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Abstract

Objective. In this study, we introduce an end-to-end single microphone deep learning system for
source separation and auditory attention decoding (AAD) in a competing speech and music setup.
Deep source separation is applied directly on the envelope of the observed mixed audio signal. The
resulting separated envelopes are compared to the envelope obtained from the
electroencephalography (EEG) signals via deep stimulus reconstruction, where Pearson correlation
is used as a loss function for training and evaluation. Approach. Deep learning models for source
envelope separation and AAD are trained on target/distractor pairs from speech and music,
covering four cases: speech vs. speech, speech vs. music, music vs. speech, and music vs. music. We
convolve 10 different HRTFs with our audio signals to simulate the effects of head, torso and outer
ear, and evaluate our model’s ability to generalize. The models are trained (and evaluated) on 20 s
time windows extracted from 60 s EEG trials. Main results. We achieve a target Pearson correlation
and accuracy of 0.122% and 82.4% on the original dataset and an average target Pearson
correlation and accuracy of 0.106% and 75.4% across the 10 HRTF variants. For the distractor, we
achieve an average Pearson correlation of 0.004. Additionally, our model gives an accuracy of
82.8%, 85.8%, 79.7% and 81.5% across the four aforementioned cases for speech and music. With
perfectly separated envelopes, we can achieve an accuracy of 83.0%, which is comparable to the
case of source separated envelopes. Significance. We conclude that the deep learning models for
source envelope separation and AAD generalize well across the set of speech and music signals and
HRTFs tested in this study. We notice that source separation performs worse for a mixed music and
speech signal, but the resulting AAD performance is not impacted.

1. Introduction Recent advancements in deep learning have
noticeably improved the accuracy and efficiency
of source waveform separation [6—8]. Additionally,

methods such as beamforming [9] can be employed

Humans with normal hearing have the capacity
to selectively attend to a talker while filtering out

unwanted signals such as background noise, reverber-
ation, and interfering talkers [1, 2]. However, hearing
impaired (HI) listeners often lose the ability of select-
ive attention and could struggle to follow a conversa-
tion, when there are multiple talkers [3]. Speech sep-
aration algorithms could therefore play a key role in
hearing aid technology by processing a multi-talker
signal through the separation of individual talkers by
decomposing a mixed audio signal into individual
sound sources [4—6].

© 2025 The Author(s). Published by IOP Publishing Ltd

to emphasize the target source while suppressing sur-
rounding sources. However, for these algorithms
to be useful in multi-talker scenarios, it is neces-
sary to identify the target source, which can be done
by different techniques including auditory attention
decoding (AAD) [10, 11]. Some studies propose an
end-to-end AAD beamforming approach for speaker
identification [12], however for such cases a multi-
microphone system is necessary for beamforming.
Discerning speech in complex auditory scenarios
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such as cocktail party problems therefore remains
a significant concern for individuals using hearing
aids [13].

AAD has seen remarkable advancements in recent
years. Researchers have employed various method-
ologies such as magnetoencephalography and elec-
troencephalography (EEG) [14, 15] to decode aud-
itory attention by tracking neural oscillatory pat-
terns. Machine learning models have been used with
EEG [16-18] to identify the attended speaker in
multi-speaker scenarios while other studies [19] have
investigated neural mechanisms underlying selective
auditory attention, shedding light on the neural cir-
cuits involved in auditory attention processes. The
evolution of deep learning models, especially those
anticipated for integration into future EEG-guided
hearing aids for real-time AAD, holds significant
promise in enhancing speech comprehension for
individuals with hearing impairments (HIs). These
advancements aim to improve focus and clarity in
noisy environments with multiple speakers, making
communication more accessible and effective [20,
21]. Recent research has shown encouraging develop-
ments in creating such models [22-25].

Traditionally, AAD models have typically been
restricted to linear regression models [10, 26].
However, recent research has increasingly shifted
the focus to using deep learning models for AAD
[27, 28]. Deep learning architectures can decipher
complex patterns in auditory stimuli and uncover
the underlying neural representations [29]. Recent
studies have ventured into applying deep learning
techniques, particularly convolutional neural net-
works (CNNs), to decode auditory attention [30, 31].
Additionally, long-short term memory (LSTM) [32]
and CNN-LSTM ([33] have shown promising results
for AAD. The linear models are more commonly used
due to their simplicity (less parameters) [34] and have
been used across various datasets. Non-linear models
in comparison have typically larger number of para-
meters and have shown to typically outperform linear
models [32, 35]. These investigations have under-
scored the effectiveness of deep learning architectures
in discerning auditory attention within shorter time
intervals (5-20 seconds) as compared to linear mod-
els, which typically require longer time windows to
achieve comparable performance [10].

