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Objectives

« We introduce an auxiliary task to guide neural networks to learn
significant EEG patterns for sleep staging.

 Specifically, our objective is to make neural networks to learn the
existences of significant EEG patterns for sleep staging.

Main Contribution

Performance Improvements
« The auxiliary task significantly improves prediction accuracy.

Model Interpretability

« Convolutional filters learned important EEG patterns for identifying
sleep stages. Important parts in data can be located from models.
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Auxiliary Loss

On intermediate layers of CNN, global max pooling operator can be
applied to activation values of intermediate layers, ht € R*¢XL ol €
R*C¢, an output from global max pooling, represents whether
features corresponding to each filter exist in the input.

On the representation vector o', auxiliary linear classifier (fcg,,) is
attached and trained to classify stages from global max pooled
activation values from the intermediate layer. Loss from this task
can be calculated with predicted stages p;“** from this classifier.

l0SSqux = — zyi logj;iaux
[

Classifier on global max pooling operator guides model to learn

characteristic features whose existence in data can provide powerful

information for identifying each class.

Total Loss

Total loss during training can be stated as a weighted sum between
baseline loss and auxiliary loss with weight parameter A

l0SStorqr = l0SS 1o + A - LlOSS 4y
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Input EEG Data and Activation Values from the Trained Convolutional Layer

* Bold letters indicate significant improvement (P< .05) compared to Baseline.
(Significances were estimated with Wilcoxon Signed-Rank test)

Investigation on Model Components

EEG signals with
k-complexes

Proposed Method

Baseline

* Existence of k-complex, which consists of negative and positive peaks in EEG amplitudes, is closely
related to N2 stage.

EEG signals with
delta waves

Proposed Method

Baseline

* Delta waves, slow fluctuations of EEG signals, are closely related to N3 stages.




