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Abstract

Time series data is sequential measurements collected over time from various

sources in different applications, e.g., healthcare and manufacturing. With the

increased generation of time series data from these applications, their analysis

is becoming more important to get insights. Deep learning has shown a potential

and proven capability in automatic learning from massive data, by identifying com-

plex patterns and representations directly from data. However, the current deep

learning-based models suffer significant limitations. First, they lack the ability to

efficiently learn time series temporal relations while utilizing parallel processing.

Second, these models require large amounts of labeled data for training, which

can be difficult to obtain, especially with complex time series data. Third, the

generalization capability of these models is limited, where they suffer performance

deterioration when transferring knowledge from a labeled source domain to an

out-of-distribution unlabeled target domain.

In this thesis, we address these problems and provide solutions for the real-world

deployment of deep learning models for time series data. We first propose a novel

attention-based deep learning architecture called AttnSleep to classify EEG-based

sleep stages, being one of the common time series healthcare data types. Specifi-

cally, we propose a powerful feature extractor that learns from different frequency

bands in EEG signals. We also propose a temporal context encoder module to

learn the temporal dependencies among extracted features using a causal multi-

head attention mechanism. Last, we develop a class-aware loss function to address

the class-imbalance problem in sleep data without incurring any additional com-

putational costs.

Next, we propose two frameworks to address the label scarcity problem in different

settings. The first framework, TS-TCC, is a self-supervised learning approach that

learns useful representations from unlabeled data. TS-TCC utilizes time series-

specific augmentations to generate two views for each sample. We then learn the

xiii
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temporal representations via a novel cross-view temporal prediction task. Fur-

thermore, we propose a contextual contrasting module that further learns discrim-

inative representations. The second framework, CA-TCC, improves the learned

representations from TS-TCC in semi-supervised settings, by training the model

in four phases. First, we perform self-supervised training with TS-TCC. Then, we

fine-tune the pretrained model with the available few labeled samples. Following

that, we use the fine-tuned model to assign pseudo labels to the unlabeled set.

Finally, we leverage these pseudo labels to realize a class-aware contrastive loss for

semi-supervised training. These two frameworks showed significant performance

improvement with having few labeled samples compared to traditional supervised

training.

Last, we tackle the domain shift problem and propose two novel frameworks to

address this issue. In the first framework, we introduce an adversarial domain

adaptation technique named ADAST, that addresses two challenges, namely the

loss of domain-specific information during feature extraction and the ignorance

of class information in the target domain during domain alignment. To overcome

these challenges, we incorporate an unshared attention mechanism and an iterative

self-training strategy with dual distinct classifiers. In the second framework, we

attempt to overcome the complexity of adversarial training and present a novel

approach called CoTMix to address the domain shift with a simple yet effective

contrastive learning strategy. In specific, we propose a cross-domain temporal

mixup strategy to create source-dominant and target-dominant domains. These

domains serve as augmented views for the source and target domains in contrastive

learning. Unlike prior works, CoTMix maps the source and target domains to

an intermediate domain. These frameworks showed improved robustness of deep

learning models on time series data.
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Chapter 1

Introduction

The advancement of instruments and sensors in various healthcare and industrial

fields has led to the generation of vast amounts of time series data. Meanwhile,

deep learning approaches have shown promising results in analyzing such data.

However, there is a shortage of research on effectively implementing deep learning

models in real-world scenarios. In fact, the learning capability of deep learning-

based models on time series data can be limited due to issues such as inefficient

learning of temporal dynamics, the class-imbalance issue, and the lack of large

labeled datasets. Therefore, in this thesis, we seek to identify and evaluate vari-

ous strategies to overcome these challenges and develop robust and label-efficient

time series representation learning frameworks. This chapter aims to introduce

the research by discussing the background, motivations, research problems, aims,

objectives, and questions.

1.1 Background

Time Series Data Time series data is a collection of sequential time-stamped

measurements from natural phenomena (such as weather), engineered systems

(such as aircraft engines and power grids), and even human behavior (such as

speech patterns and brain signals) [2]. Over the past years, the analysis of time

series data has gained more interest due to the large amounts of data generated

daily in various applications. In healthcare, for instance, the vital signs of patients,

including heart rate, blood pressure, and respiratory rate, are tracked through time

1
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[3]. Healthcare professionals can analyze the collected time-stamped data to track

the progression of a patient’s condition and detect early signs of disease or health

problems, such as heart attacks and sleep disorders. In manufacturing, time series

data is used to monitor machine behavior and predict when maintenance is needed

[4]. By analyzing data patterns, manufacturers can detect unusual behavior and

diagnose problems with the machines. Human activity recognition is yet another

application in which we can collect time series data, where the data generated by

the wearable sensors, such as accelerometers, gyroscopes, and magnetometers, over

time can be utilized to recognize various human activities, such as walking, run-

ning, and sitting [5]. Consequently, we are capable of developing personal health

and fitness trackers and monitoring elderly or disabled individuals to ensure their

safety.

One of the recent and rapidly growing applications of time series analysis is the

sleep stage classification, which has been extensively studied in the field of sleep

medicine [6]. Sleep is a complex physiological process that consists of four distinct

stages: three non-rapid eye movement stages (N1, N2, and N3) and a rapid eye

movement (REM) stage [7]. Each stage is characterized by unique patterns of brain

waves, muscle tone, and eye movements. The lightest stage of sleep is N1, which is

characterized by the presence of alpha and theta waves. Slightly deeper than N1 is

stage N2, which is characterized by the presence of sleep spindles and K-complexes.

N3 is the deepest stage of sleep, marked by the presence of delta waves. Finally,

REM sleep is a stage of high brain activity characterized by rapid eye movements

and vivid dreams [8]. Accurate classification of sleep stages is essential for the

diagnosis and treatment of sleep disorders, as it provides valuable insights into the

quality and quantity of an individual’s sleep [9].

Classifying sleep stages includes identifying the specific stage of sleep a person is in

at any given time. Traditionally, polysomnography (PSG) has been used to record

multiple physiological signals during sleep, such as electroencephalogram (EEG),

electrooculogram (EOG), and electromyogram (EMG), to determine the sleep stage

[10]. However, in recent years, single-channel EEG has become a popular option for

sleep monitoring due to its ease of use [11]. Therefore, we will focus on exploring

the potential of single-channel EEG for sleep stage classification throughout this

thesis.
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Figure 1.1: K-complex (red) and sleep spindle (brown) temporal patterns in
the non-rapid eye movement stage 2 in sleep EEG data. The temporal order of
these two waveforms matters. In the first, third, and fourth subfigures, the K-
complex appears before the sleep spindles indicating normal behavior. However,
in the second subfigure, their reversed order indicates a sleep disorder.

Temporal Relations in Time Series Understanding the characteristics of

time series data is crucial for developing the right solutions and performing the

proper analysis. One of the defining characteristics of time series data is its tem-

poral ordering. In time series data, observations are recorded at regular or irregular

intervals, with each observation being influenced by the previous observations [12].

This makes the analysis of a specific timestep or a window of timesteps inherently

dependent on the previous ones. Studying the temporal relations of timesteps can

be significant in many applications. For instance, in EEG-based sleep stage clas-

sification, the temporal order of waveforms can matter. During the non-rapid eye

movement stage 2 (N2), there are two waveforms, the K-complex and sleep spin-

dles, whose temporal order can be significant [13]. It has been observed that sleep

spindles tend to appear just after a K-complex, with a delay of a few seconds in

normal cases, as shown in Fig. 1.1. This delay reflects the time it takes for the

brain to transition from the inhibitory effect of the K-complex to the excitatory

state of the sleep spindle. However, studying this temporal relation between the

two waveforms has revealed that their order may also be altered in sleep disorders,

as shown in subfigure 2 of Fig.1.1. Additionally, the appearance of K-complexes

and sleep spindles may be disrupted or delayed, leading to sleep disturbances and

daytime sleepiness [14].
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Deep Learning for Time Series The manual analysis and processing of time

series signals can be a challenging and inefficient task for several reasons. Firstly,

the manual process can be subjective and prone to errors since it depends on the ex-

pertise of the individual performing the analysis, leading to varying interpretations

of the same data [15]. Secondly, the volume of generated data is massive, making

manual analysis an overwhelming and time-consuming task. Thirdly, repetitive-

ness in analyzing and processing time series data can cause human errors, leading

to inaccuracies in the results. Additionally, time series data can be complex with

multiple variables and dependencies, making it more challenging to analyze and

process manually [16]. Lastly, some applications require real-time processing, such

as in healthcare monitoring systems, which is difficult to achieve manually [17].

Therefore, there is a crucial need for automated solutions to assist specialists and

save time in analyzing and processing time series data.

Deep learning is a subfield of machine learning that has gained widespread popu-

larity in recent years due to its ability to learn complex representations from time

series data [18]. In contrast to traditional time series modeling methods, which

rely on handcrafted features and statistical techniques, deep learning methods can

learn complex patterns directly from data. Deep learning models are designed to

learn from large datasets, where the availability of massive amounts of labeled

time series data has made it possible to train models that can provide accurate

predictions for a wide range of applications.

There are several deep learning architectures that have demonstrated significant

improvements in time series analysis. For instance, convolutional neural networks

(CNNs) have proven to be particularly effective for solving time series classifica-

tion problems [19]. CNNs are particularly adept at learning the spatial structure in

time series data, leading to impressive results in a variety of applications. Another

architecture that has gained attention in time series analysis is the recurrent neural

network (RNN). RNNs are specifically designed to handle sequential data and cap-

ture temporal dependencies [20]. By incorporating memory in their computations,

RNNs can remember past observations and use them to make predictions about

future observations. RNNs have shown great promise in speech recognition, natu-

ral language processing, and financial forecasting. Another promising architecture

is the attention model, which has shown the ability to learn temporal relationships
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with linear operations and parallel processing [21]. This makes it well-suited for

processing long sequences of time series data.

1.2 Research Problem

In recent years, there has been a surge in the number of deep learning-based ap-

proaches proposed for learning representations from time series data. Recurrent

neural networks, such as Long Short-Term Memory (LSTM), have been the go-to

architecture to learn the complex temporal structure of time series data. However,

while RNNs have shown promise in time series analysis, they have some drawbacks

that limit their applicability in real-world scenarios. One of these drawbacks is

their recurrent nature, which can result in high model complexity and make them

difficult to train in parallel. Additionally, this complexity can lead to slower pro-

cessing times, which can be problematic for real-time applications. Therefore, there

is a need for an alternative to RNNs that can learn time series temporal relations

while utilizing parallel processing.

Furthermore, deep learning models often rely on large amounts of labeled data for

training, which may not always be feasible due to the difficulties in annotating

time series data. Unlike image data, expert knowledge is often required to identify

relevant patterns in time series data [22]. As a result, the collected data is usually

larger than the annotated data, which can limit the learning capability of deep

learning models and increase the challenge of designing proper models.

There are two ways to overcome the issue of label scarcity. The first is to learn

representations from the available unlabeled data and fine-tune the model using

the limited labeled data. The second is to transfer knowledge from a labeled source

domain to the target domain of interest. Therefore, we require an approach that

allows us to effectively learn from unlabeled samples, and another approach to

successfully transfer the knowledge from an out-of-distribution source domain to

our target domain.

In conclusion, existing deep learning research for time series is ill-equipped to

address the following challenges:
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• Developing effective and computationally efficient methods to learn tempo-

ral relations in complex time series data.

• Finding efficient ways to learn useful representations from the unlabeled

time series data that is typically collected in large volumes.

• Dealing with domain shift problems that arise when attempting to transfer

knowledge from a labeled source domain to our unlabeled target domain of

interest.

1.3 Research Objectives and Questions

Given the lack of research regarding efficient deep learning modeling in real world,

this study will aim to develop and evaluate deep learning models that can efficiently

learn robust representations from time series in different labeling budgets, while

capturing the temporal relations. This enhances the utilization of deep learning

models in real-world time series-based applications. We adopt sleep stage classifi-

cation as a use-case study, but we also examine other time series applications when

possible. The objectives of the thesis can be summarized as follows:

1. To develop deep learning models that can efficiently utilize the

temporal relations in time series data. Learning temporal relations in

time series data is a key part of an efficient deep learning model. Therefore,

we aim to develop deep learning models that can extract powerful features

from time series data and efficiently capture the temporal dependencies in

the extracted features.

2. To learn representations from the massive unlabeled data. In the

real world, the pace of data annotation is much less than the data collection.

Therefore, we aim to develop deep learning models that can learn repre-

sentations from unlabeled data, and improve these representations with the

available few annotated data.

3. To develop a generalizable deep learning model over different do-

mains. One way to overcome the limited data annotation is to learn from

another labeled source domain and transfer the knowledge to our domain.
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However, the difference in the distributions among both domains can deteri-

orate the performance. Therefore, we aim to develop a deep learning model

that can generalize well across domains.

In specific, we aim to answer the following research questions through this thesis.

RQ1: How can we develop a deep learning model that efficiently utilizes tempo-

ral dependencies in time series data to learn powerful features, setting the

foundation for advanced representational tasks?

RQ2: Given a model that can generate powerful features, how can we further re-

fine and learn time series-specific representations from fully unlabeled data,

enhancing these representations with the availability of a few labels?

RQ3: Leveraging the learned features, how can we design a deep learning model that

adapts to generalizable features from a shifted domain, effectively mitigating

the distribution shift between the source and target domains?

Throughout this thesis, we delve into time series classification due to its signifi-

cant applicability and the emerging challenges it presents, especially in the face

of rapidly evolving data dynamics in numerous domains. While the broader field

of time series analysis encompasses other tasks, e.g., forecasting, imputation, and

anomaly detection, the in-depth exploration of classification would provide valu-

able insights and contribute meaningfully to the academic and practical discourse

on this specific topic.

1.4 Thesis Organization

The organization of this thesis is illustrated in Figure 1.2. The following chapters

are organized as follows:

1. Chapter 2 provides a comprehensive review of the existing literature to iden-

tify key works that addressed representation learning for time series data, in

addition to those that addressed label scarcity and domain shift problems.
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Figure 1.2: Organization of chapters in this thesis.

2. Chapter 3 introduces the AttnSleep model, which aims to learn robust repre-

sentations from EEG sleep data by efficiently learning temporal dependencies

and addressing the data imbalance issue with a computationally efficient loss

function.

3. Chapter 4 discusses our approach to learning from the unlabeled data, namely

TS-TCC.

4. In Chapter 5, we discuss our approach to improve the learned representations

with the availability of a few labeled samples. In specific, we introduce our

CA-TCC model, which extends TS-TCC to the semi-supervised setting.

5. Chapter 6 presents our ADAST framework, which aims to mitigate the

domain shift problem across datasets, i.e., when transferring knowledge from

a shifted source dataset to our dataset of interest.

6. Chapter 7 introduces our CoTMix framework, which aims to mitigate cross-

subject shift within the same dataset.
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7. Finally, Chapter 8 concludes the thesis and outlines some future research

directions.





Chapter 2

Literature Review

In this chapter 1, we present some of the existing literature and related works to

our research aims. In specific, we will begin by examining the deep learning ar-

chitectures for time series representation learning, wherein we will delve into how

they extract features and learn the temporal dynamics in signals. Subsequently,

we will discuss how previous works addressed the label scarcity problem with a

focus on self-supervised and semi-supervised learning techniques that are designed

to exploit intra-domain data. After that, we will investigate cross-domain learning

from distributionally-shifted domains, and explore the development of a general-

izable deep learning model. Finally, we will present a case study on sleep stage

classification, as an example of a time series application, and analyze the relevant

literature in addressing the aforementioned issues. The overall organization of this

chapter is illustrated in Fig. 2.1.

2.1 Time Series Representation Learning Archi-

tectures

The first step towards building an efficient deep learning model is the proper choice

of model components. Since our focus is on time series data, we split the model

into two main parts: the first is the feature extractor, and the other is the temporal

1The work in this chapter is available on Arxiv as “Label-efficient Time Series Representation
Learning: A Review”, ArXiv preprint arXiv:2302.06433 [23], and is currently under review.

11
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Figure 2.1: The organization of our Literature Review chapter

dynamic learning module. This section will discuss the different methods to extract

features and learn temporal dynamics in more detail.

2.1.1 Feature Extraction

Feature extraction is a crucial step in time series analysis and prediction, as it

allows us to extract useful information from raw time series data. Unlike tradi-

tional machine learning approaches, deep learning models can automatically learn

features from the data without the need for manual feature engineering. In this

context, feature extraction modules in deep learning refer to the architectures and

techniques used to extract features from time series data.

One common feature extraction module for time series data is the convolutional

neural network (CNN). In a CNN, filters are applied to the time series signals

to learn local patterns. By applying these filters, we end up with feature maps,

which are then pooled to reduce dimensionality with Maxpooling or AveragePooling

layers. This approach is particularly effective when the time series data has a

clear structure and patterns, which makes it dependable for classification tasks.

Examples of the widely used CNN architectures are the simple 1D-CNN, which

consists of stacked convolutional layers with Batch-normalization and MaxPooling

layers [24]. In addition, the 1D-ResNet architecture is one of the most popular

architectures due to its shortcut residual connection that helps to improve the flow

of gradients through the network during backpropagation, and hence, enables the

network to converge faster and more accurately [25]. Additionally, the temporal

convolutional network (TCN) is designed to process sequential time series data.
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TCNs rely on causal dilated convolutions to learn temporal relations and capture

the long-term dependencies in the data [26].

Nevertheless, other convolutional designs have been proposed and adopted in dif-

ferent time series-related works. For example, Ismail Fawaz et al. [27] propose

InceptionTime, which ensembles five randomly initialized Inception modules that

share the same architecture. In addition, Liu et al. [28] proposed a tensor scheme

that uses a sliding window to consider the temporal order to transform the time

series signal into a 3-dimensional tensor and use traditional CNN architectures.

Also, Tang et al. [29] design Omni-Scale CNN blocks that automatically decide the

best size and number to the kernel size used by CNNs. To do so, they automat-

ically set the kernel sizes as prime numbers up to the length of the time series,

which showed a balanced performance over different datasets.

Works that adopted pure CNN-based architectures show superiority in time series

classification tasks, due to the high ability of CNNs to detect patterns and trends

in data. In addition, CNNs are less prone to overfitting as they use a reduced

number of parameters. However, they are less efficient in detecting the temporal

relations in data, which makes them less favorable in time series forecasting tasks.

2.1.2 Learning Temporal Dynamics

Learning temporal relations is a crucial aspect of deep learning for time series,

which becomes vital for capturing patterns and trends in the signals accurately.

Next, we will discuss two of the commonly used deep learning architectures for this

purpose.

2.1.2.1 Recurrent Neural Networks

Recurrent Neural Networks (RNN) are one of the commonly used modules for time

series data. RNNs are specially designed to handle sequences of timesteps and

capture their temporal dependencies. RNNs include a memory component that

allows them to take into account the past timesteps when processing the current

one. LSTMs are designed to address the vanishing gradient problem, which is a

common issue in RNNs that occurs when the gradient signal in the backpropagation

algorithm diminishes as it passes through many timesteps [30]. This can result in
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the network being unable to learn long-term dependencies in the data. The key

innovation of LSTM networks is the incorporation of memory cells that can store

information over long periods of time. Memory cells are controlled by three gates:

the input gate, the forget gate, and the output gate. The input gate controls

whether to add new information to the memory cell, while the forget gate decides

what information to discard from the cell. The output gate controls whether the

information in the memory cell should be used to make a prediction.

Long short-term memory (LSTM) networks are a type of RNNs that have been

particularly successful in time series forecasting tasks [31]. Nevertheless, they can

also be involved in classification, either side by side with a CNN model [32], or

following CNN layers [11]. LSTMs are designed to address the vanishing gradient

problem that can occur in traditional RNNs, and they are capable of capturing

long-term dependencies in the data.

In general, RNNs improve the learning capability of the model on time series data,

as they learn from historical data. However, they are ineffectual with relatively long

sequences, besides being computationally expensive due to sequential processing.

2.1.2.2 Attention Mechanism

The attention mechanism was proposed to allow the model to focus on specific parts

of the input. It was used to enhance LSTM performance in many applications by

assigning attention scores for LSTM hidden states to determine the importance

of each state in the final prediction [33]. For example, TCACNet proposed a

dual attention mechanism to learn temporal relations and information distribution

over channels from electroencephalogram (EEG) data [34]. Self-attention was also

leveraged in many works to replace the LSTM network due to its fast parallel

processing [35].

2.1.2.3 Transformers

Recently, the transformer network, which is based on the attention mechanism,

has gained popularity in time series analysis [36]. Originally developed for natural

language processing [37], transformer networks can be adapted for time series data

by treating the time series as a sequence of tokens. The self-attention mechanism



Chapter 2. Literature Review 15

in transformer networks allows them to capture dependencies between different

parts of the sequence, which can be useful for identifying complex patterns in the

data. Attention mechanisms can be more effective with long sequences, and they

can improve the interpretability of the model [38]. However, they can be more

computationally expensive due to their larger number of parameters [39], which

also makes them prone to overfitting when it comes to the data scarcity problem.

2.1.2.4 Non-deep Learning Methods

In addition to deep learning-based methods for extracting temporal dynamics, there

are several traditional and non-deep learning methods that have been effectively

utilized in time-series analysis:

Dynamic Time Warping (DTW): DTW is a technique that measures the sim-

ilarity between two temporal sequences, which may vary in speed. By allowing

for certain non-linear mappings, it can identify patterns that are out-of-phase or

have time shifts. This is particularly useful in understanding the shape features of

time-series data.

Fourier Transformation: Fourier Transformation, specifically the Fast Fourier

Transform (FFT), breaks down a time series into its constituent sinusoids of differ-

ent frequencies. This allows for the extraction of periodic information, identifying

dominant frequencies, and understanding repetitive patterns and trends.

First-order and Second-order Differences: By calculating the first-order dif-

ference, we get the sequential change in the values of a time series, helping in

identifying trends. The second-order difference, on the other hand, gives us an

understanding of the change in the first-order difference, which can be useful in

identifying the acceleration or deceleration in trends. Both of these methods are

valuable for extracting specific time-domain features.

These traditional methods, while not as flexible as deep learning approaches in

some contexts, offer unique advantages in specific scenarios, especially when the

computational resources are limited or when interpretability and understanding of

the temporal dynamics are of prime importance.”

In conclusion, feature extraction modules in deep learning play a crucial role in time

series analysis and prediction. Convolutional neural networks, recurrent neural
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networks, long short-term memory networks, and transformer networks are all

commonly used feature extraction modules for time series data. These architectures

can be combined with a variety of techniques to improve the extraction of useful

features from the data, which can lead to improved performance in downstream

tasks such as classification, clustering, and forecasting.

2.2 Label-Efficient Time Series Representation

Learning

In this section, we discuss another approach toward the real-world applicability of

deep learning models. Specifically, we investigate the approaches used to address

the label scarcity problem, i.e., self-supervised learning and semi-supervised learn-

ing. The former is used to learn representations from fully unlabeled data, while

the latter is preferred for learning from data having few labeled samples.

2.2.1 Self-supervised Learning

Self-supervised learning approach gained much attention recently for training deep

learning models with unlabeled data. Compared with models trained on fully

labeled data (i.e., supervised models), self-supervised pretrained models can extract

effective features and achieve comparable performance when fine-tuned with a small

percentage of the labels [40, 41]. Self-supervised learning involves defining a new

task to be solved by the model or generating pseudo labels based on the input data,

instead of relying on human-provided labels.

Self-supervised learning methods can be categorized into auxiliary-based or contrastive-

based methods. In both categories, the unlabeled data is used to learn an addi-

tional task, that is not the main focus of the model, to provide supervision during

training.

2.2.1.1 Prelimiaries

Problem Formulation
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We assume an input time series data in RN×l with N channels and sequence length

of l. We assume a time series classification problem, where each sample is assigned

one label from C classes. During the self-supervised learning task, we assume

access only to the input data without labels. These labels can be available for the

supervised downstream task.

The deep neural network is assumed to have two main parts. The first is the feature

extractor, which maps the input data into the embedded space fϕ : RN×l → RN×d

parameterized by neural network parameters ϕ, where N is the new number of

channels after passing through the feature extractor network, and d is the new

feature length. The second is the classifier network fγ : RN×d → RN×C , which

produces the predictions. The self-supervised learning algorithm learns ϕ from un-

labeled data, while during the fine-tuning learns γ while also updating ϕ.

Auxiliary tasks

The recent rebirth of self-supervised learning began with manually-designed auxil-

iary tasks. This category includes defining a new task along with free-to-generate

pseudo labels. These tasks can be defined as classification, regression, or any others.

For example, Saeed et al. [42] and Sarkar and Etemad [43] proposed new classifica-

tion auxiliary tasks by generating several views to the signals using augmentations,

e.g., adding noise, rotation, and scaling for human activity recognition and arrhyth-

mia classification respectively. Besides training the model to learn representations

about data, these augmentations were also meant to improve the robustness of

the model against the different variations that could occur in testing data. For

example, introducing random noise to the original signal can enhance the model’s

robustness against noisy samples. Similarly, applying a random scalar to scale the

signal magnitude can strengthen the model’s resilience against amplitude and off-

set invariances. Lastly, signal rotation through sign inversion emulates scenarios

in which the sensor is held in a reversed orientation, further enhancing the model’s

robustness against sensor-placement invariance. To train this auxiliary task, each

view is assigned a label, and the model was pretrained to classify these transforma-

tions. This approach showed success in learning underlying representations from

unlabeled data.
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Formally, let’s assume a tuple of an input signal and its corresponding pseudo

label (xi, ŷi), where xi is ith transformed signal, ŷi is the generated pseudo label

that corresponds to the kth transformation, and k ∈ [0, T ), T is the total number of

transformations. Next, the transformed signal passes through the feature extractor

and the classifier networks to generate the output probability pt. Last, the model

is trained to minimize a standard cross-entropy loss based on these pseudo labels:

LCE =
∑T−1

t=0 1[ŷ=t] log pt, where 1 is the indicator function, which is set to be 1

when the condition is met, and set to 0 otherwise.

Contrastive learning

In contrastive learning, representations are learned by comparing the similarity

between samples. In specific, we define positive and negative pairs for each sam-

ple. Next, the feature extractor is trained to achieve the contrastive objective,

i.e., to push the features of the sample towards their positive pairs, and pull them

away from their negative pairs. In many previous works, these pairs were usu-

ally generated via data augmentations [41, 44]. Notably, some studies relied on

strong successive augmentations and found them to be key factors in the success

of contrastive techniques [41].

Formally, given a dataset with N unlabeled samples, we generate two views for

each sample x, i.e., {x̂i, x̂j} using data augmentations. Therefore, in a multi-

viewed batch with N samples for each view, we have a total of 2N samples. Next,

the feature extractor transforms them into the embedding space, and a projection

head h(·) is used to obtain low-dimensional embeddings, i.e., zi = h(fϕ(x̂i)) and

zj = h(fϕ(x̂j)). Assuming that for an anchor sample indexed i ∈ I ≡ {1 . . . 2N},

and A(k) ≡ I \ {k}. The objective of contrastive learning is to encourage the

similarity between positive pairs and separate the negative pairs using the NT-

Xent loss, defined as follows:

LNT-Xent =
−1

2N

∑
i∈I

log
exp (zi · zj/τ)∑

a∈A(i) exp (zi · za/τ)
, (2.1)

where · symbol denotes the inner dot product, and τ is a temperature parameter.

Downstream tasks
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Downstream tasks are the main tasks of interest that lacked a sufficient amount

of labeled data for training the deep learning models. To illustrate, consider the

sleep stage classification task, i.e., classifying the PSG epochs into one of five

classes, i.e., W, N1, N2, N3, and REM. This can be considered as the downstream

task, where we aim to propose a pretext task to pretrain the model so that we

can improve the model performance for this downstream task. Notably, different

self-supervised tasks can have a different impact on the same downstream task.

Therefore, it is important to design a relevant task to the problem of interest,

which helps achieve better downstream performance. Despite the numerous self-

supervised learning proposed in the literature, identifying the proper pretext task

is still an open research question [45].

In the next subsections, we first discuss the self-supervised learning methods pro-

posed for image data (because they are the first works in this field), then discuss

those specific for time series data.

2.2.1.2 Self-supervised Learning Approaches

Auxiliary Pretext Tasks Self-supervised learning has been gaining more at-

tention recently, as it deals with the emerging problem of learning from unlabeled

data [45–47]. The first works in self-supervised learning have been auxiliary tasks.

For example, Zhang et al. [48] proposed image colorization, where they trained

their model to color a grayscale input image. Misra and Maaten [49] proposed

learning invariant representations based on pretext tasks by encouraging the rep-

resentation of both the pretext task and the original image to be similar. For

video-related tasks, Srivastava et al. [50] proposed different tasks such as input

sequence reconstruction, or future sequence prediction to learn representations of

video sequences. In addition, Wei et al. [51] proposed training the model to check

if the order of the input frame sequences is correct or not. Another direction is to

use ranking as a proxy task to solve regression problems [52], in which the authors

developed a backpropagation technique for Siamese networks to prevent redundant

computations.