Stimulus reconstruction has shown to be sensit-
ive to auditory attention [10]: in a scenario where
a listener is told to focus on one sound in a multi-
speaker scenario, the cortical tracking of the attended
target increases compared to the unattended target
[16, 26, 36]. Previous studies have commonly used
stimulus reconstruction for AAD on sources consist-
ing of only speech [11, 31, 36, 37] while sources con-
sisting of music and its combination with speech are
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not as prevalent in the literature concerning AAD
(38-40].

Source waveform separation provides an elegant
solution to separating competing talkers in multi-
talker scenarios but quickly becomes computationally
expensive when the signals have high sampling rates
[41]. Envelope source separation is a good alternat-
ive where we perform source separation directly on
the envelope rather than the waveform of the mixed
source, as it allows downsampling of data from high
sampling rates (48 kHz, 16 kHz, etc) to alow sampling
rate (64 Hz). Additionally, envelope source separation
allows one to have quick access to envelopes, which
are features commonly used for AAD.

In this study, we propose a novel single micro-
phone deep learning based system on competing
speech and music sources, consisting of envelope
based source separation and AAD using stimulus
reconstruction with Pearson correlation [42] as a
loss function. We showcase that envelope based deep
source separation model results in less computa-
tion time compared to waveform based source sep-
aration. Additionally, our models are trained and
tested on a dataset with sources consisting of both
speech and music. We outperform the previous study
by Simon et al [10] on this dataset, achieving bet-
ter performance metrics across all four target and
distractor pairs of speech and music. Unlike their
approach, which assumes perfectly separated envel-
opes (i.e. ideal source separation) and uses separate
models for each pair, we train a single model across
all pairs for both source separation and AAD. We
evaluate our models in simulated conditions using
head related transfer functions (HRTFs) to analyze
the impact that the head, outer ears, and torso have on
the acoustic signals. This allows us to test our mod-
els’ ability to generalize across the HRTF variants.
We also showcase that source separation in the envel-
ope domain suffers no AAD performance degrada-
tion compared to the ideal case, where sources are
not mixed. Finally, we also perform a subject inde-
pendent study and observe only a minor degrada-
tion in AAD performance compared to the case of
using subject dependent models. This work extends
the framework proposed in [43], which examined
AAD leveraging envelope-based source separation
in speech and music contexts. The present study
advances this approach by evaluating its robustness
and generalizability through cross-HRTF analysis,
subject-independent decoding, and evaluation on an
additional dataset.

The remainder of this paper is arranged as follows.
Section 2 discusses the methodology used for envel-
ope separation, AAD and the aforementioned simu-
lations, section 3 discusses the results obtained during
this study and section 4 concludes the paper.
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2. Materials and methods

2.1. Data acquisition

We utilize the data from [10], hereafter referred to
as the AAU dataset. This study included 35 parti-
cipants (14 females and 21 males, aged 21-33) who
had no neurological or HIs. Three participants were
native English speakers, while the rest were pro-
ficient enough to understand English comfortably.
Compensation was provided with their consent. Two
participants were excluded due to poor data quality,
indicated by a high level of artifacts in the raw data
[10].

Each participant completed 32 one-minute tri-
als. During each trial, they were exposed to incoming
sound streams positioned at £30° azimuth in front
of them. Participants were instructed to focus on one
designated sound (the target) and ignore the other
(the distractor), with both sounds being either music
or speech (see figure 1). At the end of each trial, parti-
cipants were asked two questions to assess their atten-
tion level and the quality of their listening experience.

The experiment was conducted in a single session
for each participant. Continuous EEG data was col-
lected at a sampling rate of 512 Hz using a 64-channel
g.HIamp-Research system (g.tec Medical Engineering
GmbH, Austria). The audio data used in this study
had a sampling rate of 48 kHz. The electrodes were
positioned on the scalp according to the 10-20 inter-
national system, and the impedance of each electrode
was maintained below 5 kOhms.

To emulate the physical situation used when mak-
ing the EEG recordings we used head-related transfer
functions (HRTFs) measured on several subjects. The
HRTFs dataset is publicly available [44] and consists
of acoustic impulse responses measured in a slightly
reverberant listening room between a set of loud-
speakers and microphones of hearing aids worn by
test subjects. This dataset includes speakers placed
radially around the participants at 22.5° intervals
and contains full impulse responses used to simulate
reflections from head, outer ears, and torso. We utilize
HRTFs with speakers positioned at +22.5° since they
are the closest match to those used in the AAU data-
set (£30°). These HRTFs are convolved with both the
target and distractor audio sources to simulate the
effects of reverberation, enhancing the realism of the
audio data.

