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Abstract

Classification of brain signals into sleep stages is a tedious and time
consuming manual process that has shown great potential to be auto-
mated by machine learning models. In 2019, Sleep Phase Identification
with Neural networks for Domain-invariant LEarning aka Spindle, was
introduced by members of the ETH ISE Lab to automatically classify
sleep stages in Mice. Using Convolutional Neural Networks, Spindle
pushed the boundaries of automated sleep stage classification, and is
still actively used by Sleep Scientists today. In the time since, the world
of Machine Learning, specifically Computer Vision, has expanded with
the introduction of new architectures such as Transformers and Vision
Transformers.

In this thesis, we explore these different architectures and learning
techniques and propose a new model Swin Transformer for sleep Clas-
sification, aka SwinTsle. SwinTsle is backed by a Swin Transformer for
feature extraction as well as secondary Transformer layer for learning
temporal information between Sleep Stage Epochs, and is one of the
first proposed architectures to use Vision Transformers for the classi-
fication of Sleep Stages in Mice. SwinTsle is also trained using data
augmentation techniques that reduce over fitting and help improve
generalization. With these improvements, SwinTsle is able to achieve a
very high prediction accuracy of 96.03%, beating Spindle’s performance
of 94.67% by nearly 1.5% when tested on the Spindle data set. When
tested on a human data set, SwinTsle outperforms Spindle’s prediction
accuracy by nearly 10%, achieving a prediction accuracy comparable
to state-of-the-art models specifically built for sleep stage classification
in humans. SwinTsle shows the potential of Vision Transformers and
Attention for the sleep stage classification problem.
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1. Introduction

Sleep is an activity found in a majority of animals and is a vital component
of good health [1]. Humans spend approximately one third of their life
sleeping, and hence the tracking of sleep stages is important to understand
the variations in altered sleep which can subsequently shed more light on
sleep based disorders such as Sleep Apnea and Narcolepsy [2].

During sleep the brain is alive with neuronal activity accompanied by other
changes in the body such as changes in the breathing and heart rate along
with a reduction in motor activity. Based on these factors, we can identify
at least three major states. First is the state of wakefulness, characterized
by large motor activity as well as high frequency beta brain waves with a
low amplitude. The second state, known as Non-rapid Eye Movement Sleep
(or NREM) is characterized by high amplitude, low frequency, theta and
delta brain waves along with low or no motor activity. The third state, also
known as Rapid Eye Movement Sleep (or REM). REM sleep is associated with
dreaming and is characterized with low motor activity, but more pronounced
brain activity than NREM sleep. In humans, NREM sleep is generally
additionally classified into 3 stages - N1, N2 and N3, based on characteristic
brain wave patterns. [3, Chapter 2: Sleep Physiology]

While there are many tracking methods available to detect the sleep stages
such as accelerometers to measure movement or Photoplethysmography
(PPG) devices to measure heart rate [4], Polysomnography which involves
directly tracking the brain waves by using an Electroencephalography (EEG)
to measure the brain activity and Electromyography (EMG) to measure the
motor activity remains the gold standard for assessing sleep [5]. Sleep Stage
classification for research or clinical studies is hence performed on EEG
signals usually along with an EMG signal. In mice the signals are usually
divided into 1-8s long epochs and are classified into the different stages per
epoch. In humans however, the signals are generally segmented into 30s long
epochs for classification.

The classification is generally done manually by trained experts. Not only
is the manual visual inspection time consuming, ambiguous and prone to
errors but also requires training of specialists to be able to identify the states.
These difficulties paved the way for automatic sleep stage classification.

Multiple approaches have been devised for the automatic classification of
sleep states. Most of these initial attempts were based on manual feature
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extraction. These features, acquired by using existing domain knowledge,
usually consisted of energies from the standard frequency bands of the EEG
signal such as delta §(0.1-4Hz), theta 0(6-9Hz), sigma ¢(10-15Hz) and beta
B(15-30Hz) as well as combinations of these values such as the ratio of 0
to 0. These features vectors for each epoch were then classified into the
different states based on either algorithms based on fixed thresholds [6, 7] or
used machine learning models such as Support Vector Machines or Bayesian
Classifiers [8, 9, 10, 11]. These ML models were trained in either a supervised
[8, 9] or unsupervised [10, 11] fashion to classify the epochs.

Following the success of Deep Neural Networks(DNNs) in other domains
such as image analysis and audio recognition [12, 13], DNNSs have been put
to use for this particular task as well. The results have been highly successful
with many state-of-the-art models achieving around a 95% accuracy on the
sleep stage classification for mice. Particularly noteworthy are Convolutional
Neural Networks(CNNs) [14] that are used to extract time invariant features
either from the signals directly or from their time frequency transforma-
tions. In addition to feature extraction, most State-Of-The-Art DNNs also
have a layer to capture sequential information of sleep state transitions, ei-
ther via Hidden Markov Models (HMMs) [15], Long Short Term Memory
Networks(LSTMs)[16] or Attention Networks[17].

Similar architectures are also found in models built to classify sleep stages
in humans, with changes such as increase in layer count or addition of skip
connections, incorporated to handle the higher complexity, longer time per
epoch and larger number of sleep states [18, 19, 20].

Along with the advent of attention, came a new architecture for sequential
information processing called the Transformer [21]. Transformers revolu-
tionized the natural language processing landscape due to their ability to
parallelize the training of sequential information. They are bases for a lot
of large language models (LLMs) such as BERT and GPT [22]. This concept
was then applied to the processing of images, leading to the introduction of
Vision Transformers (ViTs) [23]. ViTs have one of the highest performances of
image classification tasks when compared against the standard benchmarks
sets such as ImageNet. Many different versions of the Vision Transformer
have also been developed such as the Swin Transformer [24] and the Compact
Convolutional Transformer [25] building on various aspects of the original
design. In addition existing convolution networks have also been redesigned
to incorporate the transformer either directly or indirectly. Most notable
state-of-the-art models include ConvNeXt [26] and MobileFormer [27].

In this thesis we look to explore the performance of these new models on the
sleep stage classification problem, specifically on mice. First we start by trying
to compare Spindle with some of the other state-of-the-art models, facing
issues with code reproduction. We instead form a study and explore the
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effects of the different proposed sequential processing layers in these models.
We then evaluate the performance of new architectures such as ViTs for this

task.

We also explore the effects of different training parameters such as the

loss function, number of neighbours as well as layers to process sequential
information. Using these we propose a new architecture - SwinTsle that is
able to outperform our local implementation of Spindle. Finally we test the
performance of the Spindle and SwinTsle on human data. The contributions
are detailed as follows:

Test the improvements provided by different sequential processing
layers such as Bi-directional LSTMs and Transformers.

Evaluate the performance of various Vision Transformers on this task of
Sleep Stage classification on rodent data, as well as pre trained versions
of Image classification models.

Explore effect of different optimizations to address issues such as over
titting and low mean F1 class scores due to class imbalanced data sets.
Notable we evaluate the effect different data augmentation techniques
and loss functions.

Combining the results, we propose a new architecture, SwinTsle, that is
able to outperform Spindle’s accuracy by nearly 1.5% when tested on
the Spindle data set. We also introduce a new data set where SwinTsle
is again able to outperform Spindle.

We also test the performance of these models when applied to the
classification of human data. We show that SwinTsle is able to learn
these features also, achieving a prediction accuracy comparable to other
state-of-the-art models.



2. Related Work

Various methods for autonomous sleep stage classification have been devised
and introduced over the last decade. As mentioned in the introduction,
many of the early innovations involved manually extracted features with
different classifiers. However DNNs trained for these tasks have shown the
best performance till date. In this section we will have a deeper look at some
of the state of the art models for sleep stage classification at present.

2.1 Sleep Stage Classification on Mice

This thesis was based on Spindle [15] , the work done in the lab by a former
student Dorde Miladinovi¢ as well as my supervisor Ami Beuret. As such
this thesis focuses more on the sleep stage classification of EEG signals from
mice using the same dataset made publicly available by the lab.

In mice, sleep stages are generally classified into 3 different categories - Wake,
NREM and REM sleep based on epochs that range between 1-8 seconds.
Some papers also classify the input data based on the level of noise present
into a category known as artifacts. Artifacts are hence input sections that
exhibit outliers in the trends due to the noise.

2.1.1 Spindle

Sleep Phase Identification with Neural networks for Domain-invariant LEarn-
ing [15], aka Spindle, was introduced by Dorde Miladinovi¢ et al in order
to introduce a classifier that could generalize well across different setups
such as genetics mutations among mice, recording setups for signals or even
different species such as rats. Spindle was inspired by innovations in ASR
(Automatic Speech Recognition) tasks and uses a convolutional network to
extract features from preprocessed inputs from the signal.

Spindle uses a set of pre processing steps to convert the EEG and EMG signals
from their 1D time series representation to their normalized 2D frequency
time representation. Spindle then uses a Convolutional Neural Network to
extract translation invariant features from this frequency time representation
upon which a linear classifier is used.



2.1. Sleep Stage Classification on Mice

Spindle also introduces the use of a Hidden Markov Model (HMM) to model
the state transitions between consecutive epochs. Using prior knowledge,
Spindle uses an HMM with state transition probabilities that prohibit the
transition between certain stages such as from moving directly from Wake to
REM. This allows the model to learn about such transitions and give more
plausible and hence more accurate results.

Spindle introduces a public dataset, hereby referred to as the Spindle dataset,
consisting of readings from 24 subjects from four different labs. After training
on a subset of 2 of the mice, Spindle boasts an accuracy of 99%, 98%, 93%
and 97% on the remaining sets of subjects when classifying the signals into
the 3 sleep stages. When artifact prediction is included, Spindle is still able
to keep the accuracy close to 90%.

Spindle is also available as a free to use model online and can be found at
https:/ /sleeplearning.ethz.ch/.

2.1.2 CSSleep

CSSleep [17], a Cross Species rodent Sleep scoring network builds on the
concepts of Spindle. CSSleep uses the same dataset and preprocessing used
by Spindle, as well as a Convolutional Neural Network to extract time
invariant features from the preprocessed signal.

Where CSSleep differs is first in the convolution layers. CSSleep employs two
convolutional layers with different kernel sizes in order to extract features
from various sleep related frequency bands from the signal.

On top of this, CSSleep also employs a bidirectional layer to capture the
global transition rules similar to the function of the HMM in Spindle. Each
block in this layer consists of a multi headed masked attention layer followed
by a temporal causal convolution network and finally mixed with an attention
weighted residual of the original features. Both layers help integrate past
information into the current epoch via a mask as well as the use of causal
convolution respectively. To capture future information a similar layer is
applied on the reverse signal to make it bi-directional.

