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Abstract

Researchers have reported high decoding accuracy (>95%) using non-invasive
Electroencephalogram (EEG) signals for brain-computer interface (BCI) decod-
ing tasks like image decoding, emotion recognition, auditory spatial attention
detection, etc. Since these EEG data were usually collected with well-designed
paradigms in labs, the reliability and robustness of the corresponding decoding
methods were doubted by some researchers, and they argued that such decoding
accuracy was overestimated due to the inherent temporal autocorrelation of EEG
signals. However, the coupling between the stimulus-driven neural responses and
the EEG temporal autocorrelations makes it difficult to confirm whether this over-
estimation exists in truth. Furthermore, the underlying pitfalls behind overesti-
mated decoding accuracy have not been fully explained due to a lack of appro-
priate formulation. In this work, we formulate the pitfall in various EEG decod-
ing tasks in a unified framework. EEG data were recorded from watermelons
to remove stimulus-driven neural responses. Labels were assigned to continuous
EEG according to the experimental design for EEG recording of several typical
datasets, and then the decoding methods were conducted. The results showed the
label can be successfully decoded as long as continuous EEG data with the same
label were split into training and test sets. Further analysis indicated that high
accuracy of various BCI decoding tasks could be achieved by associating labels
with EEG intrinsic temporal autocorrelation features. These results underscore
the importance of choosing the right experimental designs and data splits in BCI
decoding tasks to prevent inflated accuracies due to EEG temporal correlations.
The watermelon EEG dataset collected in this work can be obtained at Zenodo:
https://zenodo.org/records/11238929, and all the codes of this work can
be obtained in the supplementary materials.

1 Introduction and related works

A brain-computer interface (BCI) is a type of human-machine interaction that bridges a pathway
from the brain to external devices [[I]. Electroencephalogram (EEG) has emerged as a valuable tool
for BCI because of its high time resolution, low cost, and good portability [], and algorithms of
neural decoding from EEG signals play a role in its practical applications. Recently, deep learning
methods have been developed widely for various EEG decoding tasks, and high decoding accuracy
was reported. For example, in the task of decoding image classes with EEG recordings, when
subjects were required to watch images of different classes, a decoding accuracy of 82.90% was
reported for the 40-way classification by Spampinato et al. [3]. With their EEG dataset, subsequent
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studies reported a higher decoding accuracy (98.30%, [8]), high performance on image retrieval, and
even image generation from EEG [5, B, [Z].

However, it remains unclear what kind of EEG features are learned by the DNN-based models. Some
researchers have posited that the high decoding accuracy on the image-evoked EEG dataset was
attributed to the block-design paradigm during EEG recording [8, 9, 0], in which 50 images with the
same class label were presented to the subject continuously in one block, and the 40 image-classes
were presented as 40 separate blocks. Due to the existence of temporal autocorrelation of EEG
signals, i.e., the temporally nearby data is more similar than the temporally distal [T, 12, 13, T4],
the models could learn the block-related features rather than the image-related.

To verify their concerns, Li et al. [B] recorded EEG with two experimental designs: block design
and rapid-event design. For the rapid-event design, images across the 40 classes were presented
alternately and randomly. When the same DNN model was used, it was found that the decoding
accuracy was close to Spampinato et al. [B] with the block-design EEG data, but it was dramati-
cally decreased to the chance-level (2.50%) with the rapid-event design data. Subsequent work also
confirmed the low decoding accuracy for EEG recorded with rapid-event design [Y, TU]. However,
Palazzo et al. [[I5] proposed that temporal autocorrelations only play a marginal role in EEG de-
coding tasks because they found that EEG data recorded during rest periods (temporal proximity to
adjacent blocks) could not be successfully classified as the preceding block label or the succeeding
block label. They also argued that the rapid-event design seemed to weaken the image-related neural
responses due to the possible cognitive load and fatigue effect compared to the block design. Some
researchers [[I3, A, 1"/, 8] pointed out that block design is essential because humans tend to react
more consistently and respond faster when conditions are presented in blocks [I9, 20]. Wilson et
al. [IX¥] advised that classification work that decodes from block design datasets is the most suitable
approach until advances are made to reduce noise.

Although the pitfall of overestimated decoding accuracy has been mainly discussed in image neural
decoding tasks, we noticed that similar pitfalls might also exist in various EEG decoding tasks such
as in auditory spatial attention detection (ASAD) tasks [T, P2, P73, P4], which involves decoding
the subjects auditory attention locus from neural data, and in emotion recognition task [23, 26, D77],
which involves recognizing the subjects emotion type from neural data. Researchers have also found
that splitting a continuous EEG from a specific experimental condition into training and test sets
would bring higher decoding accuracy in epilepsy detection tasks [28], motor imagery decoding
tasks [29], and so on. All those high decoding accuracy works share the common characteristic:
continuously recorded EEG data of a specific class (condition) label are divided into training and
test sets (see the top-left of Figure ).

Although some studies have mentioned the overestimated decoding accuracy and tried to remind
the possible pitfall [B, BO], it is difficult to discriminate the influence of the inherent temporal auto-
correlation in EEG signals due to the coupling of stimuli-driven neural responses and the temporal
autocorrelations. More importantly, due to the lack of an effective formalization, there is not an
adequate explanation of how models utilize temporal autocorrelation features for decoding. Further-
more, their concerns only focused on one specific decoding task, and the results and conclusions
cannot be generalized to general BCI decoding tasks.

In this work, the pitfall of various EEG decoding tasks was formulated with a unified framework.
To completely decouple the temporal autocorrelation features from stimuli-driven neural responses,
EEG data were collected from 10 watermelons in this work to construct "Watermelon EEG". This
method is known as phantom EEG in previous studies [31, 32, 33, 34, 35, B6], and the EEG data
exclude stimulus-driven neural responses while reserving the temporal autocorrelation features. For
comparison, a human EEG dataset was also adopted. The watermelon EEG and human EEG
were reorganized into three classic neural decoding EEG datasets following their EEG experimen-
tal paradigm: image classification (CVPR, [3]), emotion classification (DEAP, [37]), and auditory
spatial attention decoding (KUL, [BR]), resulting in six EEG datasets. A sample CNN-based decod-
ing model was used to complete the decoding tasks with the corresponding EEG dataset, and the
experimental results revealed that:

1. When the pitfall was formulated with a unique framework, and the temporal autocorre-
lation was defined as domain features, high decoding accuracy of various BCI decoding
tasks could be achieved by associating labels with EEG intrinsic temporal autocorrelation
features.
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2. The pitfall exists not only in classification but also widely in EEG-image joint training
without explicit labels and even image generation.

