then the
cross-entropy error over all labeled samples is evaluated:

L = −
∑
c

Ŷclog(Pc),

where Ŷc and Pc is the label and the predicted probability of
human attention level c respectively. The network weights
and biases are trained with batch gradient descent. The final
predicted result is defined as the human attention level with
max prediction probability.

3 Conclusion
This letter targets the problem of EEG signal analysis in
the subject-independent scenario, which is highly desired
yet rarely studied. We propose a novel deep learning based
method to analyze the EEG signals with subject-independent
settings. It splits the raw EEG signal trial into temporal slices
and encodes the spatio-temporal information of the temporal
slices by a specifically designed convolutional network. The
attentive temporal dynamics of EEG temporal slices are lastly
extracted for successful human attention estimation.
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