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Abstract More than 5% of the world’s population suffers from disabling hearing loss. Hearing aids and 

cochlear implants are crucial for improving their quality of life. However, current hearing technology does 

not work well in cocktail party scenarios, where several people talk simultaneously. This is mainly because 

the hearing device does not know which speaker the user is attending to, and so which speaker should be 

amplified relative to the background noise. In this project, we have developed novel signal processing 

algorithms for electroencephalography (EEG)-based auditory attention decoding to steer the hearing 

device towards the attended speaker based on the user’s attention. We propose algorithms that are fast, 

accurate, and able to adapt automatically to (changes in) the EEG data of individual users. These are crucial 

ingredients towards the realization of practically viable neuro-steered hearing devices. 
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1. Introduction 

1.1 The auditory attention decoding problem 

The World Health Organization estimates that more than 5% of the world’s population, or 430 million 

people, suffers from disabling hearing loss and requires rehabilitation. This group is expected to grow to 

more than 7% by 2050 [1]. As hearing loss tremendously impacts society both on an economic and 

individual level (e.g., social isolation, loneliness), effective assistive hearing devices such as hearing aids 

and cochlear implants are required to restore communication by improving speech intelligibility.  

While newly developed hearing devices more and more contain advanced speech enhancement and noise 

suppression algorithms, they still underperform in so-called ‘cocktail party’ scenarios, where multiple 

persons are talking simultaneously. In these situations, hearing devices lack a fundamental piece of 

knowledge: They do not know which speaker the hearing device user wants to attend to. Correspondingly, 

they have no information about which speech signal to enhance (i.e., the attended speaker) and which 

others to consider as noise and thus suppress (i.e., the unattended speaker(s)). We refer to this problem 

as the auditory attention decoding (AAD) problem. 

While the AAD problem can be tackled using heuristics such as eye gaze direction or by simply selecting 

the loudest speaker, they fail in several practical scenarios, for example, when listening to a public address 
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system, eavesdropping, or when driving a car. Selecting and thereby amplifying the wrong (unattended) 

speaker can be avoided by pursuing a more ideal strategy: decoding the auditory attention from where it 

originates, i.e., the brain. As shown by Mesgarani and Chang [2], certain characteristics (such as the speech 

envelope) of the attended speech signal are better encoded in the brain than those of the unattended 

speech signal(s), which, in turn, opens the possibility to develop algorithms to decode the auditory 

attention from brain signals. Incorporating such AAD algorithms in a hearing device could then lead to a 

new type of brain-computer interface (BCI) technology to assist hearing-impaired people: a neuro-steered 

hearing device (Figure 1). There exist other use cases of AAD in BCIs as well, such as in consumer 

earphones and other hearables [3]. 

 

Figure 1: In a neuro-steered hearing device, the AAD algorithm informs the hearing device about which 
speaker needs to be amplified based on the EEG signals. Based on Figure 1 in [4]. 

1.2 Neuro-steered hearing devices 

Figure 1 shows a conceptual overview of a neuro-steered hearing device with its main ingredients: a 

speaker separation and enhancement block, an AAD block to determine the attended speaker based on 

the brain signals of the listener, and a mixing block that mixes the separated speech signals based on the 

retrieved information about the attended speaker.  

We use electroencephalography (EEG) as a neurorecording modality because it is non-invasive, wearable, 

and relatively cheap. These are all crucial features for the widespread usage of neuro-steered hearing 

devices during daily-life activities. Furthermore, EEG has an excellent temporal resolution, which is critical 

for tracking fast modulations in speech and for low-latency processing in BCIs in general. 

