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Chapter 1

Introduction

Historical context

While mankind has been fascinated by the human mind for a long time, only the
last 70 years of rapid technological advances nally allowed us to peer deep into
the human brain. New recording techniques, theoretical models, and detailed
simulations facilitated by the increase in computational power have opened new
horizons in the eld of neuroscience. However, to this day, a lot remains unclear
about how the activity of billions of neural cells interconnected through a dense
web of dynamic circuits translates into complex processes such as perception,
movement, reasoning or learning.

One of the recent sub- elds of neuroscience, namelymputational neuro-
sciencecombines neuroscience with mathematics and computer science to for-
mulate theoretical principles governing the nervous system. The earliest the-
oretical discoveries in neuroscience were models of single neurons (Brunel et
al.,| 2008; Hodgkin et al., 1952). Modelling activity of single neurons, however,
cannot capture the brain in its whole complexity. Because the billions of neu-
rons and other neural cells are constantly communicating with each other, their
coordinated activity is another key to unlocking the brain's mysteries. Meth-
ods capturing and interpreting such activity are therefore needed. In 1924, Hans
Berger was the rstto record human brain activity through electroencephalogra-
phy (EEG). Since then, many other recording techniques for measuring aggregate
signals from large populations of neurons emerged, such as magnetoencephalog-
raphy (MEG), functional magnetic resonance imaging (fMRI), positron emission
tomography (PET), magnetic resonance spectroscopy (MRS), etc.

There is a long path from recording brain activity to understanding how it
translates into processes the brain governs in humans. One approach to formu-
lating a relationship between brain signal and a certain process such as move-
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ment or sleep is callethrain signal decodingr alsoneural decodinglt studies
what information is available in the electrical activity of neurons or networks of
neurons by mapping patterns in the electrical activity onto external processes
such as movement or sleep. To create such a mapping, rst, the brain signal is
recorded simultaneously with a variable describing the process. Then a model
predicting the variable based on the brain signal is built and tted to the recorded
data.

These models allow for a deeper understanding of the information contained
in brain activity and direct clinical applications. They are being used for predict-
ing epileptic seizures (Hassan et al., 2016), Alzheimer disease diagnosis (Ahmad-
lou et al., 2011), classifying sleep stages (“en et al.,|2014) or in Brain-computer
interfacing (BCIs) (Schalk et al., 2011; Wolpaw et al., 1991).

Deep arti cial neural networks (DNNSs) are being increasingly utilized as such
models (Roy et al., 2019). DNNs elevated what is considered state-of-the-art in
various elds, most prominently computer vision (Brock et al., 2021) and natural
language processing (Rae et al., 2019). Their ability to process complex data in
an end-to-end manner and good prediction performance makes them suitable for
decoding from brain signals.

Motivation

Utilizing recent advances of deep learning (DL) in movement decoding from EEG
has brought considerable progress in this eld. In multiple cases, deep neural
networks have been shown to be more e ective when decoding from EEG and
intracranial EEG (IEEG) than standard machine learning methods (Lawhern et
al.,[201B; Mousavi et al., 2019; Zhang et|al., 2019). Nevertheless, there is still
room for considerable improvement in the decoding accuracy, interpretability
and applicability to online decoding (Roy et al., 2019). These issues are even more
substantial in movement decoding from intracranial EEG. Because it is more dif-
cult to acquire iIEEG data, it is less researched but very promising because of
the higher signal-to-noise ratio of IEEG signal compared to EEG (Volkova et al.,
2019).

To address these issues, Hammer et al., 2021 employed the Deep4Net - a con-
volutional neural network introduced in Schirrmeister et al., 2017 - to perform
IEEG movement decoding, namely to decode hand velocity and absolute veloc-
ity (speed) from intracranial EEG. The Deep4Net was chosen because in previ-
ous studies (Hartmann et al., 2018; Schirrmeister ef al.,|2017) it has proven suc-
cessful in movement-related classi cation tasks, reaching comparable accuracy
with state-of-the-art methods without the necessity of manual feature extrac-
tion. When using it, Schirrmeister et al., 2017 also inspected which frequency
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bands are essential for the network's decisions. Besides con rming the infor-

mativeness of the alpha (4 - 12 Hz) and beta (13 - 30 Hz) bands, it was the rst
time that the importance of modulations in the high-gamma (70 Hz and above)

band was shown for movement decoding from non-invasive EEG. The fact that
Deep4Net architecture can extract information from the high-gamma band sug-

gests its suitability for IEEG decoding, where the high-frequency resolution is

better than in non-invasive EEG (Light et al., 2010).

Hammer et al.| 2021 found that the Deep4Net signi cantly outperforms
multi-linear regression in velocity and absolute velocity decoding. Neverthe-
less, when visualizing which features it focuses on, the network has not shown
the expected interest in the high-gamma frequency modulations. In the con-
text of previous ndings on the same dataset, where high-gamma was found
signi cant, especially for absolute velocity decoding when using multi-linear
regression (Hammer et al., 2016) and the fact that the Deep4Net architecture is
able to extract information from the high-gamma frequency (Schirrmeister et al.,
2017), the group brie y continued to explore this surprising nding.

Using a di erent visualization method, namely gradient visualization, they
discovered a gradient peak in the high-gamma range at 83.33 Hz, showing pos-
sible interest of the network in information from the high-gamma frequency
(personal communication). Multiple questions remain to be answered at this
point: Is the gradient peak signi cant, or is it just an architectural artefact? If
it is an architectural artefact and does not show the use of modulations in the
high-gamma frequency band by the network, why did the network not use the
high-gamma? Would other architectures be able to utilize high-gamma in this
setting? Could we improve performance by forcing the network to use high-
gamma? Is high-gamma indeed informative for decoding (absolute) velocity of
hand movement? If the peak is not an architectural artefact but re ects the use
of information from the high-gamma band by the network, why did the pertur-
bation visualization method performed by Hammer et al., 2021 not show it?

Goals

The aim of this thesis is to address the above-outlined questions, which can be
summarized in the two following goals:

1. Understanding which frequency bands are utilized by the Deep4Net for
hand movement decoding with particular focus on the high-gamma band.
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2. ldentifying which modi cations to DNN training/architecture improve the
utilization of information across useful frequency bands.

Achieving these goals will contribute to the interpretability of deep neural
networks used for IEEG movement decoding. By identifying informative fre-
guency bands and optimizing the network architecture to use them e ectively,
we can also potentially improve the decoding performance of these networks,
advancing their clinical application.



Chapter 2

Background and related work

This chapter gives a brief introduction of topics most relevant for this thesis to
equip the reader with the necessary background. We start by shortly describing
(intracranial) EEG signals, their standard feature extraction, and decoding tech-
niques (Sectiof 2.1). We further provide a concise introduction to deep neural
networks (DNNs), paying particular attention to convolutional neural networks
(CNNs) (Sectiop 2.2). Lastly, we introduce the two most relevant papers (Ham-
mer et al.| 2021) and (Schirrmeister etjal., 2017) in more detail, followed by brief
descriptions of other DNN architectures used for movement decoding (Section

23).

2.1 Decoding from (i))EEG signals

Neural decoding refers to a neuroscience eld concerned with reconstructing ex-
ternal stimuli from information that is already encoded in the brain. It consists

of multiple stages: signal recording, spectral and spatial feature extraction, and
the nal classi cation or regression algorithm. This section describes the meth-
ods traditionally used in each of these stages, highlighting their advantages and
disadvantages. While many things, such as sleep stages (Mousavi et al., 2019),
epileptic seizures (Hassan et al., 2016) or emotions (Zheng ét al, 2015) can be
decoded from brain signals, we introduce mainly methods used for movement
decoding because they are most relevant for this thesis.

2.1.1 Recording methods

An existing correlation between neural modulations and motor parameters for a
wide range of motor tasks makes electrical brain activity suitable for movement
decoding (Lebedev et &l., 2005). Electroencephalography (EEG), electrocorticog-
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raphy (ECoG), and stereotactic EEG (SEEG) are the most commonly used tech-
niques of recording the electrical activity of the brain (Tam et al., 2019). We
describe the basic properties of each of these recording methods. For a more
detailed introduction to EEG, please refer to Schomer et al.,2017.

Electroencephalography (EEG)

Electroencephalography (EEG) records electrical brain activity of the cerebral
cortex using multiple electrodes (also called channels), which are placed on the
surface of the head. The recorded activity, originating as the postsynaptic poten-
tial of excitable neural tissue (Buzsaki et al., 2012), is attenuated through cere-
brospinal uid, the dura, and the skull on its way to the recording electrodes.
Besides weakening the signal, these structures also act as low-pass Iters lim-
iting the useful frequency bands to below 100 Hz (Tam et|al., 2019). Another
limitation of EEG recordings is the interference of muscles located in the head
region. Muscle activity has higher amplitudes than brain signals and can a ect
the recording quality (Scholg et al., 2002). It lowers the signal-to-noise ratio of
EEG signals. EEG has also relatively poor spatial resolution (Buzsakiet al., 2012).
Despite the aforementioned drawbacks, EEG is a widely used tool in brain sig-
nal recording. Its high temporal resolution, non-invasiveness, and relatively low
cost motivate researchers to develop new quality control and artefact processing
techniques (Lotte et al., 2018) to alleviate the disadvantages of non-invasive EEG.

Electrocorticography and stereotactic EEG

Electrocorticography (ECoG) and stereo-tactic electroencephalography (SEEG)
are variations of EEG commonly referred to as intracranial EEG (IEEG). In ECoG,
a grid with multiple recording electrodes (channels) is placed on the brain's sur-
face instead of the surface of the head. For stereotactic EEG, the electrodes pen-
etrate the skull and reach deeper inside the brain. Both are very invasive meth-
ods and cannot be performed for the sake of research only. Therefore, intracra-
nial EEG studies are mainly conducted on patients with medication-resistant
epilepsy. The electrodes are used to nd the locus of seizures which is then surgi-
cally removed. Special measures have to be taken to remove channels displaying
pathological symptoms when using ECoG signal for research. The quality of sig-
nals from non-epileptic brain tissue is, however, superior to standard EEG. It has
a higher spatial resolution and better resolution in the high frequencies (Volkova
et al., 2019). with medication-resistant epilepsy. The electrodes are used to nd
the locus of seizures which is then surgically removed. Special measures have
to be taken to remove channels displaying pathological symptoms when using
ECoG signal for research. The quality of signals from non-epileptic brain tis-
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sue is, however, superior to standard EEG. It has a higher spatial resolution and
better resolution in the high frequencies (Volkova et al., 2019).

2.1.2 Feature extraction

End-to-end learning has started to be used only recently, and manual feature ex-
traction is common when designing movement decoders from EEG and IEEG.
We will describe some widely used feature extraction methods. Often distinct
methods are used for spatial and temporal information present in EEG and iIEEG
signals. Spatial information tells us where in or on the brain the signal was mea-
sured. It depends on the position of the electrode. Temporal information contains
information about when the signal was recorded and what its value was at that
moment.

