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Abstract

Auditory Attention Decoding (AAD) identifies a listener’s
focus in complex auditory scenes based on cortical neural re-
sponses. High decoding performance using DNN-based meth-
ods has been achieved with public EEG datasets. However,
performance may be overestimated as models might learn
temporal-autocorrelation features rather than auditory attention-
related features. While data splitting risks have been discussed,
experimental design risks have not. In this work, we collected a
non-block design (NBD) scalp-EEG and ear-EEG joint dataset
and compared it to previous block design (BD) datasets using
DNN-based models. Results show a significant accuracy drop
from BD to NBD dataset, while a linear stimulus reconstruction
model remains robust. Inter-trial phase coherence analysis con-
firms stronger neural phase-locking to attended speech in BD
dataset. These findings suggest BD enhances coherence of neu-
ral response but risks overestimating AAD accuracy. Code and
data are released.

Index Terms: auditory attention decoding, EEG, experimental
design

1. Introduction

In complex auditory scenes with multiple simultaneous speak-
ers, listeners can focus on a target speaker while ignoring others,
a phenomenon known as the “cocktail party problem” [1]. Neu-
roscience research has shown that auditory selective attention
enhances cortical neural responses to the attended stream, en-
abling the development of auditory attention decoding (AAD)
techniques that use EEG or MEG to identify the attended object
[2]. It has also been demonstrated that auditory spatial attention
is neurally encoded as brain lateralization, and the locus of at-
tended location can be identified via EEG, when target and com-
peting streams are spatially separated [3, 4, 5]. Based on these
findings, auditory spatial attention decoding (ASAD) methods
have been developed[6, 7, 8], with potential applications in cog-
nitively controlled hearing devices [9, 10].

In EEG recordings for AAD studies, the trial serves as the
fundamental experimental unit. During each trial, usually over
60-second, participants are required to maintain continuous au-
ditory attention to a pre-defined target [11, 12, 13]. However,
emerging evidence raises critical concerns in AAD regarding
the effects of temporal autocorrelations (TAs) in EEG signals
[14]. As adjacent temporal segments inherently exhibit higher
signal similarity than distant ones, conventional “within-trial”
data splitting strategies - when continuous EEG signals of a
given class are segmented into samples and further split into
training and test sets - risk inducing model overfitting to TAs
features rather than auditory attention features [15, 16, 17, 18].
Although splitting strategies like “leave-trials-out” have been
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proposed to mitigate the overestimated performance [15], recent
studies suggest that the persistence of TAs (spanning hundreds
of seconds) might influence larger experimental units, such as
blocks in block design experiment [17].

The block design paradigm, in which participants maintain
identical task conditions across consecutive trials, is a common
experimental design in cognitive research [19]. It indicates that
this design enhances signal-to-noise ratio (SNR) through condi-
tion repetition and stabilizes behavioral responses, thereby fa-
cilitating neuroimaging data classification [20]. Block design
is also employed in many AAD studies (e.g., [21, 22, 23, 24]).
However, its impact in AAD research remains unclear:

1) In other BCI tasks, such as image decoding or imag-
ined speech decoding, block design has been proposed to en-
able models to learn block-level TAs rather than stimulus-driven
neural activity[17, 25]. Whether similar effects exist in AAD
remains unexplored, potentially compromising the validity of
AAD models.

2) When conditions are presented in blocks, humans tend
to react more consistently and respond faster [26, 27]. How-
ever, whether block design offers similar benefits for AAD
tasks—particularly for ASAD—remains ambiguous.

To investigate whether experimental design affects AAD-
related experimental results, we collected a non-block design
scalp-EEG and ear-EEG joint dataset under a multi-speaker
condition. The experimental stimuli were identical to those
used in previous work [24, 28], with the only difference be-
ing that, in our design, the direction of the target speaker was
randomly varied for each trial, rather than remaining constant
across the 10 trials within a block. This dataset was jointly
analyzed with previous public block design datasets [24, 28].
We used representative ASAD models, including CNN [6]
and STANet [7] to compare decoding performance between
datasets. Given that these DNN-based models may be prone to
overfitting on specific features, we also applied a linear stimu-
lus reconstruction algorithm for further comparison. Inter-Trial
Phase Coherence (ITPC, [29, 30]) was used to assess neural re-
sponse phase coherence. The main contributions of this paper
are summarized as follows:

1) We collect and release a non-block design scalp-EEG and
ear-EEG joint dataset, which provides a resource for investigat-
ing AAD in more complex and realistic experimental settings.

2) We investigate the impact of experimental design on
the performance of ASAD models, specifically exploring how
block design and non-block design conditions influence decod-
ing accuracy and neural feature extraction.