3. Splitting a continuous EEG with the same class label into training and test sets should never
be used in future BCI decoding works.

2 Method

The section is organized by: the pitfall is formulated in Subsection I, and the datasets used are
introduced in Subsection Z2. Then, the methods to finish different classification tasks are introduced
in Subsection 3, and joint training and image generation from EEG are introduced in Subsection
4. Some implementation details and statistical analysis method are described in Subsection 3.

the same class label

(a) splitting EEG data into training and test set (b) EEG decoding
I =
data =TT | == Classification
splitting I = decoder
| = | X |=— y Retrieval
| % Generation
continuous EEG data with training set test set : EEG sample

(c) class-related feature [ ] domain feature BCI works overestimated decoding performance
| m
Ideally: learn class-related features Actually: learn class-related The worst: high performance
and domain features relying on domain features

Figure 1: Overestimated decoding performance in BCI works. (a) Continuous EEG data in a certain
experimental condition (with the same class label) are split into training and test sets for decoder
training and evaluation. (b) With the test EEG sample input, the decoder gives output in the forms of
classification, retrieval, and generation. (c) Decoders may use both domain features or class-related
features for decoding.

2.1 Problem Formulation

In some BCI works on domain generalization [39], all EEG data from a dataset [20] or from a subject
[AT] are usually regarded as a domain to emphasize EEG pattern distribution differences between
datasets or subjects. Adopted from this concept, we regard a period of continuous EEG data with
the same class label as a domain. In some BCI works [3, @, 1, 22, D73, 04, D5, D6, 7], researches
segment the EEG data from the same domain into samples and further split the samples into training
and test data (as shown in Figure Ma) and complete decoding task, such as classification, retrieval
and generation (as shown in Figure [Ib). In these cases, the models used in these works would learn
the coupled features containing the class-related feature and domain feature (as shown in the middle
of the Figure [c). The underlying assumption of these works is that the domain feature plays only a
margin role in EEG decoding tasks as shown in the left of the Figure Mlc. However, we assumed that
the domain feature contributes to the high decoding accuracy as shown in the right of the Figure [c,
which is the pitfall we mentioned in Section [I.

To validate our assumption, we need to formulate the pitfall. Denote D as the domain set, and each
domain d € D contains many samples. We use S? to denote the sample set of the domain d. The
notation z¢ represents the i-th sample (e.g., a 0.5-second EEG data corresponding to watching a
specific image) of domain d, which is associated with class y¢ (e.g., the class label panda of the
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watched image). Considering the temporal autocorrelation of the EEG data, the domain features of
data within the same domain are more similar, while the domain features of data in different domains
are more distinct.

For EEG decoding tasks, we assume the data is generated from a two-stage process. First, each
domain is modeled as a latent factor ~ sampled from some meta domain distribution p(-). Second,
each data sample « is sampled from a sample distribution conditioned on the domain z and class y:

z~p(-),z ~p(-lz,y) 1)

Given the sample x, the aim of a specific EEG decoding task is to uncover its true class label using
the posterior p(y|x). The quantity can be factorized by the domain factor z as,

p(ylz) = / p(y, 2|)dz = / p(yl, 2)p(|) @

When we use the Watermelon EEG dataset or use a dataset that is completely unrelated to the
current task (e.g., decoding images from an auditory EEG dataset), the class-related feature has
none possibility to exist in EEG samples. In this condition, p(y|z, z) = p(y|z) and the equation (&)
can be modified as:

p(ylz) = / p(y, 2|)dz = / p(yl2)p(zl) 3)

The assumption of this work is that the model could also deduce p(y|z) by learning p(y|z) and
p(z|z) even there is none class-related feature exists. In other words, we assumed that it could also
achieve high decoding accuracy on different EEG decoding tasks when using the Watermelons EEG
dataset.

2.2 Dataset

Watermelon EEG Dataset Ten watermelons were selected as subjects. EEG data were recorded
with a NeuroScan SynAmps2 system (Compumedics Limited, Victoria, Australia), using a 64-
channel Ag/AgCl electrodes cap with a 10/20 layout. An additional electrode was placed on the
lower part of the watermelon as the physiological reference, and the forehead served as the ground
site (see Appendix B for photography). The inter-electrode impedances were maintained under
20 kOhm. Data were recorded at a sampling rate of 1000 Hz. EEG recordings for each watermelon
lasted for more than 1 hour to ensure sufficient data for the decoding task. We refer to the dataset
consisting of EEG recordings of 10 watermelons as the Watermelon EEG Dataset.

SparrKULee Dataset SparrKULee dataset[47] is a speech-evoked EEG dataset from the KU Leu-
ven University containing 64-channel EEG recordings from 85 participants, each of whom listened
to 90-150 minutes of natural speech. We used this dataset because EEG recordings were longer than
1 hour to ensure a sufficient amount of data for each subject. To match the number of subjects in
the Watermelon EEG Dataset, EEG data from 10 subjects (ID: Sub7-Sub16) from the SparrKULee
Dataset were used.

Dataset reorganization and dataset segmentation The term "reorganization" refers to segmenting
continuous EEG into samples and assigning each sample a class label and a domain label according
to the referenced experimental design. Here, we follow the experimental designs of three classical
published EEG datasets to reorganize the Watermelon EEG Dataset and SparrKULee Dataset. These
three datasets were collected respectively for image decoding, emotion recognition, and ASAD
tasks.