Additionally, we use the DTU dataset [45] which
contains EEG recordings of 18 Danish subjects that
listened to natural speech in Danish spoken by 1 or
2 speakers in three reverberation settings: anechoic,
mild reverberation and high reverberation. For con-
sistency we will be using the 2 speaker scenario with
the anechoic setting. Each subject has 20 anechoic tri-
als, with each trial lasting 50 seconds. The dataset will
be used to both train and evaluate our AAD model.
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Figure 1. A trial begins with a visual cue that indicates the
target source. A 2 s delay is provided to prepare the
participant. Participants then listen to two audio streams
for 60 s and subsequently answer two follow-up questions.

2.2. Stimuli

The stimuli comprised four categories, categorized
into two types (music and speech), each further
divided into two genres:

e Piano Music: 8 excerpts of monophonic instru-
mental pieces played on a piano.

e Electronic Music: 8 excerpts of polyphonic instru-
mental electronic music.

e Speech Female: 8 excerpts from an English audio
book narrated by a woman.

e Speech Male: 8 excerpts from an English audio
book narrated by a man.

Participants encountered consecutive blocks of the
same target type (e.g. 8 trials of Piano Music followed
by 8 trials of Male Speech), with the block order ran-
domized. In each trial, the target and distractor could
be music, speech or both. Each excerpt served as a tar-
get once, with distractors selected to ensure balanced
trials. If both sounds were music, they were of differ-
ent genres. If both were speech, one had to be male
and the other female. The location of the target and
distractor (left or right loudspeaker) was randomized
for each trial.

2.3. Data pre-processing and splitting

The EEG data underwent pre-processing, initially
referencing it to the average of all scalp electrodes.
Independent component analysis (ICA) was per-
formed using EEGLAB and an automated detection
plugin [46] to remove artifacts related to eye blink-
ing or movement. A low-pass filter was applied to
the EEG data at 32 Hz, followed by downsampling
to 64 Hz. Previous research indicates that low fre-
quencies (1-8 Hz) [10] works well for envelope recon-
struction when using linear models, while for non-
linear models such as deep learning, using a broader
frequency range has shown to further improve the
performance [31].
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Figure 2. Deep neural network for auditory attention decoding.

tanh activation function.

For each trial, we had access to the normalized
target and distractor audio streams. These streams
were combined to create the mixed audio source.
The envelopes of the mixed audio source, the tar-
get audio source, and the distractor audio source
were found using the Hilbert transform [47, 48]. The
envelopes were low-pass filtered to 32 Hz and then
downsampled to 64 Hz to align with the EEG data.
Both the EEG and envelopes were normalized to zero
mean and unit standard deviation.

After pre-processing, each trial is segmented into
time windows of 20 seconds with no overlap between
corresponding samples. The data is then split using
inter-trial splitting [11, 49, 50] into train, test and val-
idation sets, with trials for both testing and valida-
tion drawn from completely unseen trials. To achieve
this, out of the 32 trials for each subject, 4 trials are
reserved for testing and 4 trials for validation, leaving
the remaining 24 trials for training. The 4 trials desig-
nated for testing/validation encompass one trial from
each of the following four cases:

e Target speech vs. distractor speech.
e Target speech vs. distractor music.
e Target music vs. distractor speech.
o Target music vs. distractor music.

Previous studies have highlighted the importance of
proper data splitting [11, 50], as improper split-
ting can lead to deep learning models training on
artifacts specific to each trial, resulting in bloated
performance.

2.4. Source envelope separation and auditory
attention decoding

For source envelope separation we utilized Conv-
Tasnet [6], where typically Conv-Tasnet has only
been used for time domain waveform separation,
with the exception of a previous study by Tanveer
et al [43], which showcases how source separation
can be done in the envelope domain using Conv-
Tasnet. Training was conducted over 100 epochs with
a batch size of 32, using the Adam optimizer [51]

4

Average pooling: (1, 4)
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Convolution block

Filters: 16 3 >
Kernel: (1, 32)
Padding: Same

Average pooling: (1, 4)
Dropout 2D: 50%

Dropout 2D: 50%

Fully connected
layer

Each convolution block is followed by batch normalization and

with default parameters. The best model weights were
saved based on performance on the validation data
throughout the 100 epochs. The loss function used
was the scale-invariant signal-to-noise ratio (SI-SNR)
[6]. Permutation invariant training was applied to
address the source permutation problem [7].

Following source separation, we perform stim-
ulus reconstruction using the model illustrated in
figure 2. This model is inspired by both Inception-
net and EEG-net [52, 53]. The input data consists of
64-channel EEG recordings with lengths correspond-
ing to the time window used. The data first passes
through three different temporal convolution blocks,
followed by spatial convolution blocks. The outputs
of the three spatial convolution blocks are concaten-
ated along the filter dimension, then average pool-
ing is applied along the temporal dimension to down-
sample the data, with dropout used to prevent overfit-
ting. The final block consists of a convolution block,
followed by average pooling, dropout, and a fully con-
nected layer to generate envelopes similar in shape to
the target envelopes.

