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Abstract. Encoding EEG data into low-dimension latent embeddings
greatly facilitates data analysis and interpretation in neuroscience stud-
ies, clinical diagnosis, and human-computer interaction. But generating
informative and identifiable latent embeddings that are representative
of the origin EEG is not an easy mission. Contrastive learning has the
potential to utilize large amounts of unlabelled EEG data and extract
informative and identifiable latent embeddings for a wide range of down-
stream tasks. We explore the feasibility of applying the contrastive learn-
ing method to train the EEG latent encoder from the feature of differen-
tial entropy of short-time window frequency domain signals. The encoder
minimizes the noise-contrastive estimation loss by comparing the embed-
dings with positive and negative embedding samples, where the distinc-
tion of samples is guided by time nearness information or task-specific
labels. We test encoders with different output dimensions and the out-
come latent embeddings can be identifiable via visualization of a few
dimensions. The decoding result also shows that the embeddings preserve
information about the original EEG features and can be potentially used
for a wide range of downstream tasks. The source code is available at:
https://www.github.com/liangfengsid /deContrastiveLearning.
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1 Introduction

Electroencephalogram (EEG) are electrical signals on the scalp collected by a
set of electrodes and has been widely applied in neuroscience research [15], clin-
ical diagnosis [16], and behavior and affection analysis [11,12]. To relate EEG
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with specific properties of interest, much work has been done on extracting var-
ious EEG features and using different statistical or machine-learning models to
retrieve useful information about behavior or health status.

Using proper features or latent embeddings of EEG is critical for EEG anal-
ysis. EEG signals usually have large sizes and come with significant noises. Most
existing work uses frequency domain signals as features [13,19]. For example, it
has been proved that differential entropy (DE) of different bands [3,21] incorpo-
rates useful emotional information. The latent approach [4,5] extracts invariant
and identifiable latent embeddings of EEG, which can significantly reduce the
representation size and extract useful information out of noises. Most work [6,17]
uses supervised learning models to get latent embeddings of EEG for tasks
with specific outcome labels. But much EEG data such as clinical EEG are
recorded without labels, where supervised learning cannot be applied. Meth-
ods to generate general EEG latent embeddings that are independent of specific
tasks can benefit the application of EEG to a wide range of downstream tasks.
Recently, some studies [8,14,22] have worked on self-supervised learning meth-
ods and yielded promising results. Cebra [18] indicates that contrastive learn-
ing [1,2,10,20] has a great potential to extract invariant and identifiable EEG
latent embeddings, which motivates us to explore the feasibility of extracting
the general EEG latent embeddings for downstream tasks.

We apply contrastive learning, a powerful self-supervised learning algorithm,
to transform DE features of EEG into lower dimensional latent embeddings for
downstream tasks. We retrieve the DE of frequency power spectrum density and
train a deep neural network by contrastive learning which minimizes the noise-
contrastive estimation (NCE) [8] loss between generated latent embeddings of
samples in a batch of training data. We use either the (self-supervised) implicit
time information or (supervised) specific labels to identify positive and negative
samples in the NCE loss. The first case can train the model in scenarios without
labels, while the learning in the second case is guided by labels and can generate
latent embeddings tuned for the specific downstream task. We explore the visual
representation of the latent embeddings of different output dimensions generated
by encoders guided by different information and find that the embeddings can be
identifiable intuitively. We also decode the embeddings in different tasks to inves-
tigate the potential to apply the embeddings to a wide range of EEG applications.

2 Method

2.1 Dataset

We use the SEED [21] dataset, which is designed for exploring the relationship
between EEG and emotions. The dataset comprises EEG data from 15 peo-
ple subjects joining a 3-session testing, with each testing session stimulated by
watching 15 movie clips related to 3 emotional labels. The signals are collected
by 62 electrodes, downsampled to 200 Hz, and filtered to bandpass frequency
from 0 to 75Hz. With data divided by movie clips, we use 90% of the data for
training both the encoder and the decoder, and the remaining 10% for testing.



Identifiable EEG Embeddings by Contrastive Learning 229

=TT T T T T T T T T T T T T T T T T T T T T T 1| DEfeatine Non'linear cncoder | Ouiput  NCEloss  leamea (1=~ 7T T T T 7T
1 (contrastive learning) embedding

I

a. Feature extraction h k. 1
1] - 1
I

I

vy

Fig. 1. The procedure of encoding EEG DE into embeddings by contrastive learning
and decoding the learned embeddings

2.2 Model

The whole procedure of the model is depicted in Fig. 1. It composes three steps:
the DE feature extraction, which generates DE of the frequency domain data
from the origin time domain representation; the contrastive learning encoder,
which encodes the DE features into latent embeddings by contrastive learning;
and the decoder, which decodes the latent embedding to labels of interest.