Although using pretext tasks can improve representation learning, they are found

to limit the generality of the learned representations. For example, classifying the
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different rotation angles of an image may deviate the model from learning features

about the color or orientation of objects [53].

Contrastive Learning On the other hand, contrastive methods intend to learn

invariant representations from different augmented views of data. The different

methods vary between each other in their ways of choosing negative samples against

positive samples during training. SimCLR [41] considered the augmented views of

the original image as the positives, while all the other views of different images

within the batch are treated as negatives. This technique benefits from larger batch

sizes to accumulate more negative samples. Another approach was to accumulate

a large number of the negative samples in a memory bank as proposed by MoCo

[54]. The embeddings of these samples are updated with the most recent ones at

regular intervals.

However, one limitation of those methods was the way of selecting the negative

pairs, as they may select negative pairs from samples having the same class as the

anchor sample. Hence, some methods proposed to use contrastive learning without

the need for negative samples. For example, BYOL [55] learned representations

by bootstrapping representations from two neural networks that interact and learn

from each other. Also, SimSiam [56] supported the idea of neglecting the nega-

tive samples and relied only on a Siamese network and stop-gradient operation to

achieve state-of-the-art performance.

2.2.1.3 Self-supervised Learning for Time Series

Auxiliary Pretext Tasks The first time series auxiliary tasks started with classi-

fying transformations, where the model is expected to learn useful representations

about the data by learning to be invariant against these transformations. For ex-

ample, Saeed et al. [57] designed a binary classification pretext task for human

activity recognition by applying several transformations on the data and trained

the model to classify between the original and the transformed versions. Simi-

larly, Sarkar and Etemad [43] proposed SSL-ECG, in which ECG representations

are learned by applying six transformations to the dataset as pretext tasks, and

assigned pseudo labels according to the transformation type.
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Another approach was proposed by Banville et al. [58], who introduced two auxil-

iary tasks, i.e., relative positioning and temporal shuffling, to learn the underlying

temporal characteristics in the EEG signals. In the first task, a window of the sig-

nal is used as an anchor to measure the relative position of other windows, while in

the second task, a window of the signal is shuffled to teach the model to fix the tem-

poral order of the signal. Similarly, Saeed et al. [59] proposed some auxiliary tasks,

e.g., feature prediction from a masked window, temporal shift prediction, modality

denoising, and blend detection, to learn representations from human activity recog-

nition data. In addition, TST [36] and STraTS [60] proposed to predict the masked

part in the signal as an auxiliary task to pre-train a Transformer model. Addi-

tionally, Aggarwal et al. [61] learned subject-invariant representations by modeling

local and global activity patterns. However, as for image data, most time series

self-supervised learning works have recently adopted contrastive learning instead.

Contrastive Learning Most of the recent self-supervised learning literature

for time series data adopts contrastive learning. Previous works propose different

strategies to choose the positive and negative pairs to improve the quality of the

learned representations. Additionally, most works attempt to learn the temporal

relations within time series in the pretraining phase. In this section, we provide a

new time series-specific categorization for contrastive-based self-supervised learning

methods. Particularly, we categorize them into intra-sample contrastive methods,

inter-sample contrastive methods, and frequency domain contrastive methods.

Inter-sample Contrasting (Contextual Contrasting) In inter-sample contrastive learn-

ing, the model uses the input signal as a whole without splitting or windowing.

One of the well-performing visual contrastive methods is SimCLR [41], which relies

on data augmentations to define positive and negative pairs. Specifically, the pos-

itive pairs are the augmented views of an anchor sample, while the negative pairs

are all the augmented views of other samples. Many works followed SimCLR for

time series data, such as [62, 63] that apply SimCLR-like methods for sleep stage

classification and fault diagnosis tasks respectively.

Mixup Contrastive Learning (MCL) [64] proposes to replace the traditional con-

trastive loss with a mixup-based contrastive loss. Specifically, MCL generates new

mixed samples in each mini-batch using the mixup operation, and the proposed

loss predicts the mixup ratio among each pair of samples. Also, Chang et al. [65]
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propose another loss that searches for positive and negative pairs for each anchor

sample in both the input and embedding spaces. The contrastive loss is then

applied to the selected triplet to learn a causal temporal CNN.

Intra-sample Contrasting (Temporal Contrasting) Intra-sample contrastive meth-

ods aim to learn the temporal relations in time series data in the pretraining phase.

To do so, they process the signal at the timestep level, either in the embedding

space or in the input space. One of the earliest works is Contrastive Predictive

Coding (CPC) [53], which learns the temporal relations by splitting the embed-

ding space of the signal into a past part and a future part. Then, an autoregressive

model is trained to produce a context vector from the past part and use it to pre-

dict the future part using contrastive learning. Similarly, SleepDPC [66] generates

multiple context vectors and uses each one to predict the next timestep in the fu-

ture part for the sleep stage classification task. Lastly, ContrNP [67] replaces the

autoregressive model used by CPC with a neural process.

Other methods learn the temporal relations among timesteps in the input space.

For example, Temporal Neighborhood Coding (TNC) [68] assumes that the dis-

tribution of one window of timesteps is similar to its neighboring windows and

can be more distinguishable than the non-neighboring windows. Therefore, TNC

forms positive pairs among neighboring windows and negative pairs among non-

neighboring windows. Another example is TS2Vec [69], which applies data aug-

mentation on the input signal and considers the current timestep from the aug-

mented views as positives, while the different timesteps from the same time series

are considered as negatives.

Frequency Domain Contrastive Methods A recent trend in time series contrastive

learning is to utilize the frequency domain characteristics in representation learn-

ing, which is one main distinguishing properties of time series data. For instance,

Bilinear Temporal-Spectral Fusion (BTSF) [70] applies an iterative bilinear fusion

between feature embeddings of both time and frequency representations of time

series. Specifically, BTSF generates different views of time series and applies itera-

tive aggregation modules to perform cyclic refinement to the temporal and spectral

features. Similarly, both STFNets [71] and TF-C [72] apply time domain and fre-

quency domain augmentations, and push the time domain and frequency domain

representations of the same sample closer to each other while pushing them apart

from representations of other signals.
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Existing approaches used either temporal or global features. Differently, we ad-

dress both types of features in our cross-view temporal and contextual contrasting

modules. These modules rely on different views for input data that we provide via

time-series-specific augmentations.

2.2.2 Semi-supervised Learning for Time Series

Semi-supervised learning is a type of learning that involves training a model using

both labeled and unlabeled data. It is used in situations where it is difficult or

expensive to obtain a large amount of labeled data and only a few labeled samples

are available with a large amount of unlabeled data. One of the challenges in

semi-supervised learning is how to achieve the best balance of learning from both

labeled and unlabeled samples. In this section, we categorize the semi-supervised

learning approaches into self-training-based methods and generic regularization-

based methods.

2.2.2.1 Self-training Methods

Self-training involves assigning labels to the unlabeled data to train the model. It

can be implemented either by pseudo-labeling or self-supervised pretraining.

Pseudo Labeling Pseudo labeling utilizes the few labeled data to train the

model and create pseudo labels for the unlabeled data that are likely to be correct.

The common way to create pseudo labels is to apply the softmax function on the

model predictions. For example, Wang et al. [73] generated pseudo labels from the

model predictions to the unlabeled data and used least-square regression to learn

both shapelets and classification boundaries. Another way is to use clustering

techniques as in SUCCESS [74], which proposed a hierarchical clustering scheme

to assign pseudo labels to samples according to their respective clusters. SUCCESS

calculated the distance to centroids based on the dynamic time warping (DTW)

distance metric.

A different way of utilizing the pseudo labels is proposed in FixMatch [75], which

applied two augmentations to the image data, where one augmentation is weak and

the other is strong. Then, if the prediction of the weak-augmented view is beyond a
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threshold value, it uses its pseudo label for the strong augmented view. By showing

success with image data, several methods applied FixMatch-like approaches on time

series data, e.g., PARSE [76] for EEG-based emotion recognition. Also, SelfMatch

[77] used Gaussian noised signals as a weak augmentation and timecut as a strong

augmentation. It also applied self-distillation to guide the lower-level blocks of the

feature extractor with the knowledge obtained in the output layer.

Self-supervised Learning Instead of pseudo-labeling the unlabeled portion of

the data, we can leverage self-supervised learning to learn their representations,

and then fine-tune the pretrained model with the available labeled portion. For

example, Jawed et al. [78] proposed a forecasting task on the unlabeled data to

provide a substitute supervision signal. This task had been jointly optimized along

with the supervised task on the labeled part of the data. In addition, iTimes [79]

learned from unlabeled samples by applying several transformations to the time

series via irregular time sampling techniques and learns the model to predict the

transformation type to learn the temporal structure.

Contrastive learning has also been widely used for self-supervised pretraining in

semi-supervised learning. For example, SemiTime [80] used contrastive learning

by splitting the signal into two parts, i.e., past and future parts. It formed positive

pairs among the past and the future parts of the same signal, and negative pairs

between the past of the signal and the future of other signals. Moreover, MtCLSS

[81] applied contrastive learning between the feature representations of the labeled

and unlabeled EEG samples for the sleep stage classification problem. Last, Semi-

DeepConvNet [82] used a SimCLR-like contrastive learning technique to learn from

EEG-based motor imagery data. It also eliminated the bias in the data from the

different subjects by using an adversarial training scheme.

2.2.2.2 Generic Regularization

Apart from self-training, another stream of methods adopts different techniques to

learn from data, e.g., ensembling and generative models.

Ensemble-based Methods These methods train two or more models sepa-

rately on the same or on different views of the data. For example, TEBLSTM
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[83] proposed temporal ensembling for human activity recognition data based on

an LSTM model. In addition to the supervised cross-entropy loss on the labeled

samples, they trained the unlabeled data by comparing their predictions with the

ensembled predictions of the past epochs. Moreover, Chen et al. [84] clustered

labeled samples using k-means to train multi-modal classifiers. If the ensemble

of these classifiers reaches an agreement on predicting an unlabeled sample, it is

assigned a label and added to the labeled set. The newly labeled samples are then

added to the training set and the models are retrained on the expanded dataset.

Reconstruction-based Methods These methods train the model to recon-

struct input data from a latent representation assuming that the model will learn

useful representations from this process. For example, HCAE [85] trained an au-

toencoder on industrial motor bearing datasets to reconstruct the spectrogram of

the signals. They trained a supervised loss on the labeled samples besides the

reconstruction loss. Similarly, AnoVAE [86] trained a variational autoencoder on

normal EEG signals and marked the anomalous signals by the trained model as

seizures. Also, SMATE [87] employed a reconstruction loss to learn from data,

used the labeled samples to create centroids, and then classified the unlabeled data

according to their distance from the centroids.

Moreover, other methods used GANs to reconstruct and learn from data. For

example, REG-GAN [88] is a semi-supervised regression method that uses GAN to

learn representations by regenerating the signals of the whole data and applying

supervised regression loss on the labeled part. SRGAN [89] proposed a GAN model

to learn useful information from suspension histories to improve the remaining

useful life prediction performance of industrial machines.

2.3 Cross-domain Learning from Distributionally-

shifted Domains

Cross-domain learning refers to training a model on a labeled domain (i.e., the

source domain), and transferring the knowledge to a related domain (i.e., the target

domain), which is the domain of interest. This is a challenging problem, particu-

larly when the source and target domains are sampled from different distributions.
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There are three main learning paradigms under this category. The first is transfer

learning, which is used when only a few labeled data are available in the target

domain, while more label information is provided in the source domain. The model

can be pretrained on the source domain data, and then directly fine-tuned with the

few labeled samples in the target domain [90]. Transfer learning can be particularly

impactful in time series applications that include multiple users/subjects, such as

healthcare or human activity recognition. In such cases, we can improve the model

performance on new unseen users with transfer learning instead of training the

model from scratch [91]. For example, Li et al. [92] propose to train a single-channel

neural network using single-channel data from the source domain on human activity

recognition datasets. Then, they replicate these multiple single-channel nets for

each target domain channel, showing improved performance.

The second is the Unsupervised Domain Adaptation (UDA) approach, which is

considered as a subset of transfer learning, that can be used when no target do-

main labels are available and a distribution shift exists between source and target

domains. UDA adapts a model trained on a labeled source domain to a shifted

unlabeled, but related, target domain, to minimize the domain shift. The third

is the semi-supervised domain adaptation, where we adapt a model trained on a

source domain to a related out-of-distribution target domain, in which only a small

amount of labeled data is available for the target domain. The labeled samples in

the target domain can be helpful in two aspects. First, it can be used to select the

best target model hyperparameters. Second, these samples can be used to boost

the adaptation performance of the model.

This thesis primarily focuses on the problem of unsupervised domain adaptation,

which aims to address label-scarce scenarios by training a model on a labeled source

domain and then adapting it to the target domain of interest. The importance of

unsupervised domain adaptation (UDA) has emerged with the recognition that

deep learning models tend to underperform when the training and testing data

are drawn from different distributions, a phenomenon commonly referred to as the

domain shift problem. In real-world time series applications, training and testing

data can significantly differ in their temporal characteristics and working condi-

tions, making the domain shift problem particularly relevant. UDA approaches

seek to mitigate the domain shift problem by adapting a model trained on a la-

beled source domain to a shifted unlabeled target domain.
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Figure 2.2: (a) Direct Transfer (DT) fails due to the domain shift, and (b)
Unsupervised Domain Adaptation (UDA) solves the domain shift problem.

To provide further clarity, consider Fig.2.2(a), which depicts the Direct Transfer

approach where the source-pretrained model is directly applied to the target data.

Due to the domain shift, the target domain data may not be well-classified, re-

sulting in significant performance degradation of deep learning models. However,

UDA strategies aim to address the domain shift by adapting the model trained on

the source domain to the target domain, as demonstrated in Fig.2.2(b).

UDA can be broadly classified into two categories: distance-based methods and

adversarial-based methods. Distance-based methods employ a distance measure,

such as maximum mean discrepancy (MMD) [93] and correlation alignment (CORAL)

[94], to gauge the distribution shift between the source and target domains. These

methods aim to align the feature distributions of the two domains by minimizing

the distance between them. Adversarial-based UDA methods, on the other hand,

train a discriminator model to produce features that are indistinguishable between

the source and target domains, typically using an adversarial loss [95].

Despite the extensive literature on UDA for visual applications [96–98], it remains

relatively unexplored for time-series data. In the following subsections, we first

discuss the earliest works in UDA and then delve into those explicitly proposed for

time-series data.
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2.3.1 Factors Influencing Covariate Shift in Time Series

Data Across Domains

Distribution shifts in time series data are ubiquitous across various domains, and

understanding the factors leading to these shifts is crucial for accurate and robust

analyses. Some of the key factors leading to this distribution shift include:

• Differences among subjects/patients: this includes any source of sen-

sory data from human subjects. In healthcare systems, patients with different

health conditions, stages of diseases, or genetic predispositions might show

varied physiological responses. For instance, ECG readings from a healthy

individual will differ significantly from someone with cardiac ailments. Also,

in human activity recognition, different people have distinct ways of per-

forming activities. For example, two individuals climbing stairs might have

different stride lengths, speeds, and rhythms, leading to distribution shifts

when comparing their data.

• Instrumental differences: Different instruments might have slight vari-

ations in calibration, causing shifts in recorded data. For instance, blood

pressure measured using two different devices might vary slightly. In addi-

tion, devices capturing data might have different sampling rates, leading to

time series data with varying granularity. For example, one accelerometer

might capture data every second, while another might capture every half

second.

• Sensor placement: The location and orientation of sensors can change the

way activities are recognized. For instance, an accelerometer on the wrist

might record different data patterns compared to one placed on the ankle.

• Operational environment changes: Variations in environmental condi-

tions such as temperature, humidity, or even the quality of raw materials can

alter the performance of machines, leading to distribution shifts.

Building on the aforementioned scenarios, it’s evident that time series data, es-

pecially in domains like healthcare, manufacturing, and activity recognition, are

susceptible to covariate shifts, which is our focus in this thesis. Covariate shift

assumes that while the distribution of the features (P (X)) may change between
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the source and target domains, the conditional distribution P (Y |X) remains the

same. In other words, the way the features relate to the labels doesn’t change, even

though the distribution of the features themselves might. Covariate shift encapsu-

lates the very essence of these changes in feature distributions between the training

(source) and test (target) data while maintaining a consistent relationship between

the features and outcomes. For instance, while the readings from different health

statuses or machine states represent disparate feature distributions, the intrinsic

link between these features and their corresponding outcomes or labels remains

stable. This type of shift emphasizes the need for domain adaptation techniques

that can align these distributions to ensure model generalizability. Addressing co-

variate shift is particularly crucial in time series data due to the sequential nature

of the data, where temporality can accentuate distributional discrepancies. By

identifying and mitigating covariate shift, we can harness the underlying shared

structure between source and target domains, thereby enhancing the robustness

and applicability of predictive models across diverse settings.

2.3.2 Unsupervised Domain Adaptation Approaches

2.3.2.1 Distance-based UDA Methods

Some of the UDA methods proposed for images focused on matching the statis-

tical distribution of embeddings to learn domain invariant representations. For

example, DDC [99] trained an adaptation layer to jointly optimize classification

performance and domain invariance based on MMD. Also, HoMM [100] explored

aligning higher-order statistics for domain matching. DSAN [101] proposed local

MMD to align relevant subdomain distributions. Last, the concept of manifold cri-

terion was introduced as a distance measure to validate the distribution matching

across domains [102].

2.3.2.2 Adversarial UDA Methods

Adversarial training is the most widely adopted UDA paradigm for visual UDA.

For example, DANN [103] proposed a gradient reversal layer. DIRT-T [104] added

iterative refinement training to improve the adversarial training. CDAN [105] ap-

plied the adversarial adaptation to the information conveyed from the classifier
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predictions. Wang and Zhang [106] proposed a re-weighted adversarial domain

adaptation with a triplet loss on the confusing domain to leverage both source sam-

ples and pseudo-labeled target samples. Xu et al. [107] included mixup operation

on instance- and feature-level to improve the adversarial training. Also, Kang et al.

[108] included contrastive learning to enhance the performance of their adversarial

training. For video UDA, Sahoo et al. [109] proposed to contrast the embeddings of

unlabeled videos at different speeds with a background mixing mechanism. While

these UDA techniques are proposed for visual applications, the problem of unsu-

pervised domain adaptation for time-series data remains relatively under-explored,

which is our focus in this work.

2.3.2.3 Other UDA Methods

Since distance-based and adversarial-based methods can suffer from several draw-

backs, existing research developed other techniques to adapt source and target

domains. For example, Zhang et al. [110] exploited the importance-reweighting

techniques, which assigns weights to samples in the source domain to reduce the

distribution discrepancy with the target domain. Methods like Kernel Mean Match-

ing (KMM) and the Maximum Mean Discrepancy (MMD) criterion utilize this

approach.

In addition, other methods attempt to maintain consistent mappings between

source and target domains. For example, Cycada method [111] aims to guide trans-

fer among domains based on a specific discriminative task. It avoids divergence by

enforcing consistency of the relevant semantics before and after adaptation.

In some other scenarios, where the label distribution varies significantly between the

source and target domains, some approaches attempt to achieve intra-class align-

ment. This approach aims to minimize the discrepancies within each class across

domains. Therefore, in cases of class imbalance, intra-class alignment techniques

can be more beneficial. To achieve that, Li et al. [112] proposed a reweighting

network to produce hard labels, class-level weights for source features, and soft

labels. These allow to produce instance-level weights for the target features.
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2.3.3 Unsupervised Domain Adaptation for Time Series

Few works were proposed for time-series UDA, despite its importance in many

real-world applications.

2.3.3.1 Distance-based Methods

Some time series UDA methods found the distance measure to be less effective in

mitigating the large distribution shift, and they attempted to modify these distance

measures to achieve better performance. For example, AdvSKM [113] refines the

MMD measure to be suitable for time series, by updating the inner kernel of MMD

to become a hybrid spectral kernel network. In addition, Ott et al. [114] pretrain the

model on the unlabeled target domain data, then train an optimal transport jointly

with CORAL to transform the source to the target domain. They also measure

the class-wise similarity between the source and target embeddings to select the

best transformation and use it to classify transformed embedding with the target

domain model. Also, SASA [115] considers the variant information in time series

and learns the sparse associative structure by studying the causal structure of time

series variables, building on top of an LSTM architecture.

2.3.3.2 Adversarial UDA Methods

Similar to image data, adversarial-based methods are found to be more efficient for

time series UDA. In these methods, the source and target data are passed through

a discriminator network, which is trained to make the two domains indistinguish-

able. The common architecture for this discriminator is either a fully connected or

a CNN-based network. However, SLARDA [116] proposed an autoregressive do-

main discriminator that considers the temporal features when distinguishing source

and target domains. It also pretrains the encoder with a forecasting task to boost

the performance. Finally, a mean-teacher model is used to learn the fine-grained

class distribution of the target domain. In most works, the feature extractor ar-

chitecture is usually shared between source and target domains. However, Domain

Adaptation Forecaster (DAF) [117] used an unshared feature extractor and a shared

attention-based architecture for time series UDA forecasting. The shared attention

module keeps the domain-specific features, and the domain discriminator leverages
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the attention output to perform the adversarial training. Also, ContrasGAN [118]

leveraged a bidirectional GAN to adapt the source and target domains with two

unshared generators and discriminators to regenerate samples between domains.

They also discriminated classes by leveraging contrastive learning with adaptation

to minimize the intra-class discrepancy. To benefit from the availability of multiple

source domains in human activity recognition, CoDATS [119] proposed a weakly

supervised multi-source UDA. It learned domain invariant features with adversarial

training, based on a gradient reversal layer (GRL) to flip the gradients when being

back-propagated. Adversarial-based UDA methods are computationally expensive

and can be more difficult to implement than distance-based UDA methods. How-

ever, they are more effective at reducing the large domain shift between source and

target domains.

2.4 Use Case — Sleep Stage Classification

In this section, we examine sleep stage classification, being on the time series

applications, and review the prior research conducted to address the deep learning-

related issues discussed earlier. This is particularly relevant because we proposed

works specifically for the sleep stage classification problem.

2.4.1 Representation Learning

2.4.1.1 Feature Extraction

The first studies adopted conventional machine learning methods to classify EEG

signals into corresponding sleep stages. These methods usually consist of two steps,

namely, manual feature extraction and sleep stage classification. First, they de-

signed and extracted various manual features from time and frequency domains.

Feature selection algorithms are often applied to further select the most discrimina-

tive features. Second, the selected features are then fed into conventional machine

learning models for sleep stage classification, such as Naive Bayes [120], support

vector machines [121, 122], random forests [7, 123], or ensemble learning based

classifiers [124]. However, these methods require domain knowledge to extract the

best representative features.
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The deep learning-based automatic sleep stages classification studies have designed

convolutional neural networks (CNNs) [125–130]. For example, successive convo-

lution and pooling layers with fully connected layers were used to perform this

classification task in [125]. Sors et al. [126] used 12 convolution layers together

with 2 fully connected layers. Additionally Chambon et al. [128] used 2D convo-

lution along with MaxPooling layers to classify the raw data from three channels

(i.e., EEG, EOG, and EMG). Sokolovsky et al. [127] designed a relatively deep

CNN architecture to show that a better performance can be achieved by relying on

network depth. Phan et al. [129] converted each raw signal into log-power spectra

and used a CNN to perform a joint classification and prediction task for identifying

sleep stages. Generally, the CNN models above have achieved good performance

for sleep stage classification.

2.4.1.2 Learning Temporal Relations

Recurrent Neural Networks (RNNs) were proposed to capture temporal dependen-

cies in time-series EEG data. For example, Michielli et al. [131] used a cascaded

RNN architecture to classify sleep stages. Some researchers combined CNN with

RNN by using CNN for feature extraction and RNN for modeling the time depen-

dencies [11, 132–134]. For example, Supratak et al. [11] used a CNN architecture to

extract features from the raw data, and then exploited the long short-term memory

(LSTM) to learn transition rules through sleep stages. Similarly, Malafeev et al.

[134] used successive blocks of CNN followed by LSTM to classify raw EEG sig-

nals. In addition, Mousavi et al. [135] used an LSTM-based encoder-decoder with

an attention mechanism after the encoder to find out the most relevant parts in

input sequences. Recently, some works used the attention mechanism completely

instead of using RNN. For example, Zhu et al. [136] segmented the EEG epochs

and used self-attention to learn both intra-epoch features and inter-epoch temporal

features.

2.4.2 Self-supervised Learning

The success of SSL in computer vision applications motivated their adoption for

sleep stage classification. For example, Mohsenvand et al. [137] and Jiang et al. [62]

proposed SimCLR-like methodologies and applied EEG-related augmentations for
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sleep stage classification. Also, Banville et al. [58] applied three pretext tasks, i.e.,

relative positioning, temporal shuffling, and contrastive predictive coding (CPC)

to explore the underlying structure of the unlabeled sleep EEG data. The CPC

[53] algorithm predicts the future timesteps in the time-series signal, which moti-

vated other works to build on it. For example, SleepDPC [66] solved two problems,

i.e., predicting future representations of epochs, and distinguishing epochs from

other different epochs. In addition, SSLAPP [138] developed a contrastive learn-

ing approach with attention-based augmentations in the embedding space to add

more positive pairs. Last, CoSleep [139] and SleepECL [140] are yet another two

contrastive methods that exploit information, e.g., inter-epoch dependency and fre-

quency domain views, from EEG data to obtain more positive pairs for contrastive

learning.

2.4.3 Unsupervised Domain Adaptation

Few works have been proposed for UDA in the sleep stage classification problem.

For example, Zhao et al. [141] proposed an adversarial UDA based on a domain

discriminator and multiple classifiers fed from the different feature extractor layers.

Also, Nasiri and Clifford [142] used adversarial training along with local and global

attention mechanisms to extract the transferable individual information. Yoo et al.

[143] proposed using adversarial domain adaptation with three discriminators; one

for global alignment and two for stage and subject discrimination.

2.5 Summary

This thesis chapter reviews the time series representation learning in general be-

sides some methods towards label-efficient representation learning. The chapter

begins by discussing the deep learning model architectures including convolutional

neural networks, recurrent neural networks, and attention mechanisms. Next, we

introduce self-supervised learning, as a technique to learn useful representations

from unlabeled data. We discuss its categories, i.e., the auxiliary tasks, contrastive

learning, and downstream tasks. Next, we cover semi-supervised learning for time

series, which includes pseudo-labeling, self-supervised learning, and generic regular-

ization methods. After that, we discuss building generalizable cross-domain deep
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learning methods for time series, in which we attempt to mitigate the domain shift

among distribution-shifted domains. Finally, the chapter discusses a use case of

sleep stage classification, including how previous works in this application attempt

to learn representations. We discussed feature extraction, learning the temporal

relations, and addressing class imbalance. It also covers self-supervised learning

and unsupervised domain adaptation work.





Chapter 3

An Attention-based

Representation Learning for Sleep

Stage Classification

In this chapter 1, we delve into the sleep stage classification problem, which is one

of the applications of time series. Automatic sleep stage classification is crucial to

measure sleep quality accurately. Specifically, in this chapter, we focus on classify-

ing single-channel EEG signals that represent the time-stamped readings of brain

signals for a subject while sleeping.

Hence, we propose a novel attention-based deep learning architecture called At-

tnSleep to classify sleep stages using single-channel EEG signals. AttnSleep archi-

tecture starts with extracting high-quality features using a multi-resolution con-

volutional neural network (MRCNN) and an adaptive feature recalibration (AFR)

module. The MRCNN is designed to extract low and high-frequency features from

EEG signals, while the AFR module aims to improve the quality of the extracted

features by modeling the inter-dependencies between them. To learn the temporal

dependencies among extracted features, we introduce the temporal context encoder

(TCE) that leverages a multi-head attention mechanism supported by causal con-

volutions to learn the relations among the input features. Moreover, we address the

1The work in this chapter has been published as “An Attention-based Deep Learning Approach
for Sleep Stage Classification with Single-Channel EEG”, IEEE Transactions on Neural Systems
and Rehabilitation Engineering, 2021 [144]. Also, another part has been published as “Self-
supervised Learning for Label-Efficient Sleep Stage Classification: A Comprehensive Evaluation“,
IEEE Transactions on Neural Systems and Rehabilitation Engineering, 2023 [145].
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class-imbalance problem in the sleep data by developing a class-aware loss function

that balances the minority classes without incurring any additional computational

costs.

We evaluate the performance of our proposed AttnSleep model on three public

datasets. The results demonstrate that AttnSleep outperforms state-of-the-art

techniques in terms of different evaluation metrics. Our source codes, experimental

data, and supplementary materials are available at https://github.com/emadeldeen24/AttnSleep.

Overall, the main contributions of our proposed model in this chapter can be

summarized as follows.

1. We propose a novel feature extraction technique, i.e., a multi-resolution CNN

module, to extract features corresponding to low and high frequencies from

different frequency bands, and an adaptive feature recalibration to learn the

features interdependencies and enhance the representation capability of the

extracted features.

2. We propose a novel temporal context encoder that deploys a multi-head self-

attention with causal convolutions to efficiently capture the temporal depen-

dencies in the extracted features.

