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Abstract—Electroencephalography (EEG) biometrics draws
increasing attention in high-security requirements due to its
advantages of anti-spoofing, live traits, and non-duplicated.
However, existing EEG datasets, which rely on external stimuli
or task-specific instructions for data collection, often intertwine
identity-related information with biases such as emotional states,
cognitive tasks, and disease markers. Besides, EEG signals are
time-varying, while identity information within EEG signals is
relatively fixed, which poses challenges for extracting identity
features from EEG to perform accurate person identification.
This high correlation hampers the promotion of brainprint
recognition in real-life applications. In this paper, we propose a
disentangled representation learning based identity recognition
framework, which disentangles the EEG signal into intrinsic
identity-related information and biased identity-invariant infor-
mation, thus enhancing the performance of EEG biometrics.
First, two parallel encoders are used to extract intrinsic identity-
relevant and bias identity-irrelevant factors, respectively, and
each encoder consists of a temporal filter module and a novel
spatial-temporal attention module. Then, we further refine the
disentanglement process through a correlation-driven loss that
minimizes factor similarity across spatial-temporal and global
representational domains. Adversarial training and reconstruc-
tion regularization are introduced to facilitate the identity and
biased representations to be independent and complementary
to each other. Additionally, we extend supervised contrastive
learning to the component level, minimizing cross-component
similarity and encouraging each component to independently
reflect its unique information, thereby improving the disentangle-
ment efficacy. Our proposed framework achieves state-of-the-art
performance on diverse datasets encompassing emotional,
motor imagery, and pathological conditions, demonstrating the
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robustness and effectiveness of our proposed brainprint identity
recognition model.

Index Terms—EEG, biometrics, brainprint, contrastive learn-
ing, adversarial training.

I. INTRODUCTION

B IOMETRICS technique plays a vital role in security
scenarios, such as smart devices, internet information

security, etc. The commonly used biometric traits include
face [1], fingerprint [2], palmprint [3], iris [4], etc. Recently,
EEG based brainprint [5] has emerged as a promising biomet-
ric technology, offering distinct advantages over other traits
by utilizing electrical signals generated by brain activity for
individual recognition. First, under conditions of stress or
fear, the neural patterns of the human brain can be altered.
This alteration can prevent attackers from using threats to
gain access to users, thereby affirming the robustness of
EEG-based security measures against spoof attacks [6], [7].
Besides, unlike other biometric traits that can be mimicked
or replicated, the unique neural patterns captured by EEG
signals are inherently tied to living biological processes, ren-
dering them inimitable and enhancing security. Consequently,
EEG biometrics can be applicable to scenarios with high-
security requirements [8], such as the military and financial
industries, where the development of precise brainprint recog-
nition models is of paramount importance.

With the rapid development of artificial intelligence and
EEG sensing, EEG-based person identification approaches
have drawn increasing attention in recent years. Behrouzi
and Hatzinakos [9] developed a novel graph variational auto-
encoder (GVAE) method to extract nodal features of brain
functional connections to obtain more accurate features from
a graph perspective and achieved promising performance on
three biometric databases. Wilaiprasitporn et al. [10] proposed
a cascade of deep learning using a combination of convolu-
tional neural networks (CNNs) and recurrent neural networks
(RNNs), where CNNs are used to handle spatial informa-
tion and RNNs are adopted to extract temporal information.
Li et al. [11] utilized a tensorial scheme to extract the effec-
tive tensorial representation from multichannel EEG, and the
scheme performs the designed tensorial learning to improve
the discriminability of the feature space and finally carries
out the devised tensorial measurement in the learned metric
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Fig. 1. Diagrams of data acquisition and comparison of our proposed method
with existing EEG-based biometrics methods. (a) Workflow of existing EEG
data acquisition. (b) Existing EEG-based biometrics frameworks. (c) The
proposed disentanglement-based EEG-biometrics frameworks.

space for classification. However, the above methods focus
on specific cognitive tasks or activation, which presents a
significant obstacle to the promotion of EEG-based person
identification (PI).

As can be seen from Fig. 1(a), the acquisition of EEG
signals may require the induction of specific tasks, such as
emotional activation, motor imagery, etc. This entanglement
can compromise the accuracy of identification processes, as
biased information may obscure the underlying identity signals
that are crucial for recognition. Disentangled Representation
Learning (DRL) emerges as a potent solution for disentan-
gling the complex, intertwined factors present within data.
Kong et al. [12] assumed that task-related EEG can be
divided into a background EEG (BEEG) and a residual EEG
(REEG), and further proposed a fast LRMD-based EEG
identification algorithm with maximum correntropy criterion
(MCC) and rational quadratic kernel, which can efficiently
extract BEEG out and deliver a high accuracy classification.
Özdenizci et al. [13] proposed an adversarial infer-
ence approach to extend such deep learning models to
learn task-invariant person-discriminative representations that
can provide robustness in terms of longitudinal usability.
Bollens et al. [14] adopted factorized hierarchical variational
autoencoders to exploit parallel EEG recordings of the same
stimuli. Jin et al. [15] designed a disentangled adversarial
generalization network (DAGN) for stable task-independent
brainprint recognition, which effectively decorrelated the dis-
entangling task-relevant and identity-relevant features within
EEG signals. It is worth noting that the researches mentioned
above have primarily been validated on a single type of dataset.
This limitation can result in suboptimal robustness when
the models are confronted with diverse tasks or activation
data, thereby constraining the generalizability of EEG-based
PI systems.