DE Feature Extraction. DE [3] has the ability to discriminate signals between
high and low frequency energy. We first transform the time domain signals to
the frequency domain power in non-overlapped short-time Hanning windows
and then follow a similar process to [21] to extract the DE of different frequency
bands in each electrode channel (Fig. 1.a). The difference is, instead of using the
magnitude spectrum as the input, we use the power spectrum density (PSD),
which is recognized better than the magnitude spectrum for analyzing random
vibration signals as its value is independent of frequency.

If we assume the PSD within a specific frequency band in the electrode
channel 4, represented by X;, follows Gaussian distribution, i.e., X; ~ N (i, 0?),
the DE is calculated as

WX = = [ faioglf(a)ds

* 1 (z — p)? 1 (z —p)?
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1
= ~log2mec?
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where f(x) is the probability density of € X;. For each electrode channel, we
divide the frequency into five bands (delta € [1,4) Hz, theta € [4,8) Hz, alpha
€ [8,14) Hz, beta € [14, 31) Hz, and gamma € [31,50) Hz), and calculate the DE
for each frequency band, respectively. Therefore, for each short-time window, we
extract 62 x 5 DE features, which is represented as h(X).

Contrastive Learned Embeddings. As shown in Fig. 1.b, DE features are
fed into a learnable encoder and the output is the EEG latent embedding. The
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encoder is non-linear and is usually a convolutional neural network (CNN) or a
deep neural network (DNN) that applies contrastive learning, which follows a
similar procedure as in [18].

For the DE features h and g, where g is a positive or negative sample of
h, let p(h) be the probability density function of h, p(g|h) and ¢(g|h) be the
probability density function of the positive and negative samples conditioned
on h, respectively. After encoding h and g, c¢(h) and c(g) are their normalized
latent embeddings, respectively. The similarity function between c(h) and c¢(g)
is denoted as ¥(h, g). The objective is to minimize the NCE loss, which is:

[—p(h, g1) +log Y _ e¥99],

E
h~p(h),g9+~p(glh) )

91,925+--,9n~q(g|h)

Positive and negative samples are taken from a minibatch of the training
input. The identification of positive and negative samples depends on the scien-
tific problem we are solving. It can be based on time nearness between h and g
if no label is provided, where samples close to h in time are considered positive
and those far from h in time are considered negative. We can also provide labels
to guide the training so that samples with the same label as that of h are consid-
ered positive and others are negative. The label-guided approach is supervised
contrastive learning. With the SEED dataset with emotion labels from different
subjects, we learn different encoder models based on time, emotion labels, and
subject labels, respectively, and compare their embedding performance.

As to the similarity function, we use the dot product of the normalized
latent embeddings adjusted with a temperature parameter 7, i.e., ¥(h,g) =

e(h)Telg) /7.

Embedding Decoding. In application, EEG embeddings can be decoded for
classification and regression tasks, as shown in Fig. 1.c. We use K-nearest neigh-
bors (KNN) and non-linear support vector machine (SVM) models to classify
the EEG embeddings generated by different encoders into emotion and sub-
ject labels, respectively. The embedding decoder is trained separately from the
embedding encoder, and the training embeddings for the decoder are generated
by the well-trained encoder from training DE features.

3 Results

3.1 Contrastive Learning Convergence

We explore the convergence performance of the encoder by contrastive learning
with different criteria for identifying the positive and negative samples. Figure 2
shows the NCE loss of training a 4-layer neural network using GELU activation
functions to encode EEG to 16-dimension embeddings guided by time nearness
(when no label is provided), emotion labels, and subject labels, respectively.
The encoder is trained for 10,000 iterations with a minibatch size of 1024 and
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Fig. 2. NCE loss the encoder guided by different criteria

a learning rate of 0.001. The encoder does not converge in the time nearness
and subject label cases. The NCE loss in the time nearness case jitters with a
lower bound of about 5.8 limited by the time window length, while that in the
subject label case is a straight line at the level of about 6.9315. The NCE loss in
the emotion label case drops quickly in the first 1,000 iterations and gradually
converges to about 1.9 after that.

3.2 Embedding Visualization

Visualizing the embeddings can help to interpret the encoding quality [9]. As
shown in Fig. 3, we generate embeddings guided by different information (time
or task related labels) with different output dimension sizes, 2, 8, and 16. The
first two or three dimensions of the embeddings are drawn where values of the
related information are indicated by colors, where embeddings related to the
same information have the same color. When the embeddings are identifiable,
the embedding points will cluster by color and have a clearer contour intuitively,
where points of the same color are closer to each other and farther away from
embedding points with different colors.

