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Abstract. Extracting informative EEG data into low-dimension latent
embeddings is important for storing and analyzing these neuron sig-
nals and applying them to various applications, such as modern human-
computer interaction (HCI) techniques. We use the contrastive learning
algorithm on time-domain features of EEG in both discovery-driven (self-
supervised) and hypothesis (supervised) manners to encode the EEG
data into latent embeddings that are proven consistent and identifiable.
The self-supervised embeddings have the potential to be used for a range
of downstream tasks, while the supervised embeddings have very high
decoding accuracy for specific tasks. With embeddings encoded from
EEG features collected within every 0.5-s window, the accuracy of rec-
ognizing the identities of persons by decoding the self-supervised and
supervised embeddings is as high as 96.2% and 99.6%, respectively. Our
method and results can promote new HCI techniques, e.g., automati-
cally connecting users to their roles in AR games once they wear EEG-
capable devices. The source code is available at: https://www.github.
com/liangfengsid/timeEegContrastive.

Keywords: EEG · Contrastive learning · Latent embedding · Neural
representation · Identity recognition

1 Introduction

Electroencephalography (EEG), the technique that intensively collects time-
series electronic signals from the scalp, is widely used in clinical screening [13]
and has a great potential application in modern human-computer interaction [12]
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Fig. 1. The procedure of encoding time-domain EEG into embeddings by contrastive
learning and decoding the learned embeddings

(HCI) and affective computing [10,16]. Encoding EEG data into consistent
and identifiable latent embeddings [5,6] can greatly extend the application of
EEG in various downstream tasks. The generated embeddings facilitate EEG
applications by incorporating valuable information on EEG characteristics and
filtering some irrelevant noise in the reduced-dimension representation. Most
existing work on encoding EEG [7,14] uses supervised learning methods that
depend on specific tasks, which limits its representation ability and application
to other tasks. Recently, unsupervised learning [2,4,17] and self-supervised learn-
ing [3,8,11,19] methods have shown their capability of learning discriminative
latent embeddings which can be generally used for downstream tasks. For exam-
ple, [15] shows that contrastive learning can generate consistent and identifiable
neural latent embeddings from instant spike-stimulated signals in a discovery-
driven or hypothesis manner. However, neural signals are usually affected by
continuous long-lasting stimuli, e.g., disease and environmental influence. The
ability of contrastive learning to generate embeddings from continuous long-
lasting stimulated EEG data is unknown.

In this paper, we investigate the ability of contrastive learning to generate
consistent and identifiable EEG latent embeddings We use features of the time-
domain representation of EEG as the input of a learnable encoder, which opti-
mized by the noise-contrastive estimation [8] (NCE) in both the discovery-driven
(self-supervised) and hypothesis (supervised) manners. We explore properties of
consistency and interpretability by testing the convergence performance of the
model and the visualization effect of the latent embeddings, respectively. We
also verify the identifiablility of the embeddings by exploring the decoding per-
formance of different downstream tasks. We find that encoding the time-domain
features by contrastive learning can generate general EEG latent embeddings
for some downstream applications. Excitingly, using the EEG latent embeddings
that are encoded by 0.5-s time window features, the accuracy of recognizing the
identities different persons is 96.2% in the self-supervised case and as high as
99.6% in the supervised case. The close-to-perfect decoding performance proves
the potential of applying our method to emerging HCI and other EEG-related
scenarios.
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2 Method

Model. The whole procedure of the model is depicted in Fig. 1. We use an
EEG dataset of emotion detection with neural activity with continuous long-
lasting stimuli (Fig. 1.a). The encoder learns from time-domain features via a
neural network with contrastive learning either in a discovery-driven manner or
guided by task-specific labels and outputs EEG latent embeddings (Fig. 1.b).
The decoder classifies the latent embeddings into different task-specific labels
(Fig. 1.c).

Dataset. We use the SEED [18] dataset, which is a widely used open dataset
designed for exploring the relationship between EEG and emotions. The dataset
comprises EEG data from 15 people subjects joining a 3-session testing, with
each testing session stimulated by watching 15 movie clips of a total of about
3600 s, which are continuous lasting stimuli. The movie stimuli are related to
3 emotions, i.e., positive, neutral, and negative. The EEG signals are collected
by 62 electrode channels, down-sampled to 200 Hz, and filtered to bandpass
frequency from 0 to 75 Hz. With data grouped by movie clips, we use 90% of the
data for training both the encoder and the decoder, and the remaining 10% for
testing.