The source envelope separation model [6]
provides the target and distractor envelopes from
the mixed source, and the AAD model is then trained
on the target envelopes. The model is trained for
50 epochs with early stopping to prevent overfitting
and a batch size of 32. The Adam optimizer with
default parameters was used and the loss function
was Pearson correlation:

> (i —%) (i —7)

Loss = —

; (1)

where x; and x are the EEG envelope samples and
mean EEG envelope while y; and y are the target envel-
ope samples and mean target envelope for each batch.

3. Results

3.1. Source envelope separation
We test how well Conv-Tasnet performs using SI-
SNR [6] as a measure of performance, as it is also
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Table 1. Scale invariant signal to noise ratio (SI-SNR) scores for source envelope separation across different HRTF variants obtained
when training and testing are conducted using the same variant of HRTE. ‘Original’ refers to the original variant of the data, without any

influence of HRTFs.
SI-SNR score (dB) for source envelope separation
Original HRTF1 HRTF2 HRTF3 HRTF4 HRTF5 HRTF6 HRTF7 HRTF8 HRIF9 HRTF10
15.9 13.4 14.1 13.6 13.1 13.9 13.7 13.4 13.6 13.3 13.5
12 4
o
10 4
: é
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&
Z
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Figure 3. SI-SNR scores obtained by training on each HRTF variant and testing across all HRTFs, showing the models’

generalization across different HRTF variants.

used as the loss function for training the model.
Additionally, we use 10 randomly selected subjects
from the HRTFs [44] to test how well the model per-
forms when exposed to outer ear, head and torso
effects.

Table 1 shows the results obtained when the mod-
els are trained and tested on the same variant of HRTF
(avariant is a particular HRTF from the 10 available).
The results indicate that the models generally perform
well when trained and tested on the same variant of
HRTE. The results for testing across HRTF variants
can be found in figure 3, where box plots represent
how a model trained on a particular HRTF performs
when tested on all other HRTF variants. As we can see,
the original model (trained without any HRTF influ-
ence) performs very poorly when tested across HRTFs
giving an average SI-SNR around 2 dB. Similarly,
when checking the other HRTFs" performance, we
found that the lowest performing outlier for each
HRTF variant is on the original variant (i.e. HRTF
variants 1-10, perform worst on the original variant).
In general, a model trained on an HRTF from one
subject generalizes well across HRTFs from other sub-
jects, showing only slight performance decrements,
which is not the case when the model is trained on the
AAU dataset (without HRTF influence) and tested on
HRTF variants.

It is of interest to understand whether the envel-
opes obtained by source separation are similar to the

envelopes that would be obtained from the original
unmixed audio signals. To assess this, we use the
strategy shown in figure 4. Here we use the avail-
able original target/distractor audio sources, which
were combined to make the mixed audio source. We
convert this mixed audio source into a mixed envel-
ope, which is then passed through the source envel-
ope separation model to obtain the separated target
and distractor envelopes. These separated target and
distractor envelopes are then compared with the ori-
ginal target and distractor envelopes, using Pearson
correlation. Additionally, we test across the 10 HRTF
variants for target and distractor envelopes to see how
well the models perform for each case.

Table 2 shows the Pearson correlation score
achieved after source envelope separation, between
our separated target/distractor envelopes and the ori-
ginal target/distractor envelopes. We pair both targets
and distractors to test these conditions: (a) the correl-
ation score should be high for correct pairs (target-
target vs. distractor-distractor) and (b) the correla-
tion score should be low for incorrect pairs (target-
distractor vs. distractor-target). As we can see, the
correlation score shows promising results, giving very
high scores when the correct pair is found, which
indicates the high accuracy of the given model in
source separation. However, we see a comparatively
lower score for HRTF 2 and HRTF 4, highlighting that
the source envelope separation does not perform that
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Figure 4. Strategy overview: Relating envelopes from source envelope separation back to their original audio sources, by using
Pearson correlation as a measure between separated envelopes and original envelopes.

Table 2. Pearson correlation scores between envelopes from source envelope separation and envelopes from the original sources. We test
on 10 different HRTF subjects and the original case without convolving with any HRTF.