The spatial topology and temporal dynamics are both
crucial for extracting meaningful patterns from dynamic

signals. Therefore, researchers have implemented techniques
to exploit complex spatial-temporal patterns within EEG sig-
nals. Song et al. [16] proposed DGCNN to dynamically
learn the intrinsic relationship between different channels,
which enables more discriminative spatial topology feature
extraction. Du et al. [17] implemented long short-term memory
(LSTM) to extract the crucial temporal features for emotion
recognition. These methods captured only spatial or tem-
poral correlations, which limits the model’s performance.
Song et al. [18] proposed an EEG classification model named
ConFormer, which utilized the self-attention mechanism and
CNN to couple local and global features of EEG signals.
Ding et al. [19] designed a multi-scale convolutional neu-
ral network that extracts dynamic temporal and asymmetric
spatial features for accurate emotion recognition. The above
methods extract the spatial and temporal features in different
stages, falling short in learning the complex coupling of
spatial-temporal patterns within EEG signals. However, the
spatial-temporal coupling can better describe the invariant
individual characteristics in time-varying EEG signals.

The existing EEG biometric methods are illustrated in
Fig. 1(b). For example, methods like (I) do not consider the
entangled information within EEG signals, while the methods
in (II) require labels corresponding to specific tasks, which
brings challenges to model training and real-life application
promotion. To address the above issues, as can be seen
in Fig. 1(c), we propose an EEG-based biometrics frame-
work via adversarial disentanglement and component-wise
contrastive learning, which effectively extracts identity-related
and task-related information from EEG signals to achieve
accurate identification. Specifically, we design two parallel
encoders, i.e. temporal filter module and spatial-temporal
attention module, to extract intrinsic identity-related and
bias task-related representations simultaneously. Then, due
to the different temporal sensitivities of identity and bias
information, we adopt correlation coefficient minimization to
the cross-factor spatial-temporal attention matrix and global
latent representations for the disentanglement of the identity-
related features and identity-irrelevant features. What’s more,
a decoder is employed to reconstruct the combination of two
latent representations, which ensures these two components are
complementary to each other. For the identity branch, a clas-
sifier is trained to accomplish accurate person identification
while an adversarial training strategy is introduced to the bias
branch, which further eliminates the task-related information
from EEG to a great extent. Finally, we extend supervised
contrastive learning to component-wise feature extraction,
which not only alleviates the cross-subject similarity in some
tasks or activations that affect the performance of PI but
also encourages the disentanglement efficiency of our model.
In brief, the main contributions of our proposed method are
as follows:

1) We propose a generalized feature disentanglement frame-
work for the adaptive extraction of intrinsic identity-related
discriminative representation against bias representation, such
as emotion, motor imagery, and brain disease character-
istics, within EEG signals for accurate and robust EEG
biometrics.
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2) We develop a novel spatial-temporal attention module
to capture the spatial-temporal patterns within EEG signals,
and further present a correlation-driven loss to preliminarily
disentangle the entangled identity-bias factors. Then, the dis-
entanglement is further improved by complementary constraint
and adversarial training.

3) To learn better disentangled representations, the super-
vised contrastive learning strategy is extended to the com-
ponent level to induce independence between the latent
representations.

4) We conduct extensive experiments on various identity
recognition tasks under various interferences, including motor
imagery, emotion, and brain disease EEG datasets, to verify
the effectiveness of our proposed method. The experimental
results demonstrate that our model achieves state-of-the-art
PI performance with the help of multi-stage disentanglement.

The rest of this paper is organized as follows. In Section II,
we introduce the related works. Then we present the details
of the proposed method and its optimization in Section III.
The experimental results are shown in Section IV. Finally, we
draw a summary in Section V.

II. RELATED WORKS

A. Disentangled Representation Learning

Disentangled representation learning (DRL) can factorize
the data into discriminative latent representations of variations.
It has been widely used in classification [20], generative
models [21], etc. Early research on learning disentangled rep-
resentation is mostly based on generative adversarial networks
(GAN) [22] and auto-encoders [23]. Xu et al. [24] proposed
a novel algorithm with asymmetric adversarial-based feature
disentanglement learning to extract domain-invariant and dis-
criminative representation. Sanchez et al. [25] adopted mutual
information maximization to capture the attributes of data in
the shared and exclusive representations while minimizing the
mutual information between the shared and exclusive repre-
sentations to enforce disentanglement. Xu et al. [26] designed
an adversarial feature disentanglement network, which con-
tains intra-class reconstruction and inter-class adversaries to
disentangle the identity-related and identity-unrelated features.
Jin et al. [15] proposed an adversarial framework named
DAGN to remove the remaining label-related features from
dominant features for the disentanglement of task-relevant and
identity-relevant features in brainprint recognition. This goal
of separating underlying factors of variation shares conceptual
similarities with multi-view learning (MVL), where different
data modalities or feature subsets are treated as distinct
views. The objective in MVL is often to learn a common
underlying representation or to leverage complementary infor-
mation across views. For instance, recent MVL methods [27],
[28], [29] explore multi-view complementarity to enhance the
model’s performance on downstream tasks. In comparison
with the existing DRL and MVL methods, we combine
adversarial training and contrastive learning to disentangle the
identity-related and identity-irrelevant information to enhance
EEG biometrics.

