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Abstract—Identifying a brain signal that enables the detec-
tion of incorrect execution in human-robot interaction (HRI)
is considered a holy grail for real-time systems. A major
challenge in achieving this is the inherent imbalance caused
by the sparsity of error-related potential (ErrP) events in
streaming electroencephalogram (EEG) data, which often leads
models to learn irrelevant features and perform poorly. Thus,
while deep learning-based ErrP detection has seen considerable
advancements, the variability in individual user reaction times
introduces labeling errors, complicating model adaptation to
new subjects. Moreover, most deep learning methods are
developed and validated on discrete, offline experiments using
pre-defined windows, which fail to translate effectively to con-
tinuous, real-time HRI. Addressing these challenges is crucial
to improving the robustness and adaptability of real-time ErrP
detection in practical HRI applications. Here, we develop a
causal EEG conformer framework, combining a convolutional
neural network (CNN) encoder and a transformer with causal
attention for real-time prediction of ErrP signals during HRI.
We evaluated our ErrP model in a pseudo-online environment
in both inter-session and inter-subject cross-validation settings
for exoskeleton assistive robotics. Our model demonstrated
superior performance in decoding accuracy and efficiency,
showcasing better generalization for real-world dynamic HRI
applications.

I. INTRODUCTION

Human-robot interaction (HRI) plays an important role in
rehabilitation and assistive robotics for patients with spinal
cord injuries, neurodegenerative diseases, or strokes. By
enabling patients to regain lost motor functions or adapt to
new ways of performing daily activities, effective HRI can
significantly enhance their quality of life. A critical aspect
of successful HRI is accurately recognizing the intention
of patients, which is essential for the control of robotic
assistive devices [1]. To facilitate this, as well as to pro-
mote more effective interaction between humans and robots,
human-in-the-loop learning becomes highly important [2].
As illustrated in Figure [1} this approach uses the continuous
feedback loop between the human user and the robotic
system, allowing the robot to adapt and improve its responses
based on the user’s intentions and reactions.
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Fig. 1: Illustration of Close-loop Assistive Robotic System
with Auto Error Detection.

Within HRI in assistive robotics, real-time error recogni-
tion is essential since errors made by the robot can result
in undesired actions that the user neither intends nor wishes
to perform. Such errors can lead to frustration, decreased
trust in the robotic system, and, in severe cases, potential
harm to the patient [3]. By detecting these errors, the robot
can immediately correct its course, thereby improving safety,
effectiveness, and user satisfaction.

Error recognition in conventional HRI systems involves
monitoring discrepancies between expected and actual out-
comes based on the robot’s actions and user feedback. These
systems often rely on external sensors, such as cameras [4],
eye tracking [5], or voice recognition [6] to detect errors.
They are particularly effective in controlled environments
where the robot can accurately interpret a limited set of
user actions or gestures. However, the reliance on explicit
commands or pre-defined gestures can limit the naturalness
of the interaction [7]. As a result, these methods can struggle
with real-time error detection, particularly in dynamic or
unstructured real-world situations where user intentions and
feedback are not straightforwardly interpretable [8].

Brain-computer interfaces (BCI) offer promising methods
for detecting such errors through the identification of error-
related potentials (ErrPs) in the electroencephalogram (EEG)
signals of the user. BCI systems with EEG enable direct
access to the patient’s brain activities in real time without
pre-defined responses. ErrPs are specific neural responses
that occur when a person recognizes an error, whether it is
their own or that of an external system, such as the assistive
robotic system. Detecting ErrPs from EEG signals offers
a natural and direct way of identifying errors during HRI
without conscious effort from the user, making it a seamless
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Fig. 2: Ilustration of Offline Discrete Evaluation vs. Online
Continuous Evaluation.

and less intrusive method of communication [9].

Earlier works employed domain features of the error-
related negativity (ERN), such as the power of theta, beta,
and gamma frequency bands of the EEG signal to train
machine learning (ML) models for ErrPs detection [10].
However, the non-stationary, limited spatial resolution and
low signal-to-noise ratio (SNR) of the EEG signal make it
challenging to generalize to new subjects or environments
[11]. More recently, advances in deep learning have en-
abled automatic feature extraction and prediction from EEG
signals without specific domain knowledge. Deep learning
approaches based on convolutional neural network (CNN)
[12], [13], long short term memory (LSTM) [14] and graph
neural network (GNN) [15] have outperformed conventional
classifiers [16], on multiple tasks such as motor imagery
classification and emotion recognition.

