Sleep Staging by Hyperdimensional Dense Networks
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Abstract. Traditionally, sleep staging is done by medical experts, but computer aid will improve sleeping evaluation. We propose
a mathematically-motivated algorithm based on Dense Convolutional Networks that encodes polysomnography (PSG) recordings
into a very high-dimensional vector space to perform sleep-stage scoring. We emphasize the flexibility of our model as it provides a
framework to analyze single or multi-channel signals without relying on any statistical information about the dataset. To prove the
feasibility of our model we show results attaining comparable or better accuracy than current state-of-the-art models at a fraction
of the time and very limited training data.
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INTRODUCTION

The scoring of sleep into various stages is used to diagnose sleep related disorders. It is generally performed follow-
ing the Rechtschaffen and Kales (R&K) or the Americal Academy of Sleep Medicine (AASM) guidelines using a
polysomnographic (PSG) recording which usually includes electroencephalogram (EEG), electrooculogram (EOG),
electromyogram (EMG) and electrocardiogram (ECG) signals [1]. Manual analysis yields low inter-scorer agreement
ratios in addition from being a tedious and time-consuming process [2]. Automatic sleep scoring has inspired a lot
of research but no widely-accepted solution has emerged [3]. Recently attention has shifted to machine learning,
either completely removing human intervention [4, 5, 6] or mixing hand-engineered features with pattern-recognition
techniques [2, 7, 8, 9, 10]. In this work we deal with a completely automated approach using raw signal data with the
goal to classify sleep stages.

Our algorithm is based on two brain-inspired state-of-the-art machine-learning techniques with available specialized
hardware proposed by the Machine Learning community. The first, Hyperdimensional-computing (HD), is a comput-
ing model based on projecting data to sparse high-dimensional spaces [11] that has been applied to EEG-based gesture
recognition [12]. Here, we propose encoding PSG recordings to a hyperdimensional space using Convolutional Neural
Networks (CNNs). CNNs are a class of Artificial Neural Networks in which layers apply a parametrized convolution
on their inputs, followed by non-linear activation functions. Dense Convolutional Networks are a novel approach to
CNN s that takle the vanishing-gradient problem using a sequence of denseblocks: sequences of convolutional layers
which connect each layer to every other layer in a feed-forward fashion [13]. This approach has never been applied
to analyzing PSG records. The traditional approach includes using statistical methods to find a transformation that
retains as most useful information from the PSG recording as possible while also projecting to a lower dimensionality
space (commonly referred to as feature reduction) [10, 14, 15, 16]. The rest of this document is structured as follows:
we first motivate and describe the techniques employed, then we share results on the ISRUC-Sleep dataset.

MATERIALS AND METHODS

Dataset

The issue of performance-inflating class-imbalance in widely used datasets has been brought forward recently (see e.g.
[2, 8]). In this work we test on the relatively balanced publicly-available ISRUC-Sleep dataset [1], which complied
with ethical standards. ISRUC-slepp provides expert AASM scoring on PSG recordings of subjects regarded as
healthy as well as on subjects diagnosed with sleep-related disorders.
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ISRUC provides two hypnograms for each PSG recording scored by different experts. Previous work has integrated
inter-scorer discrepancies directly into the decision algorithm [17], but in this work we make no such attempt, instead
our algorithm trains and calculates every metric in respect to “Expert 0.

Hyperdimensional-computing

Hyperdimensional-computing (HD) is a computing model first introduced in the field of neuroscience as an architec-
ture for storing and handling data [18]. HD models project data to very high dimensional vectors (e.g. D ~ 10,000)
as an alternative to computing directly with numbers. The process used to project data is called encoding and it is
application-specific. Previous research has proved HD to be a feasible alternative in machine learning problems such
as language recognition [19], voice recognition [20] and sensorimotor control learning [21]. An important motivation
in HD is the fact that the probability of randomly generated vectors being nearly orthogonal increases as dimension-
ality increases.

Most research around hyperdimensional computing models (e.g. [20]) has been made assuming binary vectors,
that is, each component would be either on or off. More recent work (e.g. [12]) has studied non-binary hypervectors,
where gach component is capable of holding any real number. In this document we focus on non-binary hypervectors
over R”.