The CSSleep paper uses the same dataset as Spindle. It also uses a LOCO-CV
(Leave One Cohort Out - Cross Validation) method for training where they
train on 3 of the cohorts and test on the 4th. With this, CSSleep achieves an
accuracy of approximately 95%, 93%, 88% and 92% on the 4 different cohorts.
While this seems lower than Spindle, it cannot be compared directly as it
uses all the input data instead of just the epochs where both experts intersect.



2.2. Sleep Stage Classification on Humans

2.1.3 MC-Sleep Net

Another high performing model is MC-Sleep Net. Similar to the other two,
MC-Sleep Net uses two convolutional layers for feature extraction, with a key
difference being that it applies 1D convolution directly on the signal without
any preprocessing. For the scoring part, MC-Sleep Net uses a linear layer
to identify the target epoch, along with a bi directional Long Short Term
Memory (LSTM) layer to identify state transitions.

The authors of MC-Sleep Net show that it is able to achieve a 96.6% accuracy
when applied via a 5-fold cross validation cycle on their own large-scale
dataset consisting of 4,200 records.

2.2 Sleep Stage Classification on Humans

Sleep Stage classification in Humans follows a similar pattern. Matched EEG
and EMG signals are broken down into epochs that are usually 30s long.
Moreover the NREM sleep stage is further classified into four different types -
N1, N2, N3 and N4. Classification tasks generally combine N3 and N4 stages
together due to their similarity and low occurrence leading to models that
predict one of five different sleep stages per epoch.

While this thesis mostly focuses on the model performance on Mice datasets,
it is interesting to view the model architectures used in classification of
human datasets as similar principles and ideas apply to both scenarios.

2.2.1 SleepViTransformer

Published in September 2023, Sleep ViTransformer [28] is one of the first archi-
tectures to use a Vision Transformer based model. SleepViTransformer uses a
patch style processing of the 2d spectrogram, akin to a Vision Transformer, in
order to extract features from the input signals. They also use a bi-directional
GRU layer in order to process temporal information between epochs. In
addition they also use some augmentation methods during training to help
the model against over fitting.

In terms of performance, the authors show SleepViTransformer is able to
beat the overall accuracy of other state-of-the-art models when tested on the
SleepEDF (20 and 78), Physio-2018 and SHHS datasets. However considering
they use two EEG signals as well as 2 additional neighbours per epoch, the
direct comparison may not be valid.



2.2. Sleep Stage Classification on Humans

2.2.2 SeqSleepNet and SleepTransformer

SeqSleepNet [29] and SleepTransformer [30] have similar overarching heirar-
chical architectures, but use different components for the layers. Both models
extract features per epoch by focusing on intra-temporal connections of the
signal within the epoch. They then use a different sequential processing layer
to identify the inter epoch relations between different epochs. SeqSleepNet
published in 2019 uses recurrent neural networks (RNNs) to extract the fea-
tures as well as the relations between epochs, while SleepTransformer uses
the encoder section of the transformer to handle both the intra and inter
epoch dependencies.

Both models achieve high accuracies when tested on the public datasets.
SeqSleepNet is able to achieve an overall accuracy of 86% and 83.8% on the
SleepEDF 20 and 78 datasets respectively, while SleepTransformer is able to
achieve overall accuracies of 84.9% and 87.7% when tested on the SleepEDF78
and SHHS datasets.

2.2.3 AttnSleep

Looking at AttnSleep [18] we are able to see some similar components as
in the previous models as well as some new components. AttnSleep uses a
multi resolution CNN consisting of two CNNs with different kernel sizes
to extract information directly from the signal. To score the features, they
employ a multi-headed attention layer with the embeddings formed by causal
convolutions in order to capture temporal dependencies in each feature.

AttnSleep also uses only 1 EEG signal as an input. When tested on public
datasets - Sleep-EDF-20, Sleep-EEDF-78 and SHHS, AttnSleep is able to
achieve an overall accuracy of 84.4%, 81.3% and 84.2% respectively when
using an 80-20 split of the data.



3. Data Sets and Metrics

Three different datasets were used in experiments performed for this thesis.
Two of them were mice datasets, while one was a human dataset. In this
section, we go through the three different datasets in more detail as well as
the preprocessing performed.

3.1 Preprocessing

For all three datasets, the same preprocessing procedure was used. This
preprocessing is the same one performed by Spindle [15]. The EEG and
EMG signals are first re sampled to match a 128Hz frequency in order to
handle differences in various datasets. These signals are then converted to
the time frequency domain via the application of short fourier transformers
on overlapping 256 length (2 second) windows with a stride of 16. Hamming
windows were used when performing the fourier transforms for smoother
edges. These signals were then band pass filtered between 0 and 24Hz to
ignore the higher frequency values as they are not as characteristic of the dif-
ferent stages as the lower frequencies. The EEG signals spectrograms are then
log scaled and normalized per frequency. We use the EMG signal to measure
motor activity of the subject, and this is measure by the total energy across
all the frequencies for the given time point. Hence the EMG spectrogram
is summed up row-wise to get the muscle activity of the subject over time.
To ensure this shares a 2D structure similar to the EEG spectrograms, the
EMG signal is replicated to match the 2nd dimension of the EEG spectrogram
input. The signal was then split into epochs corresponding to 4 seconds of the
original signal. To incorporate neighbouring information when predicting
the epoch, 4 neighbours were added to each input additionally. Hence each
input x; consists of the spectrograms of signals from x;_, to x;;.

3.2 Spindle Data Set

This data set comprising of 22 animals from 3 independent labs was made
publicly available by the ISE group at ETH when publishing the Spindle [15]

paper.



3.2. Spindle Data Set
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Figure 3.1: Data Distributions over the three different data sets. (a) Distributions of the 4
different cohorts A, B, C and D in the Spindle data set shown from left to right. (b) Distributions
of the Slumber data set. (c) Distributions of the Sleep-20 EDF data set after removing the excess
wake epochs 30 minutes before and after sleep.

The animals were part of 4 different cohorts. Two cohorts - Cohort A and
Cohort B contain readings for 4 wildtype mice each, with cohort B containing
mice with a genetic mutation. Cohort C contains 8 rats and hence have
signals that differ slightly from the rest, while Cohort D contains recordings
from 6 wildtype mice. For all of the recordings, the signals are broken into
4s epochs and each epoch has been labelled by two different experts leading
to epochs with multiple labels. Each epoch was classified into 6 different
categories, namely W, NREM and REM, as well as artifacts (epochs that had
high noise) of W, NREM and REM.

The distributions of the different classes in the 4 cohorts can be seen in Figure
3.1. Artifacts have been grouped together here as their further distributions
into sub classes causes some sub classes to be close to 0%. We can observe
that the distributions of REM classes and Artifacts is very small in all 4
cohorts showing the data is imbalanced. Cohort C, shown in Figure 3.1.a.iii,
which is made up of rats is also quite different distributed as compared to the
other cohorts, with a lot more NREM class instances than the other classes.

More details into the data set such as number of subjects, the collection



3.3. Slumber Data Set

methods as well as data availability can be found on the Spindle paper.

3.3 Slumber Data Set

This dataset was collected and introduced in the paper SlumberNet [31]
released by the University of Pennsylvania. The dataset contains a large
set of EEG and EMG signal data (corresponding to 635526 epochs), but
unfortunately does not specify the number of mice or the ordering. The hope
is the data is sequential (used by models that identify the relation between
epochs) but that is not confirm able. Each epoch is labelled between one of
the three states - W, NREM and REM. The data set also does not contain any
artifacts as they have been preprocessed and filtered out before making the
data set available.

The data distribution can be seen in Figure 3.1. This distribution is similar to
the mice cohorts (A,B and D) in the Spindle data set.

More details on the acquisition protocols as well as data availability can be
found on the SlumberNet paper.

3.4 Sleep EDF 20 Data Set

Sleep EDF is a publicly available data set of Human Sleep metrics provided
by PhysioBank [32]. Sleep EDF 20 consists of PSG recordings from 20 subjects
while Sleep EDF 78 contains the readings from 78 subjects. The subjects in
the PhysioBank sets participated in two studies a Sleep Cassette (SC) study
and a Sleep Telemetry(ST) study. Following other papers, we use the Sleep
Cassette recordings of the Sleep 20 EDF dataset, specifically the two EEG
signals (Fpz-Cz/Pz-Oz EEGs) and the chin EMG signal. We also follow the
cleaning steps followed in other papers, namely removing the epochs without
any label as well as restricting the data set to only include the Wake epochs
30 minutes before and after sleep.

The distribution of the data can be found in Figure 3.1. We see that it is more
balanced than the mice data sets, with sleep stage N2 most present and sleep
stage N1 least present.

More details about the acquisition of the data can be found on the PhysioBank
website. The data is accessible via the PhysioBank website. In this study
we downloaded the files using the links provided in the AttnSleep code
repository?.

Thttps:/ / github.com/emadeldeen24/ AttnSleep /blob/main /prepare_datasets/download_edf20.sh
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3.5. Metrics

3.5 Metrics

Evaluation of the different data sets use some of the standard metrics. We
mainly measure the Accuracy of all the predictions, as well as the per class
metrics of Precision, Recall and F1-score for each of the different sleep stages.

True Positives + True Negatives

Accuracy = -
Y Total Population
Precision — True Positives
"~ True Positives + False Positives
True Positives
Recall = — :
True Positives + False Negatives
Precision x Recall
F1 Score = 2 x

Precision + Recall

Additionally we also calculate the Mean F1 (MF1) score of the 3 classes which
can distinguish model performances especially in cases where there is a
class imbalance. Finally we also calculate the Cohen’s Kappa value between
the model’s predictions and the expert’s predictions which computes the
agreeability between the two values. Cohen’s Kappa is calculated using the
observed agreement (p,) which is the proportion of agreement between the
raters, and the expected agreement (p.) which represents the agreement that
would be expected by chance.

1 N
— Y F1 Score;
N =

Mean F1 Score =

Po — Pe

Cohen’s Kappa =
Pp 1-p.
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4. Comparative Study

With many models already designed to work on this task, we look at a
few existing architectures to set up our baselines as well as compare their
performance on our dataset.

4.1 Spindle

For this thesis we used the previous implementation of Spindle that runs
on the Sleep Learning website as well. As mentioned in the related work
section, Spindle uses a convolution and max pool layers in order to extract
features and then uses a set of linear layers to classify the image into the
required sleep states. Similar to the paper, we trained the model on the first
two mice of Cohort A and tested it on the remaining subjects, using only the
epochs that the two experts agreed upon. The results showing the mean and
standard deviation over 5 runs is shown in Table 4.1. The mean values have
been rounded down to integer values to match up to the results in the paper.