Spatial feature extraction

Spatial feature extraction methods are used for signal denoising, rejection of
pathological channels, and dimensionality reduction. Common average refer-
ence (CAR) is a widely used and straightforward denoising method. In CAR, the
mean of all channels is subtracted from each channel (Liu ef al.,|2015). This re-
duces noise common to all channels but might introduce some channel-speci c
noise to some otherwise clean channels (Volkova et|al., 2019). Multiple other
methods have been proposed to address this issue. For example, auto-regressive
models, which instead of subtracting the mean of the channels assign a weight to
each channel to minimise the variance, and then subtract this weighted average
from each channel (Lu et al., 2012). Bipolar reference and Laplacian reference (Li
et al.,| 2018; Yao et al., 2019) are also ways to avoid proposing channel-speci c
noise by focusing only on the re-referencing of neighboring channels.

Noisy and epileptic channel rejection is often done after visual inspection
by experts. Nevertheless, automatic mechanisms to select channels for removal
have also been developed. A noisy channel can be identi ed based on an abnor-
mal distribution, identi cation of excessive line noise, or the outliers it contains
(Liu et al., 2015). If a channel is marked noisy, it is removed from the dataset.
However, some studies propose the use of CAR with median subtraction instead
of mean subtraction while keeping all channels. They claim that this way, it is
possible to retain all information potentially valuable for decoding while also
su ciently reducing noise across all channels (Liu et al., 2015).

Recording from multiple electrodes creates highly dimensional data. Reduc-
ing their complexity is another opportunity for spatial feature extraction to help
achieve better decoding results. Principal component analysis (PCA) (Pearson,
1901) is a commonly used method (Volkova et/al., 2019). It transforms the data
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into a new coordinate system achieving the largest possible variance along the
axes. Optionally, one can then discard the axes with lower variance to achieve
dimensionality reduction. Independent component analysis, another tool for di-

mensionality reduction, also transforms the data into a new coordinate system.
However, unlike PCA, it selects a basis in which each vector is an independent
component of the data (Michelmann et al., 2018).

Spectral feature extraction

Spectral feature extraction methods are used to extract task-related features from
the time-domain and power spectra domain. Regarding the time-domain, the
Low-pass Itered component (LFC), also called Local motor potential (LMP),
which can be extracted using Savitzky-Golay Iters (Pistohl etfal., 2011), has been
shown by multiple studies to hold information about movement time-course and
kinematics (Ball et al}, 2009; Pistohl et al., 2008; Schalk et all, 2007).

In the power spectrum domain, following are the traditionally de ned
frequency ranges: (04 Hz), (48 Hz), (812 Hz), (1330 Hz), low
(30 70 Hz) and in the case of ECoG highband (70 Hz and above) (Hammer
et al., 2016). The modulations in the alpha, beta, and in the case of intracranial
EEG also high-gamma bands are particularly informative for movement decod-
ing (Ball et al., 2008; Gunduz et al., 2016). As previously stated, the high-gamma
signal from EEG is often noisy and not suitable for decoding. However, it has
been recently shown that neural networks are able to use information from the
high-gamma band for movement classi cation (Schirrmeister et al., 2017).

Multiple methods have been proposed to extract features from the power
spectrum domain. The signal can be either directly band- ltered in the desired
range or converted into the frequency domain using both non-parametric and
parametric methods. Non-parametric methods include Fourier analysis, multi-
taper methods, and wavelet transformations (Volkova et al., 2019).

Fourier analysis involves convolving the brain signal with a sinusoidal func-
tion of a xed length. The analysis is performed on short windows to improve
temporal speci city; nevertheless, its time-frequency resolution is relatively
poor. Moreover, it is only useful in a limited frequency range, based on the
window size, and the size also xes the scale of the signal that is to be detected
(Van Vugt et al,, 2007). Both multi-tapering methods and wavelets were designed
to ameliorate these issues.

Decomposing the signals into shifted and scaled versions of an oscillating
waveform of a wavelet function allows the proportion between the tempo-
ral width and frequency bandwidth to stay the same for all frequencies. This
contributes to a higher temporal resolution in higher frequencies. The good
time-frequency trade-o of wavelets makes them suitable for analysing non-
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stationary signals (Van Vugt et al., 2007).

Multi-taper methods were designed to reduce bleeding between frequencies,
making them, too, well-suited for analysing signals of non-stationary processes.
Tapers are functions having a value of one in the middle and then taper to zero
at the edges. The multi in multi-taper implies that the signal is convolved with
multiple such orthogonal tapers. These are then averaged, yielding a statistically
consistent spectral estimator with a reduced variance of the spectral estimates
and improved localisation in the frequency domain (Pistohl et|al., 2011).

Auto-regressive spectral estimators (AR) are parametric spectral feature ex-
tractors. They have proven successful for modelling both EEG (Walter et al.,
2012) and iEEG (Anderson et al., 2009). Even though ARs have an inherent capac-
ity to model peaky spectra characteristic for bio-signal, their e ectivity largely
depends on parameterisation, which is not particularly straightforward (Ander-
son et al.;, 2009).

More recently proposed approaches, based on Riemann geometry, which
use covariance matrices for feature learning and representation, have shown
promising results (Delgado Saa, 2020). Temporal modulations can also be mod-
elled probabilistically using hidden Markov's models or conditional random
elds (Milstein et al., 201]7; Wang et al., 2011). Importantly, also neural networks
can be integrated into the movement decoding pipeline as feature extractors.
For example auto-encoders are suited for dimensionality reduction (Wen et al.,
2018). An auto-encoder consists of two parts. The encoder rst compresses the
data into a smaller representation. The decoder then receives the compressed
data and tries to reconstruct them without information about their initial form.
This forces the encoder to create a smaller representation, which contains as
much information as possible. Convolutional neural networks are also partic-
ularly convenient for signal processing because many of the Iters mentioned
above can be implemented as convolutions.

2.1.3 Classi cation methods

Various movement related classi cation tasks such as decoding wrist exion or
extension (Edelman et al., 2016) movement of individual ngers (Hotson et al.,
2016; Saa et al., 2016) or feet movement (Satow et al., 2003) from EEG and iIEEG
have been studied using a diverse population of classi ers. The classi ers in-
clude Support vector machines (SVM) (Hearst et al., 1998), Linear Discriminant
analysis (LDA) (Mika et al., 1999), Quadratic discriminant analysis (QDA) (Fried-
man,| 1989), their adaptive versions which have gained popularity in the last ten
years (Lotte et all, 20118) and probabilistic methods such as conditional random
elds or naive bayes classi ers (Saa et al., 2016; Wang et al., 2011).
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2.1.4 Regression methods

Regression tasks attracted less attention from researchers than classi cation
tasks (Volkova et al., 2019). Still, extensive research with many di erent kinds of
tasks was conducted on this front as well. Movement decoding tasks which fall in
the category of regression include nger position decoding (Pistohl et al., 2008),
hand position decoding (Ball et al., 2009) or kinematic variables such as speed
or velocity decoding of hand movements (Hammer et al., 2013,/2016| 2021; Lv
et al., 2010; Ofner et al., 2012). Various algorithms have been employed to solve
the above-listed tasks. Models based on linear regression combined with various
feature extraction methods are very common (Hammer et al., 2013] 2016; Hotson
etal./2014; Ofner et al., 2012). More sophisticated models include Kalman Iters
(Lv et al.| 2010) and their unscented versions (Luu et al.,|2016). Neural networks,
which we describe separately in Sectipn]2.3 have also been proposed to solve
movement-related regression tasks.

2.2 Arti cial neural networks

In this section, we provide a quick overview of the fundamentals of deep learning
(DL). We introduce basic principles of deep neural networks (DNNSs) relevant for
this thesis.

2.2.1 Convolutional neural networks

DNNs are statistical machine learning models which are somewhat based on the
functioning of the brain. The networks are composed of interconnected neurons,
also called units. Aneuronin an arti cial neural network is de ned as a weighted
sum of its inputs followed by an activation function which is usually non-linear.
Multiple layers of interconnected neurons are stacked on top of each other in
deep neural network architectures, thus the depth in the term. The neurons in
the layers can be interconnected in various ways. Feed-forward networks are
such that the connections do not form a cycle. The outputs of the preceding
layer are always used as inputs of the following one. Networks in which the
connections do form cycles are called Recurrent neural networks (RNNs). For
more information on RNNSs, please refer to Lipton, 2015.

In feed-forward networks, to which we limit the introduction, a simple ap-
proach of connecting neurons between two layers connects every pair of neurons
with a weight creating &ully connectecdhetwork. Consider layer# with a neu-
rons andB with b neurons. The output of a neuron k from lay& is then de ned
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as: .
Yr = f(z T * Wig) (2.1)

i=1
where f is the activation function, z; is the output of neuron a; and wj j, is

the weight between neuron a; and b;. An example of a simple three-layer fully
connected neural network is displayed in Figure

Input Layer Hidden Layer Output Layer

Figure 2.1 An example of a three-layer fully connected feed-forward network taken
from OShea et al.,|2015|

Besides assigning a separate weight to each pair of neurons, there are other
possibilities of connecting neurons of consecutive layers. Instead of assigning
one weight to each pair of neurons, we can create a smaller weight matrix, often
called filter or kernel, which we reuse for multiple pairs of neurons. To do so,
we perform convolution (i. e., a sliding dot product between the filter and a
correspondingly sized part of the layer’s input matrix). For visual explanation
see Figure More parameters need to be specified to arrive at a complete
convolutional layer from the convolutional filter:

« W and H - the width and height of the kernel

+ D the depth of the kernel. It specifies how many input channels the layer’s
input has. What channels can represent can be illustrated, for example,
on images. Imagine a coloured image of size 32x32 pixels. Besides the
width and height, the image also has a 3rd dimension specifying the RGB
colour. This third dimension is the channels; in this case, there are three.
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Therefore, the dimension of the input (the image) is 32x32x3 and the kernel
sliding over it has to have an additional dimension to handle the third input
dimension. This additional dimension is the depth.

F - the number of output channels. It speci es the number of di erent
Iters of size WxHxD , which all slide over the input givingF output
channels. Similarly to the RGB channels of the input described above, each
of the di erent lters allows the network to create its own representation

of some feature of the layer's input.

stride- it speci es by how many input points the kernel is shifted when
sliding over the input.

padding- speci es if only valid inputs should be taken into account or if
the input is to be padded when the kernel reaches outside of the original
input. If no padding is involved, the size of the output decreases along the
dimension where the kernel size of the lIter is not 1.

Consider a 2D convolutional layer with input and with D input channels,
which is parameterised by a kern&l of total sizeW xHXDxF . The output of
this layer is computed as:

X
(K I)i;j;o = f( li si+mj so+ nid K minidio) (2.2)
m;n;d

wheref is the activation functions; ands, are strides in the corresponding
dimensionsd are the input channels and are the output channels.