B. Contrastive Learning

Contrastive learning (CL) is a popular representation learn-
ing method, which aims at making similar instances closer and
dissimilar instances far from each other in the latent space
[30], [31]. This method can be applied to both supervised
and unsupervised settings. SupCon [32] extends SimCLR [33]
to a fully-supervised manner, which is a well-known self-
supervised framework, leading to state-of-the-art performance
for image classification. The SimCLR loss can be formulated
as follows:

L = −
X
i∈I

log
exp

�
zi · z j(i)/τ

�P
a∈A(i) exp (zi · za/τ)

(1)

where zi and z( j(i)) are the embeddings from input data, which
are generated from two encoders, · denotes the inner product,
index i is called the anchor, index j(i) is called positive, and the
other 2(N−1) indices are called negatives. Its positive samples
are drawn from samples of the same class as the anchor, rather
than being data augmentations of the anchor. SupCon loss
extends SimCLR to a fully supervised manner by leveraging
label information. The use of many positives and negatives for
each anchor demonstrates state-of-the-art performance without
the need for hard-negative mining, which can be difficult to
tune properly. With the great effect of CL, many recent studies
applied it to the field of physiological signal analysis, i.e.
EEG. Lee et al. [34] proposed a deep learning framework that
adopts both self-supervised contrastive learning and supervised
contrastive learning to force the robustness of the latent
representations for automatic sleep staging. Ho and Armanfard
[35] introduced a contrastive learning module to learn the local
topological structure of graphs, which enhances the detection
of seizures. In our framework, we eliminate cross-subject
similarity information and promote feature disentanglement
efficiency by extending supervised contrastive learning to the
component level.

III. PROPOSED METHOD

The proposed adversarial disentanglement and contrastive
learning-based person identification framework mainly con-
sists of two modules: adversarial disentanglement network
(ADN) and component-wise contrastive learning. EEG sig-
nal is disentangled into two complementary parts: intrinsic
identity-related feature and bias feature by the ADN with
the help of correlation-driven loss, complementary constraint
and adversarial training strategy. What’s more, we further
introduce a component-wise contrastive learning method to
encourage the disentanglement performance of ADN and elim-
inate the cross-subject invariance. The proposed framework is
shown in Fig. 2.

A. Adversarial Disentanglement Network

The architecture of ADN is shown in the first half of
Fig. 2. We first designed two encoders to handle intrinsic
identity-related representation and bias task-related represen-
tation separately. Specifically, the identity or bias encoder
consists of a temporal filter (TF) module and a spatial-temporal
attention module, the architecture of the temporal filter module
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Fig. 2. The framework of our proposed model. The pre-processed EEG signal and its augmented version are fed into a shared Adversarial Disentanglement
Network (ADN). ADN consists of two separate channels, Ei and Eb encode the identity and bias information of EEG, which consists of a temporal filter module
(TF) and a spatial-temporal attention module (STA), respectively. A correlation-driven loss is introduced to both spatial-temporal and global disentanglement.
A decoder is adopted to reconstruct the combination of two latent representations, which ensures these two components are complementary to each other.
For Ei, we train a classifier to accomplish accurate EEG biometrics. In contrast with Ei, an adversarial training scheme is used to maximize the CE loss of
Eb to further eliminate the biased information. The supervised contrastive learning framework is extended to component-wise to improve the disentanglement
performance of the proposed model.

Fig. 3. The proposed temporal filter module, which contains a depthwise
convolutional block and a separable convolutional block.

is illustrated in Fig. 3, it first extracts the local temporal
information of EEG signals and can reduce the model’s
parameters. The depthwise convolutional block contains two
depth-wise convolution layers, a batchnorm layer, a ReLU acti-
vation function layer and a dropout layer, while the separable
convolutional block contains two separable convolution layers,
a batchnorm layer, a ReLU activation function layer and a
dropout layer. For a given input X ∈ RC×T , where C is the
number of electrodes and T denotes the number of timepoints,
we can obtain two latent representations Xi ∈ R

C×T1 and
Xb ∈ R

C×T1 by the separate encoders, where T1 represents
the new temporal dimension, which can be formulated as:

Xi = T F(X), Xb = T F(X) (2)

where T F(·) and T F(·) are temporal filter modules for iden-
tity channel and bias channel, respectively. Recent research
has drawn the conclusion that identity-related information
is less sensitive than that of task-related information [12],
[36]. Therefore, we present a novel spatial-temporal attention

Fig. 4. The proposed (a) spatial-temporal attention module and (b) correlation-
driven constraint, where

N
,
J

, and
L

denote the matrix multiplication, dot
product and element-wise addition, respectively.

(STA) to capture the spatial-temporal patterns of identity-
related information or bias information within EEG signals,
the architecture of STA is illustrated in Fig. 4(a). Specifically,
for a given representation Xi or Xb obtained by the local
temporal feature extractor, we first perform Spatial Projection
(SP) over the spatial dimension and Temporal Projection (TP)
over the temporal dimension, which is implemented with a
simple linear transformation:

S i = S P (Xi) ,Ti = T P
�
Reshape (Xi)

�
S b = S P (Xb) ,Tb = T P

�
Reshape (Xb)

�
(3)
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where Reshape(·) is adopted to transpose the dimensions of Xi

or Xb from C×T1 to T1×C. S i, S b ∈ R
C×D denote the spatial

information, while Ti, Tb ∈ R
T1×D represent the temporal

information. Then, we integrate the spatial information and
temporal information to obtain a spatial-temporal attention
matrix by a matrix multiplication operation, which is then
input to the SoftMax function:

Ai = S o f tMax
�
S iT T

i

�
, Ab = S o f tMax

�
S bTb

T � (4)

where Ai and Ab are the spatial temporal attention scores of Xi

and Xb. Finally, the latent global spatial-temporal representa-
tions zi and zb are obtained by the product of spatial-temporal
attention weight and Xi, Xb:

zi = AiXi + Xi, zb = AbXb + Xb (5)

where the residual connection is adopted to avoid gradient
vanishing, zi, zb ∈ R

C×T1 are the final identity-related rep-
resentation and bias representation. Then, we introduce a
correlation-driven loss to minimize the correlation coefficient
between identity and bias representations:

LCC = LCC−A + LCC−G

LCC−A = CC (Ai, Ab)

LCC−G = CC (zi, zb) (6)

where CC(·) denotes the correlation coefficient operator,
LCC−A is adopted to minimize the similarity between Ai, Ab,
and LCC−G is used to disentangle the global identity and bias
features.