However with this code and the hyper parameters taken from the paper,
we were unable to reproduce the exact performance stated in the paper.
Instead as we can see in Table 4.1 we were able to achieve a very comparable
performance that lies within the threshold for most of the metrics, and hence
use this as our baseline for the rest of the report.

Additionally to ensure that Spindle was not overfitting to the data when
comparing its performance to other papers, we also tested its performance on
the Slumber Data Set without having seen any of the inputs in the training
before. From the last row in Table 4.1 we see that Spindle is able to achieve a
high accuracy on this new data set even when trained with just the first 2
mice from Cohort A of the Spindle data set.

4.2 CSSleep

As mentioned in the related work, while the CSSleep paper compares its
performance with respect to Spindle, it does so only for the four class
classification task where it shows that CSSleep was able to obtain better
results when trained with the same parameters as mentioned in the Spindle
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4.2. CSSleep

Table 4.1: Comparison of Spindle’s performance from the paper as well as the implementation running on the Sleep Learning website. In
both cases, the models were trained on the first two mice of Cohort A and tested on the remaining subjects, using only the agreement

epochs (epochs where both experts shared the same label). The last line of the table, namely the Cohort called Slumber corresponds to
the results of Spindle’s performance on the Slumber Data set.

Wake NREM REM

Cohort  Accuracy(%)

Precision  Recall =~ F1-Score Precision Recall F1-Score Precision Recall F1-Score
Spindle Paper Results:
A 99+0.5 100+0.3 99404 99+0.3 99+0.8 99+0.4 99+0.6 98+1.6 97+2.6 98+1.2
B 98+0.3 98+2.1 97+1.1 9840.7 97+0.9 98+1.1 9840.1 96+2.2 95+1.9 964+0.9
C 92+3.2 80+10.0 97+15 87+6.0 99+1.0 941434 96+1.8 86+5.2 70+16.8 76+12.2
D 97+1.3 98+1.0 99+0.7  98+0.6 97+2.7 98+1.1 97+1.2 96+3.5  79423.0 85+17.7
Spindle Recreation Results:
A 99+0.07 100+0.05 9940.1 9940.05 99+£0.13 9940.13 994+0.09 96+0.48 98+0.12 97+0.25
B 97+0.22 954048 994+0.11 97+£0.2 99+40.12 94£0.59 96+£0.25 9440.89 96+0.32 95+0.37
C 91+0.25 83+0.61 97£0.37 90£0.24 9940.19 924049 95+0.21 864097 66+1.96 75+1.21
D 96+0.17 95+0.37 9940.06 9740.17 98+0.1 94+0.43 96+0.18 914093 86+0.46 88+0.23
Slumber 90+0.38 92+0.24 924+0.76 924+0.38 89+0.75 89+04 894029 78+355 79+1.51 78+1.3

paper. The results for the 3 class classification task cannot be compared as
directly as even though CSSleep uses the same dataset as Spindle, it uses only
the label of Expert 2 and does not focus only on epochs where the labels of
the two experts intersect. Not only that, CSSleep also performs a LOCO-CV
(Leave one cohort out cross validation) method, hence training on 3 cohorts
and testing on the 4th. Finally, the results in the paper are when CSSleep
uses only a single EEG signal and not the EEG and EMG signals.

In order to perform a more balanced comparison and test Spindle’s perfor-
mance against newer architectures, we wanted to have a version of CSSleep
to be able to run different experiments. However since CSSleep did not
make the code available, we needed to re implement the model based on
the details provided in the paper. This proved to be a challenge as all the
model parameters were not clearly stated in the paper. Our implementation
of the CSSleep model was able to score well achieving results within 1% of
the results stated in the paper.

To compare the two methods together, we set the conditions to be the same.
We would use CSSleep’s Cross Validation and the labels from the 2nd Expert,
but also use all three signals like Spindle.

First we note that while the CSSleep paper claims an overall accuracy of
91.3% on the entire data set, we see from Table 4.2 that our implementation
achieves a 92.63% accuracy. This is expected as our implmentation of CSSleep
uses 3 signals (both EEGs as well as the EMG signal) as compared to the
results published in the paper which only used one EEG signal. Secondly
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4.3. Sequential Processing Study

Table 4.2: Summarized performance of CSSleep Implementation on Spindle Data set when using
the LOCO-CV method

Predicted Label Per-class metric (%)
Wake NREM REM Precision Recall F1-Score

True Label Wake 213868 9744 7944 96.54 92.36 94.41
NREM 7262 195188 7293 94.18 93.06 93.62
REM 394 2318 30089 66.38 91.73 77.03

Overall: Accuracy: 92.63% ; MF1: 88.35% ; Kappa: 87.11%

CSSleep

Table 4.3: Summarized performance of Spindle Implementation on Spindle Data set when using
the LOCO-CV method

Predicted Label Per-class metric (%)
Wake NREM REM Precision Recall F1-Score

True Label Wake 223593 6438 1525 92.31 96.56 94.39
NREM 15306 191343 3094 95.55 91.23 93.34
REM 3319 2465 27017 85.4 82.37 83.86

Overall: Accuracy: 93.22% ; MF1: 90.53% ; Kappa: 87.87%

Spindle

we see that overall Spindle is able to perform better here, with an overall
accuracy of 93.22%. This can be mainly attributed to its better performance
in the classification of REM stages achieving an Fl-score of 83.86% for REM
stage classification to CSSleep’s 77.03%.

Given the general positive performance of Spindle we use it as a baseline for
our experiments.

4.3 Sequential Processing Study

We encountered a similar issue of lack of existing code when comparing
Spindle against another model - MC-SleepNet which used a bi-directional
LSTM to learn the state transitions between epochs.

Instead we looked to compare the different sequential architectures by cre-
ating a study to remove additional effects and only test the additional per-
formance gain by using these particular architectures. With this we could
compare the performance of the different layers such as the HMM used by
Spindle, the top attention layer of CSSleep and the bi-directional layer of
MC-SleepNet.
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4.3. Sequential Processing Study

4.3.1 Setup

Since we were testing the sequential information layers, we decided to use
the method employed by CSSleep for the dataset creation. We used only the
labels produced by the 2nd Expert for the Spindle dataset so as to not have
gaps in the input sequence due to disagreements between the two experts.
We also re-labeled all the artifacts to their corresponding sleep stage (eg re
labelling a Wake Artifact to Wake).
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Figure 4.1: Sequential Processing Comparative study process. Spindle was first pre trained on
the data set. The final linear layer was then replaced with a sequential processing layer that
combined features from multiple consequent epochs to then classify epochs into sleep stages.

We used Spindle’s initial convolution layer for the feature extraction. We
first pre-trained the Spindle Convolution layer with a Fully Connected layer
and saved the learned model weights of the Convolution layer. We then
incorporated different layers on top of the pre trained convolutional layer. In
our study, we tried the following layers:

¢ Baseline:

This was the output generated by the linear layer directly from the
convolutional features, as described in the Spindle paper. This has no
sequential information processing layer and each epoch is predicted
independently. We set the intermediate feature size to 1024, hence each
input was first passed through a convolution layer and then a linear
layer to get a feature vector of size 1024, before being classified.

e HMM:
The use of an HMM is described in Spindle. We used an HMM to
predict the final sleep stages based on the sleep stage probabilities
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4.3. Sequential Processing Study

generated by the network and a set of sleep state transition probabilities
setup on prior knowledge. These transition probabilities disallow the
movement of Wake directly to REM sleep as well as from REM to
NREM. The HMM takes the predicted output probabilities and uses
the Viterbi algorithm to give the most probable set of states based on
these probabilities and the state transition matrix.

e LSTMs:

Long short term memory networks are a type of Recurrent Neural
Network (RNN). LSTMs are equipped with memory cells that can
store and retrieve information over extended sequences, making them
effective for processing sequential information. In this study we used
a bi-directional LSTM each with two layers of an LSTM (where the
output of the first model was the input for the second). The model was
initialized with an hidden state and a cell state of Os, and this state was
reset before each epoch and before validation and testing.

e Transformer:

Transformers [21] were introduced in 2019 along with the concept of
self attention. They introduce the concept of positional encoding mixed
with self attention in order to pay attention to neighbouring contexts.
Here we used the encoder section of the transformer model to learn the
temporal information first before passing it through a linear layer for
classification. This included adding a positional encoding and using
two encoder blocks consisting of multi head attention, layer norm and
feed forward networks.

¢ CSSleep Temporal Layers:

We used the temporal layer described in CSSleep in order to compare it’s
performance as well. This layer is made up of bidirectional attention and
temporal convolutional blocks (ATCN) in order to capture both past and
future information. Each ATCN block is made up of layer normalization,
masked attention followed by stacks of causal convolutions instead
of the linear feed forward layer. The masked attention and causal
convolution help the model only concentrate on one direction. The
normed input features along with an attention weighted set of input
features are also passed through as residual information.

Each of these models were trained on two mice from Cohort A and tested on
the remaining subjects. For the sequential layers, we used a batch size of 50
when training and/or evaluating the model.

16



4.3. Sequential Processing Study

Table 4.4: Comparison of different temporal information processing architectures. Each model was setup with a convolution layer with
pretrained weights to extract feature information and fine tuned again on the 2 mice from Cohort A. The metrics here show the overall
performance on all the remaining mice.

Layer Acc(%) MF1(%) Kappa(%) Wake NREM REM
R F1 P R F1 P R F1
Linear (Baseline)  92.25 87.81 86.47 95.33 9321 9426 9522 9124 9319 64.74 9194 7598
HMM 92.45 88.87 86.78 94.79 93.67 9423 94.88 91.04 9292 6937 9296 79.45
Bi-LSTM 92.97 89.88 87.58 945 9445 9447 946 9188 9322 7551 89.6 8195
Transformer 92.92 89.93 87.54 9475 9411 9443 9455 9194 9323 7441 9093 81.84
CSSleep 93.22 90.78 88.02 9434 9448 9441 9458 9225 934 79.14 90.74 84.54
4.3.2 Results

The predictions from all 4 cohorts were combined to receive the overall
metrics and have been tabulated in 4.4. What we noticed was that the
sequential information layers improved the overall prediction accuracy of the
model. While these models do have an improvement, the overall accuracy
increase is minimal for most of them. However if we look at the per class
metrics, we see that the effect is much more apparent. The precision and
recall of the REM class is much higher than before as more epochs are learnt
to correctly being classified as REM rather than Wake. This is visible via an
increase in the overall Mean F1 score.

Overall we see that the attention along with causal convolutions presented
in the CSSleep paper has the highest overall accuracy across all cohorts

with a nearly 1% improvement on the accuracy as compared to the baseline.