One of the most common paradigms for AAD – stimulus reconstruction (SR) – is based on the principle of 

neural tracking of speech signals, i.e., the auditory cortex tracks time-varying characteristics of the 

attended speech stimulus [5]. Correspondingly, it has been shown that in a cocktail party scenario with 

two competing speakers, it is possible to reconstruct from the neural signals a spectrogram [2] or envelope 

[6] that better reflects the spectrogram or speech envelope of the attended speech signal than the 

unattended one. The SR algorithm then exploits this stronger neural tracking of the attended speech signal 

for AAD by reconstructing an envelope from the EEG signals of the listener using a neural decoder and 

correlating this reconstructed envelope with the individual speech envelopes of the competing speakers 

[7]. The speech envelope of the speaker that exhibits the highest correlation is then identified as the 

attended speaker (Figure 2a). This neural decoder can be modeled and trained in various ways. In [4], we 



provide an extensive review of the different ways to train the neural decoder, as well as other AAD 

algorithms beyond SR. 

 

Figure 2: (a) In the SR algorithm, a neural stimulus decoder is applied on the EEG to reconstruct the 
attended speech envelope. Based on Figure 3a in [4]. (b) In the CSP algorithm, the attended spatial 
direction is directly decoded from the EEG lateralization patterns. 

1.3 Two fundamental problems with stimulus reconstruction 

The SR algorithm suffers from two critical limitations that are dealt with in this chapter: 

1. The neural stimulus decoder is traditionally trained in a supervised manner and remains fixed over 

time [7]. To be able to train this neural decoder to reconstruct the attended speech envelope from 

the EEG in a data-driven way, the attended speaker needs to be known at training time. The 

necessity for attention labels during training requires a cumbersome calibration session for each 

new user, in which the user is instructed to attend to a particular speaker. Furthermore, this also 

prevents adapting the neural decoder to changes in the EEG signal characteristics, making it 

suboptimal. 

2. The SR algorithm suffers from a quickly decreasing accuracy when reducing the number of 

EEG/speech envelope samples to make a decision (the decision window length) (see Figure 4a). 

This is an effect of the notoriously low signal-to-noise ratio of the stimulus-following neural 

response in the EEG, making the estimation of the correlation coefficients highly susceptible to 

interference from other neural processes when reducing the decision window length [4]. As a 

result, the SR algorithm is too slow in detecting switches in auditory attention, resulting in too 

large delays in changing the relative gain between the competing speakers in the hearing device 

[8]. 



Therefore, we have developed novel AAD signal processing algorithms to overcome both challenges, i.e., 

by designing an unsupervised and time-adaptive SR algorithm (Section 2) and exploiting an alternative 

AAD paradigm: decoding the spatial focus of auditory attention (Section 3). 

2. Unsupervised and time-adaptive stimulus reconstruction 

2.1 Supervised training of the neural stimulus decoder 

Traditionally, the neural stimulus decoder in the SR algorithm (Figure 2a) is a linear spatio-temporal filter, 

integrating EEG channels and post-stimulus time lags to reconstruct a sample of the attended speech 

envelope [7, 8]. Given a training set of EEG data and speech envelopes of the competing speakers, the 

filter weights of this neural decoder can be found by minimizing the mean squared error (MMSE) between 

the reconstructed envelope from the EEG and the attended speech envelope3. This training procedure is 

conceptually summarized in Figure 3a. A crucial feature of this training procedure is that it is supervised, 

i.e., it requires the ground-truth attention labels to select the correct speech envelope as the target during 

training.  

Depending on the training data used in this supervised training procedure, two versions of the neural 

stimulus decoder exist: a user-specific or user-independent decoder [7, 9]. The former is trained with data 

from the end user, while the latter is trained with data from other users. As expected, the user-specific 

decoder leads to higher AAD performances (see Figure 4a), as it is tailored towards the brain of the specific 

end user [7, 9]. However, it lacks the plug-and-play characteristic of the user-independent decoder that 

can be pre-implemented on a hearing device, whereas the user-specific decoder requires a cumbersome 

training session for each new end user [9]. In this training session, the user then needs to be instructed to 

listen to one of multiple competing speech signals to be able to generate the required ground-truth labels. 