After the feature extraction stage, we design a decoder Dec
to reconstruct the original input by concatenation of (zi, zb).
Here, we measure the similarity between the original input X
and the reconstructed output via the mean squared error (MSE)
loss:

LRecon = ‖Dec (zi, zb) − X‖22 (7)

This complementary constraint contributes to the disentan-
glement performance, enabling each component to contain
enough information. For the identity encoder Ei, our goal is to
achieve accurate PI. Therefore, an objective of Ei is to ensure
the classification accuracy of the PI task, in which we adopt
a multi-class cross-entropy (CE) loss to update the parameters
of Ei:

Lcls−i = −

KX
k=1

yk log
�
pi

k

�
(8)

where K is the number of categories, yi represents the ground
truth, and pi

k denotes the probability of class k obtained by the
SoftMax function after the identity classifier Ci. To train the
bias encoder Eb, inspired by Generative Adversarial Network
(GAN) [37], we design an adversarial classifier to perform a
min-max game by training Cb to make correct prediction while
the Eb is trained to eliminate the identity-related information
within EEG signals by fooling Cb to make false predictions.
The min-max game can be formulated as:

min
Cb

max
Eb

Lcls−b (9)

By the adversarial training strategy, the identity-related
information is eliminated from the EEG signals while the

Eb is closer to extracting task-related information as the train-
ing goes on, which further demonstrates the disentanglement.

B. Component-Wise Supervised Contrastive Learning

Supervised contrastive loss (SupCon) [32] is an extension of
self-supervised contrastive loss (SimCLR) [33], which extends
the SimCLR to the fully-supervised setting by leveraging label
information, leading to state-of-the-art image classification
performance. Contrastive representation learning requires one
positive sample (e.g., an augmented version of the anchor
sample) and many negative samples (e.g., randomly chosen
samples from the mini-batch). The original SupCon loss is as
follows:

LS upCon =
X
i∈I

−1
|P(i)|

X
p∈P(i)

log
exp

�
vi · vp/τ

�P
a∈A(i) exp (vi · va/τ)

(10)

where P(i) =
˚

p ∈ P(i) : yp = yi
	

are the indices of positive
samples in the augmented batch with respect to vi, and |P(i)|
is the cardinality of P(i). vi, vp, va denote the anchor, positive
and negative samples, respectively. A(i) represents the index
sets of negative samples and τ is the temperature of similarity
functions, i.e., cosine similarity. To further contribute to the
disentanglement of ADN, we proposed a new representation
learning objective via extending SupCon to component-wise.
Specifically, at the beginning of the proposed model, a data
augmentation module Aug(·) transforms the original pre-
processed input X into a slightly different but semantically
identical signal as follows:

X′ = Aug(X) (11)

where X′ denotes the augmented version of X. For a given
batch of data {xk, yk}k=1...N , where Nb is the batch size. The
corresponding augmented batch used for training consists of
2Nb pairs, {exl,eyl}l=1...2N . Different from the original SupCon, to
better handle the similarity redundant information that affects
PI across subjects, we only perform one random augmentation
to the original data. Augmentation is crucial for contrastive
representation learning, following the previous studies [38],
[39], we apply two random augmentations, namely, jittering
and bandpass filtering with a probability of 0.5. The details
of the augmentation will be discussed in Section IV. For the
original data X and augmented data X′ that can be formed as
a positive pair, are fed into a shared ADN:

zi, zb = ADN(X), z′i , z
′
b = ADN(X′) (12)

where zi, zb and z′i , z′b are the disentangled representations
of original data and augmented data, respectively. Our goal
is to maximize the agreement of zi, z′i or zb, z′b, while
minimizing the similarity between zi, z′i and zb, z′b, which not
only demonstrates the disentanglement of the previous ADN,
but also eliminates the similarity information within different
subjects. Formally, we cannot directly calculate the contrastive
loss via these four components. Therefore, for latent vectors
(zi, zb) or latent vectors (z′i , z

′
b), we obtain two latent vectors

that need to be pulled closer by a concatenation operator:

zc−i = Concat(zi, zb), zc−p = Concat(z′i , z
′
b) (13)
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where zc−i and zc−p denote the component-wise anchor vector
and component-wise positive vector, respectively. Besides, the
latent vectors that need to be pushed away are computed by
an average operation:

zc−i′ = Mean(zi, z′i), zc−a′ = Mean(zb, z′b) (14)

where zc−i′ and zc−a′ denote the disentangled representations
that need to be pushed away. Then, the component-wise
supervised contrastive learning objective can be formulated
as:

LC−S upCon =

− log
exp(zc−i · zc−p/τ)P

a∈A(i) exp(zc−i · za/τ) + exp(zc−i′ · zc−a′/τ)
(15)

where (·) is the inner product function with temperature τ,
which calculates the similarity between two latent vectors.
As can be seen from the Eq. (15), compared to the original
SupCon, an extra term expϕ(zc−i′ · zc−a′/τ) is added to the
denominator, which facilitates the disentangled representations
to be pushed away. At the same time, the component-wise
agreement of original samples and augmented samples is
maximized to further encourage the disentanglement of ADN.
What’s more, the similarity between different subjects is also
minimized to eliminate cross-subject invariant information,
which contributes to the better PI performance of our proposed
framework.