Target\ Target\ Distractor\  Distractor\
Subject Target Distractor Distractor Target
Original 0.96 0.06 0.96 0.06
HRTF 1 0.93 0.09 0.93 0.10
HRTF 2 0.70 0.08 0.69 0.07
HRTF 3 0.93 0.10 0.94 0.09
HRTF 4 0.59 0.07 0.59 0.08
HRTF 5 0.94 0.09 0.94 0.08
HRTF 6 0.93 0.09 0.94 0.09
HRTF 7 0.93 0.10 0.93 0.10
HRTF 8 0.93 0.10 0.93 0.10
HRTF 9 0.92 0.11 0.93 0.11
HRTF 10 0.93 0.09 0.93 0.09

well for these two variants. We visually inspected the
time domain signals and the frequency responses of
both HRTF 2 and HRTF 4 and compared them to
the other HRTF variants. We were not able to observe
any noticeable differences. To further investigate this
issue, we have also used DPTNet [54] in addition to
our Conv-Tasnet model for envelope based source
separation. Unfortunately, the DPTNet results indic-
ate weaker overall performance, with notably low cor-
relation scores of 0.33 for certain HRTF subjects (spe-
cifically HRTF 3, 4, 5, and 7). The underlying reason
for why one model struggles with certain HRTFs
while another encounters difficulties with different
HRTFs remains unclear.

Our data consists of four cases with speech and
music acting as both targets and distractors. To assess
our source envelope separation we also wish to test
how the different models perform for each of the four
cases. Figure 5 shows the SI-SNR scores for the envel-
ope separation of each case across all HRTF variants.
Each HRTF variant is tested on its specific test set,
with 1 trial for each case coming from each subject in
the data. The cases of speech vs. speech and music vs.
music show comparable results, while notably music
vs. speech seems to outperform speech vs. music.

3.2. Auditory attention decoding

After source envelope separation we wish to test how
well our model performs for AAD. The model is
trained separately on each HRTF variant (including
the original data, with no HRTF influence). We test
how well each model performs on its specific HRTF
test data. Table 3 highlights these results for both
accuracy and Pearson correlation (for both target and
distractor). We notice that in most cases the perform-
ance does not vary noticeably across HRTF variants.
This is in line with existing work demonstrating that
the AAD performance does not change significantly
across reverberant scenarios (anechoic, reverberant,
noisy, and reverberant-noisy) [55]. The original vari-
ant outperforms all HRTF variants, with HRTF 2 and
HRTF 4 performing the worst out of all the variants
due to poor source envelope separation (see table 2).
In order to further test this theory, we evaluate our
AAD model on the idealized envelopes (see table 3)
where for HRTF 2 and HRTF 4 variants we achieve
an accuracy of 80.03% and 78.03% respectively. This
shows that the lower performance seen in table 3
comes as a consequence of poor source envelope sep-
aration. Additionally, table 3 shows comparable per-
formance when envelope separation is used compared
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Figure 5. Source envelope separation SI-SNR scores for each of the four cases using both speech and music pairs as both

targets/distractors.

to idealized envelopes, highlighting that (excluding
HRTF 2 and HRTF 4) de-mixed envelopes perform
just as well as original idealized envelopes for AAD.

While the Pearson correlation scores for each
HRTF (excluding HRTF 2 and HRTF 4) remain com-
parable to the original variant, the accuracy fluc-
tuates noticeably. Notably, the Pearson correlation
scores under discussion pertain only to the target
envelopes.

To further analyze the models we test each vari-
ant across all other variants for both accuracy and
Pearson correlation. The results can be seen in violin
plots shown in figures 6 and 7. The accuracy plot
shows that each variant seems to be more evenly
spread around the mean which is in contrast to what
we see in figure 7, where the Pearson correlation for
each variant (excluding the original) seems to be more
concentrated around the upper range. We also see that
HRTF 2 and HRTF 4 perform poorly in comparison,
even across other HRTFs while this is not the case
for other HRTFs which generalize well even across
HRTF 2 and HRTF 4. This is likely because the envel-
opes for HRTF 2 and HRTF 4 are poorly separated
and do not show strong resemblance to their idealized
unmixed counter parts (as shown in table 2), mak-
ing their respective models less robust and as a res-
ult, those models perform poorly across all variants.
From the results obtained, it seems that the proposed
model for AAD is relatively consistent in its perform-
ance across all HRTF variants.

Similarly to SI-SNR, we also wish to test how
well our AAD model performs for each of the four
pairs consisting of targets/distractors as both speech
and music. Figures 8 and 9 show the mean with

error bar plot for accuracy and Pearson correlation
achieved across all HRTF variants. On average we
see HRTF 2 and HRTF 4 perform the worst across
all HRTFs, which is similar to the results obtained
previously. Additionally, we notice that the music
vs. speech scenario has the lowest average accuracy
and Pearson correlation compared to the other cases.
This is inline with our expectation, as the subjects
often claimed that paying attention to music with
background speech was the most difficult during data
collection. It is worth noting that HRTF 2 and HRTF
4 perform the worst when the target is speech, high-
lighting the reason that the overall performance drop
in these two variants is due to scenarios where the
target is speech. This shows that HRTFs in certain
cases have a much more notable impact on speech
as compared to music. Music vs. music has a higher
average accuracy and Pearson correlation score com-
pared to the other three cases, which is interesting
when compared to SI-SNR scores in figure 5, where
music vs. music shows the lowest performance. This
once again indicates that SI-SNR score is not the
best indication for what can be achieved by the AAD
model.