Three key attributes set apart the CSSleep architecture. The first is a masked
attention that along with a causal convolution instead of feed forward linear
layers, which let data flow only in one direction. The attention layers allow
points to be influenced by all points behind it directly, unlike the LSTMs
which carry information forward through each input. The second is the use
of bidirectional layers similar to the bi directional LSTM. And finally the
use of a residual along with an attention weighted residual which enhances
features of an epoch extracted by the convolution layer.

Comparing this to the HMMs used by Spindle, we see that DNNs are capable
of learning transition rules on their own without the prior domain knowledge
showing their strengths. We can also look at the transition epochs, i.e. epochs
that have a label different to the previous or next epoch. These are usually
a source of contention and harder to classify as they may contain features
from both sleep stages if the transition is happening during the epoch. In
Figure 4.2 we can see the classification accuracies of the different layers with
respect just to these transitions epochs. As expected we see a 2-5% increase
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Figure 4.2: Prediction accuracies in % of the different sequential processing layers on transitional
epochs. Transition epochs here are defined as epochs that have a label different to either of its

neighbours.

in the accuracy of predicting these transitions when using temporal data

from neighbours.
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5. Experiments and
Methodology

In this chapter we detail the different experiments we performed trying out
new architectures and techniques along with their results.

5.1 New Architectures

First we look at some of the new State-of-the-Art models in Image Classifi-
cation. While CNNs have been predominantly in the forefront for feature
extraction in image tasks, the advent of transformers has brought around a
new set of architectures known as Vision Transformers or ViTs. New Convo-
lutional Neural Networks based on transformers have also been introduced
such as ConvNeXt. With a common drawback being the large amount of
data required, we check to see if these new architectures are able to improve
of the performance of existing models.

5.1.1 Vision Transformers

Vision Transformers (ViTs) have gained attention for their unique approach
to computer vision tasks. Unlike traditional Convolutional Neural Networks
(CNNs), ViTs rely on self-attention mechanisms, similar to those in natural
language processing. This allows them to capture long-range dependencies
and global context in images, making them highly versatile for various
vision tasks. ViTs can be pre-trained on large datasets, enabling transfer
learning, and they are capable of handling different input resolutions without
architectural changes. However, ViTs may require extensive computational
resources, limiting their accessibility. Moreover, they are more sensitive to
input data size and might need larger datasets to generalize effectively.

Here we look at some of the ViT architectures and how they perform on the
sleep stage classification problem.
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5.1. New Architectures

Vanilla ViT

The ViT architecture, introduced in 2020 [23], was designed with the prin-
ciples of the Transformer architecture in mind, which had seen significant
success in natural language processing. However, the key innovation was
in adapting the Transformer’s mechanisms to the realm of computer vision.
Instead of treating words in a sentence as tokens, ViTs divided an image
into fixed-size patches, treating each patch as a visual token. These im-
age patches retained both spatial and feature information, allowing ViTs to
capture relationships between regions in the image while preserving their
distinct features. ViTs copy the Transformer encoder section, employing
a combination of self-attention layers and feedforward neural networks to
process these patches, enabling them to understand context and semantics
within images. This is shown in Figure 5.1.

Each image patch is projected to an embedding via a linear layer and mixed in
with a positional embedding that is learnt during training. For classification,
an additional learnable "class” encoding is also added and its output is taken
to finally classify the image. The weighted NLL loss was used to train the
model against the labelled output.

The best model we got was by using a patch size of 16, along with a depth of
8 for the transformer encoder. Each of the encoders also use 16 heads for the
multi head attention layer.

Transformer Encoder

A
L x o

Vision Transformer (ViT)

Transformer Encoder

!

* Extra learnable
Lmear PrOJectlon of Flattened Patches

[class] embedding
-1 | . T T )
MYl

Multi-Head
Attention

Embedded
Patches

Figure 5.1: ViT architecture as published in [23]. Images are patched, mixed with positional
embeddings and passed to a Transformer encoder to obtain feature values that are then classified.
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5.1. New Architectures

Convolutional vision Transformer (CvT)

With the success of convolution for feature extraction, we tried out two
Convolution based Vision Transformers. The first, called Convolution Vision
Transformer [33] or CvT uses convolutional layers in order to create the
patches and their embeddings. Rather than breaking the image into patches,
they use a convolution layer with overlap to create the patches as well as
another convolution layer to create the query, key and value embeddings
which is then flattened and passed through a transformer encoder layer.

They implement this in a three stage manner in order to borrow the multi-
stage hierarchy design from traditional CNNSs. The additional Class (CLS)
token is added only in the third layer for the classification purpose. Fur-
thermore they show that the additional of positional embeddings provides
negligible improvements as the convolutional layers already incorporate
spatial information contexts. This is shown in Figure 5.2.

We used the standard dimensions provided in the paper for the kernel sizes
and strides for the different layers.
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Figure 5.2: CvT architecture as published in [33]. The model extends a ViT by using CNNs for
creating the patches and their embedding and introduces an hierarchical structure.

Compact Convolutional Transformer (CCT)

The Compact Convolutional Transformer (CCT) builds on the original ViT
in 3 different ways. First, they introduce a version of the ViT called ViT-Lite
which adjusts the patch sizes and the number of encoder layers to form a
smaller model. They then introduce a Sequence Pooling (SeqPool) layer at the
end before classification. While the standard ViT uses the final embedding
of the learned classifier token alone for classification, the Sequence Pooling
layer uses an attention based layer to pool information over all the patch
outputs. Finally similar to the CvT, the CCT also uses a convolution layer for

21



5.1. New Architectures

the initial generation of patch tokens from the image. By using a convolution
layer with overlap, they are able to gain more spatial information in the
tokens as well as having a patch size that is not restricted to the dimensions
of the image.

By using smaller number of layers, a convolutional layer for the token gener-
ation as well as smaller patch sizes, the parameters for the model are small
giving rise to the name "Compact” Convolutional Transformers. This is
shown in Figure 5.3.

We tried different variations of the model on our data set, with the best
output received from using a kernel size of 16 for the convolution layer.
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Figure 5.3: CCT architecture as published in [25]. CCTs use CNNs to create the patch
embeddings and also use a sequence pooling layer to collate information from all patches instead
of using a CLS token as done in ViTs.

Vision Transformers for Small Data Sets

Compared to Convolutional Neural Networks, ViTs lack the inductive biases
of locality and translational equivariance, which is overcome via the use of a
large training data set. While the use of convolutional layers is one way to
incorporate this bias as seen in the previous two ViT versions, Lee et al [34]
introduced two changes to standard ViTs to enable them to learn features
better using smaller datasets. The first is the introduction of image shifting,
which they called Shifting Patch Tokenization (SPT). Here they shift the input
images in all 4 directions, crop the shifted image to match the input size and
concatenate all the shifted patches with the input to form an input with 5

22



5.1. New Architectures

times the number of channels as before. Thus each created patch now has
additional overlapping context information with its neighbouring patches.

The second change they introduce is called Locality Self Attention or LSA. To
ensure a stronger attention on neighbouring features they add two changes
to the multi head attention layer in the Transformer. Firstly, they use diagonal
masking where they set the diagonals of the attention matrix to -co in order
remove attention of a patch to itself. Secondly, they normalize and pass
the attention matrix through a softmax layer with a learn able temperature.
This learned temperature is shown to be lower than the standard ViT, thus
sharpening the distribution by paying more attention to the stronger inter
patch interactions.

With these changes applied to the various ViT networks, they show that the
overall accuracy achieved by the network can be improved.

Swin Transformer

The Swin Transformer [24] based on the concept of Shifted Windows aims
to alleviate the problem of image patches in Transformers being a fixed size,
while image features are more diverse. It addresses this issue in three ways.
Firstly it uses a hierarchical structure of Transformers with increasing capacity
(input feature dimension). Lower layers attend to patches of smaller sizes,
while a merging layer in between combines neighbouring patches together
before the next layer, thus attending to patches of different resolutions.
Secondly, in order to maintain a linear computational cost, Swin Transformers
calculate attention within limited non-overlapping ‘'windows’. Patches no
longer attend to every other patch, but to neighbours in the same window,
thus keeping the time complexity linear. Finally in order to bridge the gap
between these windows, Swin Transformers uses shifted windows between
each alternate layer hence ensuring information to be passed around in
deeper layers.
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Figure 5.4: Swin Transformer architecture as published in [24]. (a) Shows the hierarchical
architecture pattern, (b) shows the use of sliding windows and (c) shows the full architectural
specs as well as the composition of a Swin Transformer block.

With these changes, Swin Transformers are able to achieve high accuracies
over classification, detection as well as segmentation tasks due to their ability
to process higher resolutions. We use the Swin Tiny (Swin-T) architecture
specifications as described in the paper.

ViT Results

All models were trained with the first two mice in Cohort A and tested
on the remaining rodents , similar to Spindle. All models were trained
with a learning rate of 5x10-5 using the AdamW optimizer commonly used
for training ViTs. The negative log likelihood loss with weighted class
distributions same as the one used to train Spindle was used. Models were
also trained for 25 epochs as compared to 20 from Spindle as some of them
took longer to reach saturation. All runs were done 5 times and the mean
and standard deviations were calculated.

The prediction accuracies of the different models per cohort have been
tabulated in Table 5.1. The table does not include the per class metrics as
they do not substantially introduce any different results. We can observe that
while all ViTs have good performances, CCTs were able to perform the best.
However all ViTs were unable to beat Spindle’s single convolution network.
Spindle was able to achieve higher accuracies in all 4 cohorts of the Spindle
data set while having a relatively high accuracy on the Slumber data set.
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Table 5.1: Mean Accuracies (in %) of the different ViT models when trained on the 1st two
mice of Cohort A of the Spindle data set. Accuracies are shown per Spindle data set cohort as
well as for the Slumber training set. Values for the Spindle model are taken from Table 4.1

Model Cohort A Cohort B Cohort C Cohort D Slumber

ViT-16 9731 £026 9425 +039 89.79 +£0.14 95.07 +£0.14 89.5 + 0.40
CvT 97.68 +0.16 9534 +0.40 90.28 +0.24 95.75+0.13 90.1 & 1.09
CCT 98.02 +0.13 95.92 +0.47 89.89 + 0.46 9551 +0.48 90.28 + 0.31
ViT for SD 96.39 + 043 9245+ 0.76 89.10 049 9417 +0.48 87.68 +0.73
Swin Transformer 97.06 +0.39 93.79 £0.76 899 +031 9501 +04 8853+ 1.5
Spindle 99.08 +£ 0.07 96,54 £022 9127 £0.25 9598 £0.17 89.88 & 0.38

One interesting observation we noticed during this was also a case of over
titting. As displayed in Figure ??, the training and validation accuracies of
the CCT and SwinT models show a variation in performance. The SwinT
model is able to achieve a very high training accuracy fitting very well to the
data, but its performance on the validation and test sets falls when compared
with the CCT model. This is an important observation that gave importance

to and directed us to look at Data Augmentation techniques which we look
at in the next section.