C. Model Optimization

Our proposed framework consists of two channels: the
identity channel and the bias channel. The identity channel
aims at learning identity-related information and achieving
accurate person identification, while the bias channel extracts
task-related information via an adversarial training game. For
the identity channel, we optimize the parameter by minimizing
the loss function below:

Lidentity = Lcls−i + α(LCC + LRecon) + βLC−S upCon (16)

where LCC = LCC−A + LCC−G. The bias channel is trained by
minimizing the following objective:

Lbias = −Lcls−b + α(LCC + LRecon) + βLC−S upCon (17)

where α and β are the hyperparameters, which balance the
weight of LCC+LRecon and LC−S upCon, respectively. By training
the two channels separately, the proposed framework can
finally push the identity-related and task-related information
away to improve disentanglement performance. Furthermore,
the cross-subject invariant information is also eliminated by
the component-wise supervised contrastive learning strategy.
Algorithm 1 summarizes the algorithm description of our
proposed method.

IV. EXPERIMENTS

A. Dataset and Pre-Processing

To evaluate our proposed method, we conduct experiments
on three different datasets including motor imagery, emotion,
and mental disease.

Algorithm 1 Training of the Proposed Framework
Input:

1: The pre-processed EEG samples X = {xn, yn}n=1...N
2: Batch size NB, hyperparameters α, β

Output:
3: Learned model parameters
4: for a random sampled mini-batch B =

˚
xk, y j

	|B|
k=1 do

5: for {xk, yk} ∈ B do .Feature Extraction
6: x′k = Aug(xk)
7: Xk,i, Xk,b = T Fi(xk),T Fb(xk)
8: Ak,i, Ak,b = S T Ai(Xk,i), S T Ab(Xk,b)
9: zk,i, zk,b = ADN(xk), ADN(xk)

10: z′k,i, z
′
k,b = ADN(x′k), ADN(x′k)

11: end for
12: for {xk, yk} ∈ B do .Objective Optimization
13: LCC−A ← calculated by Eq. (6) with Ak,i, Ak,b

14: LCC−G ← calculated by Eq. (6) with zk,i, zk,b

15: LCC = LCC−A + LCC−G

16: LRecon ← calculated by Eq. (7) with xk, zk,i, zk,b

17: Lcls−i ← calculated by Eq. (8) with yk, pk,i

18: Lcls−b ← calculated by Eq. (8) with yk, pk,b

19: LC−S upCon ← calculated by Eq. (15)
20: end for
21: θEi ← ∇θEi

�
Lidentity = Lcls−i + α (LCC + LRecon)+

βLC−S upCon
�

22: θEb ← ∇θEb

�
Lbias = −Lcls−b + α (LCC + LRecon)+

βLC−S upCon
�

23: end for

1) PhysioNet Motor Movement/Imagery: The PhysioNet
Motor Movement/Imagery dataset [40] is one of the most pop-
ular and publicly available datasets produced by the BCI2000
system [41]. The EEG signal was collected while 109 healthy
participants were performing 6 different tasks: eyes open (EO),
eyes closed (EC), left or right fist open and closed (MOV-lr),
imagining MOV-lr (IMG-lr), both fists open and closed (MOV-
b), and imagining MOV-b (IMG-b). The movement of a fist
was based on the appearance of a target on the screen. The
64-channel EEG signals are recorded with a sampling rate of
160Hz. In our study, the 64-channel EEG signals are bandpass
filtered between 0.5 and 42Hz.

2) SEED-Joint: SEED [42] was collected by Shanghai
Jiao Tong University for emotion recognition. The 62-channel
EEG signals of 15 subjects were recorded while watching
15 emotional film clips at a sampling rate of 1000Hz. The
duration of each film clip is about 4 minutes. The data was
downsampled to 200Hz and a bandpass filter from 0-75Hz was
applied. SEED-IV [43] comprises 62-channel EEG signals of
15 subjects, which include four types of emotions: neutral,
sad, fear, and happy. Three sessions of data are collected,
each comprising 24 trials for each subject. Similar to SEED,
the data was downsampled to 200Hz and then processed with
a bandpass filter between 0 and 75Hz. Due to the limited
subjects, we combined SEED and SEED-IV to build the
SEED-Joint dataset.

3) TUH-EEG: This dataset is a subset of the Temple
University Hospital EEG data corpus (TUH EEG) [44]. The
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Fig. 5. Selected channels topomap of the TUH-EEG dataset.

TUH-EEG corpus v.1.1.0 contains over 20000 clinical EEG
recordings collected from about 14000 patients. The dataset
was variedly collected using 24 to 36 sensors. For further
analysis, 1321 subjects were chosen using the following cri-
teria owing to the higher number of subjects: 1) Containing
at least two sessions. 2) 22 channels, shown in Fig. 5, are
available in the EEG signals. For the 1321 subjects, one trial
of the first two sessions was selected to generate samples. The
EEG signals were downsampled to 200Hz, and independent
component analysis was adopted for the removal of artifacts.
Then, a bandpass filter between 0 and 75Hz was implemented.

B. Experimental Settings and Comparison Methods

1) Experiment Settings: To verify the effectiveness of our
proposed method, 10-fold cross-validation is implemented.
Specifically, data augmentation is first adopted by splitting
each trial into smaller non-overlapping segments for the
training in the deep neural networks, a 1s non-overlapping
time window is implemented to generate samples for fur-
ther experiments. Before training, the dataset is divided into
10 subsets with the same size, one subset is used as the testing
set, and the other 9 subsets are used as the training set. This
process is repeated 10 times. Finally, the average performance
of the 10-fold cross-validation is taken as the final result.