For the image decoding task, we referred to the experimental design of the CVPR dataset [3]. For
the CVPR dataset, 40 classes of images were presented in a block-design paradigm. Specifically, 50
different images of the same class were presented continuously in a block, with each image lasting
for 0.5 second, resulting in 40 blocks of presentation for each subject. The 0.5-second length EEG
data of the same class were split into training, validation, and test sets in a ratio of 8:1:1 [, 3].
Following this experimental design and dataset segmentation, we segment continuous EEG from
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the Watermelon EEG Dataset and SparrKULee Dataset into blocks and assign a unique class label
and a unique domain label for each block. The interval between adjacent blocks is set to 10 seconds
to match the rest time of the subjects during the EEG recording in the CVPR dataset. Then, EEG
data in each block are further segmented into 50 0.5-s length samples. Since the EEG data in the
CVPR dataset has 128 channels, we replicated our 64-channel EEG in the channel dimension. The
reorganized datasets for Watermelon Dataset and SparrKULee Dataset are called WM-CVPR and
SK-CVPR, respectively. Here, we use the "A-B" naming format, where the left side of "-" represents
the source dataset (WM: watermelon dataset, SK: SparrKULee Dataset), and the right side of "-"
represents the dataset of which the experimental design is referenced. For the emotion recognition
task and ASAD task, the DEAP dataset and the KUL dataset are used as the referenced dataset,
resulting in WM-DEAP, SK-DEAP, WM-KUL, and SK-KUL. More details for reorganization can
be found in Appendix B2,

2.3 Classification tasks

Model. To demonstrate that domain features are strong and easy to be learned by the network,
we used a simple CNN (or some parts of this CNN) to complete all classification tasks mentioned
in this work. The CNN network includes a layer-norm layer, a 2D-convolutional layer (output
channel: 100), an averaging pooling layer, and two fully connected layers. The kernel size of the
2D-convolutional layer depends on the channel number and sampling frequency of the input EEG.
The node number of the output fully connected layer depends on the number of classes.

Decoding the domain feature To demonstrate that the model can predict the domain factor z from
EEG input sample x, which relates to learning posterior p(z|z), a domain label classification was
adopted on the six datasets (i.e., WM-CVPR, WM-DEAP, WM-KUL, SK-CVPR, SK-DEAP and
SK-KUL dataset) with a simple CNN classifier. The splitting strategy leave-samples-out was used,
which means that all sample were randomly split into training set, validation set and test set. The
outputs after the averaging pooling layer were selected as domain feature representation, and t-SNE
was utilized for dimensionality reduction and visualization.

Decoding the class label from the domain feature To demonstrate that the model can predict
the class label y from the domain factor z, which relates to learning posterior p(y|z), a class label
classification was adopted on the four datasets (classification on the WM-CVPR dataset and SK-
CVPR dataset are unnecessary since domain labels and class labels are one-to-one correspondence)
using a single network with two linear layers and an intermediate sigmoid function.

End-to-end classification To demonstrate that the model can predict the class label y from the EEG
input sample z directly when samples in the training set and test set are from common domains,
a class label classification was adopted on the six datasets with the simple CNN classifier. The
splitting strategy leave samples out was used. Classification on the WM-CVPR dataset and SK-
CVPR dataset is the same since domain labels and class labels in the two datasets are one-to-one
correspondence. To demonstrate that the model indeed used the domain feature to complete the
end-to-end classification, the splitting strategy leave domains out was used on the four datasets (i.e.,
WM-DEAP, WM-KUL, SK-DEAP, and SK-KUL dataset) in which samples in the same domain
only appear in the training set or the test set.

Zero-shot classification In a recent work [4], EEG data from 34 classes within the CVPR2017
dataset were used to train an EEG encoder, and the remaining 6 unseen classes were used for test-
ing. The results showed that features of different unseen classes clustered in distinct groups on the
two-dimensional t-SNE plane. Similar analyses were conducted on the SK-CVPR and WM-CVPR
datasets. Six classes were selected for testing, and the remaining 34 classes were for training. The
simple CNN was used to predict class labels from input EEG samples, and the outputs from the av-
erage pooling layer were chosen as the EEG feature representation. Two strategies were employed
for selecting the 6 test classes: random selection and first-six selection. For random selection, the 6
test classes are randomly chosen from the 40 classes. For the first-six selections, the first presented
6 classes in the EEG experiment are chosen. During the test stage, since the training set does not in-
clude classes corresponding to the test EEG data, the model could not give the corresponding labels
and could only output the most probable classes among the 34 seen during training. Therefore, we
proposed two evaluation metrics: Accpeqr and Accry. Accpeqr represents the proportion of EEG
data classified into temporally adjacent classes, while Accry, represents the proportion classified
into the category presented seventh in time.
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2.4 Joint training and image generation

To demonstrate that the model can utilize domain features to accomplish retrieval and generation
besides classification, EEG-image joint training and image generation on WM-CVPR and SK-CVPR
were conducted.

Joint training In the EEG-image joint training, a pre-trained image encoder was typically utilized
to extract image representation, while an EEG encoder was employed to extract EEG features to
align with the image representation. During the decoding process, a retrieval task was applied.
Specifically, given a test EEG sample and a collection of images containing the target and the non-
target. The image representation was reconstructed from the EEG with the EEG encoder. The
similarity between the reconstructed image representation and all candidate image representations
in the collection is calculated. The decoded output image is selected based on the ranking of these
similarities. Usually, the Top-k accuracy and normalized Rank accuracy are used as evaluation
metrics. In this work, the simple CNN described in Subsection 3 is used as an EEG encoder. The
detailed implementation can be found in Appendix B73.

Image generation The image generation aims to generate images seen by the subjects from their
EEG data. This task commonly uses a two-stage process: EEG encoding and image generation.
In the EEG encoding stage, a model is built to encode EEG data into a latent representation. In
the image generation stage, a pre-trained image generator is used. The generator is fine-tuned with
EEG representation and corresponding images. In this work, the EEG data are first encoded into
image representation with a simple CNN described in Subsection 3. Following previous work[Z43],
a latent diffusion model conditioned on image representation was used. The metric of n-way top-k
accuracy was used for evaluating the semantic correctness of generated images [24]. The detailed
implementation can be found in Appendix B4,

2.5 Implement details

The neural networks were implemented with the Pytorch and trained on a single high-performance
computing node with 8 A800 GPU. For the classification task, the AdamW [&35] optimizer was em-
ployed to minimize the cross-entropy loss function with a learning rate of 10~3. For the joint training
and image generation, the AdamW optimizer was used with a learning rate of 10~3 and 5 x 10~*
for each task respectively. More details can be found in our codes. All the experiments mentioned
in this work were trained within the subjects (i.e., models were trained for each subject respectively)
except special annotation (unseen subject decoding results were only presented in Appendix BTS).
For statistical analysis, the one-sample t-test was used to check whether the reported results were
significantly higher than the chance level. Bonferroni correction was used to adjust the p-value. A
p-value of 0.05 or lower was considered statistically significant.

3 Results

3.1 Classification tasks

The results shown in Table [ present that classification accuracy in domain label classification and
class label classification are all significantly above the chance level. This shows that the domain
feature can be extracted effectively with a simple CNN, and the label class can be decoded from
the extracted domain features or from EEG directly. In contrast, the decoding accuracy drops to the
chance level when using the splitting strategy leave-domains-out, further supporting domain feature-
induced high decoding accuracy. The standard error of the mean calculated over the subjects level
is reported for accuracy in this work.