Most work extracts EEG features from the frequency-domain representa-
tion [1,10,16], but some recent work [5,6] shows that interpretable latent embed-
dings can be learned from time-domain representation. We further down-sample
the time-domain signals to 2 Hz so that within every 0.5 s, we can extract 5 volt-
age features for each of the 62 channels, namely the maximum, minimum, mean,
median, and standard deviation. Finally, each encoder input is a 310-dimension
vector with a 0.5-s time window, the volume of the training set is R

270855×310,
and that of the testing set is R

35280×310.

Contrastive Learned Embeddings. The encoder is a non-linear convolu-
tional neural network (CNN) or deep neural network (DNN) that applies con-
trastive learning optimizing the NCE loss, which follows a similar procedure as
in [15].

For the input features x and y, where y is a positive or negative contrastive
sample of x, let p(x) be the probability density function of x, p(y|x) and q(y|x)
be the probability density function of the positive and negative samples condi-
tioned on x, respectively. Encoding x and y can be represented by a function f
with normalized outputs, and f(x) and f(y) are the normalized latent embed-
dings, respectively. We use the dot product of f(x) and f(y) adjusted with a
temperature parameter τ as the similarity function between these two latent
embeddings, which is denoted as ψ(x, y) = f(x)T f(y)/τ . The objective is to
minimize the NCE loss, which is:

E
x∼p(x),y+∼p(y|x)
y1,y2,...,yn∼q(y|x)

[−ψ(x, y+) + log

n∑

i=1

eψ(x,yi)].
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Positive and negative samples are taken from a minibatch of the training
input. The identification of positive and negative samples depends on the sci-
entific problem we are solving. In the discovery-driven manner when no label
is provided, samples near x along the timeline are positive and those far away
from x along the timeline are negative. While in the hypothesis manner, specific
labels are provided and the learning process is similar to supervised contrastive
learning in concept. Samples with the same label as that of x are positive, while
those with different labels from x are negative. We train different encoder mod-
els without any label, with emotion labels, and with subject labels, respectively,
and compare their convergence, latent visualization, and decoding performance,
respectively.

We test the encoder with two different neural network structures, where one
is a five-layer 1D convolutional network with skipping connections (CNN) and
the other is a four-layer fully connected network (DNN). Perceptrons in both
networks are activated by GELU functions. The mini-batch size of the input is
1,024, the learning rate is 0.001. The encoder output dimension can be 8, 16, and
32, and the number of mini-batch training iterations is 10,000 times the encoder
output dimension.

Embedding Decoding. The decoder is a classification or regression model
that fits the EEG latent embedding to the task-specific labels. We use the K-
nearest neighbors (KNN) method (where k = 5) as the model and emotions
and subjects as the labels, respectively. Both types of labels are discrete, where
emotion labels have 3 values and subjects have 15. The embedding decoder
is trained separately from the embedding encoder, where the encoder output
embeddings are generated from the training input features by the well-learned
encoder and the corresponding labels are the training inputs of the decoder.

3 Results and Discussions

3.1 Contrastive Learning Convergence

We explore the convergence performance of the encoder using contrastive learn-
ing in discovery-driven and hypothesis manners. Figure 2 shows the NCE loss
of the DNN and CNN encoders to encode EEG to 32-dimension latent embed-
dings provided without labels, with emotion labels, and with subject labels,
respectively. The encoder tends to converge in all cases, which indicates that the
encoder will generate consistent latent embeddings for EEG features that are
considered similar. The NCE losses of encoding 8-dimension and 16 dimension
latent embeddings also converge but jitter in a smaller magnitude, which is not
depicted here to prevent redundancy.