In [9], we proposed an unsupervised but user-specific stimulus decoder to combine the best of both 

worlds. As it is unsupervised, i.e., it does not require ground-truth attention labels, it retains part of the 

plug-and-play characteristic of the user-independent decoder, while it can achieve higher performances 

because it still uses user-specific data. In Section 2.2, we explain how this unsupervised training procedure 

works using a batch of EEG/speech envelope training data but without ground-truth attention labels, 

while its extension to a time-adaptive updating procedure is explained in Section 2.3. 

 

Figure 3: (a) The neural stimulus decoder is traditionally trained in a supervised manner, i.e., the ground-
truth attention labels are required to select the attended speech envelope. (b) In [9], we propose an 

 
3 An extensive mathematical explanation can be found in, e.g., [9]. 



unsupervised training procedure where the ground-truth attention labels are replaced by the predicted 
labels when applying the learned decoder. 

2.2 Unsupervised training of the neural stimulus decoder 

Again assume the availability of a batch of EEG/speech envelope training data, however, now without 

knowing which of the two competing speakers corresponds to the attended speaker at each point in time. 

Correspondingly, the training scheme as proposed in Figure 3a has become unfeasible due to the 

unavailability of the ground-truth attention labels. Therefore, in [9], we proposed an alternative 

unsupervised training scheme that replaces the ground-truth attention labels with the predicted labels on 

the training data using a previously trained decoder, as conceptually shown in Figure 3b. The key idea is 

that this creates a closed-loop, iterative predict-and-update procedure, where  

1. the trained decoder is used to (re)predict attention labels on the training data using SR, 

2. the (re)predicted attention labels are used to (re)select the attended speech envelope such that 

the neural stimulus decoder can be retrained. Step 1 can then be repeated. 

When using an MMSE-based linear spatio-temporal filter as stimulus decoder, we have shown that this 

procedure converges after a few iterations (under some mild conditions) and that it can be interpreted as 

a fixed-point iteration algorithm. This interpretation explains the self-leveraging effect in the iterative 

updating procedure, i.e., it leverages its own predicted labels to converge to a better decoder, even when 

starting from a random decoder. Furthermore, in the spirit of transfer learning, we have developed a 

version that allows incorporating labeled data from other users than the end user (as in the user-

independent decoder) in the updating procedure. 

Figure 4a shows the AAD accuracy (number of correct decisions) versus the decision window length 

(number of time samples used to make a decision) for the supervised user-specific decoder, the 

supervised user-independent decoder, the unsupervised user-specific decoder when starting from a 

random decoder, and the unsupervised user-specific decoder with user-independent side-information4. 

The unsupervised but user-specific decoder substantially outperforms the user-independent decoder 

while retaining the ‘plug-and-play’ characteristic, not requiring ground-truth attention labels. Adding 

labeled user-independent side information in the unsupervised updating procedure even enables 

accuracies close to the optimal supervised user-specific decoder. 

This unsupervised training procedure opens the possibility for a fully automatically updating decoder over 

time, as explained in the following section.  

 
4 All details about the data and experiments can be found in [9]. 



 

Figure 4: (a) Different versions of the linear SR algorithm, all showing a degrading accuracy for short 
decision window lengths. Based on Figure 5a from [9]. (b) Decoding the spatial focus of auditory attention 
with CSPs or RGCs gives a substantial improvement for the shorter decision window lengths. Based on 
Figure 1 from [18]. 

2.3 Time-adaptive unsupervised updating of the neural stimulus decoder 

While the unsupervised training procedure for the neural stimulus decoder in Section 2.2 removes the 

necessity of having access to ground-truth attention labels during training, it still assumes the availability 

of a batch of EEG/speech envelope data. Furthermore, it results in a decoder that remains fixed during 

operation, not adapting to the long-term signal changes that are characteristic of EEG. These non-

stationarities in the EEG originate, for example, from the inherent non-stationarity of neural signals, 

changing electrode-skin contact impedances, and shifting or loosening electrodes. Modifying the 

unsupervised training algorithm from Section 2.2 to be time-adaptive is therefore crucial to adapt to these 

non-stationarities, in order to obtain higher performances. Furthermore, it also alleviates the need for a 

dedicated training session for each new end user, fully realizing the plug-and-play potential of the 

unsupervised decoder. 