2 )
i 0 4] 6
4 3 0 -
9 (o] [ . *1 10 B
_____ ol Tal | >0 |
2 4 6 12
, i 8
0 | 0

Figure 2.2 An example of a convolutional filter of width 2 and height 2 with weights
0, 1, 1, 0 sliding over an input of size 4x4 taken from Tsai ef al.,|2020
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When a network contains one or multiple layers performing convolution, itis
called a convolutional neural network (CNN). Convolutional layers are often sup-
plemented with pooling layers such as max-pooling or average pooling, which
aim to achieve shift-invariance in CNN architectures (Gu etjal., 2018). Common
activation functions used in CNNs are sigmoid, tanh, or ReLU (Nair et al., 2010).
A more recent and popular activation is the ELU function we are using in this
thesis (Clevert et al., 2016).

Training

Deep neural networks tend to have large numbers of parameters thus cannot
be trained analytically. Instead, they are trained using tting based methods.
These methods are variations of the gradient descent back-propagation algo-
rithm (Rumelhart et al., 1987). Some popular variations include the Stochastic
gradient descent (Bottou, 2010), Adagrad (Duchi et al., |2011) or more recently
ADAM (Kingma et al., 2017). To give the reader an idea of the tting process, we
describe it in a simpli ed manner. First, a small subset of the inpubgich is
randomly sampled from the training set. The batch is used as input into the net-
work and is passed through the networks infarward passo get the network's
output. The output and theyold labelgdesired output based on the selected in-
puts) are given to thdoss functiorwhich serves as an indicator of how far the
model is from the correct output. Finally, the rst derivatives of the loss func-
tion (the gradien) with respect to the parameters (theeightg of the model are
subtracted from these parameters. This allows moving in the direction of the
steepest descent in the loss function value. In theory, this decreases the value
of the loss function in the next forward pass. To limit the size of the descent
steps, we use thiearning rateby which we multiply the gradient. The forward
pass is repeated for all batches in the dataset. When all batches pass through the
network, we can say onepochwas completed. The goal is to train a network
for a number of epochs until itonverge® a low value of the loss function.

A low loss value on the training set means the model predicts the training
data well. Nevertheless, to see if the model can generalise over unseen data, we
keep another portion of data - the validation set - out of training and only use it
at the end of each epoch to estimate how it performs on unseen data.

Regularization

Over tting - the adaptation to the training set distribution to the extent that the
model does not generalise well over unseen data - is an unneglectable problem
in deep neural networks, including CNNs. Multiple methods which e ectively
reduce this problem have been proposed. One option is to add a penalisation
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term into the loss function, which penalises the model complexity. An example
of such a regularization i§-norm regularization (Gu et al., 2018). Dropout lay-
ers (Hinton et al., 2012) also serve as regularization tools. By randomly dropping
a portion of the connections between neurons, they prevent the network from
becoming dependant on single neurons and force it to be able to make good pre-
dictions even when some information is absent. Another popular regularisation
technique for CNNs is batch normalisation (o e et al., 2015) which, besides reg-
ularisation, also reduces the internal covariance shift. In CNNs, this method now
often substitutes dropout layers which are more suited for fully connected layers
(Gu et al.| 2018).

Dilated networks

Convolutional neural networks are widely used in computer vision, speci cally

in pattern recognition, where they substantially raised state-of-the-art (Brock

et al., 2021; Krizhevsky et al., 2012), and their localised focus is well suited to
image processing. Nevertheless, CNNs are increasingly used for dense predic-
tions. Dense prediction in the sense of computer vision means assigning a label
to each pixel of animage (Long et al., 2015). But this notion of one output per one
input point can be extended to other elds such as machine translation (Kalch-
brenner et al.| 2016), speech synthesis (Angrick et al.,|2018) or prediction from
EEG (Schirrmeister et al., 2017) and iEEG (Hammer et al.) 2021). The above-
mentioned tasks were solved using CNNs where an additional parameter, called
dilation, was introduced (Long et al., 2015). Dilation creates gaps between the
convolutional Iter elements and enlarges the CNN's receptive eld, allowing it

to cover more relevant information. This way, the networks are more suitable
for sequence processing (Gu et al., 2018). For a visual explanation of dilation, see

Figure[Z2.B.

2.2.2 CNN interpretability

Poor interpretability of deep neural networks, including CNN models, has been
identi ed as a major challenge limiting their usefulness across elds. Especially
in safety-critical elds such as autonomous driving or medical decision support,
is it crucial to understand how DNNSs arrive at their decisions. Furthermore,
in the case of decoding from EEG and IEEG signals, understanding how net-
works, which are able to translate these signals into, for example, velocity or
speed, arrive at their decision would lead to a better understanding of the brain's
functionality. It could also help identify ways in which these networks can be
optimised to yield better predictions. Because the strength of DNNs often lies
in large datasets, in a eld where data is less available, such optimisations are
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Figure 2.3 An illustration of a dilated convolution with kernel size (3, 3) and dilation
(2, 2) from Dumoulin et al.,|2018, The dilation spreads the receptive field of the kernel
by inserting gaps in between its elements.

particularly significant.

Substantial effort has been made to explain how deep neural networks make
their predictions. Many of the popular methods, such as maximal activating in-
puts (Erhan et al.,[2009), class-activation maps (Zhou et al.,[2015), saliency maps
(Simonyan et al., or layer-wise relevance propagation (Sturm et al.,
have been used also in interpreting DNN's used for brain signal decoding (Good-
fellow et al., Hartmann et al., Rieke et al., Sturm et al.,
Yang et al., .

2.3 DNN:s for (i))EEG decoding

In this section, we introduce the Deep4Net proposed by Schirrmeister et al.,
which is the main focus of the presented experiments. Then we describe another
paper - by Hammer et al., - who used the Deep4Net to solve the same task
as we are solving in this thesis on the same data and laid the foundation of the
here presented research.
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2.3.1 Schirrmeister et al.

The paper by Schirrmeister et al., 2017 introduced multiple CNN and hybrid ar-
chitectures suitable for movement decoding from raw EEG signals, including
the Deep4Net. It has several signi cant contributions. First of all, it shows that
CNNs are able to achieve at least as good performance on classi cation from raw
EEG signals as the widely used Filter bank common spatial patterns (FBCSP) do
from manually extracted features. Besides that, it shows that recent advances
in machine learning such as batch normalisation or the exponential linear unit
(ELU) activation function help boost the decoding accuracies of networks used
for movement decoding tasks. Lastly, using a perturbation visualisation method
they explore, which spectral power features are important for the network's pre-
dictions. They show a substantial e ect of frequencies in the alpha and beta band.
They also observe an e ect of the high-gamma frequencies on the predictions,
which, they claim, is for the rst time when using non-invasive EEG data.

2.3.2 Hammer et al.

In 2021 Hammer et al., 2021 used the Deep4Net architecture for regression on
intracranial EEG. Di ering from the original Deep4Net paper in the type of task
and the data type, they inspected the performance and features of the architec-
ture in these altered settings. They visualised the important spectral features
investigating learnt specialisation of single network units to either phase or am-
plitude. This thesis directly follows up on their research.

Regression task and performance

In this paper, the Deep4Net was used to predict kinematic variables, namely ve-
locity and absolute velocity (speed), based on intracranial EEG of subjects under-
going pre-surgical epilepsy screening. The subjects were asked to play a simple
video game. Their task was to use a joystick to control a car moving forward
on a winding track. The joystick allowed for left and right movement, and the
velocity and absolute velocity of this movement were recorded along with con-
comitant iEEG signals. The dataset and the task are described in more detail in
Sectiori:3.114.

Unsurprisingly, the Deep4Net signi cantly outperformed linear regression
used as a baseline on this task, especially for absolute velocity, as is apparent

from Figure[ 2.4
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Figure 2.4 "The decoding models for both the Deep4Net (CNN) and multi-linear re-
gression (MLR) used iEEG data from all channels, hand-motor channels, or non-motor
channels (see Section The performance was assessed by correlation coefficients
(CCs) between predicted and real kinematic parameters. In each box-plot, the box indi-
cates the interquartile range (IQR) of the DA distribution across participants, the median
is marked by a horizontal line inside the box, the whiskers indicate 1.5-times the IQR.
The chance-level CCs for shuffled datasets was assessed for both CNN and MLR (grey

box-plots below)" Hammer et al., 2021
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Training regime

The Deep4Net was trained using the ADAM optimiser with a learning rate
0.01 for 100 epochs. The mean squared error (MSE) was used as the loss func-
tion to calculate the error of the network's predictions. A leave-one-out-cross-
validation on 25 second long data segments (see Seftior) 3.1.4) was employed to
estimate performance. The goodness of prediction was evaluated on the one fold
not included in training using the linear Pearson's correlation coe cient (Pear-

son et al.| 1895). Chance level performance was assessed by randomly pairing
the inputs and gold labels. For example, IEEG data from fold 2 were paired with
gold kinematic data from fold 6.

Input perturbation - output correlation visualization

The perturbation analysis in Hammer et al., 2021 was more thorough than in the
case of Schirrmeister et al., 2017 Besides looking at the in uence of amplitude
perturbations, they also investigated the in uence of phase perturbations, simi-
larly to Hartmann et al., 2018. Moreover, attention was paid to the specialisation
of single units to either phase or amplitude. While most ndings were in line with
previous literature, the low sensitivity of the network to high-gamma frequency
bands amplitudes was unexpected. Especially considering two things: 1. This
same architecture was able to use high-gamma information in EEG decoding
where high frequencies contain more noise than in iEEG signal in Schirrmeis-
ter et al., 2017. 2. High-gamma has been shown to be informative for absolute
velocity decoding on a subset of the same data when using linear regression
in Hammer et al., 2016.

2.3.3 Related work

Besides the Deep4Net, other networks were designed to decode EEG signals. One
of these networks is the EEGNet from Lawhern et al., 2018. The authors build a
CNN architecture, which is able to generalise over di erent BCl paradigms. They
show that the EEGNet can learn a wide variety of interpretable features over

a range of di erent EEG decoding tasks, including movement related cortical
potentials and sensory-motor rhythms.

An architecture idea recently repeatedly used for decoding from EEG and
IEEG signals is combining recurrent layers and convolutional layers to form
hybrid networks. Examples of utilising such networks in movement-related
paradigms are, for example, Xie et al., 2017; Zhang et al.| 2019. In Xie et al., 2017
a network constituting of 4 convolutional layers followed by one long-short term
memory (LSTM) (Hochreiter et al., 1997) layer was utilized to decode individual
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nger exion. In Zhang et al., 2019, three convolutional layers followed by three
LSTM layers were utilised to solve the BCI IV 2a competition task (same as
in Schirrmeister et al!, 2017).
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Chapter 3

Methodology

In this chapter, we go over the details and speci cs of the dataset and the meth-
ods used in this thesis. We rst provide information related to the dataset (Sec-
tion[3.1) and then give a detailed description of the Deep4Net architecture (Sec-
tion 3.2.1) together with information about the training regime (Sectjon 3.2.4).
We also describe the gradient visualization method which we chose to interpret
the decisions of the CNNs (Sectipn 3]2.5).