The implementation code and dataset are available
on Github: https://github.com/shirleyyan0120/
BDandNBDcode-1525 and Zenodo: https://zenodo.
org/records/14887886.
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Figure 1: Schemetic of Block Design and Non-Block Design in the experiment. Each square represents a trial, with different colors

indicating different auditory spatial attention conditions.

2. Materials and Methods
2.1. Participants

Sixteen university students with normal hearing, aged between
18 and 26 years, participated in the experiment. All participants
were native Mandarin speakers and right-handed, with twelve
of them being male. Prior to the experiment, they were briefed
on the procedure and objectives. The study design followed
ethical guidelines and was approved by the Peking University
Institutional Review Board.

2.2. Stimuli and experimental procedure

The audio stimuli used in this experiment were drawn from the
Chinese speech materials (Twenty Thousand Leagues under the
Sea by Jules Verne) as described in previous work [21]. The
preprocessing of these stimuli followed the same procedure as
in [24, 28]. To ensure comparability, the experimental environ-
ment was kept the same as in previous works[24, 28]. Partici-
pants were instructed to focus on the audio from the target spa-
tial location while ignoring the others. During stimulus presen-
tation, subjects maintained visual fixation on a white crosshair
displayed on the computer screen in front of them, keeping their
head fixed.

Unlike previous studies [24, 28], this experiment employed
anon-block design, where the sequence of the 40 trials was ran-
domly shuffled before each experiment, meaning adjacent trials
could involve different spatial attention conditions, as shown in
Fig. 1. To ensure an even distribution of experimental condi-
tions, each spatial attention condition was attended to in exactly
10 trials for a total of 40 trials.

2.3. EEG data acquisition and preprocessing

During the experiment, subjects were seated comfortably in an
anechoic room. Scalp-EEG and ear-EEG were recorded simul-
taneously using two different devices while the subjects per-
formed the auditory task. Scalp-EEG was collected with a
64-channel EEG amplifier (NeuSen Wireless EEG/ERP, Neu-
racle, China), and EEG signals were recorded at a sampling
rate of 1000 Hz using the NeuSen Recorder software (Neuracle,
China). The electrodes were placed using an EEG cap (Neura-
cle, China), following the international 10-20 system. Contin-
uous ear-EEG data were recorded with a SAGA 32+/64+ am-
plifier (TMSi, Oldenzaal, the Netherlands) and two cEEGrids
[31], acquired via Polybench 1.34 software (TMSi, Oldenzaal,
the Netherlands). The cEEGrids were positioned around both
ears, with an additional wrist electrode used as the ground. Ear-
EEG data were re-referenced to a common average reference,
sampled at 500 Hz, and stored for offline analysis.
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The data preprocessing was identical to the procedures used
in our previous work [24, 28]. For ASAD, the EEG data was
down-sampled to 128 Hz, bandpass filtered between 14 and 31
Hz, and normalized. For subsequent analysis, both scalp-EEG
and ear-EEG data were band-pass filtered between 2 and 8 Hz,
as low-frequency neural activity (< 8 Hz) in the auditory cortex
has been reported to be phase-locked to speech envelopes [21,
22]. The data were then baseline-corrected and downsampled to
64 Hz. These steps were performed using the EEGLAB toolbox
in MATLAB.

2.4. ASAD models

The CNN [6] model and STANet [7] were utilized for all
datasets to evaluate the performance of ASAD.

We trained a model for all subjects in one specific dataset,
employing a 5-fold cross-validation. For each fold in each
dataset, 60% of trials per subject were used for training, 20%
for testing, and 20% for validation. These trials were further
segmented into corresponding decision windows: 0.5-second,
1-second, and 2-second. The final results were calculated as the
mean and standard deviation across these 5-folds.

2.5. Speech stimulus reconstruction

The SR method was the same as previous work [21, 24, 28, 32].
When extracting the speech temporal envelope, each clean
speech waveform was processed through a filter bank of 8 band-
pass filters to simulate the basilar membrane’s bandpass char-
acteristics. The center frequencies of these filters ranged from
150 Hz to 8000 Hz, evenly spaced on the equivalent rectangular
bandwidth (ERB) scale. A Hilbert transform was then applied
to the output of each filter to obtain the corresponding analyti-
cal envelope. To account for cochlear compression nonlinearity,
the signals were raised to a power of 0.3, followed by low-pass
filtering at a cutoff frequency of 8 Hz. Finally, the envelopes
from all frequency bands were averaged.