Consider now the practical use case where EEG data and speech envelopes of the competing speakers are 

continuously being recorded. In [10], we proposed a single-shot predict-and-update scheme based on a 

recursive implementation of the linear neural stimulus decoder. The key idea is to predict the attention 

label using the previous decoder on the new incoming data window and to use this predicted label to 

update the parameters of the decoder using exponential weighting. This exponential weighting 

hyperparameter then determines the tradeoff between the speed of adaptation to non-stationarities and 

the accuracy of the resulting decoder. From our experiments, a good choice for this hyperparameter led 

to an adaptation time of 20 minutes to adapt the decoder to a new end user, starting from a random 

decoder. 

Figure 5a compares the pretrained fixed supervised decoder with the proposed time-adaptive 

unsupervised decoder when simulating disconnecting EEG electrodes during an AAD experiment (on a 64-



channel BioSemi EEG system)5. After disconnecting EEG electrodes, the time-adaptive unsupervised 

decoder finds alternative ways of reconstructing the attended speech envelope that are clearly as 

effective as before. The pretrained fixed supervised decoder cannot take these disconnections into 

account and, therefore, shows a decreasing performance. From the moment that more than three 

electrodes are disconnected, it is outperformed by the time-adaptive decoder, which requires no 

pretraining and updates fully automatically. Furthermore, as shown in Figure 5b, the time-adaptive 

unsupervised decoder performs at least as well as the fixed supervised decoder in an AAD experiment 

that reflects the practical use-case of a neuro-steered hearing device in which data is collected across 

multiple recording days. The time-adaptive decoder then adapts to the changes in, for example, EEG 

setup, electrode impedances, conditions, and state of mind of the user, without any external intervention 

or supervision. 

 

Figure 5: (a) When disconnecting electrodes from a 64-channel BioSemi EEG system during an AAD 
experiment, the pre-trained fixed supervised decoder shows degrading performances, while the time-
adaptive unsupervised decoder can find alternative ways of reconstructing the attended speech envelope 
that are as effective. (b) The time-adaptive unsupervised decoder performs at least as good as the fixed 
supervised decoder in an AAD experiment across multiple recording days (two participants). Based on 
Figure 7a and 8b in [10]. 

These various results show the added value of the developed time-adaptive unsupervised SR algorithm 

that allows adaptation to the EEG signal changes and to a specific end-user. As such, it is a crucial enabler 

towards the online application of AAD in practical neuro-steered hearing devices. 

3. Decoding the spatial focus of auditory attention 

While the availability of a time-adaptive unsupervised SR algorithm represents an essential step towards 

practical AAD, it is still based on the SR algorithm that is too slow to adequately detect switches in auditory 

attention (see Section 1.3 and [8]). Therefore, there has been an increasing interest in decoding the 

auditory attention by tapping into other characteristics of the neural activity, i.e., other than neural 

tracking of the speech envelope. One of these characteristics is based on the hypothesis that the neural 

 
5 All details about the data and experiments can be found in [10]. 



signals change depending on the direction of spatial attention to the attended speaker. For example, it 

has been shown that there exist alpha-power lateralization patterns depending on the attended spatial 

location in a competing-stimuli experiment [11, 12]. Bednar and Lalor [13] tried reconstructing the 

attended sound source trajectory from the EEG in a moving competing speaker scenario. Specifically for 

AAD, Vandecappelle et al. [14] proposed to use a convolutional neural network to discriminate between 

left and right attended solely based on the EEG. Using such an AAD algorithm also impacts the conceptual 

overview of a neuro-steered hearing device (Figure 1), as it does not require the individual speech signals 

anymore for AAD itself. Furthermore, the attended spatial direction is a different piece of information 

that now comes out of the AAD block, which can be used, for example, to steer a beamformer towards 

the correct location.  