3.1 Dataset

The dataset was the same as in the unpublished study of Hammer et al.|, 2021.
Modi ed with the authors permission, the description of the experiment settings
and the pre-processing follows.

3.1.1 Movement task and kinematic variables

A dataset that was already used in several other IEEG studies to examine decod-
ing of movement kinematic parameters (Hammer et al., 2013,/2016, 2021) was
utilized for the purposes of this thesis. The participants performed a motor task-
based on driving a car in a computer simulation. They controlled the car's posi-
tion on a computer screen using a steering wheel that they held in both hands.
The task was to keep the car on a curved road. The road was random without
any repetitions, following a low-pass ltered white noise trajectory. During the
movement task, the position of the car on the road was measured. The position
of the car linearly corresponded to the de ection of the steering wheel and was
measured relative to the screen centre, which corresponded to zero-de ection of
the steering wheel. Notably, the control of the car's position was possible only
in the horizontal dimension (left-right). The upward movements of the car (ver-
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tical scrolling speed) were kept constant in each run of the game and adjusted
for each subject individually.

The di culty and the recording time of each subject were also adjusted based
on the participant's motivation/ability to participate, lasting 25 7 min (mean
SD). The car game di culty was modi ed by the vertical scrolling speed of the
car. Therefore, to account for faster movements, the low-pass cuto frequency
was set to 10 Hz for smoothing the raw tracker data before the derivation of the
kinematic parameters.

From the horizontal, 1-D trajectory, the following two kinematic parameters
were derived: 1. velocity computed as a derivative of position, 2. speed as the
absolute value of velocity. Velocity thus contained the directional information in
its sign; speci cally, velocity values smaller than zero implicated movement to
the left and vice versa, while speed indicated how fast the car was moving left or
right (irrespective of its direction). The time-series of the kinematic parameters
were resampled at 250 Hz and temporally aligned to the iEEG data.

3.1.2 Recording

The recordings were performed in the University Medical Centre in Freiburg,
Germany and in the Motol University Hospital in Prague, Czech Republic. The
study included 12 epilepsy patients (6 male, age 19 50, 33, (mean SD), all

of which had intracranial EEG implantations. Some of the implantations were
placed in the region of the motor cortex. The location of the electrodes was de-
pendent solely on the needs for medical evaluation of their medication-resistant
epilepsy. Both sEEG and ECoG electrodes were present among patients. De-
tailed information about electrode type and placement is presented in Tabje 3.1

and Figurg 3]1.

3.1.3 Separation of motor and non-motor channels

The separation of the channels was not a part of this thesis. We already obtained
separated channels. The speci ¢ separation criteria are described below as pro-
vided by Hammer et all, 2021.

One of the aims of the Hammer et al., 2021 study was to show what
the CNNs learned from the raw brain signals. The hypothesis was that the
CNNs would focus on information from the hand-motor cortex when solving a
movement-related task. The recorded channels were divided into two distinct,
non-overlapping groups: 1. hand-motor channels and 2. non-motor channels
to verify this hypothesis. The hand-motor channels induced a clear hand motor
response after the electrical stimulation at low intensities underneath or around

24



Figure 3.1 Implantation schemes of the 12 patients (P1 - P12) taken from Hammer
et al.,|2021, The motor cortex is highlighted in magenta (defined as the union of areas
4 and 6 of the SPM Anatomy Toolbox). The electrodes are color-coded in the following
way: Red - channels with hand-motor response after electrical stimulation mapping;
dark blue - non-motor channels; green - other channels.
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Patient | Sex | Pathology| Implant | Electrode| N; | Neh | Ny | Npm
(Age) loc type (N)
P1 F@47)| CG Right ECoG 25|85 |14 | 47
frontal (98),
SEEG
(12)
P2 M FCD Right ECoG 53149 |15 |11
(48) fronto- (90),
temporal | SEEG
(12)
P3 M CG Right ECoG 3 |61 |8 11
(50) frontal (64)
P4 F (22)| FCD Left ECoG 11 |47 |5 16
frontal (40),
SEEG
(12)
P5 F (29)| Gilosis Left and| sEEG 10 | 11523 | 29
right (125)
fronto-
parietal
P6 M FCD Left SEEG 34 191 |9 39
(29) frontal (125)
P7 F (32)| FCD Left and| sEEG (61) 14 | 47 | 4 22
right
insular
P8 M FCD Right in- | sEEG 16 | 101| 9 36
(19) sular (117)
P9 F (25)| Gliosis Right in- | sEEG 21 {96 |35 |12
sular (117)
P10 M FCD Right SEEG 231102 |8 63
(34) fronto- (125)
parietal
P11 M FCD Left and| sEeG 11 | 115| 21 | 48
(34) right (126)
frontal
P12 M Not oper- | Right SEEG 20 | 105 10 | 27
(28) | ated frontal (125)
Table 3.1 Ny, N¢h, Nm, Nnm : number of rejected, non-reject, hand-motor, and non-

motor channels, respectively. FCD: focal cortical dysplasia; CG: Cryptogenic.
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the electrode contacts. The non-motor channels, on the other hand, produced
no sensory/motor response after the stimulation. Furthermore, a requirement
of at least 1 cm distance from the motor and pre-motor areas (i.e. Area 4a, Area
4p and Area 6 from the SPM Anatomy toolboxEickho et al., 2005) had to be
satis ed for a channel to be included in the non-motor group. To this end, all
MRI brain scans (T1-weighted sequence) were normalized to the MNI space and
the electrodes' coordinates were read out from either the post-implantation MRI
or CT scans53.

The average number of hand-motor channels was 13 (mean SD), while
there were 29 18 (mean SD) non-motor channels. Some electrodes did not
fall into either the hand-motor or non-motor channel groups (e.g. channelsin the
motor cortex, the electrical stimulation of which induced leg-motor response).
These electrodes were then left out in some analysis because the aim was to
delineate the di erence between the two distinct groups of channels (the hand-
motor channel group and the non-motor channel group clearly far away from
the motor cortex).

3.1.4 |EEG data preprocessing

The IEEG data pre-processing was also already completed when we obtained the
dataset, and it was not carried out as a part of this thesis. Nevertheless, we pro-
vide the description of pre-processing from Hammer etjal., 2021: A comprehen-
sive rejection ofepilepticchannels based on the information from the respective
epilepsy centres was performed because the primary aim was to investigate the
physiological brain activity. Thus, the epileptic channels, i.e. those located in
the seizure onset zone and/or containing a large number of interictal epilepti-
form discharges, were rejected from this study (2013, mean SD) over sub-
jects; see Table 3.1. All non-rejected iEEG channels (28, mean SD) were
referenced to their common average (CAR), high-pass Itered at 0.15 Hz (3rd or-
der Butterworth lter), normalized to the inter-quartile range of each channel,
and resampled to 250 Hz, to yield consistent data sets from the di erent record-
ing systems used at both aforementioned epilepsy ceﬁke‘ﬂae IEEG data were
resampled to 250 Hz to emulate the same setup of the Deep4Net from Schirrmeis-
teretal.] 2017, which was successfully applied to demonstrate high-gamma (70 -
90 Hz) e ects in decoding motor behaviour from non-invasive EEG. Importantly,
any over- tting in the pre-processing was carefully avoided (i.e., all parameters
of the pre-processing of the test set were estimated on the training set) and only
causal, nite impulse response Iters were applied. Therefore, the decoding ap-

IMotol University Hospital and University Medical Centre Freiburg
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proach could be readily applied also in a closed-loop, online BMI.

The aligned iEEG and kinematic time-series were divided into 25-s long data
segments. In order to minimize the potential in uence of temporal correlations
in neighbouring data parts, the segments had a 2-s margin in between each other.
Additionally, the last two minutes of the recordings were left as a test set. The
test set was not a part of the dataset that was utilized in this thesis.

3.1.5 Multiple dataset conditions

In this thesis, we refer to multiple variations of the original dataset provided by
the Motol University Hospital. Following modi cations were explored: 1. lter-
ing out certain frequencies, 2. shifting the predicted time-point with respect to
the input window, 3. spectral whitening.

"~ Filtering We created two types of datasets using ltering. figh-pass I-
tered datasaising a 15th order Butterworth lter, cut-o frequency 60 Hz,
non-zero phase shift and bbw-pass ltered datasaising a Butterworth
Iter order 15, cut-o frequency 40 Hz, non-zero phase shift. Besides full
training on these datasets, parts of these datasets were combined for train-
ing and validation to see how a network trained on full data performs on
high-passed data etc.

Shifting Originally in Hammer et al.| 2021 the dataset was constructed
so that the predictions were made from signals recorded prior to their
execution (causal prediction). In addition to this, we also created datasets
where the labels (i.e. values of kinematic variables) were shifted so that
predictions were also made from signals recorded after movement exe-
cution (acausal prediction). While a network trained in this manner is
unsuitable for online BCI, it allows us to inspect which time frame of the
signals contains information about the movement. More details about how
the shift in uences the predictions and why can be found in Sectjon 3.2.3.

Spectral whitening Lastly, we also created whitened datasets. Spectral
whitening normalizes amplitudes of all frequencies to one. Using a Fourier
transformation of each 25s long segment (which the dataset was divided
to) into the power spectrum, obtaining information about phase and am-
plitude was achieved. Then dividing the amplitudes with their absolute
value and then, via inverse Fourier transformation, transforming it back
to signal. The whitened signal was normalized to its interquartile range
(IQR). This normalization was calculated and applied to each segment on
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ents (Section 3.2.5) and the architectural modi cations we introduce in this thesis
(Section 3.2.6). Lastly, we also state how performance is analyzed Section (3.2.7).

3.2.1 Architecture

The architecture has been previously used in a number of EEG decoding
tasks (Hammer et al, 2021; Hartmann et pl., 2018; Schirrmeister ¢t al], 2017).
It is implemented in the PyTorch framewofk The input of the network is a

2D array with time-steps along one axis and channels along the other axis.
The architecture consists of four convolutional-max-pooling blocks and one
nal convolutional layer. It is designed so that a special rst block can learn
spatially global Iters. The following three standard blocks (conv_2 - conv_4)
then allow for learning temporal hierarchies of local and global modulations
(Schirrmeister et al[, 20[L7). The rst convolutional block is split into two parts.
One performs convolution over time (conv_temp) and the second over the chan-
nels with weights for all possible electrode pairs using lters of the preceding
temporal convolution (conv_spat). Because there is no activation function be-
tween these two layers, they could be merged, but the authors emphasize the
regularization function of this separation because it forces a separation of the
linear transformation into a temporal convolution and a spatial lter.