Figures Dla and Db show the t-SNE plot for domain label classification and end-to-end class label
classification. As shown in Figure Da, 8§ distinct clusters exist, each corresponding to one domain.
In Figure Db, 8 distinct clusters also exist, with four corresponding to class label 1 and the other
four corresponding to class label 2. This indicates that the high decoding accuracy results from
associating class labels with domain features.
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Table 1: Classification accuracy (%) on the six datasets. DLC is for domain label classification.
TLC-DF is for class label classification from domain features. TLC-EEG is for end-to-end class
label classification. TLC-EEG-woDO is for class label classification direct from EEG when samples

in the training set and test set are from different domains.

WM-CVPR  WM-DEAP WM-KUL SK-CVPR SK-DEAP SK-KUL
DLC 88.78+4.95 96.98+0.76 99.99£0.01 69.83+298 72.70+1.36 100.00 =+ 0.00
DLC (chance level) 2.50 2.50 12.50 2.50 2.50 12.50
TLC-DF - 92.77+£1.31 100.00 £ 0.00 - 76.19 £1.80 100.00 £ 0.00
TLC-EEG 88.78 £4.95 88.74£3.26 82.74+£6.44 69.83+£298 7444+£276 93.34+2.01
TLC-EEG-woDO - 24.67+2.31 49.97 £ 4.67 - 25.34+1.85 59.32 +£4.07
TCL (chance level) 2.50 25.00 50.00 2.50 25.00 50.00
(a (b) (©
main ® Class1 ® Domain 1
\ . Ezm:n; / Class 2 Domain 2
_‘ ® Domain3 @ Domain3
1 | e Domain4 ] ® Domain4
‘ 1 @ Domain5 [ 4 : Scma?n :
3 ® Domain6 L omain
k) \ Domain 7 = ’ ’ ; \
\ ® Domain8 /
\ !

Figure 2:

t-SNE plot for (a) domain label classification, (b) end-to-end class label classification,

and (c) zero-shot class label classification

The experimental results for zero-shot classification are displayed in Table 1. It can be observed
that the model tended to classify test samples into temporally adjacent classes. Figure Dc shows the
t-SNE visualization of the unseen EEG features extracted from the decoder. Despite being unseen,
different domains of features clustered in distinct groups. This suggests that the decoder just learned
to extract EEG domain features during training and distinguish unseen EEG responses from the
domain features.

Table 2: Zero-shot EEG classification accuracy (%) on WM-CVPR and SK-CVPR datasets.

WM-CVPR WM-CVPR SK-CVPR SK-CVPR
first-six random first-six random
Accpear - 79.43 £ 5.61 - 78.00 £ 5.66
Acery, 69.60 £10.64  6.73+3.24  77.03+11.32 0.87+0.82

3.2 Joint training and image generation

For EEG-image joint training, Table B displays the accuracy for the retravel task on the test set. The
table shows that, for both types of loss functions, decoding accuracy is far above the chance level,
demonstrating that the model can utilize domain features to align EEG with image features. Table 3
Result for joint training on WM-CVPR and SK-CVPR with a loss function of cosine similarity (CS)
or InfoNCE.

Table 3: Accuracy (%) for joint training on WM-CVPR and SK-CVPR with a loss function of cosine
similarity (CS) or InfoNCE.

WM-CVPR SK-CVPR Chance level
CS loss InfoNCE loss CS loss InfoNCE loss
Topl Acc  81.40+£9.25 90.15+5.45 80.70+0.60 79.70 +0.92 2.50
Top5 Acc  90.65+5.82 98.56 +1.09 88.86+1.03 92.39+0.38 12.50
Rank Acc  95.87+2.51 99.42+0.38 95.20£0.24 98.09 £0.07 50.00

For image generation, Table B displays the n-way top-k accuracy for the generated images on the
WM-CVPR and SK-CVPR datasets. The metrics are significantly above the chance level, indicating
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that the generated images have correct semantics. Figure B shows some generated images on the
WM-CVPR dataset. As shown in the figure, the model can exactly generate the correct images. The
results on EEG-image joint training and image generation show that in addition to classification
tasks, retrieval, and generation can also achieve high performance by leveraging domain features
shared by the test and training sets.

Table 4: Accuracy (%) for semantic correctness. The repeated times N was set to 50.

- Top-1/50-way ~ Top-5/50-way  Top-1/100-way  Top-5/100-way

WM-CVPR  26.77£3.37 46.44+4.60  21.64+2.89 38.11+4.30
SK-CVPR  25.04+0.93 43.61+0.88  20.37+0.91 35.35 £ 0.89
Chance 2.00 10.00 1.00 5.00

Figure 3: EEG-generated image from a typical watermelon subject, where the first column of
each panel represents the real images "watched" by the watermelon subject, and the following five
columns show the images generated by the model.

4 Discussion

4.1 Relying on the domain features for EEG decoding

While many works on EEG decoding have reported high-performance results, we proposed that
some of these high-performance may rely on temporal autocorrelation of EEG data. The pitfall may
involve different EEG decoding tasks. To clarify this pitfall, the concept of domain was adopted
to describe the temporal autocorrelation of a continuous EEG with the same label. EEG data were
collected from watermelon as the phantom to exclude the contribution of stimuli-driven neural re-
sponses to decoding results. The results showed that a simple CNN network could well learn domain
features from EEG data and could associate class labels with domain features.

To avoid the pitfalls, a feasible approach is to adopt a reasonable data-splitting strategy to avoid train-
ing and test sets sharing the common domain features, i.e., a leave-domains-out splitting strategy.
For instance, a leave-subjects-out data-splitting strategy can be adopted, which entails designating
the data from certain participants for training and data from others for testing. Alternatively, for
datasets that do not follow a block design, a leave-trials-out strategy may be applied. Prior research
has consistently demonstrated that employing a leave-subjects-out splitting strategy precipitates a
notable decline in decoding performance [26]. In some cases, it has been reported that decoding
accuracy dropped to the chance level [27, 8]. The prevalent interpretation is that inter-individual
variability [A6] hampers the generalizability across different subjects. However, we posit that the
observed decrement in decoding accuracy is attributable to model overfitting to domain features.
Although the leave-subjects-out partitioning strategy is designed to prevent the leakage of domain
features, the presence of these domain features in the training set can still lead the model to inadver-
tently exploit them to differentiate between categories during the training phase. The methods and
results further support the conclusion can be found in Appendix B3

Palazzo et al. [15] proposed that the EEG temporal correlation related to baseline drift could be al-
leviated by high-pass filtering. However, our further experiment proved that the domain feature still
exists and that high decoding accuracy could be achieved in any frequency band (see Appendix A6).
We argue that the focus should not be exclusively on the elimination of EEG autocorrelation through
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filtering. Instead, greater emphasis should be placed on the experimental paradigms of EEG record-
ing and the methods employed for dataset splitting. By addressing these aspects, we can proactively
prevent the overestimated decoding accuracy arising from EEG temporal autocorrelations.