Distance Given two hypervectors A, B we use cosine similarity as the distance function, as it gives us information
about the angle formed by A and B in the high dimensional space. Thus if d(A,B) < d(A,C), then the angle formed
by C and A is smaller than the one formed B and A. Specifically, our similarity metric is

A-B
)= e

Addition We implement this operator as the usual element-wise addition of the given vectors and denote it with
A+ B. Addition yields a new hypervector that conserves information stored in A, but is closer in the hyperspace to B.

Encoding functions As is standard, we represent a 30-second epoch of m channels with a length of /& with a vector
in R"™ ™ (e.g. 30 seconds of EOG and EEG sampled at 100Hz yield a vector of length 30 x 100 and 2 channels). An
effective encoding f : R"* ™ — RP maps epochs with the same label to similar hypervectors. In the next section we
shall discuss the problem of finding such effective functions.

Training Given a set of hypervectors {vi,...v,} C RP that are similar , by computing v; + v ; we obtain a new
element that is similar to both v; and v; under cosine similarity. This motivates the training procedure. Given an
effective encoding function f and a training set E; of PSG epochs belonging to stage i (e.g. i = REM stage), we
compute V; C R" = {f(e)|e € E;} and find a representative hypervector ¢; of class i by adding all elements in V;:

ci=Y fle).

ecE;

CNNs as Non-linear Encoders

CNNs have proven capable of dealing with the sleep-stage classification problem [22], very notably by [4], who
showed a relation between the filters learned by their network and AASM staging rules. We begin by framing CNNs
as encoders and then detail our strategy for finding effective-encoding function spaces.

Given input xg, a CNN defines non-linear transformations Hl.(~) in each layer /, where [ indexes the layer. The
output of layer / is denoted with x; and corresponds to transforming its input via one or more convolution operations

and then applying non-linear operations. Examples of popular non-linear operations include application of Rectified
Linear Units, Batch Normalization and Pooling. The kernel parameters of the convolution operations are learned
during training.

When training a network one is essentially exploring a differentiable space of non-linear functions via, for example,
Stochastic Gradient Descent to minimize a loss function. Each parameter update effectively changes the current
candidate function for another that may be best suited for classification. That is the key observation in our motivation
for using CNNis: they provide the machinery needed to traverse complex spaces of non-linear functions.

Lets assume we have C; an [-layer CNN with a hyperdimensional output that takes as inputs PSG recordings of
length h and m channels. This induces a function that is a composition of the transformations defined by each layer:
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FIGURE 1. Time series stacking and pseudosquaring

Ci:R™m _RD—H o... oH;. We then consider C; = C; o D, oS where ¢ is the number of classes (sleep stages), D,
is a dense layer of dimensionality c and S is the soft-max function. Recall that D, defines a function that is essentially
a series of dot-products: D.(v) = (kj -v,... k. -v) where k; are kernel matrices whose parameters are learned during
training. So, there is one hyperdimensional k; for each class that the input is compared to as the last step of the
classification: the class corresponding to the hypervector k; that outputs the highest dot-product is said to be the class
to which C; predicts the input to be.

Intuitively, by adding a dense layer after H; we are guiding the search towards functions whose outputs are hyper-
vectors for which there seem to exist class representatives that allow labeling when compared via dot-product, so by
training C; and removing the added layers back to C; we find an effective encoder function.

We now describe how sleep stage classification led us to a family of CNNs based on DenseNets.

Signal Stacking and Pseudosquaring

When using 1D input signals one may work with pre-computed spectograms to treat as images with 2D convolutions
or use raw signal data over 1D convolutions. One approach to learning convolutions on raw signal data on multiple
channels is to learn per-channel 1D filters [4]. An important property of convolutions if that they work on local
information: they depend on the information visible to the kernel. In this section a very simple operation to use 2D
convolutions in our network while still using a 1D input and also controlling non-locality is proposed. For simplicity,
lets assume we have a 2-channel signal.

A first attempt may begin by stacking channels and forming a long 2D single-channel tensor. This arrangement is
unsuitable for our purposes, as even though it will allow 2 x 2 kernels to see both channels and their values in the time
window, it will also compress the 2 x 2 windows into a single scalar value and will not allow to stack multiple layers
to find non-linear filters.