A convolutional block of the Deep4Net starts with a convolutional layer, then
a batch normalization layer follows, after which a non-linearity is added,; in the
case of the Deep4Net, it is the exponential linear unit (ELU) function. Finally, a
max-pool layer closes the convolutional block. An output layer, which initially
was a softmax, comes last. , Only a single modi cation needs to be done to use
this network for the regression task the present thesis focuses on: removing the
last softmax layer and replacing it with a convolutional layer. This last layer is
called the conv_classi er. The architecture already transformed for regression is
depicted in Figure 3.3.

The Deep4Net is able to process varying input lengths. In each convolutional
or max-pool layer, it simply slides its Iters over the input and gives a respective
number of outputs. Therefore, before training, the number of outputs needs to be
calculated based on the input window size that was chosen. The corresponding
values (gold labels) of the predicted kinematic variables are cropped accordingly.
In this thesis, we used 1200 samples as input window length (which corresponds
to 4.8 seconds) to be consistent with Hammer ef[al., P021. The Deep4Net as used
in Hammer et al.[ 2021 gives 679 predictions (Figure 3.3).

Lastly, we point out that the network does not use any padding. No padding
makes its receptive eld non-uniform; we discuss the consequences in Sec-

Shttps://pytorch.org
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can be transformed into a dilated network that simultaneously processes multiple
crops and gives outputs equivalent to the one-crop network. A visual explanation
of this is in Figure 3.5.

Figure 3.5 A toy example from Schirrmeister et a[, 2417 presenting the di erence
betweena) the naive approach to process crops using a network with strides; and
processing multiple crops at the same time using the dilated network.

The transformation of the one-crop network into the corresponding dilated
network sets the strides in convolutional and max-pooling layers to one and re-
places them with increased dilations. The algorithm used to make the transition
between strides and dilations is described in Algorithm1. This algorithm allows
us to transform every one-crop network without right padding into an equivalent
dilated network.
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Nevertheless, this transformation relationship is not symmetric. For some di-
lated networks, no one-crop network with strides (without right padding) exists.
An example of such a network is a CNN wherein two consecutive layers with
a dilation parameter the rst layer has bigger dilation than the second one. A
bigger dilation followed by a smaller one cannot occur in a network build by fol-
lowing Algorithm 1 thus, such a CNN was not derived from a one-crop network.

Algorithm 1 The simplified algorithm used to transform a network with strides to a
network with dilations in the Braindecode library. It assumes a 1D stride and dilation.
1D stride and dilation are su icient in our case because all the strides in the networks
are 1D.

def to_dense_prediction (network):
current_stride =1
for module in network. modules:
if hasattr (module, 'dilation® ):
module. dilation = current_stride
if hasattr (module, ‘stride' ):
current_stride *= module. stride
module. stride =1

In Schirrmeister et alf, 20]L7 where the Deep4Net originated, the architectures
were constructed as one-crop networks. They were then converted into dilated
networks. This leaves a whole set of architectures unexplored: those dilated
networks which cannot be constructed from a one-crop network.

In this thesis, we use the dilated networks to obtain multiple values of kine-
matic variables from multiple crops processed at the same time. Because there is
no reason for our task to consider one-crop networks rstand then create dilated
networks from them, we are free to explore these architectures. And we do so in
Sectiori 4.1.

3.2.3 Receptive eld

The fact that the Deep4Net cannot have any right padding to process multiple
crops simultaneously a ects its receptive eld. By receptive eld, we mean the
part of the network’s input, which a ects one speci ¢ output (in our case, it
corresponds to one crop from which one prediction is made). In Figurz 3.6 we
visualize the receptive eld used to predict one time-point. The gure shows
how many times each input sample, and the values derived from it, are used in
a forward pass through the CNN to obtain the speci c prediction. Note that the
receptive eld in no way illustrates the weights of the network.
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Figure 3.5 illustrates that the predicted time-point is fairly far from the centre
of the receptive eld. This is because we make the prediction only based on the
data recorder prior to the predicted movement and do not use padding. The CNN
mainly focuses on signals around the centre of the receptive eld and, therefore,
is biased towards data that are far from those that directly precede the movement.
Another illustration of the relation between the receptive eld and the predicted
time-point is in Figure 4.6Graph A.

For classi cation, this is not as critical because the same label is predicted
from multiple crops, and the actual classi ed movement does not happen at the
end of the last crop but at some point during the whole input window from which
the crops are derived (Schirrmeister et fl., J017). This gives the network a chance
to focus on information directly preceding the actual movement.

We focus on the changing role of the receptive eld between classi cation
and regression because, as previously stated in Schirrmeister 2017 and
Hartmann et al.[ 2018, this same CNN architecture was shown to utilize infor-
mation from the high-gamma frequency bands. Since we are investigating the
frequency bands and their e ective utilization, we inspect this di erence as a
possible reason why the network, when employed to predict velocity and ab-
solute velocity of hand movement, does presumably not use information from
the high-gamma frequency band. The hypothesis here is that the high-gamma
signal is most informative directly before the predicted movement execution.
Therefore, the distance of the network's receptive eld centre to the predicted
time-point hinders its usage. We test this hypothesis in Section 4.2.

3.2.4 Training

We left all hyper-parameters equal to those from Hammer et[al., 021 because
it was our goal to reproduce their results and build upon their research. The
only parameter that we changed was the learning rate. The network was trained
for 100 epochs with batch size 32, using the ADAM optimizer and learning rate
0.001. The reported learning rate in Hammer et pl., 2021 was 0.01. We used a
lower learning rate because otherwise, the results were signi cantly worse than
reported.

In Hammer et al], 2021 they performed leave-one-out cross-validation on the
25s-long segments. Nevertheless, with the amount of di erent architecture and
dataset modi cations we explored, this would be extremely time-consuming. 5-
fold-cross-validation gave us a good estimation of the networks' performances
while also saving computational power. To perform a 5-fold-cross-validation, we
divided the 25s-long segments into ve equal or almost equal subsets. For each
patient, a separate 5-fold cross-validation was conducted. The nal performance
was estimated from all ve folds over each patient (see Section 3.2.7).
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3.2.5 Gradient visualization

The gradient visualization algorithm is the following. First, the input signal
is converted into the power spectrum using Fourier transformation. After this
transformation, hooks are created for the amplitude and phase values. Then it
is converted back into the original signal, this time using th@rch functions

so PyTorch can start building its computational graph reaching back to the am-
plitudes and phases. This tracked signal is then given to the network, whose
weights are frozen, as input. After obtaining the outputs, they are averaged and
the torch.autograd.backward()  function is used to derive the gradients with
respect to the frequency amplitudes and phases (Simonyan 2014).

The above-described procedure was always repeated over multiple batches
for each patient, and the resulting gradients were averages over the batches to ob-
tain representative gradients. Gradients are useful in showing to which frequen-
cies' modulations the network reacts strongly. The higher the gradient value for
a certain frequency, the more the change is this frequency's amplitude in uences
the prediction.

As described in Section 3.2.1 the network can process varying input win-
dow lengths. With a change in input window length, a change in the number
of outputs occurs. Throughout the thesis, the input window length used in the
above-described algorithm was set to twice the size of the receptive eld of the
network to be consistent with Hammer et &f., 2021. A special case is the gradi-
ent visualization when the input window is shortened so that the network has
only one output was also brie y explored as a part of this thesis in Section 4.1.
In this special case, the outputs do not have to be averaged before using the
torch.autograd.backward()  function to derive the gradients.

We chose to always display the gradient values for the training set because
there are no signi cant di erences between the gradients of the networks on
the training set and the validation set. Also, note that in this thesis, we only
address the gradients for the amplitudes of frequencies. While inspecting the
phase gradients would also be interesting, it is out of the scope of this thesis.

3.2.6 Architectural modi cations

During our research, we made a set of modi cations to the architecture of the
Deep4Net, creating multiple new CNNs. We focused on the kernel sizes and di-
lation parameters of the four max-pool layers present in the network with our
changes. Besides the original kernel sizes of the max-pool layers, which were
set to (3, 1) for all layers, we also explored kernel sizes (2, 1) and (1, 1). The
dilations in the original network were (1, 1), (3, 1), (9, 1), (27, 1) for the four max-
pool layers. We considered also dilations: 1. powers of three: (3, 1), (9, 1), (27,
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1), (81, 1); 2. powers of two: (2, 1), (4, 1), (8, 1), (16, 1); 3. powers of one: (1, 1),
(1, 1), (1, 1), (1, 1). Because the second dimension of the kernel sizes and max-
pool layers is always one, from now on, we only specify the rst dimension, and
when not said otherwise, the second dimension is one. Tablz 3.2 explains the
terminology used concerning the changing max-pool parameters used through-
out the thesis. The original Deep4Net corresponds to the {variable} k3 d3 sbp0
in Table3.2. The su xsbp refers to a parameter of the Deep4Net, namely the
stride_before_pool parameter. This parameter in uences the dilations in the
max-pool layers of the network. In Hammer et ., 2P21 and Schirrmeister et
al.,[201]7 this parameter was setRalse (sbpO) . The only analysis where the
stride_before_pool was settolrue (sbpl) was when analyzing a gradient
peak (brie y discussed in Section 4.1) and also to study the dependence of the size
of the receptive eld on the performance of the network (Figure 4.7). Therefore,
we mention the Deep4Net witlsbpl in Section 4.1 but the default Deep4Net
architecture is the one wittsbpOas in Hammer et al, 20p1 and Schirrmeister et
al.,[201J7. We do not specify trstride_before_pool parameter for the other
CNNs we created. It becomes meaningless because we manually set the sizes of
the dilations for all the max-pool layers with no consideration of this parameter.

When we change the parameters of the max-pool layers as we describe above,

the number of outputs of the network changes. It also causes changes in the
receptive eld of the network. To see how, consider just one max-pool layer with
dilation 3 (L3) and one max-pool layer with dilation 1 (L1), both without padding.
If we use windows of the same length as input for L3 and L1 and compare their
outputs, the output dimension of L3 will be smaller than of L1. Consequently, if
we alter the dilation (and kernel size) parameters of the max-pool layers in the
Deep4Net, we get a di erent number of outputs from the altered network.

When one network has dilations 1, 3, 9, 27 in the max-pool layers (the k*_d3)
and the other 1, 1, 1, 1 (k*_d1), the di erence in the dimension of the output
is signi cant. The latter network makes more predictions from the same input
window length because the output dimension is larger. It also has a smaller re-
ceptive eld for one prediction, as is visualized in Figure 3.7. Information about
the size of the receptive eld can be found in Table 3.2.