It is worth noting that we do not want to create an illusion that all BCI works utilize EEG temporal
autocorrelation features for decoding. In fact, there are many works that do not rely on EEG temporal
autocorrelation features for decoding in image decoding [28, &9, 50] emotion recognition [51], sleep
detection [40, BT] and ASAD [57]. These works demonstrated the feasibility of various BCI tasks.

4.2 Potential sources of domain features

In this work, we have demonstrated the existence of EEG temporal autocorrelation in the water-
melon EEG, which consists of no neural activities, and in the human EEG data. Li et al. [R] believed
the model decodes by utilizing the baseline drift in the CVPR2017 dataset. They found that when
the EEG data is filtered with a bandpass filter, the decoding accuracy dropped greatly. Palazzo et
al. [[5] also claimed that temporal correlation was strong only in low frequency. However, we have
demonstrated in Appendix A4 that the domain feature still exists and that high decoding accuracy
can be achieved in any frequency band. In addition to baseline drift, some neuroscience works have
shown that temporal autocorrelation existed in neural oscillation, which could be reflected in EEG
in various frequency bands. This is referred to as Long-Range Temporal Correlations (LRTC) in
neuroscience research [, 12, 3, T4]. Linkenkaer-Hansen et al. [I3] first calculated the LRTC in
resting-state EEG data. They found that spontaneous alpha, mu, and beta oscillations result in signif-
icant LRTC for at least several hundred seconds during resting conditions. Subsequent neuroscience
research further demonstrated that significant LRTC exists in the theta [[T] and gamma [I2] bands.
While baseline drift can be removed through filtering, the frequency range of the LRTC overlaps
with the frequency range of stimuli-driven neural responses, making it impossible to remove this
domain feature through filtering. Temporal correlation analysis on human EEG in the SparrKULee
Dataset showed the existence of strong LRTC in all frequency bands, and the LRTC in a narrowband
is sufficient to complete the corresponding decoding task. The methods and results further support
the conclusion can be found in Appendix A2

4.3 Limitation and future work

Although direct evidence of overestimated decoding accuracy attributable to domain feature across
various brain-computer interface (BCI) tasks have been provided in the current work, no solution has
been proposed to mitigate overfitting to domain features in the training set. Some works have already
used domain adaptation [, 53, 54] or domain generalization [4(, &1] method to improve decoding
accuracy under leave-subjects-out data splitting in BCI tasks. This may also help alleviate the ad-
verse effects of domain features on decoding tasks. It is also noteworthy to highlight the remarkable
efficacy of large-scale EEG model in various BCI decoding tasks [65, 56, 57]. Given that domain
features are pervasive in extensive EEG datasets and do not necessitate manually annotated labels,
self-supervised pre-trained large EEG models may be especially adept at discerning and neutralizing
domain features, thereby facilitating more robust and generalizable decoding performance.

5 Conclusion

In this work, the “overestimated decoding accuracy pitfall” in various EEG decoding tasks is for-
mulated in a unified framework by adopting the concept of “domain”. Some typical EEG decoding
tasks (image decoding, emotion recognition, and auditory spatial attention detection) are conducted
on the self-collected watermelon EEG dataset. The results showed that EEG data from different
domains have distinctive domain features induced by EEG temporal autocorrelations. Using the in-
appropriate data partitioning strategy, high decoding accuracy is achieved by associating class labels
with domain features. The results will draw attention to the high decoding performance caused by
EEG temporal correlation and guide the development of BCI in a positive direction.
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A Appendix A

A.1 Photography of the watermelon subject

Figure 4: Photos of watermelons used in the experiment. Each watermelon’s ID is marked on the
watermelon, with IDs ranging from 1 to 10.

A.2 Reorganization for KUL dataset and DEAP dataset

For the emotion recognition task, we referred to the experimental design of DEAP dataset [B7]. In
this dataset, the EEG data were recorded while subjects are presented with 40 audio-visual clips of
60 seconds in length, with each corresponding to one of four emotion classes. We only used the first
32 channels of the EEG to match the EEG channel numbers in the DEAP dataset. The watermelon
EEG data and SparrKULee EEG data were down-sampled to 128 Hz and then were segmented into
40 60-second segments. The interval between adjacent segments is set to 40 seconds to match the
rest time of the subjects during the EEG recording in the KUL dataset. Each segment was assigned
a unique domain label and a class label in accordance with the DEAP dataset, and each segment was
further segmented into 2-second samples [?5]. The reorganized datasets for the Watermelon EEG
Dataset and SparrKULee Dataset are called WM-DEAP and SK-DEAP, respectively.

For the ASAD task, we referred to the experimental design of the KUL dataset [BR]. In this dataset,
8 clips of two-talker mixed speech are presented to subjects, with each lasting for 6 minutes. Each
speech clip contains a left talker and a right talker. Subjects are instructed to attend left or right talker
during the entire duration of one clip presentation. The watermelon EEG data and SparrKULee EEG
data were down-sampled to 128 Hz and then were epoch into 8 6-minute segments. The interval
between adjacent segments is set to 1-2 minutes to match the rest time of the subjects during the EEG
recording in the KUL dataset. Each segment was assigned a unique domain label and a class label
in accordance with the KUL dataset and was further segmented into 1-second samples [22, T, D3].
The reorganized datasets for Watermelon Dataset and SparrKULee Dataset are called WM-KUL and
SK-KUL, respectively.

A.3 Detailed implementation of joint training

The joint training was performed on the WM-CVPR and SK-CVPR datasets. All EEG samples
were randomly divided into the training set, validation set, and test set in a ratio of 8:1:1. The image
encoder of the CLIP (CLIP VIT-L/14) model " is chosen to extract image representation, yielding

'https: //huggingface.co/openai/clip-vit-large-patchl4
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768-dimensional vectors from the image inputs. The structure of the EEG encoder is similar to the
model introduced in Subsection I3, with an augmentation from 40 to 768 output nodes to match
the dimension of the image representation. The network is trained using either a cosine similarity
(CS) loss or an InfoNCE contrastive loss (with a temperature parameter set to 0.07). The evaluation
metrics selected are Top-1 accuracy, Top-5 accuracy, and Rank accuracy, where the Top-1 accuracy
metric is equivalent to the classification accuracy in the classification task.