5.1.2 ConvNeXt

ConvNeXt [26], published in 2022, aims to push the boundaries of what a
convolutional neural network can achieve. Rather than incorporating CNN
inductive biases in the ViT space such as the use of convolutions in CCTs
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[25] or the hierarchical structure as in a Swin Transformer [24], the authors
apply the concepts of a Transformer to ResNet [35].

Multiple steps are performed to ‘modernize” ResNet. First the authors use
augmentation techniques such as Mixup or CutMix in order to improve the
generalization of the model. Secondly they perform some "Macro” adjust-
ments to the model to emulate the Swin Transformer architecture. They
change the initial convolution of the ResNet, known as the stem, to use a 4x4
kernel with a stride of 4 in order to simulate the "patches’ used in Transform-
ers. They also change the stage compute ratio of the ResNet from (3,4,6,3)
blocks per stage to (1,1,3,1) blocks per stage similar to Swin Transformers.
Inside each block they introduce a couple of changes. They add separate
channel wise and depth wish convolution in order to separate the spatial and
temporal convolutions. They also use an inverted bottle neck design where
the hidden dimension in each block(384 channels) is 4 times the size of the
input dimension (96 channels).

Finally they apply multiple "Micro” adjustments to the overall architecture.
They use the GeLU activation function which is generally used in Transform-
ers instead of ReLU. Also in order to emulate Transformers they reduce the
number of normalization layers and activation functions used in each block
to just one, also switching out Batch Normalization for Layer Normalization
more typically found in Transformers.

With these changes, ConvNeXt is able to outperform the Swin Transformers
achieving a maximum top-1 accuracy of 87.8% and an 85.5% on ImageNet-
1k data set with and without pre-training on the ImageNet-22K data set
respectively.

Results

We trained ConvNeXt similar to the ViTs and Spindle, training it on the
first two mice of Cohort A and testing on the remaining rodents of the
other cohorts and the Slumber data set. The model was trained with an
SGD optimizer and a learning rate of 5x10-5, along with the Negative Log
Likelihood loss with class weights, all similar to Spindle. The model also was
trained for 20 epochs,

The results of ConvNeXt’s prediction accuracies on the different cohorts is
listed in Table 5.2. The table also contains the performance of the CCT model
as well as Spindle to show an objective comparison. From what we see, while
ConvNeXt is able to achieve a high accuracy, better than most ViT models, it
is unable to beat the prediction accuracies of the CCT model and Spindle.
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Table 5.2: Mean Accuracies (in %) of the ConvNeXt, Spindle and ViT for Small Data sets
models when trained on the 1st two mice of Cohort A of the Spindle data set. Accuracies
are shown per Spindle data set cohort as well as for the Slumber training set.

Model Cohort A Cohort B Cohort C Cohort D Slumber

CCT 98.02 £0.13 9592+ 047 89.89 046 9551 £048 90.28 +0.31
ConNeXt 97.95+0.04 95.63 £0.08 9055+ 0.16 9535+ 0.07 87.26 £0.15
Spindle 99.08 £ 0.07 9654 £0.22 9127 £0.25 9598 £0.17 89.88 £ 0.38

5.1.3 Pre Trained Models

Many studies have shown the advantage of using pre-trained architectures
such as ConvNeXt [26] which increases its accuracy by 2% on the ImageNet-
1k data set with pre-training on the Image-22k data set. Given the perfor-
mance of ViTs unable to reach the level of Spindle, we wanted to see if
pre-trained models could add in some bias and improve the performance.

We took models from the pytorch “torchvision” library using the uploaded
weights as a starting point. We modified the final layers of these models to
classify the input into just 3 classes as compared to the default 1000 classes.
The models we used are as below:

* ResNet50: We used the 50 layer version of ResNet [35] using the
IMAGENET1K_V2 version of the weights available in torchvision.

* ViTs: We used the 16 and 32 patch size version of the base ViT, ViT-B,
[23]. For the weights we used the IMAGENET1K_V1’ versions of the
respective models.

e SwinT: We used the standard Swin Transformer (Swin_T) [24] model
(Tiny version) in torchvision along with the IMAGENET1K_V1’ version
of the weights.

* RegNet: RegNet [36] is a model present with pretrained weights in the
torch vision library. We had not evaluated its performance before but it
has promising results on ImageNet classification. Hence we tested it
out with its pre-trained version using the 8G Flop X version. We used
the IMAGENET1K_V2’ version of the weights.

Results

Since these models already had trained weights, we were fine tuning them to
work on our data set. As a result the training parameters had to be updated
for the different models.

In order to get the best performance, the learning rate had to be modified
and a scheduler needed to be used. For example, ResNet50 with the original
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Table 5.3: Accuracies (in %) of the torch vision models with pre trained weights when

trained on the 1st two mice of Cohort A of the Spindle data set. Accuracies are shown per
Spindle data set cohort as well as for the Slumber training set. Values for the Spindle model
are a reference to Table 4.1

Model Cohort A Cohort B Cohort C Cohort D Slumber

ResNet-50 98.75 £ 0.04 96.69 £0.11 923 +0.84 96.19 +0.32 56.55 + 8.82
ViT-B 32 97.64 +£0.19 9477 £ 045 8524+099 9336 +0.7 6828 +0.75
Swin-T 99.15 + 0.06 97.06 & 0.21 90.33 £0.51 96.29 + 0.24 91.07 &+ 0.29
RegNetX 8GFlops 9832 £0.16 96.07 £04 926 £0.51 9524+ 0.66 62.68 + 7.42
Spindle 99.08 £ 0.07 96.54 +£0.22 9127 £0.25 9598 +0.17 89.88 4 0.38

learning rate of 5x10° did not learn the new task well enough, and hence
a learning rate of 5x10# with a scheduler. The other models needed to use
the scheduler as well, but were able to keep the same learning rate. For the
scheduler, we used an exponential scheduler with a gamma (reduction rate)
of 0.9. The ViT-B models were also quite big and hence a small batch size of
4 had to be used without exceeding memory value of 8G on the GPU.

All models were run for 5 times and the means and standard deviations of
the accuracies were tabulated in Table 5.3. We did not include the ViT-B
16 model results as it took over 2 hours to train and gave a slightly worse
result than the ViT-B 32 model. Firstly we noticed that for ResNet, RegNet
and the ViT models, their performance on the Slumber data set was quite
poor, even with the exponential LR and the high training accuracy. The Swin
Transformer on the other hand benefited a lot from the pre training, gaining
a nearly 1-3% increase in accuracy over training the model from scratch. This
improved performance was able to outperform our local version of Spindle
as well, promising a strong alternative architecture for feature extraction.

5.2 Transfer Learning

Transfer learning [37] is a machine learning paradigm where a pretrained
model, initially developed for one task, is adapted for a different but related
task. This approach leverages the knowledge gained from solving a source
task to improve performance on a target task, especially when the amount of
labeled data for the target task is limited.

In our case we tried to extract features from the input signal using a differ-
ent method, and use those learnt features to classify the signals into their
respective stages. To this end we tried using Auto Encoders (AEs) to acquire
a feature representation of the input signals. We trained an auto encoder
to extract feature representations by trying to encode and then decode it
back to the original image. This was guided by using a reconstruction loss
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Figure 5.6: Use of Auto Encoder to extract feature representation of input signals. The Encoder
(E) is first pre trained to extract features (z) by reconstructing the same input via a decoder(D).
These features are then used to classify the signals into the different sleep stages.

between the image and it’s generated output. We tried auto encoders with
linear and convolutional layers, as well as Variational Auto Encoders (VAEs)
by using the KL divergence loss as a regularizer. After training the Auto
Encoder, we passed the signal through the AE to get the features and then
passed that through a linear layer similar to Spindle to classify the image as
seen in Figure 5.6. We used an L1 loss for the reconstruction of the output
during the pretraining of the Auto Encoders, while using the Dice Loss for
the training of the classification.

We tried different sizes and combinations of layers, and tabulated the specifi-
cations and metrics in table ??. Each auto encoder was first pre trained with
the reconstruction loss in order to regenerate the output. These weights were
then used in order to generate the feature representation of inputs which
were then classified by a linear layer into the sleep stages. The final fine
tuning was run 5 times and the mean and standard deviation were computed.

The convolution auto encoder, similar to Spindle, was able to learn feature
representations that had the highest accuracy during classification. The
ability of CNNs to extract spatial information from the signal is shown to
have a high impact. In contrast the Linear Auto Encoders were not able
to generate features all that helpful for classification as compared to the
Convolutional Auto Encoders. For the linear encoders, we see that that
the accuracy is considerably lower than the convolution based encoder. It’s
possible to hypothesise that the linear layer causes the auto encoder to learn
a representational space that does not align well with the sleep stages, thus
making classification slightly worse. Using variational versions of the auto
encoders by introducing separate mean and standard deviation feature layers,
as well as the KL divergence loss, unfortunately were not able to achieve
better predictions as well.
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Table 5.4: Architecture specifications and overall accuracy (in %) for different Auto
Encoder based sleep stage classification. The accuracy is calculated based on the predictions
of the models when trained on 2 mice from Cohort A of Spindle and tested on the remaining.
Convolution layers are defined by 5 values, the input channels, output channels, kernel size,
stride and padding. Linear layers are defined by two values input dimension and output
dimension. And finally Max Pool layers are defined by the kernel height and kernel width.

Model Encoder Specification Overall Accuracy (%)

Convolutional AE Conv2d(3,50, (3,3), (1,1), 1) 92.68 + 1.86
ReLU + MaxPool2d(2,2)
Conv2d(50, 4, (3,3), (1,1), 1)
ReLU + MaxPool2d(2,2)

Linear AE Linear(23040, 2048) 89.69 + 1.66
ReLU
Linear(2048, 1024)
Convolutional + Conv2d(3,50, (3,3), (1,1), 1) 88.78 + 0.09
Linear AE ReLU + MaxPool2d(2,2)

Conv2d(50, 4, (3,3), (1,1), 1)
ReLU + MaxPool2d(2,2)
Linear(1920, 1024)

Linear VAE Linear(23040, 2048) 84.84 + 1.55
ReLU
2 * Linear(2048, 1024) (Mean and Std)

Convolutional VAE Conv2d(3,50, (3,3), (1,1), 1) 89.11 4+ 0.84
ReLU + MaxPool2d(2,2)
Conv2d(50, 4, (3,3), (1,1), 1)
ReLU + MaxPool2d(2,2)
2 * Linear(1920, 1024) (Mean and Std)

5.3 Hyperparamater Optimization

The other way to improve the model is to change the training parameters
such as the loss used or the data preparation such as pre processing and aug-
mentation. In this chapter we look at three different optimizations we tried
namely Data Augmentation, different Loss Functions as well as preprocessing
in terms of neighbours added per epoch.