3. We design a class-aware loss function to efficiently handle the class imbalance

without introducing additional computations.

4. These novel components are supported by extensive experiments over three

public datasets. The results demonstrate that our proposed model outper-

forms the state-of-the-art methods in sleep stage classification.

3.1 Proposed Method

In this section, we introduce our proposed AttnSleep model for sleep stage classi-

fication from single-channel EEG data.

https://github.com/emadeldeen24/AttnSleep
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Figure 3.1: Overall framework of the proposed AttnSleep model for automatic
sleep stage classification.

3.1.1 Overview of AttnSleep Model

Fig. 3.1 illustrates the overall framework of our AttnSleep model. It consists of

three main blocks, namely, 1) feature extraction, 2) temporal context encoder, and

3) classification.

First, the MRCNN with two-branch CNN architectures is exploited to extract the

features from a 30-second EEG signal. In particular, it extracts high-frequency

features by the small kernel convolutions and low-frequency features by the wide

kernel convolutions. Following MRCNN, we propose an AFR module to model

the inter-dependencies among the features extracted by MRCNN. Moreover, AFR

can adaptively select and highlight the most important features, which helps to

enhance classification performance. Second, we develop a TCE module to capture

the long-term dependencies in the input features. The core component of TCE is

the multi-head attention supported by causal convolutions. Third, the classification

decision is done by a fully connected layer with a softmax activation function. We

also leverage a class-aware cost-sensitive loss function to handle the data imbalance

issue. In the following subsections, we will introduce each block in detail.

3.1.2 Feature Extraction

Fig. 3.2 shows the MRCNN and AFR modules for feature extraction from raw

single-channel EEG signals.
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Figure 3.2: The MRCNN and AFR modules for feature extraction. Each
convolution block is followed by a Batch Normalization.

3.1.2.1 Multi-Resolution CNN

To extract different types of features, we develop a multi-resolution CNN architec-

ture as shown in Fig. 3.2. We implement two branches of convolutional layers with

different kernel sizes, where the choice of the kernel sizes is related to the sampling

rate of the EEG signals and aims to explore different frequency bands. This is

inspired by some previous works that used multiple CNN kernel sizes to extract

different frequency features (i.e., low- and high-frequencies) such as [146, 147].

Additionally, different sleep stages are characterized by different frequency ranges

[7], and thus, it is becoming important to address different frequency bands to

improve the extracted features. Therefore, we use different kernel sizes to capture

different ranges of timesteps and hence address features from different sleep-related

frequency bands. To further explain this, we consider a dataset with a sampling

rate of 100 Hz (100 timesteps are sampled in one second) to justify the selection

of the kernel sizes of the two branches. First, the wide kernel (with a kernel of

400) captures timesteps with 4-second windows and thus captures a whole cycle of

the sinusoidal signal down to ∼0.25 Hz (T = 1/F ). This range corresponds to the
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delta band. Second, for the smaller kernel (with a kernel of 50), each convolution

window captures 50 samples (0.5 seconds), thus it will be able to capture a whole

cycle of the sinusoidal signal down to ∼2 Hz, which means that data corresponds

to alpha and theta bands.

On the other hand, such a combination of features is important for the non-

stationary characteristic of EEG signals that requires exploring different kinds of

features. As shown in Fig. 3.2, each branch consists of three convolutional lay-

ers and two max-pooling layers, where each convolution layer includes a batch

normalization layer [148] and uses a Gaussian Error Linear Unit (GELU) as the

activation function. In particular, Conv1D (64, 50, 6) in Fig. 3.2 refers to using a

1D convolution layer with 64 filters, a kernel size of 50, and a stride of 6. Similarly,

MaxPooling (8, 2) refers to a max-pooling layer with a kernel size of 8 and a stride

of 2. To reduce overfitting, we also apply dropout after the first Maxpooling in

both branches and after the concatenation of both branches as shown in Fig. 3.2.

3.1.2.2 Adaptive Feature Recalibration (AFR)

AFR aims to recalibrate the features learned by MRCNN to improve its perfor-

mance. In particular, the AFR models the inter-dependencies between the features

and adaptively selects the most discriminative features through a residual squeeze

and excitation (residual SE) block [149]. The SE block helps the lower layers of

the network to exploit more contextual information outside its local receptive field

by a context-aware mechanism. In the residual SE block, we implement two con-

volutions Conv1D (30,1,1) with both the kernel and stride size as 1 and ReLU as

the activation function. Given a feature map I ∈ RL×d learned by MRCNN, we

apply two convolution operations to I such that F = Conv2(Conv1(I) ), where

F = {F1, ..., FN} ∈ RN×d, N is the total number of features, d is the length of Fi

(1 ≤ i ≤ N), and Conv1 and Conv2 are the two convolution operations in AFR

module.

Next, the global spatial information is squeezed by using adaptive average pooling

that shrinks F ∈ RN×d to s = {s1, ..., sN}, where si is the average of the d data

points in Fi ∈ Rd, 1 ≤ i ≤ N . Two fully connected (FC) layers are then applied to

make use of the aggregated information. In particular, the first layer is followed by a

ReLU activation function to perform dimensionality reduction, and the second layer
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is followed by a smoothing sigmoid activation function to perform dimensionality

increasing as shown in Equation 3.1.

e = σ(W2 (δ(W1(s)))) ∈ RN×d, (3.1)

where σ and δ refer to sigmoid and ReLU activation functions respectively, and W1

and W2 represent the two FC layers in AFR. Then, the feature map F is scaled by

e as follows:

O = F ⊗ e ∈ RN×d, (3.2)

where ⊗ refers to the point-wise multiplication between F and e. We also add

a shortcut connection to combine the original input I with the enhanced selected

features learned from the residual SE block. The final output of the AFR module

is:

X = I + O ∈ RN×d. (3.3)

Note that we use the GELU activation function in the MRCNN module as it

allows some negative weights of the input to pass through. These negative weights

might be important for the following AFR module, leading to different decisions.

Compared to ReLU, GELU should perform better, as ReLU suppresses all the

negative weights to zeros, and thus the AFR module will not be able to make

use of them. However, we use ReLU in the AFR module itself as ReLU aims to

avoid exploding/vanishing gradient besides making the computations faster and

easier to converge [150]. On the other hand, GELU can be a better choice over

some other activation functions that also pass negative values, such as Leaky-ReLU

and PReLU. The reason is that these activation functions allow strong negative

activations to generate undesirable impacts on the sum of activations feeding the

next layers, which generates undesirable effects. Differently, GELU shows more

control to bind the effect of these negative activations.

3.1.3 Temporal Context Encoder (TCE)

The TCE layer aims to capture temporal dependencies in the input features. As

shown in Fig. 3.1, the TCE layer consists of a multi-head attention (MHA) layer,

a normalization layer, and two FC layers. Moreover, TCE stacks two identical

structures to generate the final features. As the attention mechanism is a key part
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of the TCE module, we first introduce the self-attention mechanism, and then we

introduce each component in the TCE layer.

3.1.3.1 Self-Attention

We use self-attention to quantify the interdependence within input features, at

which higher weights are assigned to the regions of interest according to each

position in the input, while lower weights are assigned for less interesting regions.

In particular, given an input z = {z1, ..., zN} ∈ RN×d where N is the total number

of features, and d is the length of xi, 1 ≤ i ≤ N , this input is transformed into

another space using a transforming function ϕ(·). In our AttnSleep model, ϕ(·) is

a causal convolution function.

Next, we calculate a score αij that indicates the weight at which i-th position is

attending to j-th position, as follows:

αij =
exp (sij)∑d
k=1 exp (sik)

, (3.4)

sij = ϕ(zi)ϕ(zj)
⊺. (3.5)
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Figure 3.3: Structure of proposed Multi-Head Attention.
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Each attention output element ai is computed as a weighted sum of the transformed

input elements:

ai =
d∑

j=1

αijϕ(xj). (3.6)

The output of the attention layer is A = (a0, a1, . . . , ad) ∈ RN×d.

3.1.3.2 Multi-Head Attention (MHA)

MHA is inspired by the Transformer model [37], which shows great success in

machine translation applications due to its ability to learn long-range relationships

in sentences [151]. MHA improves self-attention in two main aspects. First, it

expands the model’s capability to focus on different positions, as the encoding of

each head knows about the encodings of the other heads as well. This improves

the model’s ability to learn temporal dependencies. Second, splitting the input

features into different partitions increases the representation subspaces. Therefore,

the generated attention weights for each subspace are more representative of the

importance of each partition, and concatenating these representations produces

better overall representation, which enhances the classification accuracy. In our

AttnSleep model, MHA leverages the causal convolutions to encode the positional

information of input features and capture their temporal relations. The causal

convolutions have the advantage of fast and parallel processing, which significantly

reduces the model training time compared with RNNs. Next, we illustrate how

MHA works in our AttnSleep model.

The output of the AFR module denoted as X = {x1, ..., xN} ∈ RN×d, serves as the

input of MHA as shown in Fig. 3.3. Here, N is the total number of features, and

d is the length of xi, 1 ≤ i ≤ N . More specifically, MHA takes three duplicates of

X as inputs. First, the causal convolutions generate X̂ from X, i.e., X̂ = ϕ(X).

Second, we pass the three matrices of X̂ to calculate the attention in Equation 3.7

according to [37].

ATT (X̂, X̂, X̂) = Softmax(
X̂ · X̂T

√
d

) · X̂, (3.7)

where (·) is the multiplication operation.
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We further expand the attention over H heads for each of the three matrices.

In particular, each matrix X̂ is split into H subspaces, i.e., X̂ = {X1, · · · , XH},

X̂h ∈ RN× d
H , 1 ≤ h ≤ H. In each subspace h, we calculate the attention Ah

similarly in Equation 3.8.

Ah = ATT (X̂h, X̂h, X̂h) ∈ RN× d
H . (3.8)

Finally, all the H representations are concatenated together to produce the final

output as follows:

MHA(X̂, X̂, X̂) = Concat(A1, · · · , AH) ∈ RN×d. (3.9)

3.1.3.3 Add and Normalize layer

The TCE has two Add & Normalize layers, which add the output of the previous

layer to the input of that layer through a residual connection, and then normalize

the sum. This operation can be expressed as LayerNorm(x+SubLayer(x)), where

LayerNorm refers to applying layer normalization [152], SubLayer refers to either

the MHA or the two FC layers as shown in Fig. 3.1, and x is the input of the

SubLayer. Using the residual connections helps the model to utilize the lower-layer

features by propagating them to the higher layers if they are useful. Additionally,

the normalization operation helps to speed up the training process.

3.1.3.4 Feed-Forward layer

The outputs of the MHA layer are fed into a feed-forward neural network, which is

a combination of two FC layers. This layer employs the ReLU activation function

to break the nonlinearity in the model and consider the interactions among latent

dimensions. This operation can be modeled as Fout = W4( δ(W3(x)) ), where W3

and W4 refer to the two FC layers in the TCE module, as shown in Fig. 3.1.
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3.1.4 Class-aware Loss Function and Optimization

Basically, we can apply the standard multi-class cross-entropy in Equation 3.10 as

the loss function for our model.

L = − 1

M

K∑
k=1

M∑
i=1

yki log(pk
i ), (3.10)

where yki is the actual label for i-th sample and pk
i is the predicted probability of i-

th sample for the class k, M is the total number of samples and K is the number of

classes. Note that various sleep datasets are imbalanced, i.e., the amount of data

for each class varies a lot. The loss function in Equation 3.10 equally penalizes

the miss-classification of all the classes, and thus the trained model may be biased

towards the majority classes.

We propose a class-aware loss function to address the above issue, which uses a

weighted cross-entropy loss as follows:

L = − 1

M

K∑
k=1

M∑
i=1

wk y
k
i log(pk

i ), (3.11)

wk = µk ·max(1, log(µkM/Mk)), (3.12)

where wk represents the weight assigned to the class k, µk is a tunable parameter,

and Mk is the number of samples in class k.

The choice of the class weight wk relies on two factors i.e. the number of samples

of this class (controlled by M/Mk), and the distinctness of this class (controlled by

µk). By analyzing the public sleep data, we can reach out to two conclusions. First,

class N2 has a large number of samples, while classes N1 and N3 have much fewer

samples (i.e., N1 and N3 are minority classes). Second, we observe that signals of

N3 have significantly higher magnitudes than other classes as shown in Fig. 3.4.

Hence, the model can easily make correct predictions for N3 samples. Meanwhile,

N1 samples are not distinguishable from those in classes N2 and REM as shown in

Fig. 3.4. Therefore, we assign the highest µk to N1, the lowest to N3, and assign

similar values to the other three classes W, N2, and REM as follows.
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Figure 3.4: The amplitude of the extracted features differs among the five
classes. This snapshot is from the Sleep-EDF dataset [1].

µk =


a/K k = N3

b/K k = W,N2, REM

c/K k = N1

where a, b, c are hyperparameters that change for each dataset. To fulfill the above

recommendation, we chose a < b < c. Note that we use µk to scale down the M/Mk

value so we keep the values of µk less than 1 by dividing them by K. As such, the

values of a, b, c are better to be kept less than K to scale down the weights.

Finally, we use Adam [153] as the optimizer to minimize our class-aware loss in

Equation 3.11 and learn model parameters.

3.2 Experimental Results

In this section, we first introduce the experimental setup. Then, we demonstrate

the evaluation results of our proposed AttnSleep.
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Table 3.1: Details of three datasets used in our experiments (each sample is a
30-second epoch).

Datasets #Subjects EEG Channel Sampling Rate W N1 N2 N3 REM #Total Samples

Sleep-EDF 20 Fpz-Cz 100 Hz
8285 2804 17799 5703 7717

42308
19.6% 6.6% 42.1% 13.5% 18.2%

Sleep-EDF-78 78 Fpz-Cz 100 Hz
65951 21522 69132 13039 25835

195479
33.7% 11.0% 35.4% 6.7% 13.2%

SHHS 329 C4-A1 125 Hz
46319 10304 142125 60153 65953

324854
14.3% 3.2% 43.7% 18.5% 20.3%

3.2.1 Datasets and Evaluation Metrics

In our experiments, we used three public datasets 2, namely, Sleep-EDF, Sleep-

EDF-78, and Sleep Heart Health Study (SHHS) as shown in Table 3.1. For each

dataset, we used a single EEG channel for various models in our experiments.

Sleep-EDF and Sleep-EDF-78 were obtained from the PhysioBank [1]. Sleep-EDF

contains data files for 20 subjects, while Sleep-EDF-78 is an expanded version

with 78 subjects. The participants were involved in two studies. The first is

Sleep Cassette (SC* files), which studies age effects on sleep and was conducted

on healthy participants aged from 25 to 101 years. The second is Sleep Telemetry

(ST* files), which addressed the temazepam effects on sleep in 22 Caucasian males

and females without having any other medication. For these two datasets, each

PSG file contains two EEG channels (Fpz-Cz, Pz-Oz) with a sampling rate of 100

Hz, one EOG channel, and one chin EMG channel. Following previous studies

[125, 127, 129, 130, 154], we adopted the data from the Sleep Cassette study and

used the single Fpz-Cz channel as the input for various models in our experiments.

SHHS [155, 156] is a multi-center cohort study of the cardiovascular and other

consequences of sleep-disordered breathing. The subjects suffer from various dis-

eases including lung diseases, cardiovascular diseases, and coronary diseases. To

minimize the impact of these diseases, we followed the study in [157] to select

subjects, who are considered to have regular sleep (e.g., Apnea Hypopnea Index

or AHI less than 5). Eventually, 329 out of 6,441 subjects were selected for our

experiments. Notably, we selected the C4-A1 channel with a sampling rate of 125

Hz. For the three datasets, we applied the following preprocessing steps. First,

we excluded any UNKNOWN stages that don’t belong to any of the sleep stages.

Second, we merged stages N3 and N4 into one stage (N3) according to AASM

2The preprocessed versions of the datasets are available on NTU Dataverse at
https://researchdata.ntu.edu.sg/dataverse/attnSleep/

https://researchdata.ntu.edu.sg/dataverse/attnSleep/
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standards. Third, we include only 30 minutes of wake periods before and after the

sleep periods to add more focus on the sleep stages [11].

We adopted four metrics to evaluate the performance of various models for sleep

stage classification, namely, the accuracy (ACC), macro-averaged F1-score (MF1),

Cohen Kappa (κ) [158], and the macro-averaged G-mean (MGm). Both MF1

and MGm are common metrics to evaluate the performance of the models on

imbalanced datasets [159]. Given the True Positives (TPi), False Positives (FPi),

True Negatives (TNi), and False Negatives (FNi) for the i-th class, the overall

accuracy ACC, MF1 and MGm are defined as follows.

ACC =

∑K
i=1 TPi

M
, (3.13)

MF1 =
1

K

K∑
i=1

2 × Precisioni ×Recalli
Precisioni +Recalli

, (3.14)

MGm =
1

K

K∑
i=1

√
Specificityi ×Recalli, (3.15)

where Precisioni = TPi

TPi+FPi
, Recalli = TPi

TPi+FNi
and Specificityi = TNi

TNi+FPi
. M is

the total number of samples and K is the number of classes or sleep stages.

We also used per-class precision (PR), per-class recall (RE), per-class F1-score

(F1), and per-class G-mean (GM) to evaluate our model. They are calculated as

in binary classification by considering one class as the positive class and the other

four classes as the negative class.

3.2.2 Scoring Performance of AttnSleep

Tables 3.2, 3.3 and 3.4 show the confusion matrices of the proposed model applied

on the Fpz-Cz channel in both Sleep-EDF datasets and on C4-A1 channel in SHHS

dataset. The confusion matrix is calculated by adding up all the scoring values of

the testing data through the 20 folds. Each row represents the number of samples

classified by experts, while each column represents the number of epochs predicted

by our model. The tables also show the per-class precision, recall, F1 score, and

G-mean value for each class.
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Table 3.2: Confusion matrix of proposed model applied on Fpz-Cz channel
from EDF-20 dataset

Predicted Per-class metrics
W N1 N2 N3 REM PR RE F1 GM

W 7432 437 109 24 283 89.6 89.7 89.7 93.5
N1 358 1097 593 6 750 47.1 39.1 42.8 61.6
N2 288 308 15769 493 941 89.1 88.6 88.8 90.3
N3 33 1 535 5119 15 90.7 89.8 90.2 94.1

REM 184 485 702 4 6342 76.1 82.2 79.0 88.0

Table 3.3: Confusion matrix of proposed model applied on Fpz-Cz channel
from EDF-78 dataset

Predicted Per-class metrics
W N1 N2 N3 REM PR RE F1 GM

W 60545 3607 565 57 1177 92.3 91.8 92.0 93.9
N1 3481 8443 6559 102 2937 45.3 39.2 42.1 60.8
N2 565 3712 59800 2027 3028 83.5 86.5 85.0 88.5
N3 31 12 2276 10686 34 82.3 82.0 82.1 90.0

REM 984 2849 2440 106 19456 73.1 75.3 74.2 85.0

Table 3.4: Confusion matrix of proposed model applied on C4-A1 channel from
SHHS dataset.

Predicted Per-class metrics
W N1 N2 N3 REM PR RE F1 GM

W 38604 2798 2188 304 2425 90.3 83.3 86.7 90.6
N1 856 3747 2385 46 3270 30.6 36.7 33.2 59.5
N2 1675 2823 123242 6891 7494 87.4 86.7 87.1 88.5
N3 214 19 7051 52695 174 87.5 87.6 87.5 92.3

REM 1405 2858 6143 308 55239 80.5 83.8 82.1 89.1

Notably, stage N1 achieves the lowest performance with the F1 less than 50%,

where it is often misclassified to classes W, REM, and N2. In counterpart, class

N3 achieves the best performance for Sleep-EDF and SHHS datasets, but it de-

creases for Sleep-EDF-78 as it is the minority class on this dataset. Most of the

misclassifications in the different datasets are with class N2 as it is the majority

class.
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3.2.3 Baselines and Experimental Setup

In our experiments, we compared our model with five baselines, namely, Deep-

SleepNet [11], SleepEEGNet [135], ResnetLSTM [160], MultitaskCNN [129] and

SeqSleepNet [154]. Brief descriptions for each baseline are as follows.

• DeepSleepNet [11] exploits a custom CNN architecture followed by an

LSTM with a residual connection for sleep stage classification.

• SleepEEGNet [135] employs the same CNN architecture as DeepSleepNet

[11] followed by an encoder-decoder with attention mechanism.

• ResnetLSTM [160] implements a ResNet architecture for feature extraction,

followed by an LSTM to classify EEG signals into different sleep stages.

• MultitaskCNN [129] starts by converting the raw EEG signals into power

spectrum images and then applies a joint classification and prediction tech-

nique using a multi-task CNN architecture for identifying sleep stages.

• SeqSleepNet [154] also converts the raw EEG signal into power spectrum

images and then uses a hierarchical RNN structure to classify multiple epochs

at once.

In particular, we used the published codes for DeepSleepNet [11], SleepEEGNet

[135], MultitaskCNN [129] and SeqSleepNet [154], and re-implemented ResnetL-

STM [160]. To evaluate the performance of various models, we adopted a subject-

wise 20-fold cross-validation by dividing the subjects in each dataset into 20 groups.

For example, subject-wise 20-fold cross-validation on the Sleep-EDF dataset with

20 subjects is thus leave-one-subject-out (LOSO) cross-validation. For each round,

we selected one group of subjects as testing data and the remaining 19 groups as

training data. Eventually, we combined the predicted sleep stages for the testing

samples from all 20 rounds to calculate various performance metrics. We chose

the neural network hyperparameters based on the performance across these folds.

In addition, we noticed that AttnSleep performance stabilizes before reaching 100

epochs, so we trained all the models for 100 epochs in each round to fairly compare

their average training time. Fig. 3.5 shows the performance graph of our model

showing both the loss and accuracy during AttnSleep training. Our model shows
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Figure 3.5: Training and testing accuracy and loss comparison for a random
fold (i.e. fold 10 on subject 16) in the Sleep-EDF dataset.

a stable performance during training, and we notice that it converges quickly. Ad-

ditionally, it can be seen that the validation loss stabilizes even with the continual

decrement in the training loss, which reflects the robustness of our model against

overfitting.

We built our model using PyTorch 1.4 and trained it on a Tesla K40 GPU. We

applied a batch size of 128, and the Adam optimizer with the learning rate starting

with 1e-3 and then reducing to 1e-4 after 10 epochs. The weight decay of Adam

was set to 1e-3, the betas (b1, b2) were used as (0.9, 0.999) respectively, the epsilon

value was 1e-08 and the amsgrad was set to true. All the convolutional layers were

initialized using a Gaussian distribution with a mean of 0 and a variance of 0.02.

For the TCE module, we used 5 heads in MHA and the dimension of each feature

d was 80 for the Sleep-EDF dataset, and 100 for the SHHS dataset because of its

higher sampling rate, and hence its longer signal length. For the two fully connected

layers, the input dimension was d and the output dimension was set to 120, and vice

versa for the second fully connected layer. A detailed description can also be found

in Table S.3 in our supplementary materials. Our source codes and supplementary

materials are publicly available at https://github.com/emadeldeen24/AttnSleep.

3.2.4 Comparison with state-of-the-art approaches

We evaluated the performance of our AttnSleep model against various state-of-

the-art approaches. We compared their performance in terms of overall accuracy,

macro F1-score, Cohen kappa, macro G-mean, and the average training time on

three datasets.

https://github.com/emadeldeen24/AttnSleep
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Table 3.5: Comparison among AttnSleep and state-of-the-art models. The
best values on each dataset are highlighted in bold.

Per-Class F1-score Overall Metrics

Dataset Method W N1 N2 N3 REM Accuracy MF1 κ MGm
Avg Training
time / fold

Sleep-EDF-20

DeepSleepNet [11] 86.7 45.5 85.1 83.3 82.6 81.9 76.6 0.76 86.9 2.5 hrs
SleepEEGNet [135] 89.4 44.4 84.7 84.6 79.6 81.5 76.6 0.75 85.3 1.5 hrs
ResnetLSTM [160] 86.5 28.4 87.7 89.8 76.2 82.5 73.7 0.76 81.8 1.2 hrs

MultitaskCNN [129] 87.9 33.5 87.5 85.8 80.3 83.1 75.0 0.77 83.1 2.6 hrs
AttnSleep (ours) 89.7 42.6 88.8 90.2 79.0 84.4 78.1 0.79 85.5 21 mins

Sleep-EDF-78

DeepSleepNet [11] 90.9 45.0 79.2 72.7 71.1 77.8 71.8 0.70 81.6 7.2 hrs
SleepEEGNet [135] 89.8 42.1 75.2 70.4 70.6 74.2 69.6 0.66 82.3 4.6 hrs
ResnetLSTM [160] 90.7 34.7 83.6 80.9 67.0 78.9 71.4 0.71 80.8 3.4 hrs

MultitaskCNN [129] 90.9 39.7 83.2 76.6 73.5 79.6 72.8 0.72 82.5 5.3 hrs
AttnSleep (ours) 92.0 42.0 85.0 82.1 74.2 81.3 75.1 0.74 83.6 1.7 hrs

SHHS

DeepSleepNet [11] 85.4 40.5 82.5 79.3 81.9 81.0 73.9 0.73 82.6 14.4 hrs
SleepEEGNet [135] 81.3 34.4 73.4 75.9 77.0 73.9 68.4 0.65 82.7 6.4 hrs
ResnetLSTM [160] 85.1 9.4 86.3 87.0 79.1 83.3 69.4 0.76 76.4 5.2 hrs

MultitaskCNN [129] 82.2 25.7 83.9 83.3 81.1 81.4 71.2 0.74 80.4 6.2 hrs
AttnSleep (ours) 86.7 33.2 87.1 87.1 82.1 84.2 75.3 0.78 84.0 2.1 hrs

Table 3.6: Comparison of the performance of AttnSleep against SeqSleepNet
with 3 epochs as input.

Per-Class F1-score Overall Metrics

Dataset Method W N1 N2 N3 REM Accuracy MF1 κ MGm
Avg Training
time / fold

Sleep-EDF-20
SeqSleepNet [154] 87.7 43.8 88.2 86.5 84.0 84.6 78.0 0.79 85.3 2.5 hrs
AttnSleep (ours) 90.3 47.9 89.8 89.0 85.0 85.6 80.9 0.80 88.2 31 mins

Sleep-EDF-78
SeqSleepNet [154] 91.8 46.0 85.0 77.5 81.0 82.6 76.3 0.76 84.3 7.3 hrs
AttnSleep (ours) 92.6 47.4 85.5 83.7 81.5 82.9 78.1 0.77 85.6 1.9 hrs

SHHS
SeqSleepNet [154] 84.2 47.3 87.2 85.4 88.6 85.6 78.5 0.80 85.4 15.2 hrs
AttnSleep (ours) 88.3 46.3 88.7 87.6 87.4 86.6 79.7 0.81 87.9 2.9 hrs

Table 3.5 shows the comparison among DeepSleepNet [11], SleepEEGNet [135],

ResnetLSTM [160], MultitaskCNN [129] and our AttnSleep. We observe that

our AttnSleep achieves better classification performance than the other four ap-

proaches, due to its powerful feature extraction module as well as the TCE with

the attention mechanism. In particular, our AttnSleep achieves better MF1 and

MGm on Sleep-EDF-78 and SHHS, indicating that the designed cost-sensitive loss

function is helpful in handling imbalanced data. In addition, we can observe that

our AttnSleep achieves lower performance for class N1 than [11, 135]. As shown in

Fig. 3.4, W, REM, and N1 have similar features in our framework. Therefore, our

AttnSleep tends to misclassify N1 as other classes including W and REM, which

is also demonstrated in the confusion matrices in Tables 3.2, 3.3 and 3.4.

Note that all the five methods in Table 3.5 use a single epoch (i.e., 30-second

EEG signal) as the model input. Differently, SeqSleepNet [154] takes 3 epochs as
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input and then predicts the label for the middle epoch. For a fair comparison,

we compare our AttnSleep with SeqSleepNet in Table 3.6 by using 3 epochs as

input. As shown in Table 3.6, our AttnSleep outperforms SeqSleepNet in terms of

all four metrics (ACC, MF1, κ, and MGm). By comparing Tables 3.5 and 3.6, we

also observe that using more epochs as input includes more temporal relations and

helps our AttnSleep model to achieve better performance.

In addition, the training time of our method is much less than other methods

as shown in Tables 3.5 and 3.6. First, DeepSleepNet [11], SleepEEGNet [135]

and SeqSleepNet [154] all exploit LSTMs which slow down the training due to

the recurrent processing in LSTM. Second, MultitaskCNN [129] and SeqSleepNet

[154] require additional computation to pre-train a DNN-based filter bank before

training the main model. Differently, our AttnSleep model captures the temporal

dependency among EEG data using TCE instead of LSTM, and can thus benefit

from parallel computation to achieve reduced training complexity.

3.2.5 Ablation Study

Note that our AttnSleep consists of MRCNN, AFR, and TCE modules together

with the class-aware loss function. To analyze the effectiveness of each module in

our AttnSleep, we present an ablation study conducted on the Sleep-EDF dataset

as shown in Fig. 3.6. Specifically, we derive five model variants as follows and the

first four variants do not use the class-aware loss function.