3.3. Subject independent training and evaluation

One of the key measures for evaluating deep learn-
ing models is their ability to generalize to unseen sub-
jects. Our evaluation previously was on unseen tri-
als but subject dependent data. In this section, on the
other hand, we will provide subject independent res-
ults for two datasets; the AAU dataset [10] and the
DTU dataset [45]. The AAD model is trained and
then evaluated individually on both datasets. We use



Table 3. Auditory attention decoding results in both accuracy and Pearson correlation for each HRTF variant, including the original variant without any HRTF influence. The table shows Pearson correlation scores for both
target/distractor and shows results when using envelope separation with AAD (De-mixed envelopes) and when not using envelope separation, having access to ideal envelopes.

Accuracy (%) and Pearson correlation for auditory attention decoding

De-mixed envelopes
Accuracy

(Pearson correlation) arger
(Pearson correlation) gistracror
Idealized envelopes
Accuracy

(Pearson correlation) arger
(Pearson correlation) gisracror

Original
82.4
0.122
0.004

83.0
0.132
0.001

HRTF 1
79.0
0.121
0.001

80.1
0.128
0.003

HRTF 2
64.7
0.068
0.005

80.0
0.125
0.001

HRTF 3
75.5
0.112
0.002

82.3
0.130
0.002

HRTF 4
65.6
0.071
0.001

78.1
0.124
0.001

HRTF 5
77.5
0.117
0.009

80.3
0.133
0.002

HRTF 6
78.3
0.116
0.005

78.8
0.132
0.001

HRTF 7
76.5
0.110
0.007

80.5
0.129
0.003

HRTF 8
77.3
0.108
0.004

80.1
0.125
0.004

HRTF 9
80.1
0.116
0.003

81.6
0.138
0.001

HRTF 10
79.0
0.120
0.008

79.5
0.126
0.002
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Figure 6. Violin plot, showing accuracy of each HRTF variant’s performance across all other variants. The middle line for each
violin plot shows the mean while the shape signifies how the values are spread.
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Figure 7. Violin plot, showing Pearson correlation of each HRTF variant and how well the model for each variant generalize

across the other HRTF variants.

hold-out method to take out 10 subjects from the
AAU dataset and 5 subjects from the DTU dataset,
and train the AAD model on the remaining data. The
models are then tested on the hold-out subjects. We
choose 5 subjects from the DTU dataset for evalu-
ation due to the smaller dataset size and using more
hold-out subjects makes it impossible for the deep
learning model to learn.

Figure 10 shows the accuracy on the held-out sub-
jects for both AAD models on their respective test
datasets. From the figure we can see that the AAD
model performs very well on AAU dataset with an
average accuracy of 79.5%. However, the model does
not seem to perform as well on the DTU dataset with
an average accuracy of 66.0%, which is likely due

to the much smaller dataset size of the DTU data-
set, especially due to only using anechoic trials, mak-
ing it much harder for the model to learn effect-
ively. Figure 11 shows the Pearson correlation scores
for both datasets for both target and distractor. The
target Pearson correlation for the AAU dataset once
again noticeably outperforms the DTU dataset, with
the distractor Pearson correlation scores being much
lower for both datasets.

3.4. Source envelope vs. waveform separation

Source envelope separation shows potential due to
its lower memory requirement and potential faster
processing. In order to compare our models for both
source envelope separation and source waveform
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Figure 8. Accuracy error bar plot for each case of music/speech as target/distractor across all HRTF variants. Horizontal dashed
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separation, followed by AAD, we test our pipeline
while only altering the source separation method-
ology by training Conv-Tasnet on audio data. The
audio data is downsampled to 16 kHz from the
original 48 kHz. Table 4 shows the AAD performance
for both cases. The AAD accuracy and Pearson cor-
relation for source envelope separation outperforms
source audio separation. Additionally, we test how
much time it takes (on average) for the pipeline to
evaluate a single 20 s time window. In order to eval-
uate this, we test the time taken for evaluation across

each sample in the test dataset and average across all
times. The source envelope separation scenario eval-
uates samples approximately 13 times faster than the
source audio separation scenario. We also conduct a
t-test to determine if the differences in performance
for the three given metrics (accuracy, Pearson correla-
tion and time) are statistically significant. The results
show that neither accuracy nor Pearson correlation
differ significantly. However, the evaluation time is
significantly faster for envelope separation compared
to waveform separation.
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Figure 10. Hold-out subject accuracy for both the AAU dataset and DTU dataset. Both AAD models are trained and evaluated
separately for each dataset. The dashed line represents average performance across tested subjects.
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Figure 11. Violin plot with Pearson correlation score for both target and distractor across subjects, for both the AAU dataset and
DTU dataset for each AAD model.