5.3.1 Data Augmentation

As we saw from the ViT example, over fitting can be a common problem
when training Neural Networks. Data Augmentation can help the training
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Figure 5.7: Masking applied to the input signals. a) shows the original image while b) shows
masking all frequencies of a certain time frame and c) shows masking all frequency values of a
given frequency range.

procedure in multiple ways. Augmentation exposes the model to a wider
range of patterns and features, enabling it to learn more invariant and
discriminative features. By transforming or masking the data, the model
learns to distribute the importance of different metrics and helps it become
more robust, while also increasing the size of the data set.

Masking

Masking or Random Erasing [38] involves covering up part of the input,
similar to a dropout layer in the neural network. By masking the input
signals, we ensure the model is not solely focused on certain parts of the
signal and is able to learn from all parts of the signal.

We implemented a vertical and horizontal masking of the image. Each
signal epoch was preprocessed into 48x32 sized spectrograms and combined
with 4 neighbouring epochs to give an input spectrogram of 48x160. For
time based or vertical masking, we selected a random section 16 units wide
(corresponding to 2 seconds worth of signal data) and masked all frequency
values by setting them to 0 across all 3 signals. For the frequency based
or horizontal masking, we selected a random horizontal section of 4 units
(corresponding to a frequency range of 2 Hz out of the 24 Hz) high and
masked it out by setting it’s value to 0. Each of these operations had a
probability of mask_prob of happening at each batch, with mask_prob set to 0.5.

Mixup

Mixup [39] involves the combination of images in order to regularize the
network in order to favour linear behaviour. Mix up tries to build the fact that
linear interpolation of the feature vectors should lead to linear interpolations
of their corresponding labels.

Mixup is implemented as below:
X =Ax;i+ (1 - A)x;
7=Ayi+(1-A)y;
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Figure 5.8: Example of Mixup applied to input signals. Here x; and xj are combined with a ratio
of 0.5 each to give rise to the augmented signal x'.

where x;,y; and x;,y; are two pairs of inputs and labels. We implmented
Mixup in each batch by first permuting the data and labels, and then using
a linear combination of the two. A was randomly sampled from a Beta
distribution with parameters « and 8 set to 0.1. Mixup was applied to each
batch with a probability of mixup_prob set to 0.5.

In order to account for the mixup, the loss was also calculated proportionately.
The loss was calculated as:

loss = ALNLL(f(x;),yi) + (1 = A).NLL(f(x;),y;)

where f(x) is the model mapping inputs x to the output class probabilities.

Analysis

We trained Spindle with both these data augmentation techniques, each on
its own as well as together. We used the same training procedure as before,
training Spindle on the 2 mice of Cohort A and testing it on the remaining
subjects. All runs were run 5 times with the mean values tabulated (Mean
and standard deviation shown in Appendix).

Table 5.5 shows the prediction performances of Spindle trained using these
methods. Since these methods helped the model perform better, we will look
at the overall accuracy as well as the per cohort metrics. The baseline was
taken as the same Spindle model with results in Table 4.1. In these results we
show the overall performance when tested on the other cohorts of the Spindle
data set. We do not include the Slumber data set results as the volume of
data in the slumber data set is much larger and hence the performance on
that dataset affects the overall metrics by a higher percentage.

We see that using these augmentations has a positive impact on Spindle’s
predictions. Specifically if we look at the per class metrics, we see an improve-
ment in the Fl-score for all classes when using any of the data augmentation
metrics, with the highly imbalanced REM class gaining a 2-3% increase in
Fl1-score. This lead to an increase in the Overall Accuracy as well as Mean-F1
and Kappa metrics.
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Table 5.5: Mean performance metrics of Spindle with data augmentation methods. The results show the combined
model’s predictions on the 4 different test set cohorts of the Spindle data set.

metrics of the

Layer Acc(%) MF1(%) Kappa(%) Wake NREM REM

R F1 P R F1 P R F1
Without Aug. 94.68 91.8 90.5 9157 9855 9493 985 9332 9584 9037 7955 84.61
Masking Only  95.13 92.53 91.34 928 9837 955 9858 9376 96.1 8797 8416 86
Mixup Only 95.37 93.05 91.76 9323 9823 95.67 9838 9425 9627 8954 85.06 87.21
Both 95.52 93.09 92.04 94.08 9786 9594 9827 94.61 964 86.86 87.02 86.92

5.3.2 Loss Functions

Loss functions play a crucial role during training by guiding the optimization
process, where the goal is to minimize the loss. The choice of an appropriate
loss function is quite relevant, as it directly impacts the model’s ability to
generalize and make accurate predictions on unseen data. We saw one such
example when training the ViTs where they were able to learn the training
set better than ConvNeXt but performed worse on the validation set.

In this section we look at three different losses: the Focal loss, the Dice loss
and a custom loss aimed at focusing on epochs that transition between sleep
stages.

Dynamic Weighted Loss Functions

One of the features of this data set is the between classes. The number of
REM epochs present in the data is much lower (less than 1-% of the data). To
combat this, Spindle originally uses a weighted NLL loss where is weight
is inversely proportional to number of epochs of that particular class. This
however is a static weighing. It would always give a weight of x; to class
L. One thing we noticed when testing ConvNeXt was that ConvNeXt was
able to achieve a lower accuracy on the validation set, but also had a lower
loss than Spindle, which can be seen in Figure TODO??. Since the NLL loss
is proportional to the predicted probability, while the output is chosen as
the argmax, this could mean that while Spindle was predicting the correct
output classes, it was not as confident in its predictions.

We instead look at Dynamically weighted loss functions, which are loss
functions that dynamically adjust the weights applied to each input based on
different criteria. The point of these functions is to focus more on inputs that
are harder to classify as compared to inputs that are more straightforward.
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Figure 5.9: Validation accuracy and loss for the Spindle and ConvNeXt model during training.
The train data set consists of two mice from Cohort A while the validation set consists of the
other two mice from Cohort A of the Spindle data set.

Focal Loss

The Focal Loss Function [40] is a specialized loss function designed to address
the issue of class imbalance in binary classification tasks. Introduced by Lin
et al., it assigns higher weights to misclassified examples, emphasizing the
learning of challenging instances and mitigating the impact of abundant
easy-to-classify samples. The formula is given by:

Focal Loss(p;) = —(1 — p¢)" log(p:)

where p; is the predicted probability of the true class and 7y is the focusing
parameter. If the model is confident in its prediction, then 1 — p; is small
and hence the overall loss is reduced. However if the model is not confident
or incorrectly predicts the class, then p; is small and hence 1 — p; is larger,
giving more weight to this training example.

Dice Loss

The Dice Loss [41] was introduced mainly to handle class imbalances in
Image Segmentation tasks. Given the output mask and the predictions in a
Segmentation task, the formula for the Dice loss is given by:

2 - Intersection

Dice Coefficient = -
Union + €

Dice Loss = 1 — Dice Coefficient
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where the Intersection and Union are calculated between the true mask and
the predicted mask. This can also be applied to our multi class classification
problem by calculating the dice loss per class. When the model is confident
in its prediction, then the intersection value is high. As a result the dice
coefficient is also high and the loss becomes smaller. When the model is
not as confident, the reverse is true and the loss increases. Hence, similar to
the Focal loss, the Dice loss directs the model to learn the harder to classify
examples.

Custom Loss - Transition focus

If we look at transition regions (times when the subject is moving between
different sleep stages), what we noticed was that the transition regions are
one of the harder regions to classify. This is mainly because transitions
between stages are more gradual and such epochs would contain features
from both stages. As seen in figure 4.2, models only reached about a 60%
accuracy when classifying epochs that were transitioning between stages.

To focus on this we used a different version of the NLL loss. We wanted to
weigh these transition epochs higher. The formula can be written as:

Loss(i) = —log(p;) * we if label[i] != label[i + 1]
- —log(pi) *0  otherwise

where p; is the predicted probability for example i, w, is the weight of the
respective output class (same as the ones used for NLL loss) and ¢ is an
importance factor that amplifies the loss for these examples.

Analysis

We used the Spindle model as the base in order the compare the performance
of these loss functions using the same training procedure as mentioned. All
runs were performed 5 times and the mean values were calculated (Full mean
and standard deviation values can be seen in the appendix). In Table 5.6 we
see the overall metrics of the predictions of the Spindle model on the Spindle
data set. While the performance on the other two mice of Cohort A drops,
there is an increase in the overall accuracy and specifically the F1 score of
the REM class. This is similar to the effects of using the data augmentation
methods, which shows that by using these new loss functions, the model was
no longer directly over fitting on the easy W and N classes, and was instead
generalizing more and focusing on the harder to classify epochs.
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However one point we noticed was that the performance on the Slumber
data set was inverted. While the overall accuracy and the per class metrics
improved when testing the different loss functions on the Spindle data set, it
was reduced when tested on the Slumber data set. This can be see from the
results in Table 5.7. We assume that the Slumber data set is more similar to
Cohort A of the Spindle data set, and hence when using the new losses and
having a more generalized prediction, it does not overfit to Cohort A and
hence also has a reduced performance on the Slumber data set.

Table 5.6: Mean performance metrics of Spindle with different loss methods on the Spindle data set. The accuracy
shown is for both - Cohort A as well as combined metric over all 4 cohorts. The per class metrics are calculated from

the combined predictions of all 4 cohorts.

Loss Overall Cohort A Wake NREM REM
Acc(%) Acc (%) P R F1 P R F1 P R F1
NLL 94.67 99.11 9154 98.61 9494 98.6 9321 9583 89.87 79.81 84.54
Dice 95.53 98.73 95.18 96.95 96.06 97.69 950 96.32 84.12 90.18 87.05
Focal 95.54 98.88 9461 9738 9598 97.89 9494 9639 86.18 88.01 87.05
Transition 95.48 98.97 9459 97.73 96.13 98.17 94.68 96.39 8523 88.22 86.7
Table 5.7: Mean Performance metrics of Spindle with different loss methods on the Slumber data set.
The accuracy and per class metrics are calculated from the predictions of the model on the Slumber data
set.
Loss Overall Wake NREM REM
Acc(%) P R F1 P R F1 P R F1
NLL 90.4 9129 9284 92.06 90.3 88.07 89.17 7823 77.84 78.03
Dice 86.96 9149 86.03 88.68 86 88.44 872 5427 8595 66.52
Focal 87.85 91.33 8833 89.8 8564 8799 868 66.04 79.63 722
Transition 87.92 916 87.89 89.71 87.19 8829 8773 5795 84.71 68.82

5.3.3 Neighbours per Epoch

The preprocessing for Spindle involves converting the signal into it’s corre-
sponding spectrogram, breaking it into epochs and then also attaching copies
of neighbours to each input. As a result the input for sample i consists of the
spectrogram of epochs i-2 to i+2 when having 4 neighbours. We do this in
order to incorporate temporal information into each input.