A.4 Detailed implementation of image generation

We take an approach similar to previous works [44] . We used a CLIP image encoder to extract
image representation and trained an EEG encoder with cosine similarity loss to reconstruct image
representation from EEG. This process is the same as described in Joint training with image features.
The reconstructed features are then serviced as a conditional input of an image generator. To match
the reconstructed features, we employ the pre-trained StableDiffusion model ® as our generator. This
model uses a fixed pre-trained image encoder (CLIP VIT-L/14) to extract image features, which
then guide the Latent Diffusion models generation process in the latent space. The diffusion model
gradually generates images from a random noise distribution that corresponds to the conditional
features during its iterative process. To improve the generation performance, we fine-tuned the
generator with the reconstructed image features and the corresponding images. Experiments were
done on the WM-CVPR and SK-CVPR datasets. All EEG samples were randomly divided into
training set, validation set, and test set in a ratio of 8:1:1.

Consistent with previous work [I], we evaluate the semantic correctness of the generated images
using N-way Top-1 and Top-5 accuracy classification tasks. Specifically, given a generated image
input, a pre-trained ImageNet1K classifier is used to output a classification logit probability among
1000 classes. Among the 1000 classes, N-1 random classes and the correct class are selected, and
the Top-1 and Top-5 classification accuracy are calculated. To avoid randomness, this operation is
repeated 50 times for each generated image, with the average value taken as the accuracy.

A.5 leave-subjects-out data splitting strategy

In this subsection, we employed the leave-subjects-out data splitting strategy. This refers to using
data from a subset of subjects for training, while data from the remaining subjects are used for
testing. Within the training data, there are two further data partitioning methods: leave-samples-out
and leave-subjects-out. The former involves randomly dividing all samples of the training data into
training and validation sets, whereas the latter uses data from a subset of subjects for the training set,
with the remaining subjects data allocated for the test set. Table H presents the decoding accuracy
for six datasets (i.e., WM-CVPR, WM-DEAP, WM-KUL, SK-CVPR, SK-DEAP, and SK-KUL).

It can be observed that when the leave-samples-out splitting strategy was used within the training
data, both the training and validation sets achieved very high decoding accuracy, but the accuracy
only reached the chance level on the test set. Such results are similar to those reported by [46, &7, 8],
which corroborates the argument that while the leave-subjects-out approach may avert the domain
features leakage, it cannot prevent overfitting of the domain features during the training stage, as
discussed in Subsection ETl. Moreover, when the leave-subjects-out data splitting strategy was used
within the training dataset, the validation set performance was only at chance level despite high
accuracy on the training set. This further demonstrates that decoding that relies on domain features
cannot be generalized to practical application scenarios.

2https ://github.com/bbaaii/DreamDiffusion
3 https://huggingface.co/runwayml/stable-diffusion-vi-5
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Table 5: Decoding accuracy (%) for the six datasets on training, validation and test set. Leave-
subjects-out data splitting strategy is used for training and test data. Leave-samples-out and leave-
subjects-out data splitting strategy is used for training and validation set. The mean accuracy and
standard deviation are calculated over subjects level with a five-fold cross-validation.

Data
splitting strategy WM-CVPR  WM-DEAP WM-KUL SK-CVPR SK-DEAP SK-KUL
for validation set
leave- Training 80.93 £ 1.68 87.86+1.48 99.5644+0.16 69.17+1.03 76.22+0.71 100.00 &+ 0.00
samples- validation 80.55 £1.59 86.10+1.63 99.43+0.24 68.86+1.20 74.55+0.60 100.00 £ 0.00
out Test 2.46+0.16 24.22+048 4837+2.15 2.70+0.63 26.71+0.87 50.22+1.14
leave- Training 78.93£1.09 86.40+0.75 99.59+0.16 72.31£0.59 77.43+0.52 100.00 =£ 0.00
subjects- validation 3.70+£0.34 22.23+1.29 56.13+£3.06 4.15+0.60 24.57+0.33 53.24+2.85
out Test 226 £0.16 24.90£0.43 52.06+1.26 2.13+0.29 25.61+0.43 45.22+2.83
Chance level 2.50 25.00 50.00 2.50 25.00 50.00

A.6 Results on different frequency band

To demonstrate that domain features are not solely due to baseline drift, we conducted an analysis on
seven frequency bands across six datasets. These seven frequency bands are delta (0-4 Hz), theta (4-
8 Hz), alpha (8-12 Hz), beta (12-32 Hz), low gamma (32-45 Hz), and high gamma (55-95 Hz). High
gamma frequency band results for DEAP and KUL datasets are not presented due to the sampling
rate of 128 Hz (i.e., only frequency under 64 Hz is available according to the Nyquist sampling
theorem). Tables B, @, B, and B show the decoding accuracy for domain label classification (DLC-
EEQG), class label classification from domain features (TLC-DF), class label classification directly
from EEG (TLC-EEG), and class label classification directly from EEG when samples in the training
set and test set are from different domains (TLC-EEG-woDO), respectively. As expected, the highest
decoding accuracy is observed for both the low-frequency band (delta band) and the full-frequency
EEG data. However, other frequency bands also exhibited decoding accuracy significantly higher
than the chance level. This suggests that baseline correction through filtering does not eliminate
domain features. Consequently, any experimental designs and data partitioning strategies that could
lead to the leakage of domain information should be meticulously avoided.