We then propose stacking A: as before, we first arrange the 2-channel signal into a single-channel, long, 2-row, 2D
tensor, we then cut the tensor into segments of equal length and finally stack the cuts to form a rectangular version
of our input. This allows us to stack layers and use larger kernels. In this stacking, time information flows in 2D
which allows kernels in convolutional layers to act over multiple signals and their changes in time. One may include
non-locality by allowing filters to see values in rows belonging to different time periods by increasing kernel size or
changing stride values.

We may instead consider stacking B if we want kernels to focus on the overall changes over time instead of the
immediate changes in the signals: for jumps in time of size j we compute a long 2D tensor of j channels where the ith
row has the values of the ith channel with jumps of size j in time in its first channel: 0, j,2j, ..., and further channels
have an start offset, which allows a computationally efficient way to learn multiple 1D filters over the signal with
jumps in time. In this stacking although time flows in 2D, layers are restricted to composing 1D filters, jumps of size
j and a time window as long as its kernel.

Should we want to have both the benefits of stacking A and stacking B, we propose stacking A+B (see figure 1):
we perform B followed by A. This leads to time flowing in 3D, allowing 2D kernels to compute non-local changes in
time and to focus changes in time along multiple channels.

Composition of 2D convolutions is most effective when dealing with square inputs, and in a valid stacking the
number of rows has to be a multiple of the channels of the signal. We summarize a procedure we call pseudosquar-
ing to find A+B stackings with a maximum jump size of j. Suppose the input signal has length /& and ¢ channels,
yielding a total of hc = N elements. Consider the set F' of 3-number factorizations of N with said restrictions:
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HD MODEL BASED ON SPECIALIZED DENSENETS

Input

SPECIALIZED DENSENET

DENSEBLOCK

FIGURE 2. A hyperdimensional model based on 1.5D specialized DenseNets and its hyperparameters.

F={(p,q,r)|pgr = NAr < jApisamultiple of c} and find (p,q,r) € F such that |p — g| is minimum. Naturally,
this y{le{)cis the stacking shape closer to a square with}depth jor gess, w)hich is why we kabel I‘nodels using this process

“1.5D”. Due to computational reasons, after we find said shape s« = (p, ¢, r) in this work we implement the described
arrangement Psqr of the signal as an equivalent composition of transpose and reshape operations over tensors:

Psqr(t) = reshape(t,sx);reshape(t,(p/c,qr,c));transpose(t,(0,2,1)); reshape(t, sx);

Specialized Dense Convolutional Networks

We now turn to finding CNN architectures that can be used as effective encoding functions. Dense Convolutional
Networks (DenseNets) are a novel approach to CNNs that tackle the vanishing-gradient problem using a sequence
of denseblocks: sequences of convolutional layers which connect each layer to every other layer in a feed-forward

fashion [13]. That is, layer x; of a denseblock receives the feature maps of all its preceding layers xo,... ,xi_1.
Denseblocks may be connected by transition layers consisting of convolution and pooling operations.

To achieve high-dimensionality we use independent DenseNets as branches after applying pseudosquarization.
When concatenated and flattened the output becomes hyperdimensional. Specifically, given a PSG signal e € R™™,
our pseudosquaring layer Psqr, the usual flattening function flatten, and DenseNets Dy, ... Dy, our encoding function
(figure 2) is

E(e) = flatten((Dy(Psqr(e)),...,Dp(Psqr(e)))

Note that each dimension of E(e) is computed by exactly one branch D;. One may also achieve high-dimensionality
by increasing the number of kernels in the convolutional layers after applying Psqr.

We now consider E and its training extension H in respect to the remarks made in previous sections. When training
H,, kernel parameters in the convolutional layers are first initialized randomly. As mentioned, the hyperdimensionality
of the output E(e) will make vectors orthogonal almost certainly, initially projecting the input data into a very sparse
hyperspace. This hypervectors will be compared with hypervectors of the final dense layer. As training progresses,
the high connectivity provided by the DenseNets architecture allows information to be propagated efficiently, thus
enabling learning to occur. After training H», a hyperdimensional model H is trained with the output of E.