A set of spatio-temporal filters g(7,n) (also called de-
coders) represents the linear backward mapping from the neural
response EEG r(t,n) (sampled at discrete time ¢t = 1,,7 at
EEG channel n = 1,, N) to the temporal envelope of speech
stimulus s(t), as shown in equation 1:

§(t)=>_> r(t+7n)g(r,n) (1)

where §(t) represents the reconstructed speech envelope.
The filters integrate the neural responses across a certain range
of time lag 7, then the integrated signals are summed across
channels to obtain the reconstructed speech envelope. For
each trial, the reconstructed envelope was calculated through



the decoder, and the correlation (Pearson’s r) between the re-
constructed and attended speech envelopes was computed. A
speech stream was considered correctly identified if the corre-
lation with the attended envelope was higher than with the other
three unattended envelopes. The decoding accuracies of scalp-
EEG and ear-EEG were evaluated by the percentage of correctly
identified trials for each subject.

3. Results
3.1. ASAD models

As shown in Table 1, the results revealed a significant drop in
decoding accuracy for both scalp-EEG and ear-EEG under non-
block design conditions compared to block design conditions
across all decision window lengths.

Table 1: Comparison of ASAD accuracy (%) between datasets
with different experimental designs achieved by CNN [6] and
STANet [7] for 3 decision windows (0.5s, 1s, 2s). S-BD: Scalp-
EEG with Block Design [24]; S-NBD: Scalp-EEG with Non-
Block Design (Ours); E-EEG BD: Ear-EEG with Block Design
[28]; E-NBD: Ear-EEG with Non-Block Design (Ours).

Model Dataset Decision Window

0.5s 1s 2s
S-BD 86.8+2.4 82.542.0 76.643.1
CNN S-NBD 29.343.2 294434 29.4+3.6
E-BD 85.3+1.7 83.5+£2.2 82.842.3
E-NBD 32.04+2.1 33.242.4 34.0+£2.6
S-BD 91.7+19 92.34+1.5 92.24+1.6
S-NBD 28.842.9 29.1+2.8 27.5£1.6
STANet E-BD 91.1+0.8 91.44+0.8 90.440.8
E-NBD 26.4+1.2 26.4+0.8 25.44+0.4

To further testify that the model is more likely to overfit to
“block” features, we replaced the original trial labels of non-
block design datasets (representing four spatial-directions, la-
beled 0-3) with pseudo-labels based on the trial’s playback or-
der within its *block’ (e.g., trials with playback order 1-10 were
assigned label 0, trials with playback order 11-20 were assigned
label 1, and so on), while keeping all other procedures identical
to those in Table 1. For block design datasets, assigning pseudo-
labels based on the block effectively mirrors the original true
labels, since in block design experiments, all trials within the
same block share the same label. As a result, the ASAD pseudo-
label accuracy achieved by the CNN and STANet for block de-
sign data was identical to the results in Table 1 for block design.
These results are presented in Table 2. The decoding accuracy
for these pseudo-labels remained high in the non-block design
condition, compared to the results in Table 1 for non-block de-
sign data.

3.2. Stimulus reconstruction

After observing a drop in decoding accuracy under the non-
block design using ASAD models, we hypothesized that direct
classification of labels in ASAD models could be one of the
influencing factors. To further investigate this, we employed
a simple linear reconstruction model to reconstruct the speech
envelope and assess its impact. The speech temporal envelope
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Table 2: ASAD pseudo-label accuracy (%) achieved by CNN [6]
and STANet [7] in our datasets for 3 decision windows (0.5s,
1s, 2s). S-pNBD: Scalp-EEG with Non-Block Design when giv-
ing pseudo-labels; E-pNBD: Ear-EEG with Non-Block Design
when giving pseudo-labels.

Decision Window

Model Dataset
0.5s 1s 2s
CNN S-pNBD 62.743.4 64.1+3.1 64.4+2.9
E-pNBD 61.7+£2.8 65.0£2.5 64.5+2.5
STANet S-pNBD 63.243.2 59.0+4.7 44.245.2
E-pNBD 57.843.7 53.4£4.0 40.41+4.6

was reconstructed from both scalp-EEG and ear-EEG data for
each trial. The correlation coefficient (Pearson’s r) between the
reconstructed envelope and the envelope of each speech stream
was computed to assess cortical envelope tracking for attended
and unattended speech. Decoding accuracy, averaged across
subjects for each decision window, is presented in Fig. 2.
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Figure 2: Decoding accuracy of Stimulus Reconstruction for
different decision window, signals and block/non-block design
(chance level = 25%)). Bars in different colors represent results
from different datasets.

Our results were compared with those obtained under block
design conditions for both scalp-EEG and ear-EEG, aligning
with previous findings: the reconstructed envelope exhibited a
stronger correlation with the attended speech compared to the
unattended speech. Furthermore, the decoding accuracies were
significantly higher than the chance level (25%), demonstrating
robust neural tracking of the attended speech stream, validating
the effectiveness of our dataset. Surprisingly, these results in-
dicate that the decoding performance of the SR method showed
no significant differences across different experimental designs.
We hypothesize that this robustness stems from the fundamen-
tal nature of the SR method. Unlike ASAD methods, which
classify discrete labels, SR focuses on reconstructing the time-
varying speech envelope.