3.2.7 Performance analysis

When comparing two CNNs, we are not comparing them based on the mean-
square error (MSE), which is the loss function of the training, but on the corre-
lation coe cient (CC) between the model's predictions and the predicted kine-
matic variable on the validation set. Speci cally the Pearson's correlation co-
e cient (Pearson et al.[ 1895). Often throughout the thesis, we show boxplots
of CCs of di erent architectures. Each boxplot is obtained from performing a
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Model name Max-pool | Max-pool | Stride | Size of the re-
kernel dilations before | ceptive eld
size pool

variable_k1 1,1,1,1 442 samples

variable_k2_d3 2,2,2,2 | 3,9,27,81 562 samples

variable_k3 d3 sbp13,3,3,3 | 3,9,27,81| True 682 samples
variable_k3 d3 spb03,3,3,3 | 1,3,9,27 | False | 522 samples
variable k2 di 2,2,2,2 11,1,1,1 446 samples
variable k3 di1 3,3,3,3 1,111 450 samples
variable k2 d2 2,2,2,2 12,4,8,16 472 samples
variable k3 d2 3,3,3,3 12,4,8,16 502 samples

Table 3.2 This table gives an overview of the various CNN architectures we investi-
gated in the scope of this thesis. Modifications were always made to the max-pooling
layers. Only information about the first dimension of the kernel sizes and dilations is
presented. The second dimension is always 1. l.e. max-pool kernel sizes 2, 2, 2, 2 actually
represent kernel sizes (2, 1), (2, 1), (2, 1), (2, 1).

5-fold-cross-validation for each of the 12 participants. The validation set CCs
from the ve folds are averaged, and the boxplot is created from the 12 aver-
ages. While it is possible to create the boxplots from all the folds, not averaging
them for each patient, we are interested in the distribution of correlation among

patients rather than among individual runs.
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Chapter 4

Experiments and results

To reach our goals, we will utilise three types of experiments on the Deep4Net
model: 1. we will systematically change the parameters of the Deep4Net max-
pool layers and assess change in performance and gradients (Section 4.1); 2. we
will shift the predicted time-point across the receptive eld of the network and
assess the performance and gradients of the architectures de ned in the previous
step (Section 4.2); 3. we will perform spectral whitening on the dataset and assess
how it in uences the performance and gradients of the established architectures
(Section 4.3).

The code for the experiments is included in the thesis attachment, and it is
also available dhttps://github.com/Mvystrcilova/ECoG decoders |

4.1 Architectural modi cations

In Hammer et al.[ 2021 their input perturbation visualisation technique did not
show the expected e ect of modulations in the high-gamma frequency bands on
the network's predictions. Without including it in their paper, they studied it
further using a di erent visualisation technique, namely the gradient visualisa-
tion (see Section 3.2.5). They found that this visualisation technique also does
not show any interest of the Deep4Net in the high-gamma frequency band un-
less the input window is shortened so that the CNN has only one output, i. e.
predicts one time-point. In such a scenario, a signi cant gradient peak occurred
at 83.33 Hz.

We adopted their visualisation technique and investigated this gradient peak

1Because the network has no layers accepting only a xed number of inputs, it is able to
process varying input lengths. It simply slides its convolutional and max-pool kernels over the
input giving the corresponding number of outputs. Therefore, it is possible to set the input size
so that the network only has one output. See Section 3.2.5 for more details.
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further. We have hypothesised that the 83.33 Hz peak is an artefact of the net-
work's architecture. We have thus performed a series of experiments, where
we have modi ed the Deep4Net architecture parameters, and studied the in u-
ence of these architecture parameters changes on the network's gradient pro le.
Speci cally, we changed the kernel sizes and dilations of the max-pool layers.
We explored kernel sizes 1 (i. e. kernel size 1, 1, 1, 1 for the four max-pool layers
present in the network), 2 (i.e. kernel sizes 2, 2, 2, 2) and 3 (i.e. kernel sizes 3, 3,
3, 3) and dilations powers of 1 (i.e. dilations 1, 1, 1, 1 for the four max-pool layers
present in the network) powers of 2 (i.e. dilations 2, 4, 8, 16) and powers of 3 (i.e.
3,9, 27, 81). Detailed information about the di erent architectures can be found
in Table 3.2.

These experiments concluded that the 83.33 Hz peak is indeed an architec-
tural artefact. When changing max-pool layer dilations in the whole network
from powers of 3 to powers of 2 or 1, the gradient peak disappeared. It dis-
appeared independently on the kernel sizes and without a decrease in perfor-
mance. A detailed analysis of performances of the architectures is presented in
Sectior 4.1 1.

We think that the peak occurred due to frequency alignment between the
sampling rate (250 Hz) and the dilation of the max-pool layers (which are pow-
ers of three) becauszb0=3 = 83:33. This frequency alignment can be visualised
when passing the signal through a single max-pool layer. Figure 4.1 shows the
di erence between the output of one max-pool layer and the output of one max-
pool layer when white noise is added to the input. In Figure 4.1a the max-pool
layer has dilation 3 and kernel size 3. In Figure 4.1b the max-pool layer has dila-
tion 2 and kernel size 3. It is clear that even though white noise contains all fre-
guencies, an increase in only some frequencies was projected on the output. We
can notice that there is a periodicity among the frequencies which increase most
in the output. This period depends on the dilation. The most prominent peak for
the max-pool layer with dilation 3 is around 83.33Hz. The most prominent peak
for the max-pool layer with dilation 2 is around 125Hz becaz&=2 = 125.

During the examination of the gradient peak, we noticed substantial di er-
ences in performance among the di erent architectures. Especially those with
smaller kernel sizes or dilation parameters in their max-pool layers seemed to
perform signi cantly better. Therefore, we decided to do a thorough inspection
of each of the networks' performances and visualise the networks' gradients on
the full and ltered datasets. The two Itered datasets, the high-passed dataset
(> 60 Hz) and the low-passed dataset (< 40 Hz) and their combinations (i. e. low-
pass for training and high-passed for validation), were created to see how the
networks are in uenced by having access to information from only some fre-
guencies. The datasets were obtained as described in Section 3.1.5.
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4.1.1 Performance

The performances of the di erent architectures can be seen in Figure 4.2 for ve-
locity and Figure: 4.3 for absolute velocity. In the following points, we summarise
the ndings on the di erent datasets.

" Fulltraining and validation:  Some of the networks signi cantly outper-
formed the original Deep4Net (vel_k3_d3_stjf®ym Hammer et al], 2021
when both trained and validated on full data. The best performing network
was the network where the max-pool layer had no in uence, namely the
one with max-pool layer kernel size 1. It achieved the best correlation co-
e cients for both velocity and absolute velocity.

Full training and low-pass validation: ~ Training the networks on the

full dataset and validating them on the low-passed dataset (< 40 Hz) caused
a slight performance decrease for all the networks. While the decrease in
performance was statistically signi cant, there is almost invisible when
looking at Figures 4.2 and 4.3.

Moreover, in order to achieve a statistically signi cant decrease in perfor-
mance, we had to use a Butterworth Iter of order 15 instead of order 3,
which was previously used in Hammer et dl., 2p21. The 3rd order Iter
caused no signi cant change in the correlation coe cients.

A Butterworth Iter gradually attenuates the frequencies above the cut-o0
frequency (40 Hz in this case). The higher the Iter order, the steeper the
attenuation is (Butterworth et al[, T9B0). Therefore, the fact that the per-
formance decrease followed only after the stronger Iter was employed
suggests that the networks use some minimal information from frequen-
cies above 40 Hz but not particularly high frequencies (those in the high-
gamma band), which were attenuated by both the 3rd as well as 15th order
Iter (Figure 4.4). The overall importance of frequencies above 40 Hz seems
to be low.

High-pass training and validation:  To see if the networks can use infor-
mation from the high-gamma frequency band, the networks were trained
and validated on the high-passed dataset (> 60 Hz). The above chance cor-
relations in Figure: 4.2 and Figure 4.3 show that the networks can use some
information from the frequency bands above 60 Hz. Nevertheless, the cor-
relation coe cients for velocity are all below 0.1, suggesting that the in-
formation about velocity in the high-gamma band is very limited. We can
see that the correlation coe cients values for absolute velocity are higher

2See Tablz 3.2 for abbreviation explanation.
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than for velocity, demonstrating that frequencies above 60 Hz are more in-
formative for absolute velocity decoding. Still, even for absolute velocity,
the medians of the correlation coe cients stay below 0.2, showing that the

information encoded in the high frequencies is not very useful for decod-

ing.

Full training and high-pass validation:  We trained the networks on the

full dataset and validated them on the high-passed data to test, whether the
networks, when having access to full data, are using information from the
high-gamma frequency band. Figures 4.2 and 4.3 show that most of the
networks perform signi cantly better than chance level decoding. Never-
theless, the networks without max-pool layers {variable} k1 for both ve-
locity and absolute velocity are at chance decoding level. For absolute ve-
locity, also the absVel k2 _d3 network did not reach correlations signi -
cantly higher than chance level decoding. The correlation coe cients for
the other networks are all below 0.1 for velocity and mostly below 0.2 for
absolute velocity. From this, we can conclude that the networks, when
given access to, utilise information primarily from the low end of the fre-
quency spectrum.

Low-pass training and high-pass validation: Training on low-passed
data and validation on high-passed data was also important to further
study how the networks operate. We wanted to nd out if they can some-
how transfer information between two completely separate datasets. Be-
cause the cut-o frequency for the low-passed data is 40 Hz and for the
high-passed data 60 Hz with a very steep lter, there is no frequency over-
lap between the two sets. Therefore, it would be interesting but also rather
surprising if, from modulation in the low frequencies (below 40 Hz), the
network would learn to use information about modulations in the high
frequencies (above 60 Hz). Nevertheless, as can be seen in =igure 4.2 and
Figure 4.3, the networks were unable to transfer any information.

We continue our analysis by looking at the gradients of the various architec-
tures. The analysis is described in Section 4.1.2.
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4.1.2 Gradients

The di erences in performance among the networks reinforce the interest in the
gradients of the various architectures. Since some of the networks perform sig-
ni cantly better than the initial Deep4Net, we analyse gradients of the di erent
architectures to see if the reason for better performance is their ability to use
information from the high-gamma band. We perform the gradient visualisation
of all the architectures with max-pool kernel sizes 1, 2 and 3 and dilations as
powers of 1, 2 and 3. See Table 3.2 for a detailed description of the architectures,
and Section 3.2.5 for a description of the visualization technique.

The results show di erences in gradients among the architectures. Gradients
of all intermediate layers can be found in Appenclix A. Figure 4.5 depicts the
gradients of the output layer of each of the inspected architectures.

Based on the performances of the networks presented in Sectior 4.1.1 and the
gradients presented in this section, these important and interesting observations
can be made:

~ The networks focus mostly on motor channels when making predictions.
This is to be expected when they are tasked with decoding movement.