RESULTS

We focus on testing the effectiveness of the learning process by using a quick (when on specialized hardware) 15-
epoch training on limited data to challenge the so-called curse of dimensionality: typically enormous amounts of time
and training data are needed as dimensionality grows. Accuracy in state-of-the-art results are most frequently in the
range from 75% to 85% [5, 6, 7, 8] and vary greatly depending on the dataset, technique, amount of sleep stages
considered, amount of preprocessing, etc. For example, [3] reaches 54% percent using symbolic fusion to formalize
the decision process and [23] achieve 83% and 90% using 5 and 11 channels respectively on 86 ISRUC recordings to
train and 10 for testing. To challenge the effectiveness of the learning process we will train on only 2 channels (EOG
E1-M2 and EEG F3-M2) from 40% of the data from the 10 recordings in subgroup III leaving 60% for testing.

We follow [13] and define H,(-) as a composite function of Batch Normalization, followed by a Rectified Linear
Unit, and a 3 x 3 convolution; we set k = 16, blocks = 5,1 = 4 in the multi-branch model and k = 32, blocks =3, =4
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in the single-branch model and batch size of 32 with an Adam optimizer function. Implementation was done using
tensorflow in keras [24] which allowed training on an Nvidia GTX 1070 GPU.

We compare possibilities of the proposed architectures along with our implementation of the work in [4] as de-
scribed in their paper (label “TsinalisCNN1D”). We will focus on 5-branch and single-branch models as described
in the preceding sections (respectively, labels starting with “SpecializedDenseNet” and “DenseNet”). As an ablation
test we compare between classification performed with (suffix “HD”) and without cosine similarity and representative
hypervectors (note that in both cases data is projected to hyperdimensional-space; but in the latter case classification
is performed by the layer of the network added for training); and also with and without pseudosquaring (1abels "1.5D"
and "1D" respectively). Inspired by [2, 25], we also compare with Random Forests and Random Trees (as baselines)
as implemented in scikit-learn [26], along with a transformation to frequency-domain via Fast Fourier Transform
(label “FFT”).

Figures labeled with “Sub-Dep” refer to the subject-dependent test (i.e. testing epochs may be from a recording
from which some samples were drawn for training) and those labeled with “Sub-Ind” refer to the subject-independent
test (i.e. testing epochs belong a record from which no sample was drawn for training). Hypnograms come from the
subject independent test. No manipulation was performed using information from the testing set. No sample used in
training is used to compute performance metrics.

First, we acknowledge the performance of “TsinalisSCNN1D” (which is also the model with the most parameters):
it attained near-state-of-the-art results while being under trained. That model was outperformed by “Specialized-
Densenetl. SDHDFFT”, “DenseNet1.5SDHD”, and “DenseNetl1.5D”, which also outperformed all other models even
though they were equally under trained. No FFT-based model was the top performer in any of the two tests.

We now analyze the top-performer (“DenseNet]l.SDHD”) and compare our results with a state-of-the-art Artificial
Neural Network-based (ANN) approach [23]. We used around 4.65% of the data employed by [23] but reached 92%
of their reported 5-channel recall (0.70 vs 0.76) and 83% of their accuracy (0.69 vs 0.83) with a comparable testing
set size (60%) over the same dataset. This shows that performance comparable to state-of-the-art ANN models can be
reached with a fraction of the data by using hyperdimensional CNN encoders. That the “HD” version of the models
generalized better to the subject independent test than non-“HD” versions in all but one case (“DenseNet1D”) shows
that classification using cosine similarity and representative hypervectors was beneficial.

Thus, our results show that HD-encoding CNNs outperform standard baselines and attain performance comparable
to state-of-the-art models with limited training data. Furthermore, classification in HD-space via cosine-similarity and
representative hypervectors improves accuracy compared to classifying with an HD-encoding CNN alone.
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CONCLUSION

We propose a scheme to use CNNs as encoders to hyperdimensional spaces where classification can be performed,
which leads to models that attain comparable or better accuracy than current state-of-the-art automatic sleep-staging
approaches at a fraction of the time and with very limited training data.
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