4. Discussions
4.1. Inter-Trial Phase Coherence analysis

To investigate whether block design enhances neural responses
in AAD tasks, we employed Inter-Trial Phase Coherence
(ITPC). ITPC measures the phase consistency of neural re-
sponses to speech at each frequency. We hypothesize that ITPC
values under a block design paradigm will be higher than those
under a non-block design. For a given spatial attention con-
dition s, suppose there are K trials (10 trials per subject per
condition). For each EEG channel and each trial k, the instan-
taneous phase o (¢, f) was estimated using Morlet wavelet de-
composition in logarithmic steps between 1 and 20 Hz, with
wavelet cycles increasing from 4 to 10. The Inter-Trial Phase
Coherence (ITPC) at each time-frequency bin was calculated by
averaging phase angles across the K trials, as shown in equa-
tion 2:

K

S ik (t)

k

1

ITPC = —
t,f,s K.

(€3

@k (t, f) represents the instantaneous phase for trial k& at
time ¢ and frequency f, and K is the number of trials corre-
sponding to the given spatial attention condition s. This pro-
cedure was repeated for all 4 spatial attention conditions, and
for each attention condition, the within-condition ITPC was ob-
tained by averaging the ITPC values across trials and time. We
calculated the ITPC for each experimental design by averaging
the within-condition ITPC value. The difference between block
design and non-block design ITPC was then analyzed and re-
ported.

To investigate the impact of block design and non-block de-
sign on the phase consistency of neural responses to speech, we
computed the Inter-Trial Phase Coherence (ITPC) for controlled
spatial attention conditions across four databases and averaged
the results to enable cross-dataset comparisons. 3 shows repre-
sentative ITPC values for scalp-EEG electrode (Cz, C3).

ITPC values for electrodes on both sides of the brain were
higher under block design than those under the non-block de-
sign within 8-14 Hz which is associated with auditory spatial
attention [3, 4, 5]. This suggests that block design enhances the
detectability of neural responses related to auditory spatial at-
tention, likely due to more consistent subject behavior under
block design conditions, as previously conclusion [19]. Our
ITPC results further support the notion that block design facil-
itates the observation of neural responses associated with audi-
tory spatial attention.

4.2. Overestimated decoding performance in ASAD

Some researchers have noted overestimated decoding perfor-
mance in ASAD, and the “leave-trials-out” splitting strategy
has been proposed as a solution [15]. However, Xu et al. [17]
suggested that overestimated decoding performance could oc-
cur whenever continuous EEG signals of a given class are seg-
mented into samples and further split into training and test sets.
When using a block design experimental setup, even with the
“leave-trials-out” splitting strategy, models may still achieve
overestimated decoding performance [24, 33]. Our study fur-
ther supports this conclusion. Future ASAD work should ex-
ercise greater caution to avoid overestimating decoding perfor-
mance due to experimental design and data splitting.
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Figure 3: ITPC for representative electrodes (Cz, C3) between
Block Design and Non-Block Design. Lines in different colors
represent results from different experimental design datasets.

4.3. Limitations

While this study highlights the affect of experimental design
in AAD, several limitations warrant consideration. Although
the linear SR model demonstrated robustness across paradigms,
it remains unclear whether other AAD reconstruction models
exhibit similar performance. Moreover, our non-block design
dataset, while ecologically valuable, did not fully replicate real-
world auditory dynamics.

5. Conclusions

This study demonstrates that experimental design critically im-
pacts auditory attention decoding (AAD). Results reveals a sig-
nificant drop of decoding accuracy using typical DNN-based
models from block design datasets to non-block design datasets,
e.g. STANet: 92.3% vs. 29.1% for scalp-EEG in the 1s
decision window. A further experiment classifying pseudo-
labels (splitting into ‘block’ based on the trial’s playback order)
achieved 64.1% accuracy in 1s. This indicates that block design
risks overestimating ASAD accuracy as models might learn
temporal-autocorrelation features rather than auditory attention-
related features. In contrast, stimulus reconstruction (SR) meth-
ods showed robust performance across experimental designs.
Inter-Trial Phase Coherence (ITPC) analysis further revealed
stronger neural phase-locking to attended speech in block de-
sign, supporting its role in improving the coherence of neural
responses to the target speech.

This work underscores the complexity of AAD tasks, show-
ing that evaluation on limited data may be insufficient. Fu-
ture research should consider broader scenarios and relevant
factors, integrating experimental design awareness into AAD
frameworks to improve real-world generalizability.
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