1. MRCNN: MRCNN module only.

2. MRCNN+AFR: MRCNN and AFR without TCE.

3. MRCNN+TCE: MRCNN and TCE without AFR.

4. MRCNN+AFR+TCE: training MRCNN, AFR and TCE together, with-

out the class-aware loss function.

5. AttnSleep: training MRCNN, AFR and TCE together, with the class-aware

loss function.
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Figure 3.6: Ablation study conducted on Sleep-EDF dataset.

We can draw the following three conclusions based on the ablation study as shown

in Fig. 3.6. First, AFR can enhance the classification performance, which demon-

strates the necessity of modeling the feature inter-dependencies. This is further

demonstrated by comparing the third and fourth variants (i.e., MRCNN+TCE

vs. MRCNN+AFR+TCE). Second, by comparing MRCNN and MRCNN+TCE

(similarly MRCNN+AFR vs. MRCNN+AFR+TCE), we conclude that capturing

the temporal dependencies with TCE is important for sleep stage classification.

Moreover, TCE is even more important than AFR as MRCNN+TCE outperforms

MRCNN+AFR. Third, AttnSleep achieves significantly better MF1 and MGm than

the other four variants, indicating that the proposed class-aware cost-sensitive loss

function can effectively address the data imbalance issue without any added com-

putation overhead. Notably, the conclusions remain consistent when experimenting

on Sleep-EDF-78 and SHHS datasets, as shown in Fig. 3.7.

3.2.6 Sensitivity Analysis for the Number of Heads in MHA

As MHA is one key component of our model, it is important to study how the

number of heads affects the model performance. In particular, we fix the other

parameters and test different numbers of heads in MHA. Note that the number of

heads should be dividable by the length of features d. As d is 80 for the Sleep-EDF

dataset, we run our model using 1, 2, 4, 5, 8, and 10 heads. Fig. 3.8 shows the



56 3.3. AttnSleep in Another Scenarios

(a) (b)

Figure 3.7: Ablation study conducted on Sleep-EDF-78 and SHHS datasets.

model performance on the Sleep-EDF dataset in terms of accuracy and MF1 score.

Overall, the model performance is quite stable when we use different numbers of

heads. With increasing the number of heads from 1, 2 to 4, and 5, we can observe

a slight improvement to the performance, since using more heads allows the model

to find more meaningful features and feature interactions. Meanwhile, when the

number of heads further increases (H equals 8 and 10), i.e., the length of features

in each head becomes smaller, which leads to a slight performance decrease. In our

experiments, we eventually set H as 5 on the Sleep-EDF dataset. Similarly, we

also set H as 5, based on the sensitivity analysis applied to the other two datasets

as shown in Fig. 3.9.

3.3 AttnSleep in Another Scenarios

Despite the acclaimed performance achieved by AttnSleep, as well as other deep

learning-based models, it still suffers some limitations, particularly in scenarios

where labeled data is scarce and when tested on out-of-distribution test sets. there-

fore, we provide experimental proof for these limitations and discuss potential so-

lutions.
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Figure 3.8: The performance of our AttnSleep model on Sleep-EDF dataset
by using a different number of heads in MHA.

(a) (b)

Figure 3.9: The performance of our AttnSleep model on Sleep-EDF-78 and
SHHS datasets by using a different number of heads in MHA.

3.3.1 Label-Scarce Scenarios

In many real-world applications, obtaining labeled data is often challenging and

expensive. For example, sleep labs can collect a massive amount of overnight

EEG readings, but they require expert knowledge for annotation, which is time-

consuming. Deep learning models trained on limited labeled data can suffer from

overfitting, leading to poor generalization to unseen data. This problem is particu-

larly acute in the case of deep neural networks with a large number of parameters,

which are prone to overfitting.
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Figure 3.10: Performance of AttnSleep under different few labels scenarios ap-
plied to Sleep-EDF dataset in terms of MF1-score. Results are obtained without
applying the class-aware loss.

To validate this problem, we test the performance of AttnSleep on different fractions

of labeled samples from Sleep-EDF data. The results are shown in Fig. 3.10.

It is worth noting that the performance of AttnSleep significantly deteriorates when

using only 1% of labeled samples, achieving only 57.5%, a result that is consider-

ably inadequate and unreliable. Although the performance tends to improve as the

percentage of available labeled samples increases, this may not be a feasible solu-

tion in practical settings. Consequently, our objective in this thesis is to enhance

the performance of deep learning models, e.g., AttnSleep, in diverse label-scarce

scenarios.

3.3.2 Domain Shift Scenarios

Another challenge in deep learning is when the data distribution changes, also

known as domain shift. This can occur due to various reasons such as changes in

the environment, measuring devices, or the subject’s health status. In such cases,

deep learning models trained on one domain may perform poorly on data from a

different domain, leading to a decrease in the overall performance of the system.

We evaluate the efficacy of AttnSleep in the context of domain shift by training

it on one source dataset and subsequently testing it on other out-of-distribution

datasets. Specifically, we experiment on three datasets namely Sleep-EDF, SHHS-

1 (S1), and SHHS-2 (S2) (see Section 6.2.1 for a detailed description of these
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Table 3.7: Comparison between Direct Transfer and the oracle Target Only
performance on AttnSleep on cross-dataset scenarios.

Cross-Domain Accuracy AVG

Baselines EDF→S1 EDF→S2 S1→EDF S1→S2 S2→EDF S2→S1 ACC

Direct Transfer 64.44±3.37 57.43±5.45 75.41±0.65 72.08±0.23 66.59±0.83 77.52±0.29 68.91
Target Only 85.23±0.55 78.44±2.71 76.59±0.32 78.44±2.71 76.59±0.32 85.23±0.55 80.09

datasets). These datasets deviate from each other in several aspects, including the

sampling rate and the health and age status of the subjects. The results of our

experiments are presented in Table 3.7.

The first row in Table 3.7 presents the results of the direct transfer scenario, which

entails training AttnSleep on a source dataset and directly testing it on the target

dataset. The second row displays the performance of training the model on the

training set of the target dataset and subsequently testing it on the testing set of

the same dataset.

It is worth noting that the performance of AttnSleep suffers a considerable deteri-

oration due to the domain shift. Specifically, when transferring from Sleep-EDF to

S1 and S2, the performance declines by 20.79% and 21.01%, respectively. Likewise,

when transferring from S2 to Sleep-EDF and S1, the performance declines by 10%

and 7.71%, respectively. These outcomes underscore the necessity of devising a

methodology to mitigate the impact of domain shift in deep learning methods.

3.4 Summary

We proposed a novel architecture for sleep stage classification from single-channel

raw EEG signals called AttnSleep. The AttnSleep relies on extracting the features

from EEG signals using two modules: the multi-resolution convolutional neural

network (MRCNN) and the adaptive feature recalibration (AFR). These two mod-

ules are followed by the temporal context encoder (TCE) module, which captures

the temporal dependencies among the extracted features by using a multi-head

attention (MHA) mechanism. We also proposed a class-aware cost-sensitive loss

function to handle the issue of data imbalance. The experimental results on three

public datasets demonstrated that our model outperforms state-of-the-art methods

under various evaluation matrices. Besides, an ablation study was performed to
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show the effectiveness of each module in the proposed method. Finally, we con-

ducted a sensitivity analysis to demonstrate the impact of the number of heads

in MHA. The results indicated that our method is quite stable with a different

number of heads.



Chapter 4

Time Series Representation

Learning via Temporal and

Contextual Contrasting

Learning decent representations from unlabeled time series data with temporal

dynamics is a very challenging task. In this chapter 1, we propose an unsuper-

vised Time Series representation learning framework via Temporal and Contextual

Contrasting (TS-TCC), to learn time series representation from unlabeled data.

First, the raw time series data are transformed into two different yet correlated

views by using weak and strong augmentations. Second, we propose a novel tem-

poral contrasting module to learn robust temporal representations by designing a

tough cross-view prediction task. Last, to further learn discriminative represen-

tations, we propose a contextual contrasting module built upon the contexts from

the temporal contrasting module. It attempts to maximize the similarity among

different contexts of the same sample while minimizing similarity among contexts

of different samples. Experiments have been carried out on three real-world time

series datasets. The results manifest that training a linear classifier on top of

the features learned by our proposed TS-TCC performs comparably with the su-

pervised training. Additionally, our proposed TS-TCC shows high efficiency in

1The work in this chapter has been published as “Time-Series Representation Learning via
Temporal and Contextual Contrasting”, International Joint Conferences on Artificial Intelligence,
2021 [161]. Also, another part has been published as “Self-supervised Learning for Label-Efficient
Sleep Stage Classification: A Comprehensive Evaluation“, IEEE Transactions on Neural Systems
and Rehabilitation Engineering, 2023 [145].

61
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few-labeled data and transfer learning scenarios. The code is publicly available at

https://github.com/emadeldeen24/TS-TCC.

In summary, our main contributions in this chapter are as follows.

• A novel contrastive learning framework is proposed for unsupervised time

series representation learning.

• Simple yet efficient augmentations are designed for time series data in the

contrastive learning framework.

• We propose a novel temporal contrasting module to learn robust representa-

tions from time series data by designing a tough cross-view prediction task.

In addition, we propose a contextual contrasting module to further learn

discriminative representations upon the robust representations.

• We perform extensive experiments on our proposed TS-TCC framework using

three datasets. Experimental results show that the learned representations

are effective for downstream tasks under supervised learning, semi-supervised

learning, and transfer learning settings.

4.1 Methods

This section describes our proposed TS-TCC in detail. As shown in Figure 4.1, we

first generate two different yet correlated views of the input data based on strong

and weak augmentations. Then, a temporal contrasting module is proposed to

explore the temporal features of the data with an autoregressive model. These

models perform a tough cross-view prediction task by predicting the future of one

view using the past of the other. We further maximize the agreement between the

contexts of the autoregressive models by a contextual contrasting module. Next,

we will introduce each component in the following subsections.

4.1.1 Time Series Data Augmentation

Data augmentation is a key part of the success of contrastive learning methods

[41, 44]. Contrastive methods try to maximize the similarity among different views

https://github.com/emadeldeen24/TS-TCC
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Figure 4.1: The overall architecture of the proposed TS-TCC. The Temporal
Contrasting module learns robust temporal features through a tough cross-view
prediction task. The Contextual Contrasting module learns discriminative fea-
tures by maximizing the similarity between the contexts of the same sample
while minimizing its similarity with the other samples within the mini-batch.

of the same sample while minimizing its similarity with other samples. It is thus

important to design proper data augmentations for contrastive learning [41, 162].

Usually, contrastive learning methods use two (random) variants of the same aug-

mentation. Given a sample x, they produce two views x1 and x2 sampled from

the same augmentations family T , i.e., x1 ∼ T and x2 ∼ T . However, we ar-

gue that using different augmentations can improve the robustness of the learned

representations. Consequently, we propose applying two separate augmentations,

such that one augmentation is weak and the other is strong. In this paper, weak

augmentation is a jitter-and-scale strategy. Specifically, we add random variations

to the signal and scale up its magnitude. For strong augmentation, we apply the

permutation-and-jitter strategy, where permutation includes splitting the signal

into a random number of segments with a maximum of M and randomly shuffling

them. Next, a random jittering is added to the permuted signal. Notably, the

augmentation hyperparameters should be chosen carefully according to the nature

of the time series data. For example, the value of M in a time series data with
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longer sequences should be greater than its value in those with shorter sequences

when applying permutation. Similarly, the jittering ratio for normalized time series

data should be much less than the ratio for unnormalized data. For more details

about augmentations selection, see Section 4.3.6.

For each input sample x, we denote its strongly augmented view as xs, and its

weakly augmented view as xw, where xs ∼Ts and xw ∼Tw. These views are then

passed to the encoder to extract their high-dimensional latent representations.

For an input x, the encoder maps x into a high-dimensional latent representation

z = F (x), where F represents the encoder. We define z = [z1, z2, . . . zN ], where

N is the total channels, zi ∈ Rd, where d is the feature length. Thus, we get zs

for the strong augmented views, and zw for the weak augmented views, which are

then fed into the temporal contrasting module.

4.1.2 Temporal Contrasting

The Temporal Contrasting module deploys a contrastive loss to extract temporal

features in the latent space with an autoregressive model. Given the latent repre-

sentations z, the autoregressive model Far summarizes all z≤t into a context vector

ct = Far(z≤t), ct ∈ Rh, where h is the hidden dimension of Far. The context vector

ct is then used to predict the timesteps from zt+1 until zt+k (1 < k ≤ K). To predict

future timesteps, we use a log-bilinear model that would preserve the mutual infor-

mation between the input xt+k and ct, such that fk(xt+k, ct) = exp((Wk(ct))
T zt+k),

where Wk is a linear function that maps ct back into the same dimension as z, i.e.

Wk : Rh→d.

In our approach, the strong augmentation generates cst and the weak augmentation

generates cwt . We propose a tough cross-view prediction task by using the context

of the strong augmentation cst to predict the future timesteps of the weak augmen-

tation zwt+k and vice versa. The contrastive loss tries to minimize the dot product

between the predicted representation and the true one of the same sample while

maximizing the dot product with the other samples Nt,k within the mini-batch.

Accordingly, we calculate the two losses Ls
TC and Lw

TC as follows:

Ls
TC = − 1

K

K∑
k=1

log
exp((Wk(cst))

T zwt+k)∑
n∈Nt,k

exp((Wk(cst))
T zwn )

(4.1)
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Figure 4.2: Architecture of the Transformer model used in the Temporal Con-
trasting module. We first attach the classification token c to the input and pass
it through the different Transformer model layers. Eventually, we split the token
from the output modified features and use it in the next Contextual Contrasting
module.

Lw
TC = − 1

K

K∑
k=1

log
exp((Wk(cwt ))T zst+k)∑

n∈Nt,k
exp((Wk(cwt ))T zsn)

(4.2)

We use Transformer as the autoregressive model because of its efficiency and speed

[37]. The architecture of the Transformer model is shown in Figure 4.2. It mainly

consists of successive blocks of multi-headed attention (MHA) followed by an MLP

block. The MLP block is composed of two fully connected layers with a non-

linearity ReLU function and dropout in between. Pre-norm residual connections,

which can produce more stable gradients [163], are adopted in our Transformer.

We stack L identical layers to generate the final features. Inspired by the BERT

model [151], we add a token c ∈ Rh to the input whose state acts as a representative

context vector in the output. The operation of the Transformer starts by applying

the features z≤t to a linear projection WTran layer that maps the features into the

hidden dimension, i.e. WTran : Rd→h. The output of this linear projection is then

sent to the Transformer i.e. z̃ = WTran(z≤t), z̃ ∈ Rh. Next, we attach the context

vector into the features vector z̃ such that the input features become ψ0 = [c; z̃],

where the subscript 0 denotes being the input to the first layer. Next, we pass ψ0

through Transformer layers as in the following equations:

ψ̃ℓ = MHA(Norm(ψℓ−1)) + ψℓ−1, 1 ≤ ℓ ≤ L; (4.3)

ψℓ = MLP(Norm(ψ̃ℓ)) + ψ̃ℓ, 1 ≤ ℓ ≤ L. (4.4)

Finally, we re-attach the context vector from the final output such that ct = ψ0
L.

This context vector will be the input of the following contextual contrasting module.
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4.1.3 Contextual Contrasting

We further propose a contextual contrasting module that aims to learn more dis-

criminative representations. Time series data often encounters patterns, trends,

and dependencies that a given data point has with its preceding and subsequent

points. For instance, the presence of specific waveform patterns like sleep spindles

or K-complexes in the EEG signal can indicate Stage 2 non-REM sleep. However,

the mere presence of a spindle or K-complex isn’t sufficient; its context, meaning

its temporal relation to other EEG features, and its density over a certain time

frame, provides a clearer indication of the sleep stage. Therefore, we developed the

Contextual Contrasting module to identify these patterns in time series data. It

starts with applying a non-linear transformation to the contexts using a non-linear

projection head as in [41]. The projection head maps the contexts into the space

where the contextual contrasting is applied.

Given a batch of B input samples, we will have two contexts for each sample from

its two augmented views and thus have 2B contexts. For a context cit, we denote

ci
+

t as the positive sample of cit that comes from the other augmented view of the

same input, and hence, (cit, c
i+

t ) are considered to be a positive pair. Meanwhile,

the remaining (2B − 2) contexts from other inputs within the same batch are

considered as the negative samples of cit, i.e., cit can form (2B − 2) negative pairs

with its negative samples. Therefore, we can derive a contextual contrasting loss

to maximize the similarity between the positive pair and minimize the similarity

between negative pairs. As such, the final representations can be discriminative.

Eq. 4.5 defines the contextual contrasting loss function LCC . Given a context cit,

we divide its similarity with its positive sample ci
+

t by its similarity with all the

other (2B− 1) samples, including the positive pair and (2B− 2) negative pairs, to

normalize the loss.

LCC = −
B∑
i=1

log
exp

(
sim

(
cit, c

i+

t

)
/τ

)
∑2B

m=1⊮[m̸=i] exp (sim (cit, c
m
t ) /τ)

, (4.5)

where sim(u,v) = uTv/∥u∥∥v∥ denotes the dot product between ℓ2 normalized

u and v (i.e., cosine similarity), ⊮[m̸=i] ∈ {0, 1} is an indicator function, evaluating

to 1 iff m ̸= i, and τ is a temperature parameter.
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The overall self-supervised loss is the combination of the two temporal contrasting

losses and the contextual contrasting loss as follows.

L = λ1 · (Ls
TC + Lw

TC) + λ2 · LCC , (4.6)

where λ1 and λ2 are fixed scalar hyperparameters denoting the relative weight of

each loss.

4.2 Experimental Setup

4.2.1 Datasets

To evaluate our model, we adopted three publicly available datasets 2 for human

activity recognition, sleep stage classification, and epileptic seizure prediction, re-

spectively. Additionally, we investigated the transferability of our learned features

on a fault diagnosis dataset.

4.2.1.1 Human Activity Recognition (HAR)

We use the UCI HAR dataset [164] which contains sensor readings for 30 subjects

performing 6 activities (i.e. walking, walking upstairs, downstairs, standing, sit-

ting, and lying down). They collected the data using a mounted Samsung Galaxy

S2 device on their waist, with a sampling rate of 50 Hz.

4.2.1.2 Sleep Stage Classification

We also adapted the Sleep Stage Classification problem in our experiments and used

the Sleep-EDF dataset which was discussed earlier in Section 3.2.1 of Chapter 3.

2The preprocessed versions of the datasets are available on NTU Dataverse at
https://researchdata.ntu.edu.sg/dataverse/tstcc/

https://researchdata.ntu.edu.sg/dataverse/tstcc/
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4.2.1.3 Epilepsy Seizure Prediction

The Epileptic Seizure Recognition dataset [165] consists of EEG recordings from

500 subjects, where the brain activity was recorded for each subject for 23.6 sec-

onds. Note that the original dataset is labeled with five classes. As four of them

do not include epileptic seizures, we merged them into one class and treated it as

a binary classification problem.

Table 4.1: Description of datasets used in our experiments. The details of FD
is the same for all the 4 working conditions.

Dataset # Train # Test Length # Channel # Class

HAR 7352 2947 128 9 6
Sleep-EDF 25612 8910 3000 1 5
Epilepsy 9200 2300 178 1 2
FD 8184 2728 5120 1 3

4.2.1.4 Fault Diagnosis (FD)

We conducted the transferability experiment on a real-world fault diagnosis dataset

[166]. This dataset was collected under four different working conditions. Each

working condition can be considered as a separate domain as it has different char-

acteristics from the other working conditions [167]. Each domain has three classes,

namely, two fault classes (i.e., inner fault and outer fault) and one healthy class.

Table 4.1 summarizes the details of each dataset, e.g., the number of training

samples (# Train) and testing samples (# Test), the length of the sample, the

number of sensor channels (# Channel) and the number of classes (# Class).

4.2.2 Implementation Details

We split the data into 60%, 20%, and 20% for training, validation, and testing

considering subject-wise split for the Sleep-EDF dataset to avoid overfitting. Ex-

periments were repeated for 5 times with 5 different seeds, and we reported the

mean and standard deviation. The pretraining and downstream tasks were done

for 40 epochs, as we noticed that the performance did not improve with further

training. We applied a batch size of 128 (which was reduced to 32 in few-labeled
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Figure 4.3: Feature encoder in our framework. The pair (k, s) refers to the
kernel size and stride respectively.

data experiments as data size may be less than 128). We used Adam optimizer

with a learning rate of 3e-4, weight decay of 3e-4, β1 = 0.9, and β2 = 0.99. For

the strong augmentation, we set MHAR = 10, MEp = 12 and MEDF = 20, while

for the weak augmentation, we set the scaling ratio to 2 for all the datasets. We

set λ1 = 1, while we achieved good performance when λ2 ≈ 1. Particularly, we set

it as 0.7 in our experiments on the four datasets. In the Transformer, we set the

L = 4, and the number of heads as 4. We tuned h ∈ {32, 50, 64, 100, 128, 200, 256}
and set hHAR,Ep = 100, hEDF = 64. We also set its dropout to 0.1. In contextual

contrasting, we set τ = 0.2. Lastly, we built our model using PyTorch 1.7 and

trained it on NVIDIA GeForce RTX 2080 Ti GPU.

4.2.2.1 Feature encoder

We adopted a convolutional neural network as our feature encoder [24]. As shown

in Fig. 4.3, our feature encoder consists of three similar convolutional blocks. The

first one is followed by a dropout layer, while the last one is followed by an adaptive

average pooling layer. Each block contains a 1D-convolutional layer, a batch nor-

malization layer, a non-linearity ReLU activation function, and a 1D-Maxpooling

layer. The filter sizes of the 1D-convolution layers are set to 64, 128, and 128 in the

three blocks respectively. The kernel size and stride values differ from one dataset

to the other. We set this pair as (5,1) for HAR and Epilepsy datasets as they have

the same sequence length. For the Sleep-EDF dataset, we set it as (25,6) due to its

longer sequence length. This encoder is followed by a single fully connected layer

for classification.
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Table 4.2: Comparison between our proposed TS-TCC model against baselines
using linear classifier evaluation experiment.

HAR Sleep-EDF Epilepsy

Baseline ACC MF1 ACC MF1 ACC MF1

Random Initialization 57.89±5.13 55.45±5.49 35.61±6.96 23.80±7.96 90.26±1.77 81.12±4.22
Supervised 90.14±2.49 90.31±2.24 83.41±1.44 74.78±0.86 96.66±0.24 94.52±0.43
SSL-ECG [43] 65.34±1.63 63.75±1.37 74.58±0.60 65.44±0.97 93.72±0.45 89.15±0.93
CPC [53] 83.85±1.51 83.27±1.66 82.82±1.68 73.94±1.75 96.61±0.43 94.44±0.69
SimCLR [41] 80.97±2.46 80.19±2.64 78.91±3.11 68.60±2.71 96.05±0.34 93.53±0.63
TS-TCC (ours) 90.37±0.34 90.38±0.39 83.00±0.71 73.57±0.74 97.23±0.10 95.54±0.08

4.3 Results

To show the efficacy of our proposed TS-TCC, we test it in three different training

settings, including linear evaluation, semi-supervised training, and transfer learn-

ing.

We measure the performance using two metrics namely the accuracy (Eq. 3.13 and

the macro-averaged F1-score (MF1) (Eq. 3.14) to better verify performance on the

imbalanced datasets. Although the results of the equations of these two metrics are

expected to be in a range from 0 to 1, we report them in this paper as a percentage.

4.3.1 Comparison with Baseline Approaches

We compare our proposed approach against the following baselines. (1) Random

Initialization: training a linear classifier on top of randomly initialized encoder;

(2) Supervised: supervised training of both encoder and classifier model; (3)

SSL-ECG [43]; (4) CPC [53]; (5) SimCLR [41]. It is worth noting that, we use

time series-specific augmentations to adapt SimCLR to our application as it was

originally designed for images.

To evaluate the performance of our TS-TCC model, we follow the standard linear

benchmarking evaluation scheme [41, 53]. Particularly, we train a linear classifier

(single MLP layer) on top of a frozen self-supervised pretrained encoder model.

Table 4.2 shows the linear evaluation results of our approach against the baseline

methods. Overall, our proposed TS-TCC outperforms all three state-of-the-art

methods. Furthermore, TS-TCC, with only a linear classifier, performs best on
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two out of three datasets while achieving comparable performance to the super-

vised approach on the third dataset. This demonstrates the powerful represen-

tation learning capability of our TS-TCC model. Notably, contrastive methods

(e.g., CPC, SimCLR, and our TS-TCC) generally achieve better results than the

pretext-based method (i.e., SSL-ECG), which reflects the power of invariant fea-

tures learned by contrastive methods. Additionally, the CPC method shows better

results than SimCLR, indicating that temporal features are more important than

general features in time series data.
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Figure 4.4: Comparison between supervised training vs. TS-TCC fine-tuning
on three datasets with different fractions of few labeled data in terms of MF1-
score.
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4.3.2 Semi-supervised Training

We investigate the effectiveness of our TS-TCC under the semi-supervised settings,

by training the model with 1%, 5%, 10%, 50%, and 75% of randomly selected

instances of the training data. Figure 4.4 shows the results of our TS-TCC along

with the supervised training under the aforementioned settings. In particular,

TS-TCC fine-tuning (i.e., red curves in Figure 4.4) means that we fine-tuned the

pretrained encoder with few labeled samples.

We observe that supervised training performs poorly with limited labeled data,

while our TS-TCC fine-tuning achieves significantly better performance than su-

pervised training with only 1% of labeled data. For example, TS-TCC fine-tuning

can still achieve around 70% and 90% for HAR and Epilepsy datasets respectively.

Furthermore, our TS-TCC fine-tuning with only 10% of labeled data can achieve

comparable performance with the supervised training with 100% of labeled data in

the three datasets, demonstrating the effectiveness of our TS-TCC method under

the semi-supervised setting.

Table 4.3: Cross-domains transfer learning experiment applied on Fault Diag-
nosis dataset in terms of accuracy. (FT stands for fine-tuning)

A→B A→C A→D B→A B→C B→D C→A C→B C→D D→A D→B D→C AVG

Supervised 34.38 44.94 34.57 52.93 63.67 99.82 52.93 84.02 83.54 53.15 99.56 62.43 63.83
TS-TCC (FT) 43.15 51.50 42.74 47.98 70.38 99.30 38.89 98.31 99.38 51.91 99.96 70.31 67.82

4.3.3 Transfer Learning Experiment

We further examine the transferability of the learned features by designing a trans-

fer learning experiment. We use the Fault Diagnosis (FD) dataset introduced in

Table 4.1 for the evaluation under the transfer learning setting. Here, we train

the model on one condition (i.e., source domain) and test it on another condition

(i.e., target domain). In particular, we adopt two training schemes on the source

domain, namely, (1) supervised training and (2) TS-TCC fine-tuning where we

fine-tuned our pretrained encoder using the labeled data in the source domain.

Table 4.3 shows the performance of the two training schemes under 12 cross-domain

scenarios. Clearly, our pretrained TS-TCC model with fine-tuning (FT) consis-

tently outperforms the supervised pretraining in 8 out of 12 cross-domain scenar-

ios. TS-TCC model can achieve at least 7% improvement in 7 out of 8 winning
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scenarios (except for D→B scenario). Overall, our proposed approach can improve

the transferability of learned representations over the supervised training by about

4% in terms of accuracy.

Table 4.4: Ablation study of each component in TS-TCC model performed
with linear classifier evaluation experiment.

HAR Sleep-EDF Epilepsy

Component ACC MF1 ACC MF1 ACC MF1

TC only 82.76±1.50 82.17±1.64 80.55±0.39 70.99±0.86 94.39±1.19 90.93±1.41
TC + X-Aug 87.86±1.33 87.91±1.09 81.58±1.70 71.88±1.71 95.56±0.24 92.57±0.29
TS-TCC (TC + X-Aug + CC) 90.37±0.34 90.38±0.39 83.00±0.71 73.57±0.74 97.23±0.10 95.54±0.08

TS-TCC (Weak only) 76.55±3.59 75.14±4.66 80.90±1.87 72.51±1.74 97.18±0.17 95.47±0.31
TS-TCC (Strong only) 60.23±3.31 56.15±4.14 78.55±2.94 68.05±1.87 97.14±0.23 95.39±0.29

4.3.4 Ablation Study

We study the effectiveness of each component in our proposed TS-TCC model.

Specifically, we derive different model variants for comparison as follows. First,

we train the Temporal Contrasting module (TC) without the cross-view prediction

task, where each branch predicts the future timesteps of the same augmented view.

This variant is denoted as ‘TC only’. Second, we train the TC module by adding

the cross-view prediction task, which is denoted as ‘TC + X-Aug’. Third, we train

the whole proposed TS-TCC model, which is denoted as ‘TC + X-Aug + CC’. We

also study the effect of using a single augmentation in TS-TCC. In particular, for

an input x, we generate two different views x1 and x2 from the same augmentation

type, i.e., x1∼Tw and x2∼Tw when using the weak augmentation.