Despite these advancements, deep learning-based real-time
ErrP detection presents inherent and significant challenges
that have been overlooked in the existing work. First of all,
given the nature of real-time detection from streaming EEG
recordings, there is a substantial sparsity of error events,
leading to severe imbalance. This would lead conventional
deep learning models to learn a lot of task-irrelevant features,
which hamper their performance [17]. In addition, variability
in reaction times across different individuals can introduce
labeling errors within the dataset, making it difficult for
the models to adapt to new subjects. Furthermore, previous
deep learning approaches were developed and validated on
isolated events within pre-defined time windows, where each
event is treated independently and the ErrP is assumed
to occur at the center of the windows, as shown in Fig-
ure 2] While this discrete evaluation setting is effective in
controlled, offline experiments, it struggles to generalize to
online HRI settings where continuous, real-time detection is
required [18]. For instance, despite the high offline accuracy
achieved by the Ensemble model proposed by [19], a high
false positive (FP) rate is observed in the pseudo-online
setting due to the variable position of the ErrP within the
window and the lack of long-range temporal information.
These challenges make it difficult for existing deep learning
models to train and generalize in real-world HRI applications
effectively.

In this work, we dedicate our efforts to addressing the

above challenges to develop effective real-time ErrP detec-
tion during HRI in the real world. Our contributions are
follows:

A Causal EEG Conformer Model for ErrP Detection.
We introduced an EEG Conformer model that leverages
CNN s to learn frequency features from small EEG windows
and transformer layers to capture long-term dependencies be-
tween these windows. The causal masking in the transformer
layer ensures that attention calculations are unidirectional,
preventing the use of future windows and making the model
suitable for real-time online applications.

Two-stage Discrete Pre-training and Sequential Learn-
ing Framework. We proposed a two-stage training frame-
work where the CNN module is first pre-trained on a set
of balanced, discrete windows to learn meaningful features,
followed by fine-tuning on continuous sequences to capture
long-term dependencies.

Imbalance Strategies for Sparse ErrP Events. Through-
out the two stages, we introduced a series of strategies, in-
cluding resampling, label imbalance loss, and label smooth-
ing strategy, to tackle the inherent label imbalance issue.
These methods have proven to be critical and effective
solutions for training real-time ErrP detection models.

Based on the integration of the above, we conducted ex-
tensive experiments in pseudo-online settings to validate our
model’s performance and compared it against existing meth-
ods in the literature. Extensive experiments demonstrated
that these strategies significantly improved model robustness,
reducing FPs and achieving higher balanced accuracy across
inter-subject and inter-session tasks.

II. RELATED WORK

A. Error-Related Potentials in EEG Signals

ErrPs are specific patterns of neural activity that occur
when an individual detects an error in their own actions or
the actions of an external system, such as a robot. According
to cognitive neuroscience research [20], [21], ErrP consists of
error-related negativity (ERN), which typically arises within
100 ms after an error is perceived, and positive deflection
known as error positivity (Pe), occurs around 200 to 500 ms
after the error.

ErrPs are primarily characterized by analyzing the theta
(4-8 Hz), beta (18-30 Hz), and gamma (60-90 Hz) fre-
quency bands [10]. Earlier works [22] used traditional signal
processing methods to extract the changes in EEG signal
frequency bands and train a classifier. However, challenges
such as inter-subject variability, noise in EEG data, and the
need for real-time processing continue to pose significant
hurdles in this field [17], [23].

B. Deep Learning for EEG Decoding

Advances in deep learning have enabled automatic feature
extraction and prediction from EEG signals without spe-
cific domain knowledge. Varied deep learning architectures,
such as CNN [12], [13] and GNN [15], have outperformed
conventional classifiers [16] on multiple classification tasks,



including motor imagery classification and emotion recog-
nition. Sequential models like LSTM [14] and transformer
[24] have also proven effective in capturing long-term de-
pendencies in EEG monitoring tasks such as sleep staging
and clinical diagnosis.

These models have also been applied specifically for
discrete ErrP classification. For instance, CNN [25], [26] and
GNN [27] have shown improved accuracy over traditional
approaches for ErrP classification. However, they primarily
focus on discrete ErrP classification for isolated EEG trials
rather than continuous prediction over a longer duration.
Furthermore, in real-world settings, since robots constantly
move and interact with the robotic system, it presents ad-
ditional challenges for robust ErrP detection to handle such
dynamics. Additionally, most validation datasets for these
models are collected in controlled environments where there
are a balanced amount of error and non-error trials, which is
not the case for in-the-wild real-time continuous recordings.

C. Error Feedback during HRI

In assistive robotics, timely and accurate error feedback
is essential for ensuring safety, efficiency, and user satisfac-
tion. Effective error detection allows robots to adjust their
behavior in real time, preventing potential harm to users.
Cameras have been utilized to detect errors by analyzing
head and shoulder movements [4] or facial expressions [28].
These vision-based methods can be improved by integrating
other modalities, such as voice recognition [5], [6], which
enhances the robot’s ability to interpret user reactions and
detect errors more accurately.