Table 4. AAD performance comparison between two source separation methodologies.

AAD results after source separation

Accuracy (%)  Pearson correlation Time (s)*
Envelope separation 82.4 0.122 0.04
Waveform separation  78.9 0.114 0.53
p-value 0.186 0.337 0.0002

* Average time taken for evaluating 20 s time window segments.

M A Tanveer et al

3.5. AAD performance over increasing time
windows

In order to evaluate whether higher performance
could be achieved at greater time windows, we eval-
uate our model on the original variant of the data-
set at increasing time windows as shown in figure 12.
We see that with increasing time windows the final
AAD accuracy for the pipeline increases until a satur-
ation level is achieved around 30 s. The results sug-
gest that, for this pipeline and dataset, increasing the

time window is unlikely to significantly improve per-
formance which is contrary to typical expectations for
correlation-based algorithms. A likely reason is that
longer time windows reduce the number of available
training samples for the deep learning model.

In order to compare with a baseline we use a lin-
ear model in place of the deep learning AAD model,
while keeping the source separation model fixed. For
the linear model we use a single layer perceptron net-
work, following the same data split for training and

11



10P Publishing

J. Neural Eng. 22 (2025) 036006

M A Tanveer et al

100

Accuracy (%)

82.4| 84.8] [85.9] [86.4| [86.9

10

20 30 40 50 60

Time window (s)

Figure 12. Average accuracy over increasing time window for the given pipeline on the original variant of the dataset.

evaluation. Figure 13 shows the results over increas-
ing time windows for both. From the figure we can see
that the deep learning pipeline outperforms the linear
model (with source separation) with increasing per-
formance difference over time.

3.6. Comparison to existing linear model

Simon et al [10] has worked on the AAU data-
set, using a linear model with 60 second time win-
dows to perform stimulus reconstruction and test
for AAD. However, their proposed pipeline does not
include any source separation but assumes availabil-
ity of perfectly separated envelopes. Additionally, they
train separate models for each of the four target vs.
distractor pairs for speech and music as opposed to
the proposed study. Figure 14 shows the perform-
ance comparison between our single model evalu-
ated on each of the four cases vs. Simon et al’s indi-
vidual model’s performance on the four cases, with
our pipeline better performing in all four cases. From
the figure, we see a similar trend in performance
across the four cases, with music vs. speech being the
most difficult to classify while speech vs. music is the
easiest to classify. Additionally, we note that both our
linear model and Simon et al [10], do not result in
very high performance on the AAU dataset, unlike
what is seen commonly in literature where studies
show better results when using a linear model for
AAD. This suggests that the given dataset, with mix-
ture of speech and music, results in a more challen-
ging environment for linear models to perform.

4. Discussion

In the current study we propose a single microphone
system, where we perform source separation directly
on the envelopes of mixed audio sources followed
by AAD to identify the target source using stimulus
reconstruction. The proposed study shows how envel-
ope based source separation is computationally far
less expensive than waveform based source separation
and provides competing performance when tested
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with the latter. Furthermore, the study highlights how
the pipeline performs when exposed to sources con-
sisting of both speech and music, something lack-
ing in previous literature as generally research on this
matter comprises mostly of sources containing only
speech.

We evaluate our pipeline across different HRTFs
capturing outer ear, head and torso acoustics in a low
reverb room to test how well the models generalize
across listeners. Based on our results it seems evid-
ent that source separation performance seems to vary
consistently across the four pairs of speech and music
(see figure 5). Additionally, we see that the source
envelope separation performance does not notice-
ably impact AAD performance as seen in figures 6
and 7, with the exception of HRTF 2 and HRTF 4.
Furthermore, we see that source envelope separation
at times does not represent how well the AAD model
may perform as seen from HRTF 2 and HRTF 4
variants’ performance, where we see good envelope
separation SI-SNR scores (see figure 5) and yet see
poor AAD performance (see table 3). This is because
although we get good SI-SNR scores, the resulting
envelopes do not seem to correlate that well with their
idealized counterparts (as seen in table 2).

Table 5 presents a comparison of our proposed
deep learning pipeline with previous literature. It is
important to recognize that direct comparisons with
other literature is challenging due to variations in
datasets, experimental design, and individual sub-
ject characteristics. While many studies use speech
as the target and distractor, our experimental design
adds complexity by incorporating sources contain-
ing both speech and music. This enhances realism
but also increases difficulty. However, in order to
make it easier to compare the performance to exist-
ing work, we include results where we evaluate our
given pipeline for only speech as target/distractor and
also for an idealized scenario where we assume access
to perfectly separated envelopes without the use of
source separation, as done by many previous studies.