Table 4.4 shows this ablation study on the three datasets. Clearly, the proposed

cross-view prediction task generates robust features and thus improves the perfor-

mance by more than 5% on HAR datasets, and ∼1% on Sleep-EDF and Epilepsy

datasets. Additionally, the contextual contrasting module further improves the

performance, as it helps the features to be more discriminative. Studying the ef-

fect of the augmentation, we find that generating different views from the same

augmentation type is not helpful with HAR and Sleep-EDF datasets. On the

other hand, the Epilepsy dataset can achieve comparable performance with only

one augmentation. Overall, our proposed TS-TCC method using both types of

augmentations achieves the best performance.
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(a) (b)

(c)

Figure 4.5: Three sensitivity analysis experiments on HAR dataset.

4.3.5 Sensitivity Analysis

We perform sensitivity analysis on the HAR dataset to study three parameters

namely, the number of predicted future timesteps K in the temporal contrasting

module, besides λ1 and λ2 in Eq. 4.5.

Figure 4.5(a) shows the effect of K on the overall performance, where the x-axis

is the percentage K/d, and d is the length of the features. Clearly, increasing the

percentage of the predicted future timesteps improves the performance. However,

larger percentages can harm the performance as it reduces the amount of past data

used for training the autoregressive model. We observe that predicting 40% of

the total feature length performs the best, and thus we set K as d×40% in our

experiments. Figures 4.5(b) and 4.5(c) show the results of varying λ1 and λ2 in a

range between 0.001 and 1000 respectively. We fix λ1 = 1 and change the values of

λ2 in Figure 4.5(c). We observe that our model achieves good performance when

λ2 ≈ 1, whereas the model performs best with λ2 = 0.7. Consequently, we fix

λ2 = 0.7 and tune the value of λ1 as in Figure 4.5(b), where we find that our model

achieves the best performance when λ1 = 1. We also find that as λ1 < 10, our

model is less sensitive to its value, while it is more sensitive to different values of

λ2.
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(a) HAR (b) Sleep-EDF

(c) Epilepsy

Figure 4.6: Sample from each adopted dataset after normalization along with
its weak and strong augmented views. The first row is the original samples, the
second row shows the weak augmented views, and the third row shows the strong
augmented views.

4.3.6 Augmentation Selection

The proper selection of augmentations is crucial for contrastive learning techniques,

as contrastive methods are sensitive to the choice of augmentations [41]. Many

studies showed that composing multiple data augmentation operations achieves

better performance for image data [41, 168]. However, the selection of the proper

augmentations that well-fit time series data is less explored and still an open prob-

lem [169]. Here, we aim to study the choice of suitable augmentations for our

contrastive learning problem.

We define the weak augmentation as the one that applies limited change on the
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Table 4.5: A study of TS-TCC linear evaluation performance with 5% of
labeled HAR data when using different variations of weak and strong augmen-
tations.

Weak Augmentation Strong Augmentation Accuracy MF1-score

scale no Aug 46.12 36.67
scale + jitter no Aug 56.98 50.88
no Aug permutation 62.07 52.64
no Aug jitter + permutation 72.35 68.03
time Shift jitter + permutation 71.57 66.97
time Shift + jitter jitter + permutation 74.69 69.33
scale jitter + permutation 72.59 68.90
scale + jitter jitter + permutation 77.58 76.66

shape of the original signal as shown in the second row of Fig. 4.6. Examples of

weak augmentations include scaling and time shifting. On the other hand, strong

augmentation makes strong perturbations on the signal shape while keeping some

of its temporal information, such as permutation. This is shown in the third row of

Fig. 4.6. Permutation includes splitting the signal into M chunks and shuffling their

order. Notably, some augmentations such as jittering (i.e., adding random noise)

can be considered as both strong and weak augmentations depending on the added

noise level. To justify the selection of our proposed augmentations, we provide a

systematic study on the impact of applying several different data augmentations

for each view in TS-TCC (Fig. 4.1). The results are provided in Table 4.5.

We first apply weak augmentation only, i.e., scaling, to one view without applying

any augmentation to the other view, and the accuracy is only 46.12% as shown

in Table 4.5. However, by composing jitter to scaling, we can observe a large

performance improvement. Meanwhile, we also apply strong augmentation only

and keep the other view without augmentations. The accuracy, in this case, is

62.07%, which is much higher than applying only weak augmentation. Besides, we

notice that adding a jitter to the permutation can further improve the accuracy to

72.35%.

We also test to apply another weak augmentation that does not highly affect the

signal characteristics along with the strong augmentation. We can find that using

time shift as a weak augmentation achieves relatively good performance, i.e., an

accuracy of 71.57%. Again, it can be found that adding jitter to time shift further

improves the accuracy to 74.69%. Similar results are achieved when replacing
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time-shift with scaling. In addition, applying only weak or strong augmentations

to both views results in poorer performance as shown in Table 4.4. At this point,

we find that applying weak augmentation for one view and strong augmentations

for other views achieves the best performance, i.e., an accuracy of 77.58%. As an

explanation, weak augmentations apply limited changes to the shape of the original

signal as shown in Fig. 4.6, which helps the model to perform well on the test data.

Via observing the different characteristics of three different samples in Fig. 4.6

in terms of signal magnitude and sampling rates, we conclude that the choice of

proper parameters for augmentations (e.g., jitter and scaling ratio) will vary from

one dataset to another. Consequently, the range of parameter choices will be highly

dependent on the characteristics of each time series data. Therefore, we propose to

normalize the signals as a preprocessing step in our framework to improve param-

eter selection. For example, the value of added jitter after normalizing the signals

in weak augmentation should be less than the ones added in the strong augmen-

tation. In the experiments, we observe that the best practice is to normalize the

data between 0 and 1 and set the weak jitter to be in the range [0, 0.1] and the

strong jitter in the range [0.1, 1]. Similarly, a scaling ratio of 2 would be sufficient

for weak augmentation in any time series signals.

Similarly, for strong augmentation, it is important to properly select the number of

chunks M , where the value of M in time series data with longer sequences should

be greater than its value in those with shorter sequences. We find that selecting

40% of the total feature size achieves the best performance on the three datasets

(see Section 4.3.5).

4.4 Performance of AttnSleep under TS-TCC

We also validate the efficacy of TS-TCC to improve the performance of our At-

tnSleep model (See Chapter 3) In Figure 4.7, we compare the supervised perfor-

mance of AttnSleep against the fine-tuned AttnSleep model when pretrained with

TS-TCC using several fractions of labeled data (AttnSleep is trained without the

class-aware loss).

Our experimentation reveals that by fine-tuning the model with only 1% of la-

beled samples, a considerable improvement of 5.6% in performance is attained.
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Figure 4.7: comparison between the supervised performance of AttnSleep
against the fine-tuned AttnSleep model when pretrained with TS-TCC using
several fractions of labeled data.

Additionally, when fine-tuning with 5 or 10% of labeled data, the model’s perfor-

mance closely approaches that achieved through supervised training with 100% of

labeled data. This observation indicates that the embeddings obtained through

TS-TCC self-supervised pretraining are richer than their supervised counterparts,

thereby enhancing performance in downstream tasks, even with a limited quantity

of labeled data.

Moreover, we notice that the benefits of self-supervised pretraining tend to di-

minish when the model is fine-tuned with fully labeled data. Thus, we infer that

self-supervised pretraining can provide better regularization, effectively addressing

the overfitting issue. However, it does not improve optimization to alleviate the

underfitting problem, which is consistent with the conclusions drawn in [170].

4.5 Summary

We propose a novel framework called TS-TCC for unsupervised representation

learning from time series data. The proposed TS-TCC framework first creates

two views for each sample by applying strong and weak augmentations. Then

the temporal contrasting module learns robust temporal features by applying a

tough cross-view prediction task. We further propose a contextual contrasting

module to learn discriminative features upon the learned robust representations.

The experiments show that a linear classifier trained on top of the features learned
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by our TS-TCC performs comparably with supervised training. In addition, our

proposed TS-TCC shows high efficiency on few-labeled data and transfer learning

scenarios, e.g., our TS-TCC by using only 10% of the labeled data can achieve

close performance to the supervised training with full labeled data.





Chapter 5

Self-supervised Contrastive

Representation Learning for

Semi-supervised Time Series

Classification

In Chapter 4, we discussed how to learn representations from unlabeled data with

our proposed TS-TCC. However, it can be affordable in some real-world scenarios to

label a few samples. In this chapter, we discuss how to further improve the learned

representations by TS-TCC provided these few labeled samples. Therefore, in this

chapter 1, we extend TS-TCC to the semi-supervised learning settings and propose

a Class-Aware TS-TCC (CA-TCC). Specifically, train the model in four phases,

where we start with the self-supervised training in the first phase, then fine-tune the

pretrained model with the few labels in the second phase. Next, in the third phase,

we use the fine-tuned model to assign pseudo labels to the unlabeled sample set.

Finally, the last phase includes leveraging the pseudo labels to realize a class-aware

contrastive loss for the semi-supervised training. Extensive experiments show that

the linear evaluation of the features learned by our proposed framework performs

comparably with the fully supervised training. Additionally, our framework shows

1The work in this chapter has been published as “Self-supervised Contrastive Representation
Learning for Semi-supervised Time-Series Classification”, IEEE Transactions on Pattern Analysis
and Machine Intelligence (TPAMI) [171].
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high efficiency in a few labeled data and transfer learning scenarios. The code is

publicly available at https://github.com/emadeldeen24/CA-TCC.

In summary, our contributions in this chapter include:

• A novel contrastive learning framework for time series representation learning,

i.e., CA-TCC in semi-supervised settings. CA-TCC builds on top of the

learned representation of our proposed TS-TCC (see Chapter 4).

• We propose a supervised contextual contrasting module to further learn dis-

criminative representations upon the robust representations while considering

the potential positive pairs in contrastive learning.

• We perform extensive experiments on ten real-world datasets. Experimen-

tal results show that the results tend to improve when having few labeled

samples.

5.1 Methods

This section describes the components of the proposed framework in detail. Our

proposed CA-TCC starts with the TS-TCC pretraining phase and includes three

more phases to complete the semi-supervised training, as shown in Fig. 5.1. In the

next subsections, we will introduce the CA-TCC phases in more detail.

5.1.1 Class-Aware TS-TCC

We propose a second variant of our TS-TC framework, called the Class-Aware TS-

TCC (CA-TCC), to operate in semi-supervised settings. In this variant, we attempt

to exploit the available few labeled data to further improve the representation

learned by TS-TCC. Our semi-supervised learning framework is performed in four

phases, as shown in Fig. 5.1. In Phase 1, we start with a randomly-initialized

encoder and used it in TS-TCC self-supervised pretraining. In Phase 2, we fine-

tune the pretrained encoder with the few labeled data. In Phase 3, we deploy the

fine-tuned encoder to create pseudo labels for the entire unlabeled dataset. Finally,

https://github.com/emadeldeen24/CA-TCC
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Fine-tuning
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Semi-supervised training

Figure 5.1: The four phases for CA-TCC semi-supervised training. In Phase 1,
TS-TCC is trained with fully unlabeled data. Next, we use the available few
labeled samples to fine-tune the pretrained encoder in Phase 2. Following that,
in Phase 3, we generate pseudo labels for the unlabeled data with the fine-tuned
TS-TCC encoder. Finally, Phase 4 includes deploying the pseudo-labeled data
in the semi-supervised training.

in Phase 4, we train the class-aware semi-supervised framework, i.e., CA-TCC, with

the pseudo labels.

In the class-aware semi-supervised training, we replace the unsupervised contextual

contrasting with a supervised contextual contrasting module. This module benefits

from the pseudo-labeled data to train a supervised contrastive loss [168]. This loss

considers samples with the same class label as positive pairs, while samples from

different classes are considered as negative pairs. This is different from the unsu-

pervised contrastive loss that only forms positive pairs from the augmented views

of the sample, as depicted in Fig. 5.2. This difference can affect the performance of

the model, as the unsupervised contrastive loss may treat samples having a similar

class as negative pairs.

Formally, assuming that the dataset consists of B labeled samples {xk, yk}k=1...B,

then after applying augmentations, the dataset becomes of 2B samples, {x̂l, ŷl}l=1...2B

such that x̂2k and x̂2k−1 are the two views of xk, and similarly yk = ŷ2k = ŷ2k−1.

Also assuming that i ∈ I ≡ {1 . . . 2B} represents the index of an arbitrary aug-

mented sample, and A(i) ≡ I \ {i}, the supervised contextual contrasting loss can
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Figure 5.2: (a) Unsupervised contrasting vs. (b) supervised contrasting. The
unsupervised contrasting forms positive pairs only from the augmented views
of the sample, which may deteriorate the performance. In contrast, supervised
contrasting considers the semantics of the data and forms positive pairs among
all the samples having the same class label. In CA-TCC, we deploy the pseudo-
labeled data to apply the supervised contrasting in the semi-supervised training.

be expressed as:

LSCC =
∑
i∈I

1

|P (i)|
∑

p∈P (i)

ℓ(i, p), (5.1)

P (i) = {p ∈ A(i) : ŷp = ŷi}, (5.2)

where P (i) is the set of indices of all samples with the same class as the sample

x̂i in the batch, and (i, p) for any p ∈ P (i) is thus a positive pair. |P (i)| is the

cardinality of P (i). Thus, the overall loss can be expressed as:

Lsemi = λ3 · (Ls
TC + Lw

TC) + λ4 · LSCC , (5.3)

where λ3 and λ4 are fixed scalar hyperparameters denoting the relative weight of

each loss.
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5.2 Experimental Setup

5.2.1 Datasets

To comprehensively evaluate our proposed model, we adopted seven more datasets

than those used by our TS-TCC, which helps covering more time series applications.

Specifically, in addition to HAR, Sleep-EDF, Epilepsy, and FD datasets (see Sec-

tion 4.2.1 in Chapter 4), we also included seven UCR datasets2 in our experiments.

The selected datasets are suitable for our few labels experiments, and they satisfy

the condition that 1% of samples allow all the classes to be present during the

training phase. The included datasets are Wafer, FordA, FordB, PhalangesOut-

linesCorrect (POC), ProximalPhalanxOutlineCorrect (PPOC), StarLightCurves,

and ElectricDevices. The description of these datasets is as follows.

5.2.2 Wafer

Wafer dataset is a collection of several sensor measurements during the inline pro-

cess control of silicon wafers for semiconductor fabrication. Each sample represents

the recordings by one sensor during the processing of one wafer by one tool. The

dataset contains two imbalanced classes, i.e., normal and abnormal, where only

10.7% and 12.1% of the train and test sets belong to the abnormal class.

5.2.3 FordA and FordB

These two datasets were used in a competition at the IEEE World Congress on

Computational Intelligence, 2008. The timesteps in both datasets represent 500

measurements of engine noise, and the objective was to classify whether a certain

symptom in an automotive subsystem exists or not. For the FordA dataset, the

data was collected under minimal noise contamination, while FordB was collected

in noisy conditions.

2https://timeseriesclassification.com/dataset.php

https://timeseriesclassification.com/dataset.php
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5.2.4 PhalangesOutlinesCorrect (POC) and ProximalPha-

lanxOutlineCorrect (PPOC)

Both datasets are extracted from a dataset designed to test the efficiency of the

hand and bone outlines in bone age prediction. Some algorithms were applied to

over 1,300 images to automatically extract hand outlines besides the outlines of

three bones of the middle finger, i.e., proximal, middle, and distal phalanges. This

generated three classification problems including ProximalPhalanxOutlineCor-

rect, while PhalangesOutlinesCorrect is the concatenation of these three prob-

lems. The labels in both datasets indicate whether the image outlining is correct

or incorrect.

5.2.5 StarLightCurves

This dataset relates to an astronomical study for starlight curves, and the time

series represents the brightness of a celestial object as a function of time. Each

curve represents an example from one of three classes: Classical Type-I Cepheids,

Eclipsing Binaries (EB), RRab, and RRc RRLyrae (RRL).

5.2.6 ElectricDevices

This dataset was collected to study the usage behavior of consumers to the electric-

ity in homes to reduce the carbon footprint in the UK. The readings were collected

from 251 households.

Table 5.1 summarizes the statistical details of each dataset, i.e., the number of

training samples (# Train) and testing samples (# Test), the length of the sample,

the number of sensor channels (# Channel) and the number of classes (# Class).

5.2.7 Implementation Details

We followed the same experimental setup in TS-TCC (Chapter 4) in terms of data

splitting, usage of 5 random seeds, using 40 epochs for training, the same batch size
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Table 5.1: A brief description of the 10 datasets used in our experiments. For
the FD dataset, we mentioned the settings of one working condition, as they are
the same for the four working conditions.

Dataset # Train # Test Length # Channel # Class

HAR 7,352 2,947 128 9 6
Sleep-EDF 25,612 8,910 3,000 1 5
Epilepsy 9,200 2,300 178 1 2
FD 8,184 2,728 5,120 1 3
Wafer 1,000 6,174 152 1 2
FordA 1,320 3,601 500 1 2
FordB 810 3,636 500 1 2
POC 1,800 858 80 1 2
PPOC 600 291 80 1 2
StarLightCurves 1,000 8,236 1,024 1 3
ElectricDevices 8,926 7,711 96 1 7

and optimizer parameters, and augmentations parameters. We also kept λ1 and λ2

to 1 and 0.7, and set λ3 = 0.01 and λ4 = 0.7 (see Section 5.3.5) for CA-TCC.

5.3 Experimental Results

5.3.1 Comparison with Baseline Approaches

To examine the efficacy of our CA-TCC in semi-supervised settings, we compare

it against the following semi-supervised learning baselines.

1. Mean-Teacher [172]: it consists of two models. The first is the student model,

which is the base regular model. The second is the teacher model, which is

the averaging of the student model weights using the Exponential Moving

Average (EMA) over the training steps.

2. DivideMix [173]: it discards the labels that are likely to be noisy from the

training and leverages them as unlabeled data to regularize the model against

overfitting.

3. SemiTime [80]: it learns the temporal relations in unlabeled data by splitting

the signal into past-future pairs, then contrasting the past of one sample with

two future splits from another sample.
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Table 5.2: Results of different SEMI-SUPERVISED baselines with 1% and 5%
of labels. Best results across each row are in bold, while the second-best results
are underlined.

1% of labeled data

Supervised Mean-Teacher DivideMix SemiTime FixMatch CA-TCC

Datasets Accuracy MF1-score Accuracy MF1-score Accuracy MF1-score Accuracy MF1-score Accuracy MF1-score Accuracy MF1-score

HAR 44.9±6.7 41.0±6.8 75.9±1.9 74.0±2.8 76.5±0.7 75.4±1.0 77.6±1.1 76.3±0.9 76.4±2.5 75.6±2.8 77.3±0.6 76.2±0.1
Sleep-EDF 34.1±0.3 30.8±0.8 73.6±1.0 63.7±0.3 76.5±2.2 66.6±0.8 73.6±3.9 63.4±2.9 72.5±2.2 62.0±2.9 79.4±0.1 70.8±0.5
Epilepsy 76.1±0.7 74.8±0.4 91.5±0.3 90.6±0.6 90.9±0.7 89.4±1.4 91.6±0.3 90.8±0.6 93.2±0.2 92.2±0.5 92.0±0.1 91.9±0.1
Wafer 91.9±1.3 67.6±9.2 94.7±0.2 84.7±0.3 93.2±0.5 82.0±0.8 94.4±0.6 84.4±1.2 95.0±0.4 84.8±1.2 95.1±0.3 85.1±0.6
FordA 56.4±1.6 54.4±3.5 71.7±1.6 71.5±1.8 73.7±1.1 73.3±0.9 75.1±1.3 74.4±1.4 74.5±0.4 74.3±0.4 82.3±1.1 81.7±1.3
FordB 51.9±2.6 48.0±3.6 65.9±2.8 65.8±2.8 54.5±2.8 54.1±3.2 67.6±2.2 67.5±2.3 56.7±5.9 55.4±6.9 73.8±1.5 73.0±1.8
POC 62.0±0.8 40.0±2.1 62.1±0.3 40.8±1.2 62.1±0.6 40.7±2.1 62.0±0.5 40.4±1.6 61.9±0.5 40.0±1.8 63.4±0.4 49.3±0.7
PPOC 64.3±0.7 64.2±0.7 65.3±1.9 64.6±1.3 56.1±6.9 55.6±7.2 64.8±0.5 64.6±0.6 63.7±1.9 63.5±1.8 63.4±0.3 63.1±0.3
StarLightCurves 78.8±0.9 71.4±0.1 79.4±0.5 77.7±0.6 79.0±0.5 77.2±0.4 79.5±0.5 77.8±0.6 77.2±0.3 71.6±0.1 85.8±0.7 77.8±0.5
ElectricDevices 57.8±1.1 47.5±1.0 48.9±8.2 48.3±1.5 59.8±3.9 49.4±2.6 57.3±3.7 48.1±2.7 58.2±1.0 46.9±0.4 65.9±0.8 56.7±1.1

Average 61.8 54.0 72.9 68.2 72.2 66.4 74.4 68.8 72.9 66.6 77.8 72.6

5% of labeled data

HAR 52.8±1.5 50.9±0.2 88.2±1.2 88.1±1.2 89.1±2.0 89.1±1.3 87.6±1.3 87.1±0.8 87.6±0.3 87.3±0.4 88.3±0.4 88.3±0.3
Sleep-EDF 60.5±3.9 54.8±5.5 75.2±0.4 64.8±0.8 75.4±1.3 65.4±1.4 76.5±0.5 65.9±0.9 75.7±1.5 65.1±2.2 82.1±0.2 74.6±0.1
Epilepsy 83.4±0.7 80.4±0.6 94.0±0.4 93.6±0.7 93.9±0.6 93.4±1.1 94.0±0.5 93.0±0.9 93.7±1.4 92.4±0.3 94.5±0.1 94.0±0.1
Wafer 94.6±0.3 83.9±0.6 94.4±0.7 83.8±1.4 94.7±0.6 84.6±1.5 95.0±0.4 84.7±1.0 94.9±0.6 84.4±1.2 95.8±0.2 85.2±0.6
FordA 54.5±4.3 44.1±8.0 82.6±1.6 82.5±1.7 84.0±2.0 83.9±2.1 83.8±1.5 83.7±1.5 83.8±2.2 83.8±2.3 90.9±0.3 90.8±0.3
FordB 60.5±2.8 58.8±3.7 64.6±3.8 62.7±5.5 60.2±5.6 57.9±7.1 65.0±4.9 62.6±7.1 62.7±5.8 60.7±7.5 88.2±0.4 88.2±0.4
POC 61.4±0.0 38.3±0.0 62.1±0.6 41.2±2.5 62.9±1.3 45.9±7.0 62.4±0.5 41.8±1.7 63.1±1.4 43.6±4.3 66.4±0.3 52.8±0.3
PPOC 69.1±2.4 62.2±6.4 73.4±7.6 68.2±3.5 69.4±8.1 67.6±5.8 71.7±6.8 68.6±4.6 72.9±2.4 68.0±0.4 73.7±6.2 69.1±3.7
StarLightCurves 81.8±0.8 71.4±4.1 84.9±2.0 83.9±1.4 85.6±2.8 84.1±2.1 84.6±4.8 83.8±3.7 84.1±2.0 77.5±3.0 88.8±0.7 81.1±2.0
ElectricDevices 59.7±0.7 55.6±0.8 70.1±0.9 60.9±2.4 72.0±1.9 62.1±0.6 71.6±1.0 61.1±0.9 62.6±1.6 55.5±1.3 66.4±1.0 59.3±0.7

Average 67.8 60.0 79.0 73.0 78.7 73.4 79.2 73.2 78.1 71.8 83.5 78.3

4. FixMatch [75]: it generates pseudo labels for the weak augmented view of the

signal and uses it to produce pseudo labels for the strong augmented view if

it exceeds a confidence threshold.

Notably, the four baselines train a cross-entropy loss on the labeled portion of the

samples. Also, for FixMatch, we apply our proposed weak and strong augmenta-

tions for training.

Table 5.2 compares the performance of CA-TCC against semi-supervised baselines

across 10 different datasets. Overall, the average F1-score of our CA-TCC across

the 10 datasets outperforms the average F1-score of the second-best performing

semi-supervised baseline with 3.8% and 4.9% in 1% and 5% of labels, respectively.

Specifically, our CA-TCC ranks first in seven datasets and second in two other

datasets. The consistent superior performance of our CA-TCC across different

datasets and labeling budgets demonstrates its effectiveness in maximizing the

utilization of labeled data in semi-supervised settings.

5.3.2 CA-TCC Model Analysis

We discuss the different aspects that yield the improved performance of the CA-

TCC. Specifically, we regard the improved performance of CA-TCC to have two
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main factors. The first is the effective representations learned by TS-TCC in

Phase 1, which enables the generation of high-quality pseudo labels. This is

demonstrated in Table 4.2, where TS-TCC outperforms other self-supervised learn-

ing baselines. Therefore, it was anticipated that the fine-tuned TS-TCC encoder

should be superior when used to produce the pseudo labels. The second factor is

the supervised contrastive loss in CA-TCC, which uses the pseudo-labeled data to

include more positive pairs in the contrastive loss. Nevertheless, our CA-TCC is

flexible in architecture and can anticipate different models throughout its different

phases. Next, we attempt to validate the aforementioned factors and support our

conclusions.

Quality of pseudo labels To investigate the effect of pseudo labels, we compare

the quality of the pseudo labels generated by each baseline. Specifically, we replace

our TS-TCC (in Phase 1) with SSL-ECG, SimCLR, and CPC. Then, for each base-

line, we fine-tune the encoder and use it to generate pseudo labels (Phases 2 and 3)

and then, conduct the semi-supervised training. Figure 5.3 shows the accuracy of

the generated pseudo labels (generated in Phase 3) compared to the true labels.

We find that the pseudo labels generated by TS-TCC are more accurate than those

generated by the other baselines. In addition, Table 5.3 reports the performance

with different baselines (deployed in Phase 1), while fixing CA-TCC (in Phase 4)

for two datasets with different scales, i.e., HAR and Sleep-EDF. We observe that

using TS-TCC in both phases results in the best performance, supporting our

conclusion and justification for the first reason for improved performance.
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Figure 5.3: Accuracy of generated pseudo labels with different self-supervised
learning methods applied to HAR and Sleep-EDF datasets. Fine-tuning in Phase
2 is performed with 1% of labels.
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Figure 5.4: Performance comparison with and without supervised contrastive
loss in the semi-supervised training (Phase 4).

Effect of supervised contrastive loss In this experiment, we compare the

performance of the semi-supervised training (Phase 4) when using the supervised

contrastive loss against the unsupervised contrastive loss. The supervised con-

trastive loss considers samples having the same class label as positive pairs and

samples from different classes as negative pairs. In contrast, the unsupervised con-

trastive loss only forms positive pairs from the augmented views of the sample, and

all other samples in the mini-batch are considered as negative pairs. This difference

can affect the performance of the model, as the unsupervised contrastive loss may

treat samples having a similar class as negative pairs.

Figure 5.4 compares the performance of the unsupervised and the supervised con-

trastive losses in terms of accuracy and F1-score on the HAR and Sleep-EDF

datasets. The results indicate that the use of the supervised contrastive loss,

which includes more positive pairs, results in improved performance and better

representation learning on both datasets.

Varying CA-TCCmodel architecture In this section, we evaluate the perfor-

mance of different combinations of self-supervised learning algorithms in Phases 1

and 4. Specifically, we use different self-supervised algorithms in Phase 1, while

in Phase 4, we deploy only two baselines that can use the supervised contrastive

loss, i.e., SimCLR and TS-TCC. The experiments are conducted on the HAR and

Sleep-EDF datasets using 1% of labels.
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Table 5.3: Different combinations for the first and second pretraining phases
in our framework. Pretraining in the first phase is fully unsupervised, while the
second phase is class-aware (TS-TCC or SimCLR) with generated pseudo labels
from fine-tuning with 1% of labels.

HAR Sleep-EDF

Unsupervised
pretraining

Semi-supervised
training

Accuracy MF1-score Accuracy MF1-score

SSL-EEG CA-(TS-TCC) 70.8±0.9 68.4±0.8 76.1±0.4 67.1±0.6
SimCLR CA-(TS-TCC) 73.2±1.2 70.5±1.2 78.3±0.7 68.1±0.5

CPC CA-(TS-TCC) 72.7±0.7 69.6±0.8 79.2±0.4 70.0±0.6
TS-TCC CA-(TS-TCC) 77.3±0.6 76.2±0.1 79.4±0.1 70.8±0.5

SSL-ECG CA-(SimCLR) 69.3±1.3 66.2±1.1 75.5±0.2 66.2±0.9
SimCLR CA-(SimCLR) 67.5±1.4 64.3±1.2 77.5±0.2 67.9±0.6

CPC CA-(SimCLR) 72.2±1.9 69.1±2.6 79.2±0.1 70.1±0.7
TS-TCC CA-(SimCLR) 75.0±1.5 73.1±2.0 79.3±0.3 70.2±0.1

The results, shown in Table 5.3, indicate that using class-aware TS-TCC in the

semi-supervised training with any baseline in Phase 1 consistently outperforms

class-aware SimCLR for both datasets. This superior performance of TS-TCC can

be regarded to its ability to learn temporal relations in time series data while also

benefiting from the supervised contrasting, unlike class-aware SimCLR which only

learns through contrasting positive and negative pairs.