However, relying on explicit feedback from users can be
limiting, as it may not always be consistently expressed or
easily observable. Researchers [9], [29] have explored using
ErrPs from EEG signals as implicit feedback, leveraging
the brain’s cognitive responses during interactions. While
promising, these studies collected EEG signals from partici-
pants when they were observing the robot rather than during
physical interactions, where muscle movement and task
complexity introduce artifacts, complicating ErrP detection.

III. METHODS

A. Dataset Description

We used the IJCAI'23 CC6 Competition HRI dataset
provided by [30]. The complete dataset consists of EEG
and EMG recordings from eight healthy subjects who par-
ticipated in an experiment involving the detection of errors
introduced by an active orthosis device. However, we only
used the EEG data in our experiment for our brain-machine
interface system.

The EEG data were recorded using a 64-channel 10-20
EEG system (LiveAmp64 from Brain Products GmbH) at
500 Hz. The Participants were fitted with an active orthosis
on their right arm and were instructed to detect and respond
to errors in the orthosis movement by squeezing an air-filled
ball in their left hand. The experiments consist of 10 runs
of orthosis movement, each with 30 trials, including six
randomly introduced errors of opposite directions per run.

The annotations include the time point of the start, end, and
the error onset (if any) of each interaction.

We first re-referenced the signal to the global average and
down-sampled the data to 100Hz. A band-pass filter between
0.1 and 30 with Firwin filters was then applied to the signal
to filter out as many motion artefacts as possible, followed
by z-score normalization.

B. Problem Definition

Considering the ErrP EEG classification task, we denote
the input as € RE*7, where C represents the number of
EEG channels, and T represents the time length of the EEG
segment. The label is denoted as y; € {0, 1}, where y =0
represents a normal EEG segment at time ¢, and y; = 1
indicates an error-related EEG segment.

Prior experimental settings in this context have several
limitations, hindering their applicability in the real world.

1. Conventional Data Collection and Usage. Most pre-
vious studies utilize data collected in controlled lab envi-
ronments, where an equal amount of positive (error) and
negative (normal) samples are available. In these settings,
participants observe the robot making mistakes without phys-
ically interacting with it, resulting in cleaner EEG data with
fewer noise artifacts. This setup simplifies the classification
task but does not fully capture the complexity of real-world
HRI scenarios.

2. Offline Validation. Previous studies often rely on
offline validation methods, classifying discrete windows of
EEG data without considering the temporal dependencies in
the user’s brain signals. These approaches may inadvertently
utilize clues after the ErrPs signals for prediction, such as
muscle movements that occur when the participant squeezes
the ball for feedback. These methods, while effective for con-
trolled experiments, may fail in real-time HRI applications
where continuous data is processed.

To improve real-world applicability, we followed the
Pseudo-Online validation approach suggested by [18]. The
Pseudo-Online validation approach ensures that the model
cannot rely on the participant’s future response clues (such
as muscle movements) for error prediction.

C. Overview of Causal EEG Conformer Model

Our Causal EEG Conformer model, illustrated in Figure|3]
consists of several key components designed to handle se-
quential EEG data for ErrP classification. The model begins
with a CNN encoder block E, which uses convolutional lay-
ers to extract features using a sliding window approach along
the entire EEG sequence. The input sequence « € RE*7T is

divided into smaller windows of size w with an overlap of
T—v

w—v
windows, each of size w. The CNN encoder F is applied
to each window x; € RE*", where i € [1,s], to extract
features from each segment of the sequence. This process
yields a sequence of tokenized feature vectors h; = E(x;) €
R<, where d is the dimension of the extracted feature vector.
These tokenized feature vectors are then concatenated into a
sequence H = [hy, hy, ..., h,] € R¥¥9,

v between consecutive windows. This results in s = {
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Fig. 3: An illustration of our proposed Causal EEG
Conformer Model. The framework starts with discrete CNN
encoder pre-training, where positive segments were sampled
using the error onsets. During continuous decoding, the
frozen CNN processes overlapping EEG windows to extract
tokenized features, which are concatenated and encoded with
positional embeddings. These are passed through transformer
blocks with causal attention and a classification head.

The tokenized feature sequence H is then encoded with
positional embeddings p € R**? to ensure the temporal
order of the sequence is preserved, allowing the model to
understand the progression of events over time. The sequence
is then passed into transformer blocks with causal attention
mechanisms. Causal attention ensures that the features at
time ¢ only attend to the historical features from previous
time steps 7 < ¢ and not any future information, making
the model suitable for real-time applications. Finally, the
output sequence from the transformer blocks is fed into a
linear classification head, which performs ErrP classification
at each time point along the continuous EEG sequence.
The resulting prediction sequence is then post-processed to
pinpoint the error onset.

To effectively guide the model in performing real-time
ErrP detection, we introduce two-stage training strategies to
first conduct discrete pre-training of the CNN encoder and
subsequently perform sequential downstream training for the
causal transformer.

