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Abstract
Deep learning is a recently emerged field within machine learning which is gaining
more and more attention as it significantly outperforms other approaches in an increasing number of applications – from speech detection to recognizing objects in images.1
The term “deep learning” originally referred to artificial neural networks (ANNs) with
more than one hidden layer but can be generalized to architectures composed of multiple non-linear transformations. One major advantage of deep learning compared to
traditional approaches is that they can work directly on raw data and do not require
any tuning or hand-crafting of features. Instead, they are able to learn their own feature
representations (see, e.g., [1]).
Up to now, applications of deep learning techniques within neuroscience have been
very limited. They have been successfully applied to detect anomalies related to epilepsy
in electroencephalography (EEG) recordings [6] and to classify sleep stages from EEG
as well as recordings of eye movements and skeletal muscle activity [3]. Very recently,
the potential of deep learning techniques for neuroimaging has also been demonstrated
for functional and structural magnetic resonance imaging (MRI) data [4].
In our work, we have applied two popular deep learning techniques – stacked denoising autoencoders (SDAs) and convolutional neural networks (CNNs) – to classify
and analyze EEG recordings of auditory rhythm perception. As proposed in [5], SDAs
are a nested stack of autoencoders – ANNs with an encoder layer that transforms the
input into an internal representation and a corresponding decoder layer for the inverse
transformation. The dimensionality of the internal representation usually decreases with
each layer to create an artificial encoding “bottleneck” or is otherwise regularized to
encourage sparsity. Additionally, the inputs are corrupted during training for higher robustness to noise. An example for a compression of 1:10 through 3 layers is given in
Figure 1. The compressed internal representation of a SDA can be used as features
for further processing steps such as classification. Moreover, a SDA trained on EEG
data can be applied for automatic artifact rejection as such inputs will result in a high
reconstruction error (Figure 2).
1

An up-to-date reading list for an overview of the field of deep learning is provided at
http://deeplearning.net/reading-list/.
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Fig. 1. Input (blue) and reconstruction (red) for 4s of EEG data sampled at 100Hz (top)
/ 400Hz (bottom). Background color indicates the squared sample error (right scale).

Fig. 2. Top 100 input segments (200ms at 400Hz) with highest reconstruction error and
clearly visible artifacts.

CNNs (cf. e.g. [2]), are ANNs with one or more convolutional layers. In such a layer,
a linear convolution operation is applied for local segments of the input followed by a
non-linear transformation and a pooling operation over neighboring segments. Thus,
such a layer can be considered as trainable local feature detector. Forming hierarchies
of such detectors allows to recognize more complex, higher-level patterns in the inputs.
We have successfully applied such networks to classify perceived rhythms into types
(African vs. Western) as well as to identify individual rhythms. By studying the learned
feature detectors, we also hope to gain more knowledge about the underlying EEG
signals as well as the corresponding cognitive processes.
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