In summary, our framework is flexible and allows the use of various models in

different training phases. However, we chose to only use TS-TCC as it is the best-

performing self-supervised learning model among the baselines and it can handle

class-aware training in semi-supervised settings.

5.3.3 Transfer Learning Experiment

We further examine the transferability of the learned features by designing a trans-

fer learning experiment. We use the Fault Diagnosis (FD) dataset for the evaluation

under the transfer learning setting. Recall that the FD dataset has four working

conditions, which are considered as four domains (denoted as domains A, B, C, and

D). Here, we train the model on the data from one condition (i.e., source domain)

and test it on another condition (i.e., target domain). We adopt three training
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Table 5.4: Cross-domain transfer learning experiments performed on the Fault
Diagnosis dataset. Domains A, B, C, and D represent the four working condi-
tions. For supervised training, we train on the source domain and directly test
on the target domain. For TS-TCC, we pretrain the model with the unlabeled
source domain data, then fine-tune it with the few labels, then test it on the
target domain. The same applies to CA-TCC, except that we include 1% of
labeled data in the training. Results are reported in terms of accuracy. Best
results are in bold, while the second-best ones are underlined.

Method A→B A→C A→D B→A B→C B→D C→A C→B C→D D→A D→B D→C AVG

Supervised 34.38 44.94 34.57 52.93 63.67 99.82 52.93 84.02 83.54 53.15 99.56 62.43 63.83
TS-TCC 43.15 51.50 42.74 47.98 70.38 99.30 38.89 98.31 99.38 51.91 99.96 70.31 67.82
CA-TCC 44.75 52.09 45.63 46.26 71.33 100.0 52.71 99.85 99.84 46.48 100.0 77.01 69.66

schemes on the source domain, namely, (1) Supervised training, (2) TS-TCC fine-

tuning, and (3) CA-TCC fine-tuning. In TS-TCC and CA-TCC fine-tuning, we

fine-tune our pretrained encoder using the labeled data in the source domain.

Table 5.4 shows the performance of the three training schemes under 12 cross-

domain scenarios. Our pretrained TS-TCC model consistently outperforms the

supervised pretraining in 8 out of 12 cross-domain scenarios. Similarly, with only

1% of labels in each source domain for training, we find that the CA-TCC model

outperforms the supervised pretraining in 9 out of 12 cross-domain scenarios. We

find that the TS-TCC model can achieve at least ∼7% improvement in 7 out of 8

winning scenarios (except for D→B scenario). Similarly, the CA-TCC model can

achieve at least ∼8% improvement in 7 out of 9 winning scenarios. Overall, our

two proposed approaches can improve the transferability of learned representations

over the supervised training by ∼ 4% and 6% in terms of accuracy.

5.3.4 Ablation Study

We study the effectiveness of each component in our proposed CA-TCC model.

Specifically, we derive different model variants for comparison as follows. First,

we train the Temporal Contrasting (TC) module without the cross-view prediction

task, where each branch predicts the future timesteps of the same augmented view.

This variant is denoted as ‘TC only’. Second, we train the TC module by adding

the cross-view prediction task, which is denoted as ‘TC + X-Aug’. Third, we train

the proposed TS-TCC model, which is denoted as ‘TC + X-Aug + CC’. Finally, we

train the proposed CA-TCC model, which is denoted as ‘TC + X-Aug + SCC’. We

also study the effect of using a single family of augmentations on the performance
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Table 5.5: Ablation study of the effect of different components in TS-TCC
and CA-TCC models. We also show the effect of using two weak or two strong
augmentations on their performance. It is clear that using a combination of weak
and strong augmentations yields the best performance. The results are obtained
with the linear evaluation experiment on 5% of labeled data on three datasets.

HAR Sleep-EDF Epilepsy

Component Accuracy MF1-score Accuracy MF1-score Accuracy MF1-score

TC only 68.16±1.15 66.89±1.11 75.55±0.93 60.19±0.81 88.29±1.29 88.00±1.91
TC + X-Aug 74.22±1.03 72.18±0.99 77.80±0.29 61.28±1.22 90.51±0.43 89.27±0.22
TS-TCC (TC + X-Aug + CC) 77.58±1.78 76.66±1.96 76.98±0.56 70.94±0.46 93.12±0.31 93.67±0.56
CA-TCC (TC + X-Aug + SCC) 88.27±0.38 88.29±0.34 82.14±0.19 74.75±0.06 94.52±0.12 94.00±0.09

TS-TCC (Weak only) 67.39±1.73 65.54±2.42 79.63±0.16 68.15±0.23 93.22±0.11 91.97±0.19
CA-TCC (Weak only) 85.68±0.26 84.77±0.25 81.62±0.89 70.10±1.28 93.84±0.05 92.19±0.10

TS-TCC (Strong only) 50.37±1.18 43.05±1.42 74.84±0.50 64.53±0.58 92.49±0.62 90.60±0.20
CA-TCC (Strong only) 59.59±0.06 53.34±0.49 79.24±0.74 69.39±0.89 93.74±0.04 92.00±0.05

of TS-TCC and CA-TCC. In particular, for an input x, we generate two different

views x1 and x2 from the same augmentation type, i.e., x1∼Tw and x2∼Tw when

using either the weak augmentation or the strong augmentation. We show the

linear evaluation results in terms of accuracy and macro F1-score with only 5%

throughout these experiments.

Table 5.5 shows this ablation study on the three datasets. The proposed cross-view

prediction task generates robust features and thus improves the performance by

more than 6% accuracy on HAR datasets, and ∼2% on Sleep-EDF and Epilepsy

datasets. Additionally, the contextual contrasting module further improves the

performance, as it helps the features to be more discriminative. More improve-

ment was achieved by using supervised contextual contrasting in CA-TCC, which

supports the importance of considering more positive samples from the same class

to generate more discriminative features. By studying the effect of augmentations

on TS-TCC, we find that generating different views from the same augmentation

type is not helpful with HAR and Sleep-EDF datasets. For these complex datasets,

using only weak augmentations may not make a tough cross-view prediction task,

leading to close results to the variant ‘TC only’. Counterpart, using only strong

augmentations deviates the model from recognizing the original data while testing.

However, the less complex Epilepsy dataset can still achieve comparable perfor-

mance with only one augmentation. For CA-TCC, we find that it consistently

outperforms the results of TS-TCC, showing its effectiveness in improving the rep-

resentations with the available few labeled samples. For example, we find that it

highly improves the performance of using only weak or strong augmentations in
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Figure 5.5: Sensitivity analysis experiments on HAR dataset. Figure (a) shows
the effect of changing the percentage of the predicted future timesteps, where we
notice a close performance among our two variants. Figure (b) shows the impact
of the different combinations of λ1 and λ2 on TS-TCC performance. Last, figure
(c) shows the effect of the different combinations of λ3 and λ4 onn CA-TCC
performance.

both HAR and Sleep-EDF datasets.

5.3.5 Sensitivity Analysis

We perform sensitivity analysis on the HAR dataset to study five parameters

namely, the number of predicted future timesteps K in the temporal contrast-

ing module, λ1 and λ2 in Eq. 4.6, and λ3 and λ4 in Eq. 5.3. In specific, we used

the linear evaluation experiment with full labels to assess the performance.

Fig. 5.5(a) shows the effect of K on the overall performance of TS-TCC and CA-

TCC, where the x-axis is the percentage K/d, and d is the length of the features.
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Clearly, increasing the percentage of the predicted future timesteps improves the

performance. However, larger percentages can harm the performance as it reduces

the amount of past data used for training the autoregressive model. We observe

that predicting 40% of the total feature length performs the best, and thus we set K

as d×40% in our experiments. The same conclusion can be drawn for both variants

of our framework. Fig. 5.5(b) shows the results of varying λ1 and λ2 in TS-TCC

(Eq. 4.6) in a range between 0.001 and 1000 respectively. We first fix λ1 = 1 and

change the values of λ2. We observe that our model achieves good performance

when λ2 ≈ 1, whereas the model performs best with λ2 = 0.7. Consequently, we

fix λ2 = 0.7 and tune the value of λ1 as in Fig. 5.5(b), where we find that our

model achieves the best performance when λ1 = 1. We also find that as λ1 < 10,

our model is less sensitive to its value, while it is more sensitive to different values

of λ2.

We also perform sensitivity analysis on the values of λ3 and λ4 in CA-TCC (Eq. 5.3)

in a similar manner and within the same ranges, as shown in Fig. 5.5(c). We also

used 1% of labels to generate pseudo labels. Consequently, we chose the values of

λ3 = 0.01 and λ4 = 0.7.

5.4 Summary

In this chapter, we showed how to further improve the self-supervised represen-

tation in semi-supervised settings. In particular, we noticed how TS-TCC can

provide noticeable improvement under different labeling budgets, where 10% of

the labeled data could achieve close performance to the supervised training with

full labeled data. Therefore, we extended TS-TCC and proposed CA-TCC, which

benefits from the pseudo labels generated by the fine-tuned TS-TCC model to train

a class-aware supervised contrastive loss. CA-TCC was able to further improve this

performance with only 1% of labeled data when testing on different datasets. In ad-

dition, both variants were able to improve the transferability of the representations

in real-world transfer learning scenarios.





Chapter 6

Attentive Cross-domain

Representation Learning

Framework with Iterative

Self-Training

In this chapter 1, we discuss another real-world problem that we may face when

the train and test data are not drawn from the same distribution, i.e., there exists

a domain shift. To address this problem, we propose an adversarial unsupervised

domain adaptation framework based on an iterative self-training scheme. We ap-

ply our solution to the cross-domain sleep stage classification problem, in which

we train the deep learning model on one dataset, and test it on another out-of-

distribution dataset. In specific, we propose an Adversarial Domain Adaptation

framework based on preserving attention mechanism and iterative Self-Training

strategy (ADAST) for a single channel EEG-based sleep stage classification.

In our ADAST, we aim to address two problems in the literature. The first is that

they rely on a fully shared model for the domain alignment, which may lose the

domain-specific information during feature extraction. Second, they only align the

source and target distributions globally without considering the class information in

the target domain, which hinders the classification performance of the model while

1The work in this chapter has been published as “ADAST: Attentive Cross-domain EEG-based
Sleep Staging Framework with Iterative Self-Training”, IEEE Transactions on Emerging Topics
in Computational Intelligence, 2022 [174].
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testing. Therefore, we first develop an unshared attention mechanism to preserve

the domain-specific features in both domains. Second, we design an iterative self-

training strategy to improve the classification performance on the target domain via

target domain pseudo labels. We also propose dual distinct classifiers to increase

the robustness and quality of the pseudo labels. The experimental results on six

cross-domain scenarios validate the efficacy of our proposed framework and its

advantage over state-of-the-art UDA methods. The source code is available at

https://github.com/emadeldeen24/ADAST.

The main contributions of this work are summarized as follows:

• We propose a novel cross-dataset sleep staging framework that integrates

iterative self-training with adversarial learning. Therefore, our framework

can effectively classify the fine-grained distribution of the unlabeled target

sleep data.

• ADAST utilizes an unshared domain-specific attention module to preserve

the key features in both source and target domains during adaptation, which

improves the adversarial training and boosts the classification performance

on the target domain.

• We design distinct dual classifiers to improve the robustness of the generated

pseudo labels in self-training. We also add a similarity constraint on their

weights to push them from being identical.

• Extensive experiments demonstrate that our ADAST achieves superior per-

formance for cross-domain sleep stage classification against state-of-the-art

UDA methods.

6.1 Method

6.1.1 Preliminaries

In this work, we focus on the problem of unsupervised cross-domain adaptation

for EEG-based sleep staging. In this setting, we have access to a labeled source

dataset Xs = {(xi
s, y

i
s)}ns

i=1 of ns labeled samples, and an unlabeled target dataset

https://github.com/emadeldeen24/ADAST
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Figure 6.1: The overall architecture of the proposed ADAST framework. The
shared feature extractor consists of three convolutional blocks, where each block
contains 1D-convolution, batch normalization, non-linear ReLU activation, and
MaxPooling. The two classifiers share the same architecture, but we apply a
similarity constraint on their weights to push them from being identical to each
other (best viewed in colors, as blocks with similar colors represent shared com-
ponents).

Xt = {(xj
t)}nt

j=1 of nt samples. The source and target domains are sampled from

source distribution Ps(Xs) and target distribution Pt(Xt) respectively, such that

these distributions are different (i.e., Ps ̸= Pt). Both domains share the same label

space Y = {1, 2, . . . K}, where K is the number of classes (i.e., sleep stages). The

domain adaptation scenario aims to transfer the knowledge from a labeled source

domain to a domain-shifted unlabeled target domain. In the context of EEG data,

both xi
s and xi

t ∈ R1×T , where the number of electrodes/channels is 1 since we

use single-channel EEG data, and T represents the number of timesteps in the

30-second EEG epochs.

6.1.2 Overview

As shown in Fig. 6.1, our proposed framework consists of three main components,

namely domain-specific attention, adversarial training, and dual classifier-based

iterative self-training. First, domain-specific attention plays an important role

in refining the extracted features so that each domain preserves its key features.

Second, the adversarial training step leverages a domain discriminator to align

the source and target features. Particularly, the domain discriminator network
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Figure 6.2: Design of domain-specific attention module.

is trained to distinguish between the source and target features while the feature

extractor is trained to confuse the domain discriminator by generating domain

invariant features. Finally, the iterative self-training strategy utilizes the target

domain pseudo labels to adapt the classification decision boundaries according to

the target domain classes. The dual classifiers are incorporated to improve the

quality and robustness of the pseudo labels. Further details about each component

will be provided in the following subsections.

6.1.3 Domain-specific Attention

Our proposed framework extracts domain invariant features by using a shared

CNN-based feature extractor, i.e., Fs(·) = Ft(·) = F (·). Unlike the totally un-

shared architectures that require an extra pretraining step and are usually harder

to converge, the shared feature extractor allows end-to-end training, besides being

easier to converge. Therefore, most UDA algorithms adopted this shared design

[96]. However, relying solely on this shared architecture may not be able to preserve

the key features of each domain [175, 176]. The reason is that the high-dimensional

features may contain information that distinguishes source and target domains,

and are relevant for predicting the label [177]. Throughout the training, the model

tries to remove these features to reduce the difference between source and target

distributions and make the features domain-invariant, but this also affects the clas-

sification performance on each separate domain. As the classification mainly relies

on the available source domain labels, the learned classifier will be more biased

toward the source domain [178]. Hence, we propose an unshared attention module

to learn both domain-invariant and domain-specific features jointly in our proposed

framework.
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For each position in the feature space, the attention module calculates the weighted

sum of the features at all positions with a little computational cost. Thus, the

features at each location have fine details that are coordinated with fine details in

distant portions of the features. Formally, given an input source sample xs ∈ R1×T

that is passed through the feature extractor to generate the source features, i.e.,

F (xs) = (fs1, . . . , fsl) ∈ Rd×l, where d is the number of CNN channels, and l is

the length of the features. Inspired by [179], we deploy a convolutional attention

mechanism as shown in Fig. 6.2. The attention operation starts by obtaining a

new representation for the features at each position by using two 1D-convolutions,

i.e., H1 and H2. Specifically, given fsi, fsj ∈ Rd, which are the feature values at the

positions i and j, they are transformed into Zsi = H1(fsi) and Zsj = H2(fsj). The

attention scores are calculated as follows.

Vji =
exp(Z⊤

siZsj)∑l
k=1 exp(Z⊤

skZsj)
. (6.1)

Here, the attention score Vji indicates the extent to which jth position attends to

the ith position in the feature map. The output of the attention layer is Os =

(os1, . . . ,osj, . . .osl) ∈ Rd×l, where

osj =
l∑

i=1

Vjifsi. (6.2)

We denote the attention process in Equations 6.1 and 6.2 as ATT (·), such that

Os = ATT s(F (xs)). The same process applies to the target domain data flow to

train ATT t.

6.1.4 Adversarial Training

Given the learned source and target representations that preserve the domain-

specific features, adversarial training is employed to align the source and target

domains. Inspired by the generative adversarial network (GAN) [180], we aim to

solve a minimax objective between the feature extractor and domain discriminator.

Specifically, the domain discriminator is trained to classify between the source

and target features, while the feature extractor tries to generate indistinguishable

representations for both source and target domains. By doing so, the classifier
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trained on the source domain can generalize well on the target domain. However,

with the minimax objective, the discriminator can saturate quickly, resulting in a

gradient vanishing problem [95]. To address this issue, we train our model using a

standard GAN loss with inverted labels [180]. Formally, the domain discriminator,

D, classifies the input features to be either from the source or target domain. Thus,

D can be optimized using a standard cross-entropy loss with the labels indicating

the domain of the data point. The objective of this operation LD can be defined

as:

min
D

LD = − Exs∼Ps [logD(ATT s(F (xs)))]

− Ext∼Pt [log(1 −D(ATT t(F (xt))))], (6.3)

where LD is used to optimize the domain discriminator separately so that it dis-

criminates the source and target features. On the other hand, the feature extractor

and the domain-specific attention are trained to confuse the discriminator by map-

ping the target features to be similar to the source ones. The objective function

can be described as:

min
F,As,At

Ladv = − Exs∼Ps [log(1 −D(ATT s(F (xs))))]

− Ext∼Pt [logD(ATT t(F (xt)))]. (6.4)

Notably, only Ladv, which optimizes the feature extractor and the domain-specific

attentions, is added to the overall objective function to ensure that the model can

generate domain-invariant features.

6.1.5 Dual Classifier-based Iterative Self-Training

With adversarial training, the distributions of source and target domains become

globally aligned. However, the global alignment does not guarantee a good classifi-

cation performance on the target domain, because of the difference in classification

boundaries among source and target domains. Therefore, we propose a novel iter-

ative self-training strategy to adjust the classification boundaries to fit the target

domain and improve its classification performance.
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Self-training converts the target domain predictions into pseudo labels and uses

them to minimize the cross-entropy loss [181]. Given high-quality pseudo labels,

they are treated as supervisory signals to adapt the decision boundaries of the

classifier according to target domain classes. However, due to the domain shift,

finding high-quality target domain pseudo labels can be a challenging problem,

and the generated ones might be noisy and inefficient, especially at the beginning

of the training. Nevertheless, we aim to first minimize the number of incorrect

pseudo labels and second minimize the negative impact of these incorrect ones on

the performance. To do so, we follow two main strategies.

First, we repeat the training of the model for r iterations, where the pseudo labels

generated in the previous iteration are used in the next one. Since the model will

be very uncertain about the pseudo labels in the first iteration, we ignore the target

classification loss at this iteration. However, in the following iterations, we take

it into consideration since the model becomes more confident about the pseudo

labels after being trained to minimize the domain shift between source and target

domains. Second, we use dual classifiers C1 and C2 setup, which have two main

benefits. First, it helps the model avoid the variance in the training data. Second,

the average prediction vector of the two classifiers decreases the probability of

low-confident predictions.

Notably, we design the two classifiers such that they share the same architecture,

i.e., a single fully connected layer. This helps limiting the total number of pa-

rameters in the model and avoid pruning to overfitting. Consequently, we need to

ensure that their predictions are diversified and they do not converge to become

one classifier throughout training. Thus, we add a regularization term |θ⊺C1
θC2| on

the weights of the two classifiers as inspired by [182], where θC1 , θC2 represent the

weights of C1 and C2 respectively. This regularization term ensures the diversity of

the two classifiers and helps them to produce different yet correct predictions. The

final prediction vector is the averaged vector of the predictions of both classifiers.

Formally, in each iteration, we first calculate the average probability pt of the two

classifiers, and the corresponding target pseudo labels ŷt as follows.

pt =
1

2
[C1(ATT t(F (xt)) + C2(ATT t(F (xt))] , (6.5)

ŷt = argmax(pt). (6.6)
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The target classification loss Lt
cls based on the above pseudo labels is defined as

follows.

min
F,At,C1,C2

Lt
cls = −Ext∼Pt

K∑
k=1

1[ŷt=k] logpk
t , (6.7)

where 1 is the indicator function, which is set to be 1 when the condition is met, and

set to 0 otherwise. The target classification loss Lt
cls optimizes the feature extractor

F , the target domain-specific attention ATT t as well as the dual classifiers C1 and

C2.

Similarly, the source classification loss Ls
cls, which depends on the source labels ys,

is formalized as follows.

ps =
1

2
[C1(ATT s(F (xs)) + C2(ATT s(F (xs))], (6.8)

min
F,As,C1,C2

Ls
cls = −E(xs,ys)∼Ps

K∑
k=1

1[ys=k] logpk
s , (6.9)

where the source classification loss Ls
cls optimizes the feature extractor F , the source

domain-specific attention ATT s as well as the dual classifiers C1 and C2.

To sum up, we integrate the adversarial loss with the source and target classification

losses and the regularization of the dual classifiers in one objective loss function as

follows.

Loverall = Ladv + Ls
cls + λ1Lt

cls + λ2|θ⊺C1
θC2|. (6.10)

Since the adversarial training and the source classification are two essential mod-

ules, we set their weights to one and tune the values of the two hyperparameters

λ1 and λ2 to control their contributions. Overall, the three losses are integrated to

guide the feature extractor to generate domain-invariant features, while allowing

the domain-specific attentions to preserve the key features for each domain. Ad-

ditionally, the dual classifiers are diversified using the regularization term. More

details about the training can be found in Algorithm 1.
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Algorithm 1: Training procedure of our proposed ADAST framework.

Input: Xs, Xt, D, F , ψs, ψt, C1, C2;
Output: Trained F , ψt for the target domain;
1. Set λ1 = 0;
2. for i=1 to r do

3. Sample mini-batches from source domain (xs, ys) ∼ Ps and target
domain xt ∼ Pt;

4. Extract shared features using F , then unshared representations
ψs(F (xs)), ψt(F (xt));

5. Update D by LD (Eq. 6.3);
6. Update F, ψs, ψt by Ladv (Eq. 6.4);
7. Update F, ψs, C1, C2 by Ls

cls (Eq. 6.9);
8. Penalize C1 and C2 weights similarity ;
9. Generate pseudo labels ŷit (Eq. 6.5,6.6);
10. Update F, ψt, C1, C2 by Lt

cls (Eq. 6.7);
11. Set a value to λ1;

end

6.2 Experiments

6.2.1 Datasets

We evaluate the proposed framework on three challenging datasets, namely Sleep-

EDF2 (EDF for short), SHHS-1 (S1) and SHHS-23 (S2). These three datasets

represent distinct domains due to their differences in sampling rates and EEG

channels.

6.2.1.1 Sleep-EDF (EDF)

The first dataset is the Sleep-EDF dataset, which was discussed earlier in Sec-

tion 3.2.1 of Chapter 3.

6.2.1.2 SHHS-1 (S1)

We also adopted a subset of the SHHS-1 dataset, which was discussed earlier in

Section 3.2.1 of Chapter 3.

2https://physionet.org/physiobank/database/sleep-edfx/
3https://sleepdata.org/datasets/shhs
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Table 6.1: A brief description about the datasets.

Dataset #Subjects EEG Channel Sampling Rate #Train #Val #Test

EDF 20 Fpz-Cz 100 25,612 7,786 8,910
S1 42 C4-A1 125 24,515 7,948 9,067
S2 44 C4-A1 250 31,613 9,769 12,413

6.2.1.3 SHHS-2 (S2)

The data of S2 represents the polysomnogram recordings of the second visit of 3,295

of the participants in S1. The outcome data were used to adjust the parent cohort.

Each PSG file in both S1 and S2 datasets contains data from two EEG channels

namely C4-A1 and C3-A2, where we only adopt C4-A1 channel recordings for both

datasets. We selected subjects from S1 and S2 datasets such that 1) they contain

different patients, 2) subjects from the S2 dataset have a sampling rate of 250 Hz,

and 3) the subjects have Apnea Hypopnea Index (AHI) < 1 to eliminate the bias

to sleep disorders and ensure a consistent clinical status of subjects [157]. Notably,

we down-sampled the data from S1 and S2 datasets such that the sequence length

is the same as the EDF dataset, i.e., 30 seconds × 100 Hz (T = 3, 000).

We preprocessed the three datasets by 1) merging stages N3 and N4 into one stage

(N3) according to AASM standard, and 2) including only 30 minutes of wake stage

periods before and after sleep [11]. Table 6.1 shows a summary of the above three

datasets before down-sampling describing the number of subjects (#Subjects) in

each cross-domain, the selected EEG channel, the sampling rate, and the number of

training (#Train), validation (#Val), and testing (#Test) samples in each domain.

6.2.2 Feature Extractor

To extract the features from the EEG signals, we first preprocess the EEG signals to

be split into 30-second segments (i.e., epochs). Each epoch is then passed through

our feature extractor network to extract the features. We used the same design

of our previous feature extractor, which was discussed earlier in Section 4.2.2.1.

The 1D-convolution layer in the first block has 32 filters, with a kernel size of 25

and a stride of 6. The 1D-convolution layer in the second and third layers have

64 and 128 filters respectively and both have a kernel size of 8 and a stride of 1.
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The features extracted from these three blocks are then sent to the self-attention

mechanism.

6.2.3 Experimental Settings

To evaluate the performance of our model and baseline models, we employed the

classification accuracy (ACC) (Eq. 3.13 and the macro-averaged F1-score (MF1)

(Eq. 3.14). All the experiments were repeated 5 times with different random seeds

for model initialization, and then we reported the average performance (i.e., ACC

and MF1) with standard deviation.

We performed subject-wise splits for the data from the three domains, i.e., we split

them into 60%, 20%, and 20% for training, validation, and testing, respectively,

such that the data from one subject were assigned to either of the 3 splits. We used

the training part of source and target domains while training our model. We used

the validation part and test part of the target domain for validation and testing.

Following [104, 182], we used the validation split of the target domain to select

the best hyperparameters in our model. We tuned the parameters λ1, λ2 in the

range {0.00001, 0.0001, 0.001, 0.01, 0.1, 1}, and set their values as λ1 = 0.01 and

λ2 = 0.001. For iterative self-training, we set the maximum iterations r to 2, as

the performance of the model was found to converge. We used Adam optimizer

with a learning rate of 1e-3 that is decayed by 0.1 after 10 epochs, weight decay

of 3e-4, β1 = 0.5, β2 = 0.99, and a batch size of 128. We trained the model for

a predetermined number of epochs (15 epochs in our case) per iteration. All the

experiments were performed with PyTorch 1.7 on NVIDIA GeForce RTX 2080 Ti

GPU. The source code is available at https://github.com/emadeldeen24/ADAST.

6.2.4 Baselines

To assess our proposed ADAST model, we compared it against various baselines.

We first included the Direct Transfer (DT) results of three sleep staging meth-

ods. These methods are DeepSleepNet [11]; SleepEEGNet [135]; and our At-

tnSleep [144]. In addition, we adopted seven state-of-the-art discrepancy- and

adversarial-based domain adaptation (DA) baselines. In particular, Deep CORAL,

MDDA, and DSAN are discrepancy-based methods, while DANN, ADDA, CDAN,

https://github.com/emadeldeen24/ADAST
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and DIRT-T are adversarial-based methods. These baselines are summarized as

follows.

• Deep CORAL [183]: it extends CORAL [94] to learn a nonlinear transfor-

mation that aligns the correlations of layer activations in deep neural net-

works.

• MDDA [184]: it applies MMD and CORAL on multiple classification layers

to minimize the discrepancy between the source and target domains.

• DSAN [101]: it incorporates a local MMD loss to align the same-class sub-

domain distributions.

• DANN [103]: it jointly trains the feature extractor and domain classifier

by negating the gradient from the domain classifier with a gradient reversal

layer (GRL).

• ADDA [95]: it performs a similar operation as DANN but by inverting the

labels instead of using GRL.

• CDAN [105]: it minimizes the cross-covariance between feature representa-

tions and classifier predictions.

• DIRT-T [104]: it combines virtual adversarial domain adaptation with a

teacher model to refine the decision boundary of the target domain.

Notably, we included the results of the Source-Only experiment, which refers

to the DT results of our backbone network. In addition, we used our backbone

feature extractor for all seven DA baselines to ensure a fair comparison. We tuned

the hyperparameters of the baselines to achieve their best performance.

6.2.5 Experimental Results

Table 6.2 shows the comparison results among various methods. Overall, direct

transfer usually achieves lower performance than domain adaptation. The results

of DT experiments on [11, 135, 144] indicate that the domain shift problem causes

a big performance drop and should be addressed separately. Therefore, it becomes



Chapter 6. Attentive Cross-domain Learning 109

Table 6.2: Comparison against various baselines. Best results are in bold, and
the second best are underlined.