3.3 Decoding Accuracy

The results of top-1 accuracy of decoding embeddings of different dimensions
from different encoder models to different labels are shown in Table 1. The high-
est classification accuracy for emotion labels is 0.507, which achieved by using
the non-linear SVM method with 16-dimension embeddings generated by the
emotion-guided encoder, and that for subject labels is 0.234, which achieved
by using KNN with 8-dimension embeddings generated by the subject-guided
encoder. The accuracy of decoding label-guided embeddings is higher than
decoding embeddings that are guided by time nearness when no label is pro-
vided. The higher dimension of the embeddings tends to increase classification
accuracy, except for decoding the subject-guided embeddings to subject labels.
The embeddings generated by time nearness information can also be used for
emotion classification, which indicates the potential application of contrastive
learning to EEG to a wider range of downstream tasks. The classification accu-
racy for subject labels is much poorer than that for emotion labels. The possible
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Fig. 3. The first two/three dimensions of learned embeddings of 2D, 8D, and 16D
guided by time nearness, emotion labels, and subject labels, respectively.

reason is that the DE of different frequency bands varies more with people’s emo-
tional changes, but is more consistent across different people subjects. Decod-
ing subject-guided embeddings to emotion labels also generates low accuracy,
because the subject-guided embeddings have removed information about distin-
guishing emotions.

4 Discussion

About de Feature. The DE is proven a significant single feature which greatly
reduces the feature dimension to 5 values for each channel in each short-time
window, with some important frequency domain information remained and some
noises filtered. But it also leaves out much useful information for encoding an
invariant and identifiable embedding. Since the embedding encoder is supposed
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Table 1. Decoding accuracy from different embeddings to different labels with different
decoders

Decoding Label Emotion Subject
SVM | KNN | KNN
Time nearness embedding-2D 0.338 | 0.382]0.040
Time nearness embedding-8D 0.359 |0.398|0.044
Time nearness embedding-16D | 0.415 | 0.428 | 0.065
Emotion-guided embedding-2D |0.417 | 0.429 | 0.026
Emotion-guided embedding-8D | 0.500 | 0.447 | 0.054
Emotion-guided embedding-16D | 0.507 | 0.464 | 0.072
Subject-guided embedding-2D | 0.352 | 0.341 | 0.097
Subject-guided embedding-8D | 0.326 | 0.426 | 0.234
Subject-guided embedding-16D |0.369 | 0.383 | 0.078

to extract low-dimension latent features where EEGs with similar characteristics
should have similar embeddings close in distance, the purpose of the DE extrac-
tion and the contrastive learning encoder is somewhat overlapped. Besides, as
EEG signals tend to vibrate in a short time and exhibit more distinguishable
characteristics in a longer observation, the features extracted from short-time
windows only fluctuates and may not be representative of specific properties.
More input features besides DE, including statistical features about frequency
domain and time domain signals and asymmetric features between electrode
channels [7,11], can hopefully improve the embedding performance.

About Encoder Model. The encoder we use in this paper is a four-layer DNN.
We also tested with a similar complexity CNN, alternatively. Both the encoding
convergence and the visualization of the outcome embeddings are similar and the
later decoding accuracy is slightly lower. We also used deeper neural networks
(up to 16 1-D convolutional layers). The encoding convergence and decoding
accuracy do not improve either. The reason is that the dimension of the DE
feature, 310, is not large and a very deep network is not necessary. When we
add more features for the encoder input, a more complex neural network may
improve the embedding quality, which will be left to our future work.

About Embedding Dimension. For time-nearness-guided and emotion-
guided embedding, the higher the dimension, the higher the top-1 classification
accuracy for emotion labels. It indicates that high-dimension embeddings have
the ability to include more useful information than low-dimension ones. But it
is not the same case with subject-guided embeddings. Lower-dimension embed-
dings may lack representation ability, while higher-dimension embeddings may
involve more noise than useful information for subject classification.
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5 Conclusion

In this paper, we explore encoding EEG into identifiable low-dimension latent
embeddings from differential entropy powers by self-supervised contrastive learn-
ing. The latent embedding can be an informative representation uesd for down-
stream tasks. Using contrastive learning to extract latent embedding for EEG
data is an interesting and promising topic and still needs a lot of studies. In the
future, we will explore more traditional EEG features or even the raw signals for
encoding EEG embeddings with contrastive learning and other self-supervised
alternatives. We aim to find the algorithm to generate invariant and identifiable
EEG embeddings for general tasks, and explore a wider application of EEG in
the fields of neural studies, clinical screening and diagnosis, and human-computer
interaction.
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