Table 6: Decoding accuracy (%) using different EEG bands for domain label classification (DLC-
EEG)

WM-CVPR  WM-DEAP WM-KUL SK-CVPR SK-DEAP SK-KUL
Full 88.78 +4.95 96.98+0.76 99.99 +0.01 69.83+2.98 72.70+1.36 100.00 4 0.00
Delta 88.58 +£5.11 96.31 +£0.89 99.99+0.01 69.65+2.88 72.76+1.24 100.00 4 0.00
Theta 8.90+1.95 10.544+2.17 41.97+550 11.244+1.60 10.19+1.15 43.11+5.13
Alpha 8.62+1.77 12.884+2.80 43.42+4+5.96 15.16+1.76 12.87+1.00 47.67+4.70
Beta 1853 £3.18 18.18 £2.72 57.85+4.86 43.95+2.27 43.68+1.97 97.17+0.71
Low gamma 39.74 £7.35 62.59+595 8597+2.82 53.724+2.25 52.82+140 96.57+0.96
High gamma 42.15 + 7.39 - - 61.55 +1.94 - -
Chance level 2.50 2.50 50.00 2.50 2.50 50.00

Table 7: Decoding accuracy (%) using different EEG bands for class label classification from domain
features (TLC-DF)

WM-CVPR  WM-DEAP WM-KUL SK-CVPR  SK-DEAP SK-KUL
Full - 92.77£1.31 100.00 £ 0.00 - 76.19£1.80 100.00 £ 0.00
Delta - 92.12+1.49 100.00 &+ 0.00 - 76.51£1.74 100.00 £0.00
Theta - 31.39£1.80 67.78 £ 3.56 - 32.17£1.16  69.41 & 3.80
Alpha - 33.10£2.43 68.78 £4.03 - 33.88£0.69 71.9843.47
Beta - 39.03£2.09 77.33+3.71 - 56.91 £2.02 97.83+0.72
Low gamma - 59.32£5.22 88.23 £ 2.56 - 63.80 £1.43 97.4440.88
High gamma - - - - - -
Chance level - 25.00 50.00 - 25.00 50.00
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Table 8: Decoding accuracy (%) using different EEG bands for class label classification directly
from EEG (TLC-EEG)

WM-CVPR  WM-DEAP WM-KUL SK-CVPR SK-DEAP SK-KUL

Full 88.78 £4.95 88.74£3.26 82.74+6.44 69.83£298 74.44+2.76 93.34+£2.01
Delta 88.58 £5.11 88.60£3.36 81.49+6.44 69.65+£2.88 74.90+2.55 92.90+2.15
Theta 8.90+1.95 29.36+1.27 66.40£347 11.244+1.60 30.62+£1.30 65.28+3.83
Alpha 8.62+1.77 31.00£1.70 68.16£3.59 1516+1.76 32.17+£1.10 67.11+3.83
Beta 1853 £3.18 35.95+1.12 71.24+£4.16 43.95+2.27 43.95+£1.78 93.27+1.52

Low gamma 39.74 £7.35 52.05+4.72 73.42+5.37 53.72+225 46.81 £1.03 93.51+2.02
High gamma 42.15 £ 7.39 - - 61.55 +1.94 - -
Chance level 2.50 25.00 50.00 2.50 25.00 50.00

Table 9: Decoding accuracy (%) using different EEG bands for class label classification directly
from EEG when samples in the training set and test set are from different domains (TLC-EEG-
woDO)

WM-CVPR  WM-DEAP WM-KUL  SK-CVPR  SK-DEAP SK-KUL

Full - 24.67£2.31 4997 £4.67 - 25.34 £1.85 59.32£4.07
Delta - 25.89 £2.58 49.72+4.85 - 24.71£1.74 58.25+3.76
Theta - 23.91£0.63 49.10+3.13 - 23.28 £2.18 51.89 £4.32
Alpha - 23.50£0.82 49.70 £2.91 - 23.26 £1.68 52.77 £4.04
Beta - 22.96 £1.25 50.30 +4.35 - 2421 £1.39 57.32+5.26

Low gamma - 26.75£2.17 49.46 + 3.63 - 25.72£1.61 54.88+£4.92

High gamma - - - - - -

Chance level - 25.00 50.00 - 25.00 50.00
A7 LRTC

The autocorrelation analysis was used to evaluate long range temporal correlation in EEG data from
the Watermelon and SparrKULee datasets, similar to the approach taken by previous study. For a
lengthy segment of single-channel EEG, the Morlet wavelet transform was employed to extract the
time-varying amplitude envelope W (t) at a given frequency f. The autocorrelation function AC'Fy
for W, (t) is defined as:

ACFy (1) = corr(Wy(t), Ws(t + 7)) 4)

In the above equation, corr(, ) denotes the Pearson correlation coefficient between two time series,
and 7 represents the time lag.

In our analysis, the original EEG data were down-sampled to 200 Hz. Ninety-five analysis frequen-
cies were distributed linearly and evenly between 1-95 Hz. Two hundred autocorrelation time lags
were logarithmically spaced between 0.5 s and 500 s. For each subject in the Watermelon dataset,
continuous EEG recordings were divided into five segments of equal length (with each segment
ranging from 15 to 20 minutes), and autocorrelation analysis was completed on each segment. For
each subject in the SparrKULee dataset, the autocorrelation analysis was carried out separately on
each of their ten trials. Figure B shows the results of the autocorrelation analysis for the Watermelon
and SparrKULee datasets. The figure illustrates the magnitude of correlation at different frequen-
cies and time lags (represented by color). The correlation values were obtained by averaging the
results across all subjects, segments (trials), and electrodes. Black lines represent the contour lines
where p = 0.01, as determined by statistical analysis. Statistical significance was assessed using
single-sample t-test at the subject-electrode level. Specifically, for each electrode of each subject, the
averaged Pearson correlation coefficient across all segments (trials) was used as the value for the t-
test. Additionally, p-values were corrected for multiple comparisons using the Benjamini-Hochberg
False Discovery Rate (BH-FDR) to type I error.

As demonstrated in Figure B, EEG data from both Watermelon and SparrKULee datasets show
significant LRTC across multiple frequency bands. For the EEG data from the Watermelon dataset,
significant bands of LRTC are primarily distributed in the low-frequency range (<8 Hz) and around
50 Hz, with these correlations spanning over 500 seconds. This indicates that baseline drifts and line
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noise contribute to the temporal correlation observed in the Watermelon dataset. For the EEG data
from the SparrKULee dataset, LRTCs are significant across the entire frequency range. Similarly,
LTRCs are most prominent at low frequencies (<5 Hz) and around 50 Hz, consistent with the findings
from the Watermelon dataset. Notably, for SparrKULee dataset, there is also a significant presence
of LTRC around 10 Hz, which aligns with previous research findings [T3], suggesting the temporal
correlation of alpha oscillations in human subjects.
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Figure 5: Autocorrelation analysis result on (a) Watermelon and (b) SparrKULee datasets.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: the problem formulation could be found in D71l and results supporting the
contribution of this paper could be found in Bl and section B2

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these
goals are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: the limitations could be found in section E3.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means
that the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The au-
thors should reflect on how these assumptions might be violated in practice and what
the implications would be.