Cross-Domain Accuracy AVG

Baselines EDF→S1 EDF→S2 S1→EDF S1→S2 S2→EDF S2→S1 ACC

D
T

DeepSleepNet [11] 49.19±3.09 48.48±2.74 76.37±0.11 61.53±0.82 62.45±0.26 78.97±0.11 62.83
SleepEEGNet [135] 62.51±3.31 49.82±3.22 56.21±0.46 59.41±2.70 62.98±1.34 69.96±2.00 60.14
AttnSleep [144] 64.44±3.37 57.43±5.45 75.41±0.65 72.08±0.23 66.59±0.83 77.52±0.29 68.91
Source-Only (Ours) 57.76±2.40 52.05±4.47 75.05±1.43 63.84±3.83 59.65±2.90 73.94±1.48 63.72

D
A

Deep CORAL [183] 63.92±2.35 53.24±4.19 75.95±4.53 61.49±2.43 68.90±3.69 75.55±1.64 66.51
MDDA [184] 66.18±0.73 59.22±4.34 74.97±1.39 65.96±4.57 69.93±2.42 75.18±2.43 68.57
DSAN [101] 65.45±0.61 69.58±1.62 82.30±0.31 67.19±2.11 70.89±1.01 75.80±1.62 71.87
DANN [103] 65.93±0.63 58.67±3.44 77.40±0.54 64.14±0.48 67.53±2.60 73.72±0.87 67.90
ADDA [95] 68.02±1.07 52.89±6.64 80.73±1.50 57.85±0.72 72.65±0.28 71.63±1.10 67.30
CDAN [105] 64.15±2.41 64.09±1.27 78.02±0.84 66.06±2.29 72.13±2.13 76.42±1.88 70.14
DIRT-T [104] 66.51±2.99 59.20±4.34 79.98±0.35 65.06±3.98 72.95±3.27 77.16±0.61 70.19
ADAST (Ours) 75.50±1.03 67.56±2.37 75.94±1.25 72.27±1.06 75.28±1.78 77.80±0.25 74.00

Cross-Domain F1-score MF1

D
T

DeepSleepNet [11] 42.43±2.85 39.93±2.37 64.58±0.44 55.02±0.61 53.22±0.22 66.65±0.65 53.63
SleepEEGNet [135] 55.29±3.09 40.68±4.63 51.97±0.77 55.10±1.10 54.74±1.42 61.04±2.98 53.13
AttnSleep [144] 54.77±2.36 50.06±3.29 63.03±0.66 62.02±0.69 56.41±0.82 63.71±0.12 58.33
Source-Only (Ours) 46.04±1.86 42.22±4.07 63.07±1.34 54.96±3.12 49.10±2.55 62.71±3.00 53.02

D
A

Deep CORAL [183] 55.94±2.21 42.75±5.82 62.36±3.99 50.68±2.34 57.35±2.81 61.84±1.41 55.16
MDDA [184] 56.00±0.53 48.07±1.88 62.18±1.01 54.09±2.83 57.43±2.67 60.94±1.88 56.45
DSAN [101] 55.67±0.43 55.07±1.19 67.78±0.28 55.55±1.16 58.79±1.04 62.20±0.93 59.18
DANN [103] 54.79±0.54 48.49±2.57 63.86±0.69 53.48±0.36 57.14±2.08 60.17±0.65 56.32
ADDA [95] 58.18±1.41 43.96±6.26 68.43±0.88 48.53±0.64 59.02±0.54 58.54±0.78 56.11
CDAN [105] 52.61±2.31 52.42±0.33 64.31±0.93 54.73±1.45 59.70±2.18 62.76±1.79 57.75
DIRT-T [104] 55.34±2.81 48.31±3.81 66.12±0.45 54.55±2.85 57.72±4.61 62.05±0.72 57.35
ADAST (Ours) 61.92±0.83 53.80±2.11 63.33±1.02 58.69±0.60 62.49±1.04 63.10±0.06 60.39

important to use domain adaptation to address the domain shift problem for cross-

dataset sleep stage classification, which is supported by the results of the other

seven DA baselines.

It should be highlighted that the performance increase in the seven DA baselines

should be compared to our Source-Only DT results, as they share the same back-

bone network. We noticed that the three methods considering the class-conditional

distribution, i.e., CDAN, DIRT-T, and DSAN, outperform the ones globally align-

ing the source and target domains, i.e., DANN, Deep CORAL, ADDA, and MDDA.

This indicates that considering class distribution, especially in the case of imbal-

anced sleep data, is important to achieve better classification performance on the

target domain. Our proposed ADAST achieves superior performance over all the

baselines in terms of both mean accuracy and F1-score in four out of six cross-

domain scenarios for two reasons. First, our ADAST, similar to CDAN, DIRT-T,

and DSAN, also considers the class-conditional distribution. In particular, ADAST

explores the target domain classes using the proposed iterative self-training strat-

egy with dual classifiers. Second, ADAST preserves domain-specific features using
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Table 6.3: Ablation study showing the different variants of our proposed
ADAST framework. ATT: domain-specific ATTention, DC: Dual Classifiers,
ST: Self Training. The first row indicates using only the domain discriminator
along with a single classifier.

Component Cross-Domain Accuracy AVG

ATT DC ST EDF→S1 EDF→S2 S1→EDF S1→S2 S2→EDF S2→S1 ACC

- - - 66.46±1.86 62.72±4.14 79.10±1.23 61.54±0.08 72.28±3.33 73.19±0.64 69.21
✓ - - 71.31±1.78 69.07±1.50 76.83±1.83 63.98±3.11 74.59±0.93 75.19±1.63 71.50
✓ ✓ - 72.53±0.88 66.50±2.45 78.22±0.48 68.54±5.29 75.57±0.86 76.98±0.54 73.05
✓ - ✓ 70.76±2.22 68.79±0.20 77.61±0.79 68.58±5.14 74.05±1.73 75.82±0.67 72.60
✓ ✓ ✓ 75.50±1.03 67.56±2.37 75.54±1.25 72.27±1.06 75.28±1.78 77.80±0.25 74.00

the unshared attention module, which improves performance.

As shown in Table 6.2, the performance of our model is less than most baselines

in the scenario S1→EDF. Note that we used the same value of λ1 (i.e., 0.01) for

all six scenarios, which might not be fair for some scenarios. We found that the

quality of the pseudo labels is not good in this scenario S1→EDF, and thus we

should use a smaller λ1 to reduce the contribution of the target classification loss.

By tuning λ1 from 0.01 to 10−6, the mean accuracy and MF1 of our ADAST in the

scenario S1→EDF would increase from 75.94% and 63.33% to 78.50% and 64.73%,

respectively.

We also observed interesting results while investigating different cross-dataset sce-

narios. Various methods usually achieve better performance in the cross-domain

scenario S1→S2 than EDF→S2 (and similarly S2→S1 is better than EDF→S1).

To explain this, as shown in Table 6.1, S1 and S2 are closer to each other, as they

have the same EEG channel. Meanwhile, EDF has a different EEG channel and

sampling rate, and thus it is a distant domain from S1 and S2. These results indi-

cate that distant domain adaptation is still very challenging. Finally, we observed

that S1→EDF is easier than S2→EDF, probably because S1 and EDF have close

sampling rates to each other.

6.2.6 Ablation Study

We assessed the contribution of each component in our ADAST framework, namely

the unshared domain-specific attention module (ATT), the dual classifiers (DC),

and self-training (ST). Particularly, we conducted an ablation study to show the

results of different variants of ADAST in Table 6.3.
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The results emphasize three main conclusions. First, using the proposed domain-

specific attention benefits the overall performance, as it helps to preserve the

domain-specific features. Second, the self-training improves the classification per-

formance by ∼ 1.1%. This improvement shows the benefit of incorporating the

target domain class information in modifying the classification boundaries by us-

ing pseudo labels. Third, the addition of dual classifiers benefits the classification

performance in overall as it avoids the variance in the training data. Moreover,

combining it with the self-training in specific is helpful to further improve the

performance by 2.5% through improving the quality of the pseudo labels.

(a) (b)

Figure 6.3: UMAP feature space visualization showing the source and target
domains alignment using (a) Source-Only, and (b) our ADAST, applied for the
scenario S2→EDF.

(a) (b)

Figure 6.4: UMAP feature space visualization showing the target domains
classification performance after (a) Source-Only, and (b) our ADAST alignment,
applied for the scenario S2→EDF.
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6.2.7 Representation Visualization

In Section 6.2.5, the results illustrate the advantages of our proposed ADAST

framework over the initial Source-Only performance. To make the comparison more

intuitive, we visualized the feature representations that were learned during the

training process using Uniform Manifold Approximation and Projection (UMAP)

[185].

First, we investigated the alignment quality, where Fig. 6.3 visualizes the source

and target alignment in the scenario S2→EDF. In particular, Fig. 6.3(a) shows the

Source-Only alignment, and Fig. 6.3(b) shows our ADAST framework alignment.

In these figures, the red dots represent the source domain, and the blue dots denote

the target domain. We can observe that the Source-Only is not very efficient as

many disjoint patches are not well-aligned with the target domain. However, our

ADAST framework improves the alignment of the two domains to become arc-

shaped, which increases the overlapped region and they become less discriminative.

Additionally, we investigated the target domain classification performance in the

aforementioned scenario after the alignment in Fig. 6.4. In particular, Fig. 6.4(a)

is the Source-Only performance, and Fig. 6.4(b) is the one after our alignment.

We noticed that the Source-Only alignment generates a lot of overlapping samples

from different classes, which degrades the target domain classification performance.

On the other hand, our ADAST framework improves the discrimination between

the classes and they become more distinct from each other. This is achieved with

the aid of the iterative self-training strategy.

6.2.8 Domain-Specific vs Domain-Invariant Features

In this subsection, we show that domain-invariant features have been extracted in

two different manners.

Quantitatively: To have a quantitative insight into extracting domain-specific in-

formation, we use the Kullback-Leibler (KL) divergence as a distribution sim-

ilarity measure. In general, KL-divergence is a non-symmetric measure of the

difference between two probability distributions p(x) and q(x). Specifically, the

KL-divergence of q(x) from p(x), denoted as DKL(p(x), q(x)), is a measure of the
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(a) (b)

(c) (d)

Figure 6.5: UMAP feature space visualization showing the domain-invariant
alignment (a) domain-wise, and (b) class-wise, besides the domain-specific align-
ment (c) domain-wise, and (d) class-wise under the scenario of EDF→S1.

information lost when q(x) is used to approximate p(x) [186]. So, if we can approx-

imate p(x) with q(x) without a big loss in information (achieve a low KL divergence

value), then we can conclude more similarity between the two distributions, and

vice versa.

To validate this idea, we first extract the reference features for each domain. To

do so, we use the feature extractor network and the dual classifiers to train the

source domain data with the cross-entropy loss and freeze the extracted features

from the last epoch (i.e., Rs). Since we do not have access to the target domain

labels, we use the pretrained model (on source domain data) to obtain the target

domain features (i.e., Rt).
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Next, we train the original model with source and target data to obtain the domain-

invariant (DI) and domain-specific (DS) features before and after the domain-

specific attention module respectively. Finally, we calculate the following KL-

divergence on the source domain sides as DKL(DIs, Rs) and DKL(DSs, Rs). Sim-

ilarly, we calculate the following KL-divergence on the target domain sides as

DKL(DIt, Rt) and DKL(DSt, Rt).

We perform this experiment on the cross-domain scenario (EDF→S1) and pro-

vide the results in Table 6.4. Notably, the KL-divergence value is the minimum

between the domain-specific features and their corresponding original domain fea-

tures. This indicates a minimal information loss when trying to approximate the

domain-specific features using the reference features, i.e., more similarity between

them. Therefore, we conclude the efficacy of the domain-specific attention module

in preserving the unique characteristics of each domain.

Table 6.4: KL-divergence between original features (R) and domain-invariant
(DI) and domain-specific (DS) features applied for both source and target do-
mains.

Domain-Invariant (DI) Domain-Specific (DS)

Source domain Rs 0.7591 0.7346

Target domain Rt 0.7849 0.6735

Visual Inspection To analyze the feature space of both domain-invariant and domain-

specific features, we visualize their distribution in the scenario (EDF→S1) with

UMAP, as shown in Fig. 6.5. We notice that the feature extractor can extract

domain-invariant information by minimizing the distance between source and tar-

get distributions as shown in Fig. 6.5(a). However, these domain-invariant features

still misclassify some classes as seen in Fig. 6.5(b). Meanwhile, the domain-specific

attention helps to better align the domains (Fig. 6.5(c)), as well as improving the

class-wise alignment as in Fig. 6.5(d). In addition, the wake class (Magenta) is

now closer to the Rapid Eye Movement (REM) class (Yellow), which is reasonable

since both classes share related information. Similarly, the points of the N3 class

become closer to the N2 class. This implies that our model well learns specific

features that can be adapted to the new unseen domain.
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Figure 6.6: Sensitivity analysis to the different variants of λ1 and λ2 in Eq.6.10.

6.2.9 Sensitivity Analysis

Effect of target classification loss. Since the self-training process relies on

target domain pseudo labels, it is not practical to assign a high weight to the target

classification loss as the pseudo labels are expected to have some uncertainties.

Therefore, we studied the effect of the different variants on the weight assigned to

the target classification loss λ1, as shown in Fig. 6.6.

Notably, when λ1 is very small (i.e., λ1 = 1e-6), it makes the self-training useless,

and the performance becomes very close to the case without self-training. As we

gradually increase λ1 value, we notice an improvement in the overall performance

until we reach the optimal value of λ1 = 0.01. Further increasing λ1 deteriorates

the performance as the model is highly penalized based on the pseudo labels which

may contain false examples.

Effect of classifier weight constraint. Since the dual classifiers share the same

architecture, it is important to keep their predictions relatively different but not

with a big gap. The classifier weight constraint is the factor that keeps this distance

with an acceptable margin, and hence, it becomes important to study the effect of

this term and how its weight λ2 should be selected. We analyzed the performance

of our model with different λ2 values, as illustrated in Fig. 6.6.

When λ2 is very small, it makes the two classifiers perform very closely to each

other, which has a similar performance with a single classifier. The performance is

gradually improved when increasing λ2, as the two classifiers tend to have different
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classification decisions. It can be found that the best performance is achieved with

λ2 = 0.001. However, as its value is increased beyond this threshold (i.e., 0.001),

we notice that the overall performance degrades. This happens as the weights

of the two classifiers become very dissimilar, moving them away from the correct

predictions.

6.3 Summary

In this chapter, we proposed a novel adversarial domain adaptation architecture,

i.e., ADAST applied for cross-domain sleep stage classification. We tackle the prob-

lem of the domain shift that happens when training the model on one dataset (i.e.,

the source domain), and testing it on another out-of-distribution dataset (i.e., the

target domain). We developed unshared attention mechanisms to preserve domain-

specific features. We also proposed a dual classifier-based iterative self-training

strategy, which helps the model adapt the classification boundaries according to

the target domain with robust pseudo labels. The experiments performed on six

cross-domain scenarios generated from three public datasets prove that our model

can achieve superior performance over state-of-the-art domain adaptation methods.

Additionally, the ablation study shows that the dual classifier-based self-training

is the main contributor to the improvement as it considers class-conditional distri-

bution in the target domain.



Chapter 7

Contrastive Domain Adaptation

for Time Series via Temporal

Mixup

Previous unsupervised domain adaptation works have followed two mainstreams.

The first is to leverage a statistical distance to minimize the discrepancy between

source and target domains. The second is to utilize adversarial training to miti-

gate the domain shift, which was our approach in Chapter 6. However, these two

approaches have some limitations. First, they ignore the temporal dependencies

in time series data while matching the source and target distributions, leading to

sub-optimal adaptation performance. Second, most of the existing discrepancy-

based approaches depend on reducing a distance measure, which may struggle to

align distributions with large domain shifts [113]. Third, the adversarial-based ap-

proaches are usually complex to train and rely on minimax optimization, which

is hard to converge to a satisfactory local optimum [187]. Last, both paradigms

attempt to directly adapt the target domain distribution towards the source do-

main using the source domain knowledge, which can be less effective when aligning

distant domains [188].

Therefore, in this chapter 1, we develop a new direction and propose a novel frame-

work (CoTMix) that exploits contrastive learning to mitigate the domain shift in

time series data. In particular, we develop a novel cross-domain temporal mixup

1The work in this chapter has been published as “Contrastive Domain Adaptation for Time-
Series via Temporal Mixup”, IEEE Transactions on Artificial Intelligence (TAI) [189].
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strategy to generate two new intermediate domains namely the source-dominant

and the target-dominant domains. These two intermediate domains act as aug-

mented views for the source and target domains in contrastive learning. Moreover,

they are designed in a way that preserves the semantics of the dominant domain

while learning the temporal characteristics of the less dominant domain. Sub-

sequently, we leverage in-domain contrastive learning to maximize the similarity

between the source and the source-dominant domains, as well as maximizing the

similarity between the target and target-dominant domains.

Notably, our method stands apart from existing methods that incorporate data

or feature augmentations in complex adversarial training [190, 191]. Unlike these

works that directly push the target domain towards the source domain, our pro-

posed approach can progressively map the source and target domains towards an

intermediate domain.

To summarize, our main contributions are as follows:

• We propose CoTMix, a novel contrastive learning-based framework for time

series UDA. To the best of our knowledge, this is the first work that utilizes

contrastive learning solely for adaptation without any adversarial training.

• We propose a cross-domain temporal mixup strategy that generates new aug-

mented views for in-domain contrastive learning at both source and target

domains sides. This operation aims to fit contrastive learning to serve the

adaptation objective. In addition, the proposed strategy is generic and can

be applied to any time series data.

• We conduct extensive experiments on four real-world time series domain

adaptation datasets. The results show that our CoTMix significantly out-

performs state-of-the-art UDA methods.

7.1 Proposed Method

7.1.1 Problem Definition

We address the problem of unsupervised domain adaptation for time series data.

Specifically, we have a labeled source domain Xs = {(xi
s, y

i
s)}ns

i=1 with ns samples,
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Figure 7.1: The overall structure of our CoTMix framework. The cross-domain
temporal mixup strategy generates the source-dominant xsd, and the target-
dominant xtd domains. We use a fixed 0.5 < λ < 1 to ensure that one domain
has more contribution in the generated samples. In addition, we aggregate T
timesteps from the less-dominant domain while the mixup to learn its temporal
information. The generated domains act as augmented views for the in-domain
contrastive learning, which is performed on the output probabilities.

and an unlabeled target domain Xt = {xj
t}nt

j=1 with nt samples. Both domains

have samples with a length of L timesteps and share the same label space, i.e.,

yis, y
j
t ∈ {1, 2, . . . K}, where K denotes the number of classes. It is assumed that

there is a distribution shift between the two domains (i.e., P (xs) ̸= P (xt)). Given

the source and target data, we aim to train a shared model that consists of a feature

encoder F (·) and a classifier C(·) to find a unified space that can successfully classify

the unlabeled target data.

7.1.2 Overview

In this section, we propose CoTMix, a Contrastive domain adaptation framework

via Temporal Mixup for time series data. CoTMix consists of two main compo-

nents: the cross-domain temporal mixup strategy and the in-domain contrasting at

the source and target sides. Fig. 7.1 illustrates the overall structure of our proposed

approach, which can be trained in an end-to-end manner.

7.1.3 Temporal Mixup

We propose a cross-domain temporal mixup strategy, in which we generate two

new intermediate domains namely the source-dominant and the target-dominant
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domains using the mixup operation [192]. Each of these domains should preserve

the characteristics of one dominant domain while considering the temporal infor-

mation from the other less-dominant domain. To do so, unlike the traditional

mixup, we use a fixed mixup ratio 0.5 < λ < 1, such that one domain will have

more contribution than the other in the newly generated domain. In addition,

we learn the temporal information from the less-dominant domain by aggregat-

ing multiple forward and backward timesteps to be mixed with one timestep from

the dominant domain, as illustrated in Fig. 7.1. For instance, we generate the

source-dominant samples by mixing each timestep from the source domain with

the average value of T timesteps from the target domain (T
2

backward timesteps

and T
2

forward timesteps), such that the source ratio is λ and the target ratio is

1 − λ. We calculated the mean of timesteps as inspired by the moving average

method [193]. Averaging timesteps has the advantages of eliminating short-term

fluctuations and reducing the effect of extreme values.

Formally, given a source domain sample xs and a target domain sample xt, we

generate each timestep i in the source-dominant domain as follows:

xisd = λxis + (1 − λ)
1

T

i+T
2∑

j=i−T
2

xjt ; 0.5 < λ < 1 (7.1)

where xsd = (x1sd, x
2
sd, . . . , x

L
sd) represents the generated source-dominant sample,

T is the mixup window length, and L is the sample length. A similar process

is followed to generate the target-dominant samples, which can be formalized as

follows:

xitd = λxit + (1 − λ)
1

T

i+T
2∑

j=i−T
2

xjs, 0.5 < λ < 1 (7.2)

where xtd = (x1td, x
2
td, . . . , x

L
td) represents the generated target-dominant sample.

7.1.4 Contrastive Adaptation

Given the generated source-dominant and target-dominant mixed domains, in ad-

dition to the original source and target domains, we use the feature encoder and

the classifier to generate the probability vectors for the four domains. As inspired
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by [194], we leverage the probability vectors in the InfoNCE loss [53] to maximize

the similarity between each domain and its corresponding intermediate view. Since

we contrast each domain with its dominant mixed domain, we benefit from several

advantages. First, we close up the gap between the two domains regardless of the

shift distance, because the model keeps learning about the less-dominant domain

on both sides progressively throughout training. Second, in addition to mitigating

the domain shift, in-domain contrastive learning improves the learning capability of

the model about each domain separately. Last but not least, this approach is sim-

pler in implementation and training than traditional complex adversarial training

approaches.

Fig. 7.1 shows the overall structure of our framework. For the source domain side,

we minimize the class-aware contrastive loss as well as the source classification loss.

For the target domain side, we minimize the unsupervised contrastive loss and the

entropy minimization loss. Next, we will discuss the losses on each side in more

detail.

7.1.4.1 Source Domain Side.

Since we have access to the source domain labels, we leverage these labels to opti-

mize both the in-domain class-aware contrastive loss and the standard cross-entropy

loss. The class-aware contrastive learning, as inspired by [195], benefits from the

available labeled data to include more positive pairs in the contrastive loss. Specif-

ically, for each anchor sample, we consider all the samples having the same class

label within the mini-batch as positive pairs. In this way, we consider the semantic

information between samples and avoid contrasting against false negatives, which

could improve the quality of the learned representations. Moreover, by contrasting

with multiple possible positive pairs (which are mixed with target domain data),

we increase the chance of narrowing the gap between the anchor sample with sam-

ples having the same class label in the less-dominant domain (i.e., target domain),

which further improves the class-wise alignment in the target domain.

Formally, given the ns source domain samples and the ns generated source-dominant

samples, the overall samples become 2ns. We generate the output probabilities

ps = C(F (xs)) and psd = C(F (xsd)). To this end, the overall source samples be-

come ({xl
so, y

l
so}l=1...2ns), and their corresponding probabilities are pso. In addition,
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we assume that the class label is the same for any two corresponding samples from

both domains, i.e., yis = yisd. Assuming that k ∈ I ≡ {1 . . . 2ns} represents the in-

dex of an arbitrary sample (from either source or source-dominant domains), and

A(k) ≡ I \ {k}. The set of indices of all samples with the same class as an anchor

sample xk
so will be U(k) = {u ∈ A(k) : yuso = ykso}. Therefore, we can formulate the

probabilistic class-aware contrasting loss LCAC as follows.

LCAC =
∑
k∈I

−1

|U(k)|
∑

u∈U(k)

log
exp

(
pk
so · pu

so/τ
)∑

a∈A(k) exp (pk
so · pa

so/τ)
, (7.3)

where · symbol denotes the inner dot product, τ is a temperature parameter, and

|U(k)| is the cardinality of U(k).

In addition to the class-aware contrasting, we also train the model to minimize the

cross-entropy loss as follows.

Lcls = −E(xs,ys)∼Ps

K∑
k=1

1[ys=k] logps(k). (7.4)

7.1.4.2 Target Domain Side.

Considering the target domain, we do not have access to its label information.

Therefore, we can only contrast its samples in an unsupervised manner. Given

the nt target domain samples and its corresponding nt target-dominant mixed

domain samples, the total number of samples becomes 2nt. We calculate the output

probabilities pt = C(F (xt)) and ptd = C(F (xtd)). Therefore, the overall target

samples become ({xl
to}l=1...2nt), and their corresponding probabilities are pto, such

that for each target sample xi
t, 1 ≤ i ≤ nt, it forms a positive pair with its

corresponding target-dominant sample xi
td and vice versa. Assuming that pto =

(p1
t ,p

2
t , . . . ,p

nt
t ,p

1
td, . . . ,p

nt
td ), where pk

to = pk
t if k ≤ nt, and pk

to = pk−nt
td otherwise.

For an anchor sample indexed k ∈ I ≡ {1 . . . 2nt}, A(k) ≡ I \ {k}, we define

f(k) as the index of the positive pair of k, such that f(k) = k + nt if k ≤ nt, and

f(k) = k−nt otherwise. Next, we design the probabilistic unsupervised contrastive



Chapter 7. Contrastive Domain Adaptation via Temporal Mixup 123

loss LUC as follows.

LUC =
−1

2nt

∑
k∈I

log
exp

(
pk
to · p

f(k)
to /τ

)
∑

a∈A(k) exp
(
pk
to · pa

to/τ
) . (7.5)

In addition, we minimize the entropy on the unlabeled target domain, formulated

as follows.

Lent = −Ext∼Pt [p
⊤
t logpt]. (7.6)

Leveraging this entropy minimization loss forces the classifier to be confident about

its prediction for the target domain data [104].

7.1.5 Overall Objective

Our proposed CoTMix is trained with a simple procedure. First, we mix the input

signals from the source and target domains to generate the source-dominant and

the target-dominant mixed samples as in Equations 7.1 and 7.2, respectively. Next,

we develop the class-aware contrastive training in the source domain side, and the

unsupervised contrastive training in the target domain side as in Equations 7.3 and

7.5, to minimize LCAC and LUC respectively. Besides minimizing the contrastive

losses, we also minimize the standard cross-entropy loss Lcls on the labeled source

domain, as well as the conditional entropy loss Lent on the unlabeled target domain.

Overall, the training objective is to minimize these losses combined as follows.

min
F ,C

Loverall = β1Lcls + β2LCAC︸ ︷︷ ︸
Source side

+ β3Lent + β4LUC︸ ︷︷ ︸
Target side

, (7.7)

where the hyperparameters β1, β2, β3, and β4 control the contribution of each loss

on the overall performance.
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7.2 Experimental Setup

7.2.1 Datasets

To evaluate our proposed approach, we choose four real-world time series datasets

in two applications, i.e., sleep stage classification and human activity recognition.

These datasets have different characteristics in terms of complexity, the number

of samples, the sample length and type, the number of sensors, and the severity

of the domain shift. We treat data from each subject as a separate domain, since

different subjects may have distinct behaviors, leading to distribution shifts.

The first dataset is Sleep-EDF for sleep stage classification, which was discussed

earlier in Section 3.2.1 of Chapter 3.

The second dataset is HAR, which was also discussed earlier in Section 4.2.1 of

Chapter 4.

The third dataset is HHAR (Heterogeneity Human Activity Recognition) dataset

[196], and it was collected from 9 different users using smartphones and smart-

watches. We consider the data from the Samsung smartphone following [197].

Last, the WISDM dataset [198] is also for human activity recognition, and it was

collected with accelerometer sensors from 36 subjects. The objective in the latter

three datasets is to classify sensors’ readings into one of six activities, i.e., walking,

walking upstairs, downstairs, standing, sitting, and lying down.

Since each dataset contains numerous subjects (i.e., domains), we selected five

random scenarios as in [113, 119]. Each scenario represents the ID of the source

subject (domain) and the ID of the target subject (domain) within their respective

datasets. For example, scenario 16 → 1 in the Sleep-EDF dataset indicates that the

source is subject #16 and the target is subject #1. More details about the datasets

are illustrated in Table 7.1. We included two large-scale datasets, i.e., Sleep-EDF

and HHAR, and two small-scale datasets, i.e., HAR and WISDM datasets. This

testifies to the capability of our proposed framework to adapt different scales of

datasets/domains.
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Table 7.1: Details of the adopted datasets (C: #channels, K: #classes, L:
sample length).

Dataset C K L # training samples # testing samples

Sleep-EDF 1 5 3000 14280 6130
HAR 9 6 128 2300 990
HHAR 3 6 128 12716 5218
WISDM 3 6 128 1350 720

7.2.2 Baselines

We compared our proposed method with seven state-of-the-art UDA methods that

span both discrepancy- and adversarial-based schemes as follows:

• FCN: Fully Convolutional Network, representing the source-only experiment.

• HoMM [100]: Higher-order Moment Matching.

• DSAN [101]: Deep Subdomain Adaptation.

• DANN [103]: Domain-Adversarial Training of Neural Networks.

• CDAN [105]: Conditional Domain Adversarial Network for Adaptation.

• DIRT-T [104]: Decision-boundary Iterative Refinement Training with a

Teacher.