In [15], we proposed an alternative algorithm to decode the spatial focus of auditory attention based on 

the popular common spatial patterns (CSP) filtering algorithm in BCI literature [16]. The idea is to apply a 

neural CSP decoder on the EEG signals to perform a smart dimensionality reduction that amplifies the 

discriminative patterns between, for example, left/right attended. The attended direction can be 

classified by computing features based on the energy of the output signals in a particular decision window 

(Figure 2b). Figure 4b shows that exploiting this alternative paradigm with the CSP algorithm substantially 

improves accuracy on the very short decision windows, which is paramount to detect switches in auditory 

attention. Furthermore, we have shown that this also works in a three-class scenario with multiple 

directions of attention and background babble noise, with a reduced number of EEG channels around the 

ear, and in a user-independent context [15]. Lastly, in [17], we employed a nonlinear extension based on 

Riemannian geometry-based classification (RGC) [18] to obtain even higher performances (Figure 4b), 

especially in the multi-class scenario [19]. 

The high AAD accuracy at short decision windows of these algorithms that decode the spatial focus of 

auditory attention make them excellent candidates as fast and accurate decision-making AAD algorithms. 

However, these algorithms do not seem to work well in every scenario, and it is currently unclear what 

boundary conditions are required to make them work. Furthermore, there seems to be a considerable 

time dependency in the CSP decoding, in the sense that decoding performance drops or sometimes 

completely fails for test segments that are recorded (much) later in time than the segments used to train 

the decoder [19]. Further research towards these boundary conditions, the underlying neural processes 

that drive the CSP decoding, and the time dependency is required to realize the potential that these 

algorithms hold. 

4. Conclusion and future challenges 

In this project, we have contributed several key components towards the practical application of AAD in 

neuro-steered hearing devices. The time-adaptive unsupervised AAD algorithm is a crucial enabler 

towards the online application of AAD, being able to automatically adapt to the end-user and the non-

stationarities in the EEG data. Furthermore, a faster and more accurate AAD algorithm could be obtained 

by exploiting the varying EEG lateralization patterns based on the attended spatial direction. These 

innovations lead to several follow-up challenges, such as evaluating the CSP and RGC algorithms in various 

listening scenarios to identify their boundary conditions, resolving the time-dependency that exists in the 

CSP algorithm between training and testing data, and building a time-adaptive unsupervised CSP/RGC 

algorithm, for example, by combining it with the time-adaptive unsupervised SR algorithm. 



More generally, the main signal processing-related challenges to realize practical neuro-steered hearing 

devices are mainly situated in integrating all the different building blocks (see Figure 1). Firstly, while 

several papers investigate the combination of speech enhancement algorithms with SR [20-23], a similar 

integration between beamforming algorithms and algorithms that decode the spatial focus of attention 

would be interesting to research. An exciting alternative approach is combining speech enhancement and 

AAD in an all-in-one algorithm [24, 25]. Secondly, an adaptive gain control system should be installed 

based on the AAD decisions that takes the tradeoff between speed and accuracy [8] and subjective 

listening parameters into account. Thirdly, a practical neuro-steered hearing device requires a wearable 

and concealable EEG recording system using miniaturized EEG sensors, such as in-ear [26] or around-the-

ear [27] EEG. While AAD has been tested with channel selection algorithms [28] and wearable EEG systems 

[29], there is not yet a practically viable solution. Finally, the human in the loop needs to be considered 

as well. It is therefore paramount to investigate neurofeedback effects on AAD in a closed-loop system in 

real-life scenarios [30]. Using the time-adaptive SR algorithm, such a closed-loop system could tap into 

the concept of co-adaptive learning, in which both the human and algorithm learn over time, hopefully 

resulting in improved performance. 
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