There are obvious di erences between the gradients for velocity and ab-
solute velocity. Nevertheless, networks with interest in wider frequency
ranges for velocity decoding have interest in wider frequency ranges for
absolute velocity decoding and vice-versa.

For both variables, the network without max-pool, denoted as {vari-
able} k1 is the best performing architecture. And in both cases, it is also
the network that is most interested in modulations in the low-frequency
bands. This suggests that using the information in the high-gamma fre-
guency band is not necessarily advantageous.

A

The networks which exhibit higher interest in information from the
higher frequencies, namely the {variable} k2_d1, {variable} k3_d1 and
{variable} k2 _d2 are also those which can perform signi cantly above
chance when trained on full data and validated on high-passed data for
both velocity and absolute velocity. This suggests consistency between
the gradient visualisation and the performance analysis.
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4.2 Shifting the predicted time-point

We described in Section 3.2.3 that the receptive eld is non-uniform - it considers
mostly input-points in its centre; and that in the original, non-shifted setting
(causal prediction), the predicted time-point is located just outside the receptive
eld, which places it relatively far from the centre of the receptive eld.

In Section 4.1 1 we discovered di erences in performance among networks.
We also noticed that better performance seemingly correlates with a smaller re-
ceptive eld. To visualise this, we created Figure 4.7 where we can observe a
clear descending pattern of performance when increasing the size of the recep-
tive eld. The only exceptional network is the k3 _d3 network which performs
well with a relatively large receptive eld.

The descending pattern and the non-uniformity of the receptive eld corrob-
orate the hypothesis that the distance of the predicted time-point to the centre of
the receptive eld plays an important role in the prediction power of the archi-
tectures. A smaller size of the receptive eld means a smaller distance between
the predicted time-point and receptive eld centre, and therefore, possibly access
to more relevant signals recorded closer to the predicted movement execution.

To study this further, we shift the inputs and predictions so that the IEEG
signal, which was recorded at the same time as the predicted movement was
executed, is in the centre of the receptive €.dAn illustration of this is in Fig-
ure 4.6. We present how this shift a ects the performances and gradients of the
various architectures in Section 4.2.1.

Besides shifting the predicted time point in one big step to the centre of
the receptive eld, we also tried shifting the predicted time-point in smaller
steps across the receptive eld. This analysis which is introduced in Section
4.2.3 was performed only on the original Deep4Net which we denote as {vari-
able} k3 _d3_sbpO0. It compares how the performance and gradients of the net-
work change when the predicted time-point is shifted in small steps across the
receptive eld, using a changing ratio of information from the future and from
the past.

4.2.1 Shifting the predicted time-point to the centre of the
receptive eld
In this section, we look at how the shift of the predicted time-point into the centre

of the receptive eld in uences the performance and gradients of the di erent
network architectures.

3This causes the procedure to be unsuitable for online BCI because half of the input window
uses information from the future.
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velocity. This suggests that the modulations in the frequencies above 60 Hz
become more informative with the shift.

Full training and high-pass validation  After the shift, the performance

of the networks trained on full data and validated on high-pass data de-
creased. For absolute velocity and velocity, fewer networks performed
above chance level and those that stayed above chance level often per-
form above chance level less signi cantly. This suggests that the networks,
when having access to full data, depend on the information from the high
frequencies less than in the original non-shifted setting.

Two things can cause the overall improvement in performance:

1. By the network being able to focus on signals recorded directly before the
movement execution.

2. By the network having access to information from the future.

We hypothesise that it is most likely a combination of the two. Conclusion
about how much each of the above-described possibilities in uences the predic-
tion improvement cannot be made from the presented experiments. It would be
interesting to build a network with a uniform receptive eld and then conduct
experiments that would clarify this.

If the performance improvement was caused solely or mainly by access to in-
formation directly preceding the predicted time-point, a network with a uniform
receptive eld (one which allows padding) could potentially bring an improve-
ment, similar to the one we achieved by shifting the predicted time-point, while
retaining its usability for online BCI. Its uniform receptive eld would allow fo-
cusing on information directly preceding the movement without also considering
information from the future. Nevertheless, such an analysis is out of the scope
of this thesis.

Gradients

We theorised that the information about the velocity and absolute velocity of
the movement could be encoded in the high-gamma frequencies of iEEG only in
the moments directly preceding the movement. Therefore, the networks were
unable to use it in the original non-shifted setting because they were biased to-
wards signals recorded too far in the past (see Section 3.2.3). The drop of per-
formance of the networks after the shift, when trained on full data and validated
on high-passed data, visible in Figures 4.8 and 4.9 speaks against this theory. To
further test this hypothesis, we compared the gradients between the networks in
the original non-shifted setting (causal prediction) and the shifted setting where
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the predicted time point is in the centre of the receptive eld (acausal predic-
tion). This analysis was performed for all architectures for all their intermediate
convolutional layer§ on 1. the full dataset and 2. the high-passed dataset. The
complete results can be found in Appendix B. Below, we show results from the
convolutional layer in the third convolutional block (conv_3), which represents
the overall trend.

1. Gradients of networks which argained and validated on full data are
displayed in Figures 4..10 (velocity) and 4.11 (absolute velocity). We observe
that with the shift the networks across all architecture seem to re ne their
focus to more narrow frequency bands. This can be illustrated on for ex-
ample Figure 4.10a where in the original, non-shifted setting, the vel_k1
network has high-gradient values for frequencies up to 25 Hz when look-
ing at motor channels. In the shifted setting Figure 4.10b the band with
high gradient values of the same network vel_k1 narrows to frequencies
closer to 0.

The shift did not cause an increased utilisation of information from the
high-gamma frequency band for any of the networks. Rather it seems, that
the shift allowed access to less noisy information in the clearly informative
bands such as the alpha (4 - 12 Hz) and beta (13 - 30 Hz) bands, and the
network did not compensate with information from other frequencies.

2. Networks which werdrained and validated on high-passed data can
be found in Figures 4.12 (velocity) and 4.13 (absolute velocity). Again, we
only chose to display gradients of one layer to illustrate a behaviour shared
by all layers. The gradients of the remaining layers can be found in Ap-
pendix B. What we observe in the gradients of the networks trained on
high-passed datasets is di erent (even opposite) from what we observe in
gradients of networks trained on the full dataset. The networks trained on
high-passed data in the shifted setting exhibit interest in the same or some-
times a broader range of frequencies above the 60 Hz cut-o frequency
than the networks trained on high-passed data in the original, non-shifted
setting. For the velocity gradients in Figure 4.12 the frequency ranges
broaden, especially for the vel k3 d3 sbpO model and generally, the gra-
dients become higher for non-motor channels. In Figure 4.13 for absolute
velocity, we do not see a broadening of interesting frequency bands for any
network for any channels. Instead, they stay the same.

The increase in performance on high-passed datasets suggests that in-
deed the information in high-frequency bands in signals from the future

4omitting the temporal and spatial convolution from the rst block
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Summary

The following observation can be made when looking at the performances and
gradients of the various CNN architectures in the shifted vs non-shifted (original)
setting.

" The shift improves the performance of networks 1. trained and validated
on the full dataset; 2. trained on the full dataset and validated on low-
passed data; 3. trained and validated on high-passed data. This is true for
both velocity and absolute velocity.

The shift attenuates the di erences in performance between the di erent
CNN s for the full training and validation. When looking at grapt in

both Figure 4.8 and Figure 4.9, we can see that the number of network
which have a signi cantly better performance than the original Deep4Net
(k3_d3_sbp0) decreases compareé to

The shift does not improve performance for the CNNs trained on full data
and validated on high-pass data (grap@sand H in both velocity - Fig-

ure 4.8 and absolute velocity - Figure 4.9). This result, together with the
more narrow frequency bands the networks focus on after the shift (Fig-
ures 4.10 and 4.11), show that the networks do not start focusing on high-
gamma with the shift when having access to the whole frequency spec-
trum. Rather the opposite. The networks more clearly re ne their fo-
cus, often on information from the lower frequency bands. Modulations in
these low-frequency bands become more informative with the shift; there-
fore, the performance increases and the interest of the CNNs in higher
frequencies drops.

The modulations in the high-gamma band become more informative for
decoding with the shift, thus the increase in performance when training
and validating on the high-passed dataset. Nevertheless, as we state in
the point above, not even this motivates the networks to use information
from the high-gamma band when having access to information from lower
frequencies.

It is true in the shifted setting, as was in the non-shifted setting, that the
network without max-pool (k1), which is almost solely focused on low-
frequency modulations, performs the best and signi cantly above the orig-
inal Deep4Net (k3_d3_sbp0).

From the observations above, we can state that the modulations in the high-
gamma band are not particularly informative for velocity and absolute veloc-
ity decoding. They contain information the CNNs are able to use for decoding.
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Nevertheless, it is not an advantage for the CNN to use high-gamma modula-
tions when having access to all frequencies; rather, it harms its performance. It
is better if the CNNs focus on low frequencies.

4.2.2 Decoding absolute velocity as the absolute value of ve-
locity

We can see in Figures 4.8 and 4.9 that when training and validating on the full
data in shifted setting (Graphs B), the velocity correlation coe cients are higher
than the absolute velocity correlation coe cients. This seems a bit counter-
intuitive because absolute velocity can be derived from velocity only as the ab-
solute value of velocity. Therefore, it could be at least as well decoded. To see
if absolute velocity can be decoded better when taking absolute values of veloc-
ity, we trained a network on velocity data and validated it on absolute values of
the predictions and absolute velocity data. The results show that the correlation
coe cients are signi cantly worse than when training the network on absolute
velocity data (Figure 4..14). Even though it seems that it might be better to learn
to decode absolute velocity as velocity and then take the absolute value, we nd
that it is not.

This might come as surprising but can be explained mathematically. The
correlation coe cient is derived from the mean and standard deviation of the
variables as:

Gy, = EIC (Y )] @)

Xy

whereX andY are two random variablesy;  are the standard deviations
of XandY, 4; y arethe means of Xand Y.

No equitation tells us how absolute value changes the mean and standard
deviation of an arbitrary variable. Therefore, the means and standard deviations
of the predicted values and the gold values change independently when taking
their absolute values and the correlation coe cient changes. It is not equivalent
to take the correlation coe cients of two variables and the correlation of abso-
lute values of two variables. To show this non-equivalency, Xetoe a random
variable with valuesX = f1;0;1;0; 1gandY be a random variable with values
Y =121, 2,1,29. InthiscaseCCx.,y) = 0:1111andCCx;vj = 1.
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4.2.3 Shifting the predicted time-point across receptive
eld

Besides the big shift of the predicted time-point from the edge of the receptive
eld to the centre, we also studied what happens if we shift the predicted time-
point in small steps across the receptive eld. The shifts range from -1 second to
1 second from the centre of the receptive eld, which we denote as 0. When the
predicted time-pointis 0, we use precisely half the information from the past and
half the information from the future. When shifting towards the negative values,
we use more information recorded after the execution of the predicted movement
(information from the future). Vice-versa, when shifting towards positive val-
ues, we increasingly use information recorded prior to the predicted movement
coming closer to the original non-shifted setting. The step size is 0.1 s which is
equivalent to 25 samples. This experiment allows us to observe how the shifting
gradually in uences the performance and gradients of the network.