• CoDATS [119]: Convolutional deep Domain Adaptation model for Time

Series.

• AdvSKM [113]: Adversarial Spectral Kernel Matching.

7.2.3 Implementation Details

7.2.3.1 Dataset preprocessing

We split each domain into 70/30%, where the 70% splits into both domains are for

training, while the 30% in the source domain is treated as a validation set for the

risk calculation, and the 30% in the target domain acts as a test set. In addition,

all the splits were normalized based on the training statistics [119]. We applied a



126 7.2. Experimental Setup

sliding window of 128 for the three human activity recognition datasets, but for

the Sleep-EDF dataset, we kept the original sample length of 3000 timesteps.

7.2.3.2 Feature encoder

We adopted the same convolutional neural network used in our previous works,

which was discussed earlier in Section 4.2.2.1. We set this pair as (5,1) for HAR,

HHAR, and WISDM datasets as they have the same sequence length. For the

Sleep-EDF dataset, we set it as (25,6) due to its longer sequence length. This

encoder is followed by a single fully connected layer for classification.

7.2.3.3 Unified training scheme

To ensure a fair evaluation, we unified the way of training, the backbone encoder,

the hyperparameters search methodology, and the risk minimization setting for our

proposed approach as well as all the baselines, as inspired by AdaTime benchmark

[197]. Specifically, we trained all the models for 40 epochs with a batch size of

32 and optimized the neural network weights using the Adam optimizer with a

learning rate of 1e-3. The reported results show the average and the standard

deviation performance of the last epoch of training, for three repeated experiments

with three different seeds.

Table 7.2: Selected values of the hyperparameters in the adopted datasets.
The first row indicates the range of hyperparameter search. The range of T is
specified with respect to L, however, we reported the selected timesteps values.

β1 β2 β3 β4 λ T

Range [0.1, 1] [0.001, 1] [0.001, 1] [0.001, 1] [0.5, 1) [0, 0.5L]

Sleep-EDF 0.96 0.1 0.05 0.1 0.79 150
HAR 0.78 0.1 0.20 0.1 0.90 14

HHAR 0.80 0.1 0.05 0.1 0.52 14
WISDM 0.98 0.1 0.05 0.1 0.72 6

To choose the hyperparameters of our CoTMix, i.e., λ, β1, β2, β3, β4, as well as the

hyperparameters of the baselines, we performed a hyperparameter sweep with 100

trials. The selection of these hyperparameters was from predefined ranges using

uniform sampling. Based on this hyperparameters search, we picked the best model
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Table 7.3: Detailed results of each cross-domain scenario in the four adopted
datasets in terms of MF1 score. CoTMix* indicates deploying unsupervised
contrastive loss in the source side. The results are based on minimizing the
DEV risk. Best results are in bold, and the second best are underlined.

Dataset Scenario FCN HoMM DSAN DANN CDAN DIRT-T CoDATS AdvSKM CoTMix* CoTMix

16→1 52.44±4.78 55.57±2.00 58.76±2.02 58.78±4.76 60.95±1.13 54.4±12.46 60.03±1.18 57.80±0.69 59.85±4.39 60.97±4.32

9→14 64.35±5.66 63.66±1.48 69.45±4.04 64.61±0.93 60.5±10.01 71.33±3.72 52.2±10.55 64.27±2.93 65.48±1.45 65.80±3.15

12→5 56.07±3.07 55.87±2.93 64.92±1.65 65.47±0.95 65.01±1.34 64.99±4.98 56.96±2.41 55.12±2.52 64.03±4.47 61.59±1.98

7→18 59.39±4.94 67.49±1.51 68.69±0.99 68.88±2.81 67.02±1.13 69.94±0.43 68.64±2.93 67.31±3.83 64.79±1.30 73.34±1.27

0→11 43.80±5.83 50.93±4.31 37.43±2.92 31.13±1.74 30.8±10.69 35.62±3.79 41.12±5.14 55.11±4.56 48.82±4.60 51.16±3.71

Sleep-EDF

AVG 55.21 58.70 59.85 57.77 56.86 59.26 55.79 59.92 60.59 62.57

2→11 58.39±3.87 73.38±7.34 75.58±9.18 77.8±18.26 71.51±8.84 88.44±9.23 51.81±4.67 65.74±2.69 99.01±0.71 97.17±4.00

12→16 56.06±2.80 59.84±1.43 61.71±1.75 63.26±2.49 54.66±2.91 58.47±2.98 54.81±2.76 60.09±1.40 66.59±5.53 77.56±1.34

9→18 58.87±5.93 60.0±11.83 67.10±4.61 57.49±7.77 40.94±3.18 65.9±13.25 31.83±8.89 53.70±4.61 68.46±5.64 75.29±5.62

6→23 43.59±8.34 90.48±0.80 93.22±2.49 95.86±1.84 61.31±9.02 90.56±8.73 81.23±4.07 79.31±8.95 90.94±2.78 91.74±3.29

7→13 87.45±6.20 85.94±2.52 88.82±3.08 91.71±0.84 82.1±11.91 93.73±0.56 80.9±13.74 88.89±3.12 89.80±1.66 88.47±3.27

HAR

AVG 60.87 78.28 81.07 80.89 64.66 82.54 65.12 74.62 82.96 86.05

0→6 54.26±3.46 63.58±2.24 58.81±7.19 46.54±0.61 45.52±0.94 52.63±9.77 44.73±1.65 45.52±0.91 66.81±1.79 69.34±4.66

1→6 64.09±4.02 88.49±2.00 93.42±0.64 90.73±1.97 92.99±0.70 93.10±2.06 91.98±1.01 92.99±0.72 90.49±0.68 91.97±2.01

2→7 38.03±4.42 47.12±4.27 45.61±0.51 46.58±3.13 54.12±7.12 63.49±1.95 47.56±5.04 54.11±7.12 62.16±0.41 68.76±8.54

3→8 79.40±1.44 79.23±1.13 98.44±0.23 83.4±10.12 98.17±0.37 87.1±10.06 91.83±4.56 98.17±0.37 95.74±0.81 96.01±0.85

4→5 78.75±4.09 84.07±1.19 98.47±0.32 95.83±0.28 96.39±1.37 97.13±0.44 92.52±3.14 96.39±1.37 97.03±0.62 96.61±1.70

HHAR

AVG 62.90 72.50 78.95 72.62 77.43 78.69 73.72 77.43 82.45 84.54

35→31 40.98±7.60 66.29±0.84 57.25±6.07 52.21±1.09 49.02±4.20 46.75±3.54 40.96±19.0 61.91±6.95 48.77±3.15 47.68±6.97

7→18 35.25±4.87 48.67±6.31 52.77±2.23 41.16±6.62 57.65±0.18 57.89±0.15 42.00±3.75 49.84±5.31 56.59±2.87 74.88±2.75

20→30 61.52±2.14 65.28±2.45 63.39±0.70 71.98±10.1 65.50±0.61 65.49±0.62 69.65±7.60 69.35±1.38 90.64±0.14 77.90±1.78

6→19 49.09±4.34 63.78±4.35 53.35±5.37 59.09±3.57 44.03±0.81 45.16±0.00 70.6±12.51 54.89±4.14 56.74±8.75 64.27±1.99

18→23 49.55±9.12 62.11±7.57 55.76±1.46 48.00±0.90 50.16±0.44 50.89±0.40 48.2±15.11 51.3±10.33 67.99±4.24 66.87±2.02

WISDM

AVG 47.28 61.23 56.51 54.48 53.27 53.24 54.27 57.46 64.15 66.32

that minimizes the realistic Deep Embedded Validation (DEV) risk [197, 199]. This

risk does not consider any target labels to be calculated. Instead, it considers the

highly correlated source features to the target features via importance weighting

schemes, which give lower weights to the less correlated features. Despite that

choosing the hyperparameters based on this risk may not yield the best performance

on the target domain, however, it ensures a fair and realistic evaluation scheme and

prevents overestimated results. We included the ranges, as well as the values of

the selected hyperparameters, in Table 7.2.

7.3 Results

7.3.1 Comparison with Baselines

Table 7.3 reports the macro-F1 (MF1) scores of our proposed framework against

the other competing state-of-the-art methods on the four benchmark datasets. The

MF1-score metric is more suitable to reflect the true performance of the imbalanced
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time series data. The results show that our proposed CoTMix approach outper-

forms adversarial and discrepancy baselines significantly in the overall performance

across the four datasets, indicating its effectiveness. For the Sleep-EDF dataset,

it achieves a 2.65% improvement over the second-best baseline. For HAR, HHAR,

and WISDM datasets, it was able to achieve 3.51%, 5.59%, and 5.09% improvement

over the second-best method. Since the temporal mixup operation is being per-

formed on the input space, we notice more performance improvement in the human

activity recognition datasets, which have less complex time series data, compared

to the more complex Sleep-EDF dataset.

Additionally, our CoTMix shows a significant improvement in big domain shifts.

For example, in the HHAR dataset, we find that scenario 2→7 suffers a big shift,

indicated by the poor source-only performance of 38.03%. We find that CoTMix

improved its performance by 30.73% reaching 68.76%.

To test the effectiveness of the class-aware contrastive loss on the source domain

side, we added a second variant of our framework (CoTMix*), in which we deploy

the unsupervised contrastive loss (Equation 7.5) on the source domain side. We no-

tice that it consistently achieves less performance than CoTMix, however, it always

grades the second-best average performance outperforming other baselines. This

indicates the efficacy of our method and also shows that considering the semantic

information while contrasting helps to improve the class-conditional alignment in

the target domain.

7.3.2 Study of Different Augmentations

In this section, we compare the capability of our proposed temporal mixup to

mitigate the domain shift against other augmentations proposed for time series

representation learning tasks. In specific, we replaced our cross-domain temporal

mixup with four different augmentations, i.e., permutation, scaling, jittering [161],

and masking [69]. The experimental results are provided in Table 7.4. It can be

noticed that our proposed temporal mixup strategy is more effective than other

augmentations in the UDA settings. These augmentations may enhance the in-

domain representation learning capability of the model, but they do not serve the

adaptation objective, i.e., reducing the domain shift. This shows how our temporal

mixup contributes to the success of contrastive learning for domain adaptation.
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Table 7.4: Comparison between deploying different augmentations against our
temporal mixup for the in-domain contrastive adaptation. Clearly, other aug-
mentations are not robust to the domain shift, and deploying them in contrastive
adaptation yielded relatively less performance that our temporal mixup.

Augmentation Sleep-EDF HAR HHAR WISDM

Permutation 57.15 80.63 76.79 54.67
Scaling 54.64 79.11 71.73 53.11
Jittering 56.53 80.27 75.23 51.04
Masking 56.09 80.44 74.64 55.34

Temporal Mixup 62.57 86.05 84.54 66.32

7.3.3 Mixup Strategies

In our temporal mixup, we use a fixed mixup ratio 0.5 < λ < 1 to keep the semantic

characteristics of one domain for in-domain contrastive learning. Nevertheless, we

compare using this fixed mixup ratio with two different strategies. The first is the

random mixup ratio selected randomly from a beta distribution λ ∼ Beta(α, α) as

in the traditional mixup [192]. The second is to specify λ from a range by randomly

selecting it from the beta distribution and limiting it to a specific range [200]. In

specific, λ′ ∼ max(λ, 1 − λ), where λ ∼ Beta(α, α).

Fig. 7.2 shows the comparison results for the three scenarios, where we report the

average performance of three experiments at each point in the sub-figures. In gen-

eral, we find that the “Random” mixup strategy causes noticeable performance

degradation, as it does not ensure keeping most of the semantics of one dominant

domain while contrastive learning. On the other hand, the “Range” mixup strat-

egy keeps the mixup ratio within a range ≥ 0.5, which ensures having a more

dominant domain, but with different random ratios. Therefore, it achieves a better

performance than the “Random” mixup strategy, but its randomness affects the

performance. Finally, we find that using a fixed mixup ratio can achieve the best

performance, as it ensures stable ratios of the domains in the augmented views.

Notably, this analysis shows that we may achieve better results than those viewed in

Table 7.3. The reason is that these values are selected by minimizing the DEV risk

[197, 199]. This risk may not provide the optimal performance on the target data

for some datasets, however, it is more realistic in real-world scenarios. In Table 7.5,
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(a) Sleep-EDF (b) HAR

(c) HHAR (d) WISDM

Figure 7.2: Study of different mixup strategies, as well as different values to
our fixed temporal mixup strategy. The red dashed line indicates the average
performance when selecting λ randomly from a beta distribution. The green
dashed line shows the average performance when selecting λ randomly from a
beta distribution but limited to a specific range ≥ 0.5. The dashed lines show
the λ values achieving the best performance based on the target risk.

we show that our CoTMix can achieve better performance if hyperparameters were

selected based on the target risk, i.e., based on the labels of the target domain.

7.3.4 Ablation Study

Since our CoTMix combines three losses in addition to Lcls, we study the effect

of these losses on the overall performance to provide additional insights on what

makes CoTMix performant. Table 7.6 presents this ablation study, where Lcls is

present by default in all the cases. In particular, we first omit all three losses,

to show the bottom-line performance. Next, we add the entropy minimization
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Table 7.5: Comparison between the average performance with the realistic
DEV risk and the overoptimistic target risk.

DEV risk Target risk

Dataset λ Avg. MF1 Score λ Avg. MF1 Score

Sleep-EDF 0.79 62.57 0.79 62.57
HAR 0.90 86.05 0.70 94.26

HHAR 0.52 84.54 0.59 87.18
WISDM 0.72 66.32 0.60 68.30

loss to the training. After that, we apply contrastive training on only one side

interchangeably. Finally, we show the results with all the losses together.

Table 7.6: Ablation study showing the effect of each loss on the overall perfor-
mance. By deploying contrastive loss on only one domain, it can still improve
the performance. However, we clearly get the best performance by moving both
domains towards an intermediate space.

Component Dataset

Lent LCAC LUC Sleep-EDF HAR HHAR WISDM

- - - 51.04 77.30 66.74 52.75
✓ - - 54.84 79.93 73.14 54.07
✓ ✓ - 59.14 83.82 77.34 58.79
✓ - ✓ 57.43 80.87 80.11 61.11
✓ ✓ ✓ 62.57 86.05 84.54 66.32

We arrive at two conclusions. First, adding entropy minimization improves the

overall performance, as it helps the classifier to be more confident about the un-

labeled target domain. Second, applying the contrastive loss to only one side still

improves the performance. This indicates that moving one domain towards an

intermediate domain by considering the cross-domain temporal relations is still

effective for adaptation. Moreover, we find that Sleep-EDF and HAR datasets

achieve better performance by contrasting only on the source side than contrasting

only on the target side. Counterpart, the performance on HHAR and WISDM

datasets improved more with contrasting only on the target side than the source

side. This can be regarded to the efficacy of the learned temporal features from

one side over the other for adapting the two domains. This experiment also shows

that moving only one domain towards the intermediate domain may not be the

most effective way. Nevertheless, the performance is consistently the best when

contrastive losses are applied on both sides, i.e., moving both domains.
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(a) HAR and HHHAR (b) Sleep-EDF and WISDM

Figure 7.3: Sensitivity analysis applied on the four datasets to study the effect
of the number of timesteps T , as a percentage of the signal length L, on the
performance. We notice a progressive performance improvement with including
more timesteps in the temporal mixup operation until T approaches 0.1L. (We
merged datasets with close performance in one figure)

7.3.5 Selection of Temporal Mixup Window

Our proposed temporal mixup could be affected by the length of aggregated timesteps

T in the less-dominant domain. Therefore, we study its significance on the per-

formance, as shown in Fig. 7.3. To avoid random selection to the value of T , we

assign it as a proportion in the sample length L. The first case in the analysis,

(i.e., T = 0) represents a one-to-one mixup of timesteps among source and target

domains, while in the next cases, we gradually increase T .

First, we notice that when T = 0, which corresponds to the traditional mixup [192],

the performance usually drops. This shows the significance of our temporal mixup

strategy, as it significantly improves the performance in the four datasets. We find

that the best performance is achieved with T = 0.1L in HAR and HHAR datasets

and T = 0.05L in Sleep-EDF and WISDM datasets. Increasing T beyond these

values can still achieve better performance than the usual mixup until some point,

where the performance is then hurt. This could be regarded to transferring more

irrelevant information than the proper window of temporal information. Based

on this sensitivity analysis, we recommend searching for the best value T in the

interval [0.05L, 0.2L].
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7.4 Summary

In this chapter, we proposed a novel time series unsupervised domain adaptation

framework (CoTMix) that exploits contrastive learning to mitigate the domain shift

problem. Specifically, we developed a cross-domain temporal mixup to generate

augmented views in both source and target domain sides and then leverage these

augmented views for in-domain contrasting. The extensive experiments proved

the superiority of our proposed approach over state-of-the-art UDA methods. In

addition, the ablation study showed the importance of contrastive learning in both

source and target domain sides to narrow down the domain shift. Finally, we

showed that unlike other augmentations proposed for representation learning tasks,

our cross-domain temporal mixup is more robust against the domain shift.





Chapter 8

Conclusion and Future Work

This chapter aims to provide a conclusive summary of the preceding chapters,

followed by an exploration of prospective future research directions.

8.1 Conclusions

In this thesis, we focused on the problem of learning efficient time series represen-

tations from deep learning models. Particularly, we focused on three problems: (1)

learning improved temporal features and addressing the class-imbalance problem,

(2) learning representations from unlabeled or few labeled data, and (3) mitigating

the domain shift between training and testing data.

In Chapter 1, we introduced a background about the problems to be discussed.

Then, we introduced the research problems, objectives, and questions to be ad-

dressed throughout this thesis. In Chapter 2, we provided an overview and dis-

cussed the literature review for the time series representation learning, includ-

ing the feature extraction, learning temporal relations, and addressing the class-

imbalance problem. We also discussed self-supervised and semi-supervised learning

techniques. Next, we introduced the unsupervised domain adaptation techniques

and their recent research advances. Last, we concluded with the respective litera-

ture works for the sleep stage classification problem.

In Chapter 3, we introduced AttnSleep, a novel architecture for sleep stage clas-

sification from single-channel raw EEG signals. AttnSleep utilizes two modules,
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i.e., the multi-resolution convolutional neural network (MRCNN) and the adaptive

feature recalibration (AFR), to extract impactful features from EEG signals. The

temporal context encoder (TCE) module follows these two modules and captures

the temporal dependencies among the extracted features by employing a multi-

head attention (MHA) mechanism. To address data imbalance, a class-aware cost-

sensitive loss function is proposed. The experimental results on three publicly

available datasets demonstrated the efficiency of the proposed method.

In Chapter 4, we discussed our self-supervised learning framework, i.e., TS-TCC,

which aims to learn representations from time-series data in an unsupervised man-

ner. The framework first creates two views for each sample by applying strong and

weak augmentations and then learns robust temporal features through a tough

cross-view prediction task in the temporal contrasting module. A contextual con-

trasting module is also proposed to learn discriminative features upon the learned

robust representations. The results of experiments demonstrate that the linear

classifier trained on top of the features learned by TS-TCC performs comparably

with supervised training. The proposed TS-TCC also shows high efficiency on few-

labeled data and transfer learning scenarios, achieving close performance to the

supervised training with fully labeled data using only 10% of the labeled data.

In Chapter 5, we extended TS-TCC to the semi-supervised settings and proposed

CA-TCC, which utilized pseudo labels generated by fine-tuning the TS-TCC model.

CA-TCC incorporated a class-aware supervised contrastive loss, which allowed it

to improve performance with only 1% of labeled data. We also noted that both

TS-TCC and CA-TCC improved the transferability of the learned representations

in real-world transfer learning scenarios. Overall, the findings suggest that these

frameworks are effective in unsupervised representation learning and can offer sig-

nificant performance improvements in situations with limited labeled data.

In Chapter 6, we introduced ADAST, a novel adversarial domain adaptation ar-

chitecture designed for cross-domain sleep stage classification. The primary goal

of the proposed architecture is to overcome the domain shift problem that occurs

when training a model on one dataset (source domain) and testing it on another

out-of-distribution dataset (target domain). The ADAST incorporates unshared

attention mechanisms to preserve domain-specific features and a dual classifier-

based iterative self-training strategy, which helps the model adapt the classification
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boundaries based on the target domain with robust pseudo labels. Experimental re-

sults conducted on six cross-domain scenarios generated from three public datasets

demonstrate that the proposed model outperforms state-of-the-art domain adap-

tation methods, elaborating that the proposed ADAST architecture has significant

potential for addressing the domain shift problem in various real-world applica-

tions.

In Chapter 7, we propose a novel time-series unsupervised domain adaptation

framework named CoTMix, which uses contrastive learning solely to address the

domain shift problem. Specifically, we proposed a temporal mixup strategy to gen-

erate two augmented view in both source and target domains, then utilizes them

for in-domain contrasting. The contrastive operation allows learning in-domain

representations, as well as mitigating the domain shift across the two domains.

Despite its simplicity, the experiments demonstrate the effectiveness of CoTMix

compared to state-of-the-art unsupervised domain adaptation methods.

8.2 Future Directions

The three problems that we discussed throughout this thesis still have some po-

tential future works toward applicable deep learning in the real world, which we

summarize as follows.

8.2.1 Privacy preserving UDA

We discussed the unsupervised domain adaptation (UDA) technique, where the

source and target data are both available during training. However, this approach

requires access to the source domain data, which may not always be possible or may

raise privacy concerns [201]. Therefore, source-free unsupervised domain adapta-

tion (SFUDA) is a promising technique that can further improve the applicability

of deep learning in the real world by addressing the challenges of domain shift and

lack of access to source domain data [202]. Unlike the traditional UDA, where a

deep learning model is trained on the source domain data and then adapted to

the target domain, SFUDA adapts to the target domain using only target domain

data, without requiring access to the source domain data.
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Source-free unsupervised domain adaptation can improve the applicability of deep

learning in the real world in several ways. First, it can enable the use of sensitive

data without compromising privacy. This is particularly important in applications

such as healthcare, finance, and law enforcement, where privacy and confidentiality

are paramount. Second, it can improve model performance in target domains

where labeled data is scarce or expensive. This is because UDA can leverage the

similarities between the source and target domains to improve model accuracy and

generalization.

Overall, source-free unsupervised domain adaptation is a promising technique for

improving the applicability of deep learning in the real world, especially in scenarios

where domain shift and privacy protection are significant challenges. Further re-

search is needed to explore the full potential of this technique and to develop more

advanced and effective approaches for source-free unsupervised domain adaptation.

8.2.2 Active Learning

Active learning is a machine learning technique that enables algorithms to itera-

tively select the most informative samples for annotation to improve their perfor-

mance on a specific task [203]. The use of active learning in deep learning can

significantly improve its applicability in the real world by reducing the need for

large amounts of labeled data. As discussed earlier in this thesis, the success of

deep learning models, such as convolutional neural networks and recurrent neural

networks, is highly dependent on the availability of a large amount of labeled data.

In real-world applications, obtaining a sufficient amount of labeled data can be

difficult, time-consuming, and expensive, which can limit the applicability of deep

learning.

Active learning can help overcome this limitation by selecting the most informative

samples for labeling, reducing the amount of labeled data required to achieve a

specific level of performance [204]. This approach allows deep learning models

to be trained more efficiently and with fewer labeled data, making them more

applicable to real-world scenarios. In active learning, the algorithm selects the

most informative samples by evaluating their uncertainty or representativeness

based on the model’s current knowledge. The selected samples are then labeled
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by experts, and the model is updated using this new information. The process is

repeated iteratively until a desired level of performance is achieved.

One of the key advantages of active learning is that it allows the model to focus on

the most relevant samples for a specific task, reducing the risk of overfitting and

improving generalization performance. Additionally, active learning can reduce the

need for domain-specific labeled data, making it easier to transfer deep learning

models to new domains and applications. For example, Bota et al. [205] propose

a semi-supervised active learning approach based on human activity recognition.

They rely on self-training to select the most relevant samples for annotation and

training the model. Also, the Transfer Active Learning (TAL) method selects the

candidate samples by evaluating their informativeness and representativeness [206].

These criteria are calculated by mapping the input sample into the embedding space

from both sample and sample-label views. Furthermore, active learning can also

help address the issue of class imbalance in datasets, by selecting samples from un-

derrepresented classes, increasing their representation in the labeled dataset, and

improving model performance on these classes. Another advantage of active learn-

ing is its ability to handle concept drift. Concept drift occurs when the statistical

properties of the data change over time, making the model less effective at pre-

dicting new data. Active learning can detect concept drift and adapt the model

by selecting new informative samples, allowing it to maintain its performance over

time.

However, active learning also has some limitations and challenges. One of the main

challenges is the selection of informative samples, which can be highly dependent

on the quality of the current model, and selecting biased or unrepresentative sam-

ples can lead to poor performance. In conclusion, active learning is a powerful

technique that can improve the applicability of deep learning in the real world. Its

ability to reduce the need for labeled data, improve model efficiency, handle class

imbalance, and address concept drift makes it a promising approach for real-world

applications. However, careful consideration should be given to the selection of

informative samples to ensure the quality and representativeness of the labeled

dataset.
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8.2.3 Continual Learning

Deep learning models have shown remarkable performance on various tasks, but

their performance can deteriorate when they are trained on a limited dataset or

when they are faced with new data that is significantly different from the training

data. Additionally, deep learning models are typically trained on a single task,

making it difficult to apply them to new tasks without retraining from scratch.

Continual learning, also known as lifelong learning, is a machine learning approach

that enables models to learn continuously from new data without forgetting previ-

ous knowledge [207]. The use of continual learning in deep learning can significantly

improve its applicability in the real world by enabling models to adapt to chang-

ing environments, learn from diverse data sources, and solve multiple tasks over

time. By learning from diverse data sources, models can become more robust to

variations and generalize better to new data [208]. Additionally, continual learning

enables models to solve multiple tasks over time, making them more versatile and

applicable to a wide range of real-world scenarios.

One of the key advantages of continual learning is its ability to address catastrophic

forgetting. Catastrophic forgetting occurs when a model forgets previously learned

information when it is trained on new data [209]. Continual learning addresses this

issue by preserving the learned knowledge while also learning new information.

This approach enables models to accumulate knowledge over time and build on

previous experiences, making them more effective and efficient. Continual learning

can also improve model efficiency by reducing the need for retraining from scratch

when new data or tasks become available. Instead, models can build on their

previous knowledge, enabling them to learn more efficiently and with less data.

This approach can significantly reduce the cost and time required to deploy deep

learning models in the real world.

However, continual learning also presents some challenges and limitations. One

of the main challenges is the management of the model’s memory and capacity,

as continual learning can lead to exponential growth in the number of parameters

in the model. Additionally, continual learning requires careful balancing between

learning new information and preserving previously learned knowledge, which can

be challenging, especially for complex tasks and diverse datasets [207].
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In summary, continual learning is a promising approach for improving the appli-

cability of deep learning in the real world. Its ability to enable models to learn

continuously from new data, adapt to changing environments, and solve multiple

tasks over time can make it more robust, versatile, and efficient. However, address-

ing the challenges of continual learning, such as catastrophic forgetting and model

capacity, requires further research and development.

8.2.4 Deep Learning Models Explainability

Another potential direction towards the real-world implementation of deep learning

models is to improve the explainability of their decisions. Despite the outstanding

predictive performance achieved by deep learning models, however, they are often

considered black-box models with deep, computationally expensive layers [210].

Therefore, explainable AI is now an emerging field that aims to improve the trans-

parency and interpretability of deep learning models, which helps make them more

useful and trustworthy in real-world applications. This is particularly important

in time series data applications, where understanding the behavior and patterns

in the data is essential for decision-making in various domains, such as finance,

healthcare, and energy [211]. For example, in the realm of healthcare applications,

such as monitoring and detecting epileptic seizures, it holds significant importance

for clinicians to possess a comprehensive understanding of the rationale behind a

model’s classification of EEG signals as indicative of seizure onset [212]. Likewise,

in the classification of human activity, it is imperative to have the capacity to ex-

plicate the classifier’s detection of activities that may be regarded as anomalous

[213].

Explainable AI can provide mechanisms for understanding and explaining the be-

havior of deep learning models on time series data. This can be achieved by de-

veloping methods that generate explanations in natural language, visualizations,

or other interpretable formats. For instance, researchers have proposed techniques

such as attention mechanisms, which highlight the most relevant features in the in-

put data that influence the model’s prediction [37]. Other methods include saliency

maps, which visualize the regions of the input data that are most important for

the model’s decision [214]. Explainable AI can improve the applicability of deep
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learning in time series data applications in several ways. First, it can help iden-

tify the factors that influence the model’s prediction and provide insights into the

underlying patterns in the data. This can aid in model validation, debugging, and

improvement, which can ultimately lead to more accurate and reliable predictions.

Second, it can improve the transparency and accountability of the models, which is

essential in applications such as healthcare and finance, where the decisions made

by the models can have significant consequences.

Overall, explainable AI is a promising future direction for improving the applicabil-

ity of deep learning in time series data applications. Further research is needed to

develop more advanced and effective techniques for explainable AI that can meet

the challenges and requirements of real-world applications.
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