2) Implementation Details: The proposed framework is
implemented using Pytorch on a GeForce GTX 3080 GPU
device with 12GB memory. The Adam optimization algorithm
is used to optimize the objective function. The model is
trained for a total of 200 epochs. In our proposed model,
the grid search is adopted to select the hyperparameters, the
parameter of the loss function, α and β are both searched
from the set of {0.1, 0.2, 0.3, . . . , 1}. The embedding size of the
proposed method is tuned over the set {32, 64, 128, 256, 512},
the dropout rate is set to 0.5 and ReLU is used as the activation
function. In the proposed framework, we consider two different
augmentation methods: jittering and bandpass filtering. Jitter-
ing adds additional perturbations to each sample. We consider
both high and low-frequency noise on each channel inde-
pendently. For bandpass filtering, we use scipy.signal.butter
to preserve only the within-band frequency information. The
high-pass and low-pass are (1Hz,30Hz) and (10Hz,40Hz) for
the PhysioNet dataset, (1Hz,40Hz) and (20Hz,70Hz) for the
SEED-Joint and TUH-EEG dataset. Low-pass or high-pass or
both are selected with equal probability. Also, the bandpass
filtering is applied to each channel independently. Our code is
available at: https://github.com/xbrainnet/ADN.

3) Evaluation Metrics and Comparison Methods: The
proposed method and other comparison methods are evaluated
using three evaluation metrics: top-1 classification accuracy
(Top-1 Acc), macro-F1, and equal error rate (EER). Top-1
Acc and macro-F1 are used to evaluate the identification
performance. EER is used to evaluate the performance of the
models in authentication scenarios, where models determine
whether a user is who he or she claims to be. To further
validate the effectiveness of our method, we compare our
method with several methods that can be categorized into
three distinct groups: EEG biometric recognition methods,
motor-imagery classification methods and EEG-based emotion
recognition methods. The EEG biometric recognition methods
encompass LRMD [12], CNN-Attention [45], GVAE [9],
GCNN [46], DAGN [15], iCaRL [47], and W-ResNet [48].
The motor-imagery classification methods include EEGNet
[49], ATCNet [50], FBCNet [51], ConFormer [18], and
CSPNet [52]. In addition, the EEG-based emotion recognition
methods are DGCNN [16], TSCeption [19], ArjunViT [53],
and PGCN [54]. Note that all these methods used the same
experimental settings, such as training-testing data split and
the evaluation metrics were consistent. Then, we briefly
introduce the above methods.

• LRMD: LRMD is a machine learning method that
can efficiently extract background EEG containing
subjects’ unique intrinsic features for accurate EEG
biometrics.

• CNN-Attention: CNN-Attention is a unified model that
integrates CNN and Attention mechanism for person
identification and classification of driving fatigue state.

• GVAE: GVAE can extract nodal features of brain
functional connections, which considers the node neigh-
borhood of the reconstructed adjacency matrix to demon-
strate more accurate person identification.

• GCNN: GCNN represents EEG signals as a graph based
on within-frequency and cross-frequency functional con-
nectivity estimates for person identification.

• DAGN: DAGN introduces a nonlinear decorrelation
method and an adversarial self-challenging strategy to
disentangle identity-relevant features from task-relevant
components for person identification.

• iCaRL: iCaRL extracts spatial-temporal-frequency
domain features and adopts continual learning for robust
person identification.

• W-ResNet: W-ResNet implements continuous wavelet
transform to obtain the 2D spatial images of EEG signals
and adopts ResNet for feature extraction to demonstrate
effective person identification.

• EEGNet: EEGNet is a compact convolutional neural net-
work for EEG-based BCIs, which introduces depthwise
and separable convolutions to construct an EEG-specific
model that encapsulates well-known EEG feature extrac-
tion concepts for BCI.

• ATCNet: ATCNet is an attention-based temporal convo-
lutional network for EEG-based motor imagery classifi-
cation, which utilizes multiple techniques to boost the MI
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classification performance with a relatively small number
of parameters.

• FBCNet: FBCNet employs a multi-view data represen-
tation followed by spatial filtering to extract spectro-
spatially discriminative features and proposes a novel
variance layer that effectively aggregates the EEG time-
domain information for MI classification.

• ConFormer: ConFormer introduces convolution module
and self-attention module to extract the low-level local
features and global correlation to encapsulate local and
global features in a unified EEG classification framework.

• CSPNet: CSPNet integrates knowledge-driven common
spatial patterns (CSP) filters with convolutional neural
networks to perform robust MI classification.

• DGCNN: DGCNN can dynamically learn the intrinsic
relationship between different EEG channels so as to
benefit from more discriminative EEG feature extraction
for emotion recognition.

• TSCeption: TSCeption is a multi-scale convolutional
neural network for emotion recognition that consists of
dynamic temporal, asymmetric spatial, and high-level
fusion layers, which learns discriminative representations
in the time and channel dimensions simultaneously.

• ArjunViT: ArjunViT implements a variation of the
Transformer, the Vision Transformer (ViT) to process
EEG signals for accurate emotion recognition.

• PGCN: PGCN aggregates features at local, mesoscopic,
and global levels, which achieves state-of-the-art EEG-
based emotion recognition performance.

Notably, DAGN employs cognition task labels for adver-
sarial training [15]. Therefore, for the PhysioNet dataset, 6
different tasks were adopted as the cognition task label. For
the SEED-Joint dataset, we implemented the emotion labels
as task labels. To unify the emotion labels, ‘fear’ and ‘sad’ in
the SEED-IV dataset are mapped to ‘negative’, and ‘happy’
is mapped to ‘positive’, thereby remaining consistent with the
emotion categories of the SEED dataset. Since the EEG signals
in the TUH-EEG dataset are mostly the resting-state data of
patients, DAGN was not evaluated on this dataset. Besides,
since PGCN [54] requires the spatial distance between dif-
ferent electrodes to construct the initial adjacency matrix, the
experiment was only conducted on the SEED-Joint dataset.