Among the literature, one previous study has
used envelope based source separation with AAD.
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Table 5. Comparison of envelope based source separation with auditory attention decoding between our study and previous literature,
including linear regression (LR), deep learning (DL), multichannel wiener filter (MWF), single-microphone (SMP) system and
multi-microphone (MMP) system. Idealized: scenario where no source separation is used, assuming access to perfectly separated

envelopes.
Source Microphone Time

Study separation  Method system Dataset window (s)  Accuracy (%)

Simon et al [10] Idealized LR — Speech and music 60 73.2

Ciccarelli et al [30] Waveform DL SMP Speech 10 62.0

Nguyen et al [34] Idealized DL — Speech 20 78.0

Mirkovic et al [56] Idealized LR — Speech 60 88.0

Fuglsang et al [57] Idealized LR — Speech 40-50 80.0-90.0

Eyndhoven et al [58] Envelope =~ MWF MMP Speech 30 83.0

Han et al [59] Waveform DL SMP Speech 16 95.0

Das et al [60] Waveform DL with MWF MMP Speech 30 75.0-83.0

O’Sullivan et al [61]  Waveform DL SMP Speech 20 73.0

Yan et al [62] Idealized DL — Speech 60 77.5

Current study Envelope DL SMP Speech and music 20 82.4
Envelope DL SMP Speech 20 82.8
Idealized DL — Speech and music 20 83.0
Idealized DL — Speech 20 83.3
Envelope LR SMP Speech and music 20 69.4
Idealized LR — Speech and music 20 70.6
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Eynhoven et al [58], propose the use of multiplicat-
ive non-negative ICA for envelope based source sep-
aration followed by MWF for AAD. Their pipeline
uses 30 s time windows with a multi-microphone sys-
tem contrary to the proposed methodology which
uses a single microphone system using deep learn-
ing for both envelope separation and AAD show-
ing comparative performance, despite a 10s smal-
ler time window. Ciccarelli et al [30] and Das et al
[60] propose audio based source separation in their
AAD pipeline, with the latter producing compar-
able results to the proposed methodology, although
at larger time windows. Han et al [59] propose an
end-to-end, single-microphone system for waveform
separation and AAD using deep learning. The system
operates with a 16 s time window and achieves around
95% accuracy. Contrary to our study the authors do
not use envelope based stimulus reconstruction but
rather use frequency spectrum based stimulus recon-
struction, training the AAD model to generate the fre-
quency spectrum of the audio sources. Nguyen et al
[34] using idealized envelopes (without source sep-
aration) output 78.0% accuracy for their deep learn-
ing based AAD pipeline, our pipeline outperforms
them with an accuracy of 83.3% when only consid-
ering speech sources. Yan et al [62] proposes a deep
learning AAD model in a four speaker scenario, using
a 1-60s time windows. Their model results in an
accuracy of 77.5% for 60 s time windows, it is worth
noting that a four speaker scenario is a more com-
plex scenario than the proposed two speaker scen-
ario. Fuglsang et al [57] introduce a linear regression
model in their AAD pipeline. Using time windows
of 40-50 s, they are able to achieve a certain degree
of robustness towards various reverberant scenarios,
ranging from mildly to highly reverberant cases. Our
results support these findings by demonstrating that
robustness can also be achieved under the influence of
HRTFs. It is important to emphasize the inherent dif-
ficulty in making direct comparisons with existing lit-
erature, primarily due to variations in datasets, model
architectures, and evaluation protocols. To address
this, we have made an effort to at least approxim-
ately obtain comparable experimental conditions by
focusing on specific scenarios commonly reported in
prior work, such as speech-only target stimuli, and
by evaluating performance across varying temporal
windows.

5. Conclusion

In this paper we propose a deep learning based source
envelope separation and AAD using a single micro-
phone system. The source envelope separation model
allows for faster computation and lower memory
requirements due to lower sampling rate of envel-
opes as compared to audio signals. The dataset used
in the study consists of both speech and music pairs

14

M A Tanveer et al

for targets and distractors. The study looks into how
well the models perform on sources consisting of both
speech and music and how well the models generalize
variants of the AAU dataset that include the effect of
HRTFs. The results highlight that the models trained
on 20s time windows generalize well across differ-
ent HRTFs, while showing that scenarios consisting of
target as music and distractor as speech result in the
lowest performance as such scenarios are most diffi-
cult for subjects to pay attention to the target speech.
Additionally, we note that for certain HRTFs, the per-
formance when the target is speech is more negatively
impacted than when the target is music. A relevant
topic for future work is explaining the performance
disparity among different HRTF cases by evaluating
with different pipelines, containing different source
separation and AAD models.
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