In this section we wanted to quantify the impact of using neighbours in input
data. Previously the pipeline would perform the preprocessing first and
save the preprocessed input into an accessible HDF5 file which would then
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Table 5.8: Performance of Spindle when using different number of neighbours in the input for
each epoch.

# of Neighbours Accuracy (%) Runtime (s) Model Parameters (M)

0 94.05 223 20.7
2 94.01 313 33.83
4 94.77 425 77.99
8 94.86 789 166.31
16 95.19 1507 342.95
20 95.51 1570 431.27

be trained on. Hence the input would already consist of the epoch signal
data along with 4 neighbours. We changed this to instead only save each
samples spectrogram data without any neighbours. We then changed the
data loader to return the required number of neighbours in it’s ’_get_item”
call. 0 neighbours would just return the sample’s spectrogram data alone,
while setting it to N neighbours would return spectrogram data from epoch i
- N/2 to epoch i + N/2. Epochs on the edges were padded with Os.

The overall accuracy on the Spindle data set, the run time as well as the
model parameters have been tabulated in Table 5.8. We notice that while
there is an increment in the overall accuracy when increasing the number
of neighbours, the cost in terms of run time and memory shoots up ex-
ponentially. For example when use 8 neighbours instead of 4 neighbours,
the number of parameters in the model doubles from ~78 million to ~166
million parameters, as well as doubling the time taken to train the model.
All this results in a 0.11% gain in accuracy.

Not only that, but in order to generate data with its neighbours quickly, the
model either has to keep all the data in memory, precompute the data or
read multiple items at a time, all of which require increased computing and
memory resources. Hence, while there is an increase in performance, the
additional computation required may not be justified.
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6. New Proposed Architecture -
SwinTsle

Combining the different architectures and techniques, we propose a new
architecture - SwinTsle, or Swin Transformer for Sleep Classification.

6.1 Architecture
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Figure 6.1: SwinTsle Model Architecture.
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6.2. Analysis

The new architecture (Figure 6.1) is composed of the different optimizations
tried out in the previous chapters. We used the same preprocessing as
Spindle, converting the signals into their Spectrograms. We used a pre
trained Swin Transformer Tiny (Swin-T) as the base to extract features from
the input. We used masking and mixup as data augmentation techniques in
order to regularize the model, as well as the Dice Loss to handle the class
imbalance. We added a transformer layer over the final extracted features
to learn temporal context information and finally passed the transformer
output along with a residual of the extracted features in to a linear layer in
order to classify the epochs into the respective sleep stages.

6.2 Analysis

The different additional stages along with the overall performances have
been tabulated in Table 6.1, while their Per Cohort Accuracies have been
calculated and shown in Table 6.2. Overall our final model has been able
to achieve a nearly 1.5% increment in the overall prediction accuracy. The
per class metrics have also improved, with the Mean F1 score improving by
around 2.5% mainly due to the improved Precision and Recall of the REM
class.

Looking at the per cohort accuracies in Table 6.2 we also see a consistent
increase in the prediction accuracies over all the cohorts. Due to the imple-
mentation of the data augmentation, dice loss function as well as temporal
processing, we see that the performance for Cohort C, made up of rats having
a different input distribution and signal set as the train Cohort A, has the
most improvement showing that the model is also able to generalize better.
The Slumber data set though shows a slightly different pattern. Given the
data set being larger and the model trained on a completely different set,
small variations in the learnt model affect the accuracy on the Slumber data
set and hence not a incremental increase. However we can see that the final
proposed architecture is capable of achieving a high accuracy on the Slumber
data set.
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Table 6.1: Mean Overall accuracy and per class metrics of the given architectures on the Spindle data set. Values are calculated as the
average calculated over 5 runs.

Layer Acc(%) MF1(%) Kappa(%) Wake NREM REM
R F1 P R F1 P R F1
Spindle 94.68 91.8 90.5 9157 9855 9493 985 9332 9584 9037 7955 84.61
Pretrained Swin-T  95.05 914 91.12 9164 990 9518 98.7 9458 9659 94.07 73.38 8242
+ Data Aug 95.46 93.24 91.91 9292 98.78 95.76 98.7 94.0 9629 91.01 84.62 87.65
+ Dice Loss 95.56 93.08 92.05 9266 9895 957 98.68 946 9659 9431 80.73 86.96
+ Transformer 96.03  93.74 9292  93.69 98.89 9622 9871 9529 9697 93.63 83.18 88.04
(SwinTsle)
Table 6.2: Per Cohort Accuracy(in %) of the given architectures on the Spindle data set as
well as the Slumber data set.
Model Cohort A Cohort B Cohort C Cohort D Slumber
Spindle 99.08 + 0.07 9654 +0.22 91.27 +£0.25 9598 +£0.17 89.88 & 0.38
Pretrained Swin-T 99.18 = 0.08 97.35+0.15 91.17 +0.48 96.67 £0.16 91.0 + 0.58
+ Data Aug 99.26 +£0.02 97.08 &+ 0.15 9286 £ 0.67 96.24 +£0.12 87.58 + 1.68
+ Dice Loss 99.25 +0.03 97.22 +0.08 92.88 +0.56 96.41 +£0.12 90.15 £ 0.86
+ Transformer (SwinTsle) 99.3 +£0.04 9741 +0.11 9354045 97.01 £0.21 91.28 +0.16

Expanding the per cohort metrics, in Figure 6.2 we see the confusion matrices
of one of the runs on the different Cohorts of the Spindle data set as well as
the Slumber Data set. Swintsle is clearly able to learn the different classes
well even in Cohort C and the Slumber data set.
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7. Human Data Set

A large amount of research has also been conducted in the field of human
sleep stage classification, which is a problem highly similar to the sleep stage
classification in Mice. Humans display more complex brain activity leading
to the classification of the NREM sleep stage further into N1, N2 and N3.
Humans also sleep for longer periods in general with the transition between
sleep stages being less frequent. Hence signals are usually classified in 30
second epochs, as compared to 4-8s epochs in mice. These changes lead to
the development of different models for these two tasks.

In this section we explore the performance of Spindle as well as our newly
proposed model on the Human data set. We also compare it with the SOTA
Human sleep stage classification models based on the values reported in the
papers. We do not have any strong expectations for the performance of these
models on the human data set, but rather just wish to analyze the results
and find out if any surprising results can be seen.

7.1 Setup

We use the Sleep-EDF 20 data set mentioned in Chapter 2. We pre process the
data by converting the signals to their spectrograms normalizing them and
splitting them into 30s epochs. Unlike for the mice data set, we do not add
neighbouring signal data to the input for each epoch, following the common
practice done in other Human Sleep Classification studies.

All data was taken and dynamically split into and 80-20 train and test
data sets. In the case of our new proposed model, in order to ensure
sequential information processing, the data loader was set to batch the data
first, allowing for shuffling of batched sets. Since this data was more balanced
due to the clipping of the input to within 30 minutes of sleep (as mentioned
in chapter 2), the weighted NLL loss was used as compared to the Dice
loss. Hyper parameter tuning gave us the learning rate of 5*10” with an
exponential scheduler with gamma 0.9, that was trained for 30 epochs.

We trained both Spindle and our new proposed architecture of this dataset.
Swindle was pretrained on the data without the Spindle does not use the
HMM as there are five classes and the transition rules for Mice sleep stage
does not apply here. Also, both models were trained on 1 EEG signal (the
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7.2. Results

Table 7.1: Mean predictions metrics for different models on the Sleep-EDF 20 data set.

Overall Metrics Per-Class F1-Score

Model Input

Accuracy MF1 Kappa W N1 N2 N3 REM
AttnSleep Fpz-Cz 84.4 78.1 79 89.7 426 888 902 79

. Fpz-Cz,

SleepViTransformer ROC-LOC 87.8 81.5 83.4 938 484 892 884 879
Spindle Fpz-Cz 75.86 69.37 67.49 80.17 31.45 8245 8159 712
Swin Transformer Fpz-Cz 82.49 7612 76.05 90.28 40.76 86.1 8523 779
Swindle Fpz-Cz 84.73 79.13  78.86 91.88 46.18 86.64 8594 83.65

Fpz-Cz EEG signal) as most SOTA human models use only 1 EEG signal as
input.

7.2 Results

The Overall prediction metrics as well as the Fl-score of the different classes
were calculated and have been tabulated in Table 7.1. Models were run for
5 runs with different seeds and the means were taken (mean and standard
deviations can be found in the appendix). The results of AttnSleep and
SleepViTransformer have been added in as well, having been taken from the
AttnSleep paper [18] and SleepViTransformer paper [28] respectively.

First off we notice that Spindle is able to classify this problem decently
well, but does not compare to the SOTA models. However we see that our
new proposed architecture is able to much better than Spindle and even
marginally surpasses the results from AttnSleep. This shows great promise
for our new proposed architecture. SleepViTransformer still has the highest
prediction metrics, though it does use the EEG and an EOG signal.
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8. Discussion

Spindle was one of the first few architectures that used Convolutional Neural
Networks in the Sleep Stage Classification Space. Combining CNNs with
an HMM, Spindle was a SOTA model that achieved stellar results, still very
strong to this date. With the leaps and bounds of progress happening in the
field of Computer Vision, we were able to use new technologies to propose
our new model - SwinTsle (Swin Transformer for Sleep Classification) that is
able to achieve a nearly 2% improvement in accuracy on the Spindle data set
than our local implementation of Spindle. One of the ways SwinTsle is able
to achieve this is due to it’s improved REM stage classification, improving
the Fl-score by more than 5% when tested on the Spindle data set. Even in
the Slumber data set, SwinTsle is able to achieve a higher prediction accuracy
than Spindle achieving a 91.57% accuracy as compared to Spindle which was
able to achieve a 90.4% accuracy.

SwinTsle is able to achieve its level of performance through the combination
of multiple features. Firstly it uses a fine tuned version of a pre trained Swin
Transformer as it’s base to extract features. Swin Transformers, a particular
type of Vision Transformers are a SOTA vision model that combines a) the
features of Vision Transformers by "patchifying’ images and using a trans-
former on the patch embeddings, b) the hierarchical features of architectures
such as the U-Net by using increasing patch sizes in subsequent layers, and
c) the features of local and global attention of convolutional networks by
using shifting windows. Moreover by using a pre trained set of weights as
compared to a random initialization of weights SwinTsle is able to achieve
an accuracy already surpassing Spindle.