C. Performance Comparison With Other Methods

We compared the performance of our method and other
comparison methods on PhysioNet, SEED-Joint, and TUH-
EEG datasets, and the experiment results are illustrated in
Table I, Table II and Table III. As can be seen from the tables,
our proposed method achieves the best performance among all
methods on the three datasets. Specifically, the average Top-1
Acc of our method reaches 99.55%, 99.85%, and 81.28%,
which surpasses suboptimal results by 0.98%, 1.04%, and
4.94% on PhysioNet, SEED-Joint, and TUH-EEG datasets,
respectively. The EER of our proposed model achieves 0.51%,
0.16%, and 5.56%, which are obviously lower than other
comparison methods. It can be seen from the tables that not
only does our method achieve the highest average Top-1 Acc

TABLE I
IDENTIFICATION AND AUTHENTICATION PERFORMANCE (MEAN±STD) OF

OUR METHOD AND THE COMPARISON METHODS ON THE PHYSIONET
DATASET (%). THE BEST PERFORMANCES ARE IN BOLD AND

THE SECOND RUNNERS ARE UNDERLINED

TABLE II
IDENTIFICATION AND AUTHENTICATION PERFORMANCE (MEAN±STD) OF

OUR METHOD AND THE COMPARISON METHODS ON THE SEED-JOINT
DATASET (%). THE BEST PERFORMANCES ARE IN BOLD AND

THE SECOND RUNNERS ARE UNDERLINED

and F1-score, but it also performs the lowest average EER
compared to other models. This demonstrates the effectiveness
of our approach in EEG- biometrics recognition.

The main reason for the superiority of our method is
that, compared with other methods, our proposed method not
only effectively extracts the spatial-temporal patterns within
EEG signals, but also considers the entangled components
such as identity-related information and task-related infor-
mation, which limits the identification performance. What’s
more, our model implements component-wise contrastive
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Fig. 6. CMC curves of the proposed method and other comparison methods on three datasets: (a), (b), and (c) are CMC curves on the PhysioNet dataset,
SEED-Joint dataset, and TUH-EEG dataset, respectively.

TABLE III
IDENTIFICATION AND AUTHENTICATION PERFORMANCE (MEAN±STD) OF

OUR METHOD AND THE COMPARISON METHODS ON THE TUH-EEG
DATASET (%). THE BEST PERFORMANCES ARE IN BOLD AND

THE SECOND RUNNERS ARE UNDERLINED

learning to promote the disentanglement of EEG signals for
EEG-biometrics recognition. EEG-biometrics methods such
as CNN-Attention, GCNN, iCaRL, and W-ResNet face chal-
lenges in capturing the spatial-temporal patterns within EEG
signals, and exhibit limitations in disentangling the identity
and bias information in EEG. Motor-imagery classification
methods and EEG-based emotion recognition methods such as
Conformer, CSPNet, TSCeption, and PGCN, learn the spatial
or spatial-temporal features for EEG classification, but also
ignore the disentanglement of identity-related features and bias
features, thus falling short in biometric recognition. LRMD
decomposes the identity and task-related features for EEG
biometrics. However, the limited feature extraction ability
of machine learning methods for high-dimensional signals
limits the recognition performance of the model. Although the
DAGN method utilizes cognition task labels for the feature
disentanglement, the considerable training difficulty results in
suboptimal biometric recognition performance. Besides, its

inherent dependence on cognition task labels fundamentally
restricts the model’s generalizability in real-world scenarios. In
contrast, our model can effectively extract the spatial-temporal
information within EEG signals and disentangle the entangled
latent factors in EEG to a great extent, thus achieving the best
identification performance.

Fig. 6(a)-(c) show the cumulative match characteristic
(CMC) curves on PhysioNet, SEED-Joint, and TUH datasets,
respectively. The CMC curves confirmed that our method
outperforms the comparison methods. It can be observed from
the figure that as the number of ranks increases, our method
consistently performs the highest accuracy across the three
datasets, which also demonstrates the robustness of our model.

D. Ablation Experiments

The proposed model contains the following four mod-
ules, including spatial-temporal attention (STA), correlation-
inspired similarity constraint (LCC) and complementarity
constraint and (LRecon), adversarial classifier training (Adv-
Cls) and component-wise supervised contrastive learning
(C-SupCon). To further verify the effectiveness of each module
of our proposed model, we introduce several variants of our
model for ablation experiments on the three datasets. Besides,
we conduct a baseline experiment of retaining only a single
encoder to demonstrate the necessity of the dual encoder
structure in our model. The experimental results are shown
in Fig. 7. Specifically, we utilize several simplified versions
of our proposed model:
• w/o STA: The model removes the spatial-temporal atten-

tion module.
• w/o SCC: The model removes the correlation-inspired

similarity and complementarity constraint (SCC).
• w/o BiasEnc: The model removes the bias encoder

(BiasEnc) with only the identity encoder.
• w/o Adv-Cls: The model without adversarial classifier

training.
• w/o C-SupCon: The model without component-wise

supervised contrastive learning.
The experimental results illustrated in Fig. 7(a), (b) and (c)

show the ablation results on the PhysioNet dataset, SEED-Joint
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Fig. 7. The ablation study of our model on the PhysioNet dataset, SEED-Joint
dataset, and TUH-EEG dataset, respectively, where the vertical axis represents
the Top-1 Acc (%).