3.2 Embedding Visualization

Low-dimension representations easily can be visualized to help the interpreta-
tion [9]. We visualize the first three dimensions of the testing embeddings gen-
erated by encoders of different neural network structures, contrastively learned
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Fig. 2. The convergence performance of the DNN and CNN encoders using contrastive
learning in discovery-driven, emotion-label-guided, and subject-label-guided manners,
respectively

with different labels, and with different output dimensions (Fig. 3). The related
labels of the data points can be distinguished by colors. From the figures, we
can see that in the CNN encoder cases, where points of the same color or similar
colors tend to cluster into color clouds according to some patterns, generally
generate more identifiable embeddings than DNN ones, where color point clouds
are more chaotic. The reason is that the CNN model considers the sequential
context of the input data.

Specifically, in the CNN subject-guided cases even when the output dimen-
sion is as low as 8, we can clearly recognize 15 color clouds, which corresponds
exactly to 15 subjects in the dataset. It shows that we can use a low-dimension
EEG latent embedding to distinguish the identities of people, which is an excit-
ing result and can greatly benefit new applications of HCI.

For CNN encoders trained in a discovery-driven manner, color clouds are
formed in a more complex pattern and are not completely separated from each
other. It indicates that the embeddings are generally informative and have great
potential to be applied to various tasks. The higher the embedding dimension,
the clearer the patterns and the more identifiable the color clouds.

3.3 Decoding Accuracy

The results of top-1 accuracy of decoding embeddings from different encoders
to different labels are shown in Table 1. The accuracy of distinguishing different
subjects has reached as high as 99.6% using 32-dimension latent embedding
generated by the CNN encoder via supervised contrastive learning. Even for
these latent embeddings of dimensions 8 and 16, the accuracy is as high as
99.5%, which is almost the same as the 32-dimension ones. It shows that we
can compress EEG data to float vectors as small as 8 dimensions to represent
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Fig. 3. The first three dimensions of DNN or CNN-learned embeddings of 8D, 16D, and
32D by discovery-driven, emotion-label-guided, and subject-label-guided contrastive
learning, respectively.
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Table 1. Decoding accuracy from different embeddings to different labels with different
decoders

Decoding Label Emotion Subject

DNN CNN DNN CNN

Discovery-driven embedding-8D 0.327 0.357 0.722 0.958

Discovery-driven embedding-16D 0.355 0.355 0.746 0.962

Discovery-driven embedding-32D 0.346 0.340 0.785 0.962

Emotion-guided embedding-8D 0.417 0.413 0.427 0.108

Emotion-guided embedding-16D 0.420 0.410 0.357 0.091

Emotion-guided embedding-32D 0.394 0.409 0.304 0.091

Subject-guided embedding-8D 0.339 0.341 0.979 0.995

Subject-guided embedding-16D 0.327 0.340 0.980 0.995

Subject-guided embedding-32D 0.343 0.331 0.978 0.996

the identity of a person. Moreover, in the self-supervised learning case where no
labels are provided, the accuracy of identifying a subject is still 96.2%. Recall
that the input feature to generate the embedding is only EEG collected within
0.5 s, which is quite a short time. The feasibility of input features and the close-
to-perfect classification accuracy indicate the promising future of our method be
to applied to identify persons in various HCI scenarios.

The accuracy of detecting emotions is low, probably because the emotional
changes are rarely reflected in temporal voltage features. Including more EEG
features in the inputs may improve emotion detection performance.

4 Conclusion and Future Work

In this paper, we propose to use contrastive learning to generate low-dimension
EEG latent embeddings that are consistent and identifiable. The contrastive
learning encoder can be trained in either the supervised or self-supervised man-
ner and the encoder trained in both manners can have very high decoding accu-
racy. This indicates the potential of using the EEG latent embeddings for various
downstream tasks. Excitingly, we can use the EEG latent embeddings to iden-
tify different persons at close-to-perfect accuracy of 99.6% with EEG input data
with only a 0.5-s window. Our method can be promisingly used in emerging
modern HCI devices and applications, e.g., automatically connecting people to
their roles in video games via EEG-capable AR devices.

In the future, we will try to integrate our EEG latent embedding method into
industrial HCI solutions for entertainment and health management. To achieve
this, we need to improve our method for a wider range of downstream appli-
cations, which may require exploring more informative EEG features as inputs.
We will also verify it with various datasets and in EEG devices of different
specifications.
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