 The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the ap-
proach. For example, a facial recognition algorithm may perform poorly when image
resolution is low or images are taken in low lighting. Or a speech-to-text system might
not be used reliably to provide closed captions for online lectures because it fails to
handle technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to ad-
dress problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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700 Justification: The paper does not include any theoretical results.

701 Guidelines:

702 » The answer NA means that the paper does not include theoretical results.

703  All the theorems, formulas, and proofs in the paper should be numbered and cross-
704 referenced.

705  All assumptions should be clearly stated or referenced in the statement of any theo-
706 rems.

707 » The proofs can either appear in the main paper or the supplemental material, but if
708 they appear in the supplemental material, the authors are encouraged to provide a
709 short proof sketch to provide intuition.

710 * Inversely, any informal proof provided in the core of the paper should be comple-
711 mented by formal proofs provided in appendix or supplemental material.

712 * Theorems and Lemmas that the proof relies upon should be properly referenced.

713 4. Experimental Result Reproducibility

714 Question: Does the paper fully disclose all the information needed to reproduce the main
715 experimental results of the paper to the extent that it affects the main claims and/or conclu-
716 sions of the paper (regardless of whether the code and data are provided or not)?

717 Answer: [Yes]

718 Justification: the information needed to reproduce all the experimental results of this paper
719 could be found in Section 2, Section I3, Section 4, Section 'S and Appendix Al

720 Guidelines:

721 * The answer NA means that the paper does not include experiments.

722 * If the paper includes experiments, a No answer to this question will not be perceived
723 well by the reviewers: Making the paper reproducible is important, regardless of
724 whether the code and data are provided or not.

725 * If the contribution is a dataset and/or model, the authors should describe the steps
726 taken to make their results reproducible or verifiable.

727 * Depending on the contribution, reproducibility can be accomplished in various ways.
728 For example, if the contribution is a novel architecture, describing the architecture
729 fully might suffice, or if the contribution is a specific model and empirical evaluation,
730 it may be necessary to either make it possible for others to replicate the model with
731 the same dataset, or provide access to the model. In general. releasing code and data
732 is often one good way to accomplish this, but reproducibility can also be provided via
733 detailed instructions for how to replicate the results, access to a hosted model (e.g., in
734 the case of a large language model), releasing of a model checkpoint, or other means
735 that are appropriate to the research performed.

736 * While NeurIPS does not require releasing code, the conference does require all sub-
737 missions to provide some reasonable avenue for reproducibility, which may depend
738 on the nature of the contribution. For example

739 (a) If the contribution is primarily a new algorithm, the paper should make it clear
740 how to reproduce that algorithm.

741 (b) If the contribution is primarily a new model architecture, the paper should describe
742 the architecture clearly and fully.

743 (c) If the contribution is a new model (e.g., a large language model), then there should
744 either be a way to access this model for reproducing the results or a way to re-
745 produce the model (e.g., with an open-source dataset or instructions for how to
746 construct the dataset).

747 (d) We recognize that reproducibility may be tricky in some cases, in which case au-
748 thors are welcome to describe the particular way they provide for reproducibility.
749 In the case of closed-source models, it may be that access to the model is limited in
750 some way (e.g., to registered users), but it should be possible for other researchers
751 to have some path to reproducing or verifying the results.

752 5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: the collected Watermelon EEG dataset could be available in Zenodo and the
human dataset used in this work could also be downloaded in the link provided in supple-
mentary materials. All the codes to reproduce this work can be found in supplementary
materials.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not
be possible, so No is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: the experimental setting and details could also be found in Section 2, Sec-
tion 23, Section 24, Section I3, and could also be found in the codes.

Guidelines:

* The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of
detail that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropri-
ate information about the statistical significance of the experiments?

Answer: [Yes]

Justification: the standard error of the mean is reported for all results. As we only com-
pared the result against chance level, one-sample t-test was used for statistical analysis to
check whether the reported results are significant high above the chance level. Given that
decoding analyses was conducted on multiple frequency bands, Bonferroni correction was
used to adjust the p-value to reduce the risk of type-I error. A p-value of 0.05 or lower is
considered statistically significant.

Guidelines:

21


https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy

805
806

808

809
810
811

812
813

814

815
816

817
818
819

820
821
822

823
824

825

826
827
828

829

830

832

833

834
835

836
837

838
839
840

841

842
843

844

853

854
855

856

8.

10.

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

 Itis OK to report 1-sigma error bars, but one should state it. The authors should prefer-
ably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of
Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: the neural networks were implemented with the Pytorch and trained on a
single HPC node with 8 A800 GPU.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

 The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments
that didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The collected dataset was released in an anonymous form, and all codes do
not contain any identity information.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]
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11.

12.

Justification: The purpose of this paper is to let researchers beware of overestimated de-
coding performance arising from temporal autocorrelations in EEG signals. This work
formalizes and proves the pitfalls existing in current EEG decoding tasks. We believe that
this will not generate any significant societal impact.

Guidelines:

» The answer NA means that there is no societal impact of the work performed.

e If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact spe-
cific groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitiga-
tion strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: the paper poses no such risks.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by re-
quiring that users adhere to usage guidelines or restrictions to access the model or
implementing safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The existing assets we used are the SparrKULee dataset, which is licensed
under CC-BY-NC-4.0.

Guidelines:

* The answer NA means that the paper does not use existing assets.
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14.

15.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the pack-
age should be provided. For popular datasets, paperswithcode.com/datasets has
curated licenses for some datasets. Their licensing guide can help determine the li-
cense of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New Assets

Question: Are new assets introduced in the paper well documented and is the documenta-
tion provided alongside the assets?

Answer: [Yes]

Justification: We have released an anonymous Watermelon EEG dataset, which can be
accessed at https://zenodo.org/records/11238929

Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can
either create an anonymized URL or include an anonymized zip file.

Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the pa-
per include the full text of instructions given to participants and screenshots, if applicable,
as well as details about compensation (if any)?

Answer: [NA]

Justification: we collected the Watermelon EEG dataset, but watermelon is not a human
subject. Nonetheless, we provided experiment details, which could be found in section
Section 2.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contri-
bution of the paper involves human subjects, then as much detail as possible should
be included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, cura-
tion, or other labor should be paid at least the minimum wage in the country of the
data collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
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Answer: [NA]
Justification: the paper does not involve crowdsourcing nor research with human subjects
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equiva-
lent) may be required for any human subjects research. If you obtained IRB approval,
you should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity
(if applicable), such as the institution conducting the review.
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