We chose to perform this analysis only on one architecture, namely, the orig-
inal Deep4Net (k3_d3_sbp0).

Performance

How the performance changes with the gradual shifting of the predicted time-
point is displayed in Figurz 4..15. We can observe the gradual decrease in perfor-
mance when increasing the distance of the predicted time-point to the receptive
eld centre in both directions. This is to be expected. Similarly to performance
in Section 4.2.1 we do not know if the fact that the performance peaks in the
centre of the receptive eld is due to having information directly preceding the
movement or having access to information from the future. Interestingly, the de-
coding performance drops slower when using information predominantly from
the future than when using information predominantly from the past. This could
indicate that the information about movement in iIEEG signals is dominated by
the representation of movement execution rather than its planning/preparation.
To properly investigate the informativeness of past vs future signals, however,
we would need to have a network with a uniform receptive eld.

Gradients

How the gradients are changing with the gradual shifting is visualized in Fig-
ure 4.15. We again chose to display one layer (the output layer) in the main text
to represent the overall trend. The gradients of the remaining layers for both the
full dataset and the high-passed data can be found in Appendix C. In the graph
for absolute velocity (Figure 4.16b), we can observe the trend of broadening the
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Summary

We have further con rmed the conclusions we drew previously in Section 4.2.1.

Indeed, the network focuses on more narrow frequency bands when given better
access to information close to the predicted time-point. This also means lower
interest in the high-gamma frequency band when achieving better performance.
It corroborates what we have established so far about the information in the high-

gamma band being inferior for velocity and absolute velocity decoding compared
to information from lower frequency bands.
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4.3 Spectral whitening

How the networks react to datasets, which were whitened (i. e., the amplitudes of
all frequencies were normalised to 1 - see Section 3.1.5) was one of our interests
because when we look at the spectrum of the original signal (see Figure 3.2), the
amplitudes of the frequencies decrease exponentially with increasing frequency.
This decrease is common in biological signals and could be why the CNNs ignore
high-frequencies when making predictions. This section evaluates the perfor-
mances and visualises gradients of all the architectures on the whitened datasets
and compares the results to performances and gradients from the original non-
whitened settings.

4.3.1 Performance

We carry out the whitening on full as well as high-passed (> 60 Hz) and low-
passed datasets (< 40 Hz) and their combinations. Figure 4.17 and I~igure 4.18
show how the predictions change compared to predictions on non-whitened sig-
nals. We summarize the behavior the di erent datasets in the points below:

~ Full training and validation: It is obvious that for the full training and
validation for both velocity (Figure 4.17 grapi#sandB) and absolute ve-
locity (Figure 4.18 graph8 andB), the correlation coe cient of all net-
works dropped signi cantly. The network experiencing the lowest drop of
performance due to spectral whitening was the network without max-pool
({variable}_k1).

Full training and low-pass validation:  The drop of performance be-
tween full training and validation and full training and low-pass valida-
tion, was bigger with whitening (graph€ andD in Figures 4.17 and 4.18)
compared to the original non-shifted setting. This suggests that spectral
whitening increased the use of the high-gamma frequency when having
access to all frequencies.

High-pass training and validation: When looking at graph€ andF in

both Figure 4.17 and Figure 4.18 we see that in the case of the high-passed
datasets the performance did not increase or decrease signi cantly for any
of the networks. This shows that the low amplitudes of these frequencies
are not the issue when decoding from them because increasing it does not
aid the network in making predictions from them. Neither does increasing

it harm them.

Full training and high-pass validation: This was the only scenario
where spectral whitening helped the CNNs to achieve better CCs. In the
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case of velocity Figure 4.17 grapfsandH a statistically signi cant in-
crease compared to the same non-whitened setting was only for the vel_k1
network. In the case of absolute velocity Figure 4.18 gra@andH ve

out of the seven architectures experienced a statistically signi cant in-
crease in performance due to spectral whitening. The CCs increases after
spectral whitening in this last scenario show that at least some networks
indeed learned to use more high-gamma when having access to full data.

4.3.2 Gradients

When looking at the gradients of the networks trained on whitened data in Fig-
ure 4.13, we observe that the networks indeed use modulations in the high-
gamma frequency bands for their predictions. This nding is also supported by
the fact that the networks trained on full data and validated on high-passed data
experienced an increase in the correlations coe cients with spectral whitening.
For absolute velocity, the gradients have high values in bands across almost the
whole frequency range. Interestingly, for velocity, instead of having more uni-
form gradients across all frequencies, they partially invert their focus from low
frequencies to high frequencies.

Among CNNs decoding velocity, the only architecture that stays mostly fo-
cused on frequencies below 25 Hz is the vel_k1 CNN - the network without max-
pool layers. The same is true for absolute velocity, where the network without
max-pools (absVel k1) also stays mostly focused on the low frequencies even
though a slight increase in gradient values for frequencies around 75 Hz can be
observed. We can combine this information about the gradients with the per-
formance graphs in Figure 4.19, where we can see that the networks without
max-pools, which were least in uenced by the spectral whitening in terms of
focusing on higher frequencies, are those for which the CCs dropped least. This
fact suggests that using information from the high-gamma frequency is possible,
but it does not seem to help achieve better correlation coe cients. On the con-
trary, using information from the high-gamma frequency band is not helpful for
better network performance and using information in the low frequencies leads
to better prediction power even on the whitened datasets.

Overall spectral whitening forced most of the networks into using high-
gamma. At the same time, it harmed the prediction power of the networks.
Therefore, we can state that while the information in the high-gamma fre-
quency band of iIEEG signals holds information about velocity and especially
absolute velocity, the networks perform better when they focus on information

SWe present the gradients only for the output layer to highlight our observations. The results
for all layers can be found in Appendix D.
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from lower frequency bands in the signals. Furthermore, removing the max-pool
layer helps the networks to utilise information in the low-frequency bands more
e ectively, even on the whitened dataset.
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Conclusion

A deeper understanding of which IEEG features CNNs use for movement de-
coding broadens our understanding of how the brain encodes movement related
information. It also partially alleviates thélack boxproblem associated with
deep neural networks. Improvement of performance of such networks makes
them more perspective for real-life clinical applications. The work of Hammer
et al.[202)1 o ers both performance improvement and a deeper understanding
of which features are crucial for the CNN to make predictions. Nevertheless,
their ndings also raise some questions. Mainly the low importance of the
high-gamma frequency band for absolute velocity decoding challenges previous
ndings about its informativeness for absolute velocity decoding (Hammer et al.,
[20186). The main goal of the thesis was to further study the frequency bands uti-
lized by the Deep4Net with particular focus on the high-gamma frequencies and
to identify modi cations to the CNN architecture which improves utilization of
information across useful frequency bands.

The contributions of this thesis are following:

~ We showed that the high-gamma frequency band contains information rel-
evant for movement decoding, especially for absolute velocity decoding.
Nevertheless, its usage does not improve performance. On the contrary,
its usage correlates with worse prediction when having access to all fre-
quencies.

A

We have identi ed the pooling layers in the architecture of the Deep4Net
as unnecessary. Their removal optimizes information extraction from low
frequency bands and improves overall performance of the CNN.

A

We have identi ed the non-uniformity of the receptive eld as a poten-
tial drawback of the architecture. It causes the CNN to be biased towards
signals relatively far from the predicted time-point.
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Main ndings

Informative frequency bands

Most of the experiments we performed were motivated by making the network
use information from the high-gamma frequency band in their prediction. Build-
ing di erent architectures was motivated by studying a peak in the high-gamma
band, shifting the predicted time-point was motivated by the hypothesis, that
relevant information is contained in the high-gamma of iEEG signals only di-
rectly before movement execution, and spectral whitening was motivated by a
di erence reduction in the amplitudes of lower vs. higher frequencies because
we thought that lower amplitudes of high-frequencies are a disadvantage. Based
on previous literature, the usage of high-gamma especially for absolute veloc-
ity decoding seemed like something that should occur. And because it did not,
the idea was that forcing the network to use high-gamma would improve their
performance.

Nevertheless, despite the substantial e ort to show that high-gamma mod-
ulations are informative for velocity and absolute velocity decoding, the results
repeatedly show that the Deep4Net and similar CNN architectures do not bene-
t from using high-gamma information when having access to information from
all frequency bands. While we show that the high-gamma frequencies in iIEEG
contain relevant information especially for absolute velocity decoding, the CNNs
pro t from not using this information when making predictions. The most suc-
cessful architecture, namely the CNN without max-pool layers, was the one least
focused on modulations in the high-gamma frequency band. It was also the net-
work which despite spectral whitening stayed focused mainly on low-frequency
modulations and its performance dropped least. The shift of the predicted time-
point to the centre of the receptive eld which greatly improved performance
also did not cause an increased interest in the high-gamma frequencies of any
network. Rather it re ned the focus of the networks to more narrow and mostly
also lower frequency bands.

Architecture modi cations

We have identi ed two main possibilities for architectural improvement of the
Deep4Net. First, removing the max-pool layers from the architecture improves
performance signi cantly compared to the original Deep4Net. Based on the per-
formance evaluation on Itered datasets and the gradient visualization, we nd
that this modi cation allows the network to use information from low frequency
bands more e ectively.

Secondly, the non-uniformity of the receptive eld could be a drawback of
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the architecture. It causes the network to consider mostly information which
are too far in the past with respect to the predicted time-point. We hypothesise,
that making the receptive eld uniform, by allowing padding at least in the di-
rection from the centre of the receptive eld towards the predicted time-point,
would improve the achieved correlation coe cients. While the experiments we
conducted in this thesis cannot clearly con rm this hypothesis, the performance
improvement when shifting the predicted time-point to the centre of the recep-
tive eld speaks at least partially in its favor.

These two ndings are useful for designing CNNs for movement decoding in
the future.

Future work

Our research o ers a wide range of future directions. The most prominent next
step would be building a network with a uniform receptive eld which would
still be useful for on-line BCI and would likely make better predictions. Further
steps could also be taken in studying which frequencies the network uses. Even
though our research was fairly thorough in this regard, there is always more to
nd. The signal consist not only from amplitudes of di erent frequencies but
also contains phase information which has been shown to also hold movement
related information (Hammer et a[., 2021; Hartmann et[al., 2018). Thus, a similar
analysis of the in uence of phase of the di erent frequencies might be an inter-
esting future project. And even when considering amplitudes again, besides the
high-passed and low-passed datasets, datasets band-passed to only certain, more
narrow, frequency bands could be created and the performance and gradients of
the networks could be analysed similarly to what we did in our thesis.
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