Fig. 8. The t-SNE visualization of the identity and bias representations of our
method. (a) denotes the representations generated with the model w/o Disen.,
(b) is the representations extracted by our model.

dataset and TUH-EEG dataset, respectively, which demon-
strate that our proposed model attains the best identification
and authentication performance by effectively integrating all
modules across different datasets. First, the model with STA
outperforms the baseline model, showing the STA’s ability
to extract spatial-temporal patterns. Second, the complemen-
tarity of identity features and bias features is maintained by
applying LCC and LRecon for the disentanglement of entangled
factors, leading to better recognition performance. Besides, the
bias features can be extracted without task labels, and the
interference noise irrelevant to biometric recognition can be
removed from EEG signals to a certain extent with the help of
the adversarial classifier in our proposed model. Furthermore,
the ablation experiment of the bias encoder evaluates the
effectiveness of the dual encoder structure in our proposed
framework. Finally, the C-SupCon enables the model to better
disentangle the identity factor and bias factor within EEG
signals to learn a more robust identity-related feature, thus
achieving better identification performance.

To verify the disentanglement performance of our proposed
framework, we remove the disentanglement losses, i.e., LCC ,
LRecon, and LC−S upCon, and adversarial training, denoted as
w/o Disentanglement (Disen.) for further ablation experiments.
Firstly, we visualize the feature extracted by w/o Disen. and
our model on the PhysioNet dataset, and the result shown in
Fig. 8 demonstrates that our model effectively disentangles
the identity and bias factors, thus enhancing the model’s per-
formance. Furthermore, we employ Mutual Information (MI)
and the Correlation Coefficient (CC) to quantify the separation
between identity and bias features. As illustrated in Table IV,
our proposed method achieves significant reductions in both
MI and CC across the three datasets. These results confirm

TABLE IV

MUTUAL INFORMATION AND CORRELATION COEFFICIENT BETWEEN
THE IDENTITY AND BIAS REPRESENTATIONS GENERATED WITH THE

MODEL W/O DISEN, AND THE REPRESENTATIONS
EXTRACTED BY OUR MODEL

Fig. 9. The parameter sensitive analysis of the proposed method on the
TUH-EEG dataset. (a) the weight of α and β on the TUH-EEG dataset,
(b) the embedding size on the three datasets.

its strong disentanglement capability, thereby contributing to
improved person identification accuracy.

E. Parameter Settings and Sensitivity Analysis

We further perform extensive experiments to evaluate the
sensitivity of the hyperparameters of our model. Firstly, in our
proposed framework, we introduce hyperparameters α and β to
control the weight of LCC+LRecon and LC−S upCon in the overall
loss function, respectively. We tune over the hyperparameters
α and β with the value {0.1, 0.2, 0.3, . . . , 1}, grid search is
adopted to determine the optimal parameters through the
validation Top-1 Acc under the combinations of these two
hyperparameters, and the result on the TUH-EEG dataset is
shown in Fig. 9(a). As can be seen from the figure, we can find
that the classification results were relatively stable, when the
two parameters were slightly tuned. In particular, the proposed
method achieved better recognition performance when α and β
are 0.4 and 0.6. Besides, we choose the embedding size over
the set {32, 64, 128, 256, 512} on the PhysioNet dataset. The
results on the PhysioNet, SEED-Joint, and TUH-EEG datasets
are shown in Fig. 9(b). The performance of our proposed
method initially improves with an increase in embedding size
due to enhanced fitting ability. However, if the embedding
size becomes too large, it can lead to overfitting, causing a
degradation in identification performance.

F. Visualizations

To further investigate the effectiveness of our proposed
method, we visualize the learned features of our model and
several comparison methods with t-SNE [55] for the first
100 subjects on the TUH-EEG dataset, shown in Fig. 10.
We first downscale the representation vectors learned by our
method with t-SNE and then project the two-dimensional vec-
tors onto a space for visualization as shown in Fig. 10(j), and
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Fig. 10. The t-SNE visualization of the distribution of original data and features extracted by different deep learning models on the TUH-EEG dataset.

the results of the original sample data and other comparison
methods are shown in Fig. 10 (a)-(i). As can be seen from
Fig. 10, first, compared with the original sample data, the
features extracted by CNN-Attention, WResNet, EEGNet, and
DGCNN are highly mixed without clear decision boundaries,
as they fail to capture complex spatial-temporal patterns.
While GVAE, Conformer, CSPNet, and ArjunViT show a
better performance in integrating intra-class samples, there
are still some cases in which the subjects are difficult to
distinguish. Existing methods are limited by their failure to
address entangled factors in EEG signals, which compromises
identification performance. In contrast, our model not only
mines complex patterns but, more importantly, disentangles
identity information from detrimental biases, leading to more
compact intra-subject clusters, greater inter-subject separation,
and superior Top-1 accuracy.

V. CONCLUSION

In this paper, we present a generalized framework for feature
disentanglement designed to extract EEG-based brainprint
information and identity-bias information, specifically those
arising from task-related information, disease indicators, and
signal noise. First, a novel spatial-temporal attention is devel-
oped to extract the complex spatial-temporal patterns within
EEG signals. Second, a correlation-driven loss is implemented
to minimize the similarity between identity and bias repre-
sentations for disentanglement. Then, an adversarial classifier
is trained to maximize the bias encoder’s ability to extract
bias features within EEG signals, and a reconstruction loss is
adopted to constrain the complementarity of identity-bias fea-
tures. Furthermore, we implement SupCon at the component
level to further disentangle the identity-related information
and identity-irrelevant information, thus obtaining a more
robust feature representation for biometric recognition. The
experimental results on three datasets show that our proposed
method not only achieves promising recognition results for
EEG biometrics compared to state-of-the-art methods but also

explicitly extracts robust identity-related features under dis-
tinct types of interference, including emotion, motor imagery,
and brain disease characteristics.
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