Secondly, SwinTsle uses Data Augmentation techniques enhancing the data
set in order to handle the issue of over fitting the model to the train data set.
Both Masking, the process of randomly removing parts of the input, as well
as Mixup, the process of mixing up two inputs, help ensure the model does
not pay attention to only small part of the training input data and forces it to
learn features from all the different parts of the input. Both have been shown
here to have positive impacts of the prediction performance of models.

SwinTsle was also trained using the Dice Loss in order to handle the issue
of class imbalance. In all the training data sets, we see the presence of Sleep
Stages that are in minority. Dice Loss, a dynamically weighted loss function,
helps the model focus on harder to classify inputs (irrespective of their class)
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causing the model to pay less attention to the easy inputs and focus on the
harder ones.

Finally, while Spindle uses prior knowledge incorporated into HMMSs in
order to learn temporal information, SwinTsle uses a Transformer to learn
these temporal inter epoch features instead. We show that it is able to learn
these transitional rules quite well, and is able to be applied to any task such
as the prediction of sleep stages in Humans. With this layer, SwinTsle is able
to achieve it’s best prediction performance.

During this thesis, we also explored various other models and techniques
and evaluated their performance on the given problem. We explored the
performance of various other vision architectures such as other ViTs like the
CCT and the CvT as well as ConvNeXt. We also explored the performance
of other pre trained models such as ResNet and RegNet, as well as the
novel idea of using Auto Encoders to learn the feature representations. We
investigated other loss functions such as the Focal loss and a custom loss built
for this task, and also evaluated the effect of using additional neighbours.
Finally we also tested the performance of SwinTsle on the Human Sleep
Stage classification task, using one of the smaller publically available data
sets. Here as well SwinTsle was able to significantly outperform Spindle, and
also outperform one of the SOTA models, AttnSleep.

Using all the learnings from this Thesis, we propose SwinTsle, a next genera-
tion state of the art model for sleep stage classification.
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9. Future Work

This is a problem still being worked on and improvements to be made. While
we did experiment with a lot of different models and techniques there are
still things that can be worked on in the future, in order to make a more
robust and complete model.

* Data sets: Spindle already has a very high performance when it comes
to the Spindle data set, achieving a 99% accuracy on one of the Cohorts
and similar values for the other cohorts. In order to show variability
and differences in performance, the use of more data sets can help
enhance the study.

¢ Raw Signal Classification: Some of the published models extract fea-
tures directly from the raw EEG/EMG signals without any preprocess-
ing. This helps speed up inference time by a lot as the uploaded edf
signals can be directly classified without requiring the use of multiple
windowed Fast Fourier Transforms. If using a raw signal can achieve
the same level of performance, it can enhance the experience of the
Sleep Learning web tool to Sleep researchers.

* Artifacts: This study did not focus on the prediction of artifact epochs.
Artifact epochs were just labelled as normal sleep stages. Focusing on
the prediction of artifacts and increasing the 4-class prediction accuracy
is something that can be worked upon.

¢ Human Models: While we saw that the Mice classification models were
not able to perform as well as the Human classification models on the
Sleep-EDF 20 data. It would be interesting to see if the other way holds
or not.
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A. Appendix

A.1 Data Augmentation Results

The extended version of table 5.5 with the standard deviation included.
Values were averaged over 5 runs. The table is split into two in order to fit
on to the page.

All models were trained with a batch size of 100 and a learning rate of 5*10”

with an exponential learning rate scheduler with gamma set as 0.9, as well as
the NLL loss.

Table A.1: Extension of Table 5.5 with mean and standard deviation

Method Overall Acc(%) MF1(%) Kappa(%)

Without Aug. 94.68+0.18 91.8+£0.25  90.5+0.33
Masking Only 95.13+0.18 92.53£0.22 91.34+0.31
Mixup Only 95.37£0.14 93.05£0.32 91.76+0.25
Both 95.52+0.11 93.09£0.3  92.04+0.2

Table A.2: Extension of Table 5.5 with mean and standard deviation

Wake NREM REM
P R F1 P R F1 P R F1

Without Aug.  91.57+£0.43 98.554+0.15 94.93+£0.18 98.5+0.12 93.32+0.44 95.84+0.18 90.37+0.82 79.55+1.09 84.61+0.51
Masking Only ~ 92.8+£0.43  98.374+0.16 95.5+0.17 98.58+0.09 93.76+0.42 96.1+0.18 87.97+£1.34 84.16+1.45 86.0+0.4

Mixup Only 93.23+0.41 98.23+0.16 95.67+0.16 98.38+0.04 94.25+0.16 96.27£0.08 89.54£1.07 85.06£2.37 87.21+0.77
Both 94.08+£0.24 97.86+£0.13 95.94£0.09 98.27+0.09 94.61+£0.17 96.4+0.06 86.86+1.67 87.02+1.23 86.92+0.78

Method

A.2 Loss Function Results

The extended version of tables 5.6 and 5.7 with the standard deviation
included. Values were averaged over 5 runs. The table for results on Spindle
is split into two in order to fit on to the page.
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A.3. SwinTsle Results

All models were trained with a batch size of 100 and a learning rate of 510

with an exponential learning rate scheduler with gamma set as 0.9.

A.2.1 Spindle Data Set

Table A.3: Expansion of Table 5.6 with standard deviation over 5 runs

Loss Overall Acc(%) Cohort A Acc (%)
NLL 94.67 99.11

Dice 95.53+0.07 98.731+0.04
Focal 95.5440.09 98.88+0.04
Transition 95.48+0.07 98.97+0.02

Table A.4: Expansion of Table 5.6 with standard deviation over 5 runs

Wake NREM REM
Loss
P R F1 P R F1 P R F1
NLL 91.54 98.61 94.94 98.6 93.21 95.83 89.87 79.81 84.54
Dice 95.18+0.13  96.95+0.07 96.06+0.04 97.694+0.04 95.0+0.14 96.32+£0.06 84.12+0.29 90.18+0.35 87.05+0.29
Focal 94.61+0.39 97.38+0.17 95.98+0.13 97.894+0.09 94.94+0.15 96.39+0.08 86.18+1.56 88.01+1.98 87.05+0.21
Transition 94.59+0.24 97.734+0.11 96.13+0.07 98.174+0.07 94.68+0.2 96.39+0.07 85.23+0.21 88.22+0.46 86.7+0.16
A.2.2 Slumber Data Set
Table A.5: Expansion of Table 5.7 with Mean and Standard Deviation
Loss Overall Wake NREM REM
Acc(%) P R F1 P R F1 P R F1
NLL 90.4 91.29 92.84 92.06 90.3 88.07 89.17 78.23 77.84 78.03
Dice 86.961+0.2 91.49+0.06 86.03£0.28  88.68+0.17 86.0+0.36 88.444+0.11 87.2+0.22 54.27+1.26  85.95+0.36  66.521+0.84
Focal 87.85+£0.13 91.33+0.07 88.33£0.16  89.84+0.15 85.64+0.21  87.9940.08 86.8+0.17  66.04+0.86 79.63+0.28 72.240.71
Transition  87.82+0.34 91.61+0.07 87.894+0.24  89.71+0.22 87.194+0.4 88.294+0.21 87.73+£0.36 57.95+1.42 84.71+0.42 68.82+1.07

A.3 SwinTsle Results

The extended version of tables 6.1with the standard deviation included.
Values were averaged over 5 runs. The table is split into two in order to fit
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A.4. Sleep-EDF 20 Results

on to the page.

All models were trained with a batch size of 100 and a learning rate of 5*10
with an exponential learning rate scheduler with gamma set as 0.9. The
sequential model with the transformer was trained with a batch size of 4,
with each entry containing 32 sequential epochs.

Table A.6: Extension of Table 6.1 with mean and standard deviation

Method Overall Acc(%) MF1(%) Kappa(%)

Spindle 94.68 + 0.18 91.8 £0.25 90.5+0.33
Pretrained Swin-T 95.05 + 0.23 914 £ 054 91.12 £ 041
+ Data Aug 95.46 +£ 0.27 9324 +0.56 91.91 £+ 0.49
+ Dice Loss 95.56 £ 0.19  93.08 + 0.53 92.05 £ 0.34

+ Transformer (SwinTsle) 96.03 £ 0.13 93.74 £ 054 9292 £ 0.25

Table A.7: Extension of Table 6.1 with mean and standard deviation

Method Wake NREM REM

P R F1 P R F1 P R F1
Spindle 91574043 9855+0.15 94934018 985+0.12 93.324+0.44 9584+0.18 90.37+0.82 79.55+1.09 84.61+0.51
Pretrained Swin-T ~ 91.644+041 99.0+0.04 95184023 98.7+0.04 94584041 9659402 94.07+0.88 73384234 82424145
+ Data Aug 92.9240.68 98784015 9576403 9874012 9404033 9629+0.14 91.01+1.03 84.6243.03 87.65+1.27
+ Dice Loss 92.664+034 9895+0.05 9574019 98.68+0.15 9464033 9659+0.12 9431+0.86 80.73+2.87 86.96+1.41
zsgal}ssfl‘gmer 93.69+0.38 98.894+0.09 9622+0.18 98.7140.06 95294027 96.97+0.11 93.63+1.05 83.1843.28 88.04+1.6

A.4 Sleep-EDF 20 Results

The extended version of tables 6.1with the standard deviation included.
Values were averaged over 5 runs.

Both models were trained with a learning rate of 5*10° with an exponential
learning rate scheduler with gamma set as 0.9. The sequential model with
the transformer was trained with a batch size of 4, with each entry containing
32 sequential epochs, while Spindle was trained with a batch size of 100.
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A.4. Sleep-EDF 20 Results

Table A.8: Predictions metrics for different models on the Sleep-EDF 20 data set with mean and

standard deviation. Extension of Table 7.1

Overall Metrics

Per-Class F1-Score

Model

Accuracy MF1 Kappa \ N1 N2 N3 REM
Spindle 75.86+0.23 69.37+£0.3 67.49+0.3 80.17£1.1 31.45£1.2 8245403 81.594+04 71.2+£04
Swin Transformer 82.49+0.6  76.12+0.9 76.05+0.7 90.28+1.4 40.76+3.4 86.1+0.7 8523+27 77.9£23
Swindle 84.73£04  79.13£0.7 78.86%1.0 91.88+£1.4 46.18+4.7 86.64+0.7 85.94+25 83.65+2.1
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