D. Discrete Pre-training

Due to the sparsity of the error signal within the data
sequence, the feature tokenizer needs to be pre-trained to
ensure it can encode meaningful information. Existing deep
learning models, including transformers, often fail to handle
sparse features effectively [31]. Sparse features, such as ErrP
signals with infrequent occurrences, can impede the model’s
ability to learn meaningful representations.

Neuroscience research has shown that ErrP signals typ-
ically occur around 100-500 milliseconds after an error is
perceived. Therefore, we used w = 100 which is a 1-second
window following the error onset as positive samples. For
negative samples, we randomly selected non-overlapping 1-
second windows from the rest of the data, ensuring that these
windows do not contain error-related potentials.

To address the imbalance between positive (error) and
negative (normal) samples, we oversampled the positive sam-
ples and undersampled the negative ones to create balanced
batches during training. The CNN encoder E was pre-
trained to minimize focal loss, which is particularly effective
for handling imbalanced datasets. The focal loss is defined
as: Lq(p) = —a(l — p)7log(p), where p is the predicted
probability of the linear classification layer of h for the
correct class, « is a weighting factor to balance the positive
and negative samples, and 7 is the focusing parameter, which
adjusts the loss contribution for well-classified samples. By
employing focal loss, we reduce the impact of easy-to-
classify examples and ensure that the CNN encoder F learns
to focus on difficult-to-detect error signals, improving its
ability to encode meaningful features during pre-training.
This discrete pre-training phase is critical for preparing
the feature tokenizer to handle the sparsity of ErrP in the
continuous data sequences in the next stage.

E. Sequential Downstream Training

Directly applying a discrete model with a moving window
on sequential EEG data can result in poor performance
due to the loss of historical brain signal information and
varying reaction times across individuals. Each person may
experience different amounts of delay after an error onset,
which can introduce labeling errors into the dataset. This
variation in reaction times leads to misaligned labels and
reduces the accuracy of error detection. To address this issue,
we applied label smoothing to account for the uncertainty
and variability in error onset timing.

Given the label sequence as y € {0,1}7, a sequence of
length T', the positive class (1) is only assigned to a sparse
segment immediately following the error onset. However,
this sharp and binary labeling is problematic, as the exact
moment of error detection may vary. To smooth these labels,
we repeatedly convolved the original label vector with a
skewed Gaussian kernel, which is defined as:

T
. 1 (k—1t)2 k—t
= - o 1
Y ; s eXP( 252 ) (a p )yt M
where ¥, is the smoothed label at time &, o is the standard
deviation of the Gaussian kernel, « is the skewness factor



of ®(-), and y; is the original label at time ¢. The skewed
Gaussian kernel has a longer tail on the right to allow a
gradually decreasing probability for slower reaction times.
This convolution ensures that the label vector transitions
smoothly, replacing sharp binary values y; € {0,1} with
continuous values g € [0, 1].

Then, both the input sequence & € RE*T and the
smoothed label sequence 4 € [0, 1]7 are divided into smaller
windows of size w with an overlap of v between consecutive
windows. This results in s = LZ;:EJ windows, each of size
w. The pre-trained CNN encoder E processes each window
x; € RO, where I € [1, 5], to extract features from each
segment of the sequence. This process yields a sequence
of tokenized feature vectors h; = E(x;) € R?, where d
is the dimension of the extracted feature. These tokenized
feature vectors are then concatenated into a sequence H =
[hl, hg, RN hq] S Rs*4,

During the Sequential Training phase, the CNN encoder
E is frozen. The causal transformer block and the multi-
layer perceptron (MLP) classification heads are trained to
minimize the Mean Square Error (MSE) compared to the
smoothed label sequence Y € [0, 1]°>*. This approach helps
mitigate the effects of varying reaction times and labeling
errors, allowing the model to learn more robust patterns in
the EEG data. During inference, the prediction sequence is
thresholded at 0.5 to convert into binary predictions of error
during HRIL

F. Implementation and Validation Protocol

We followed the pseudo-online validation approach pro-
posed by [18] and calculated the balanced accuracy (Acc),
F1 score, and normalized Matthews Correlation Coefficient
(nMCC) as follows:

TP xTN —FP x FN

MCC = s
/(TP +FP)(TP+ FN)(TN + FP)(TN + FN)
1 TP TN
Balanced Accuracy = — + , @
2\TP+FN TN+ FP

2x TP
2xTP+ FP+FN

We implemented our model using PyTorch with Titan
Xp. For training, we applied Adam as the optimizer, with
a learning rate of le-3, betas as (0.9,0.999), and weight
decay of le-4. The batch size was set as 32. We trained
the downstream sequential model using a window size of
w = 100 and an overlap of v = 90 on 6-second data
segments, 7" = 600, after each interaction onset. The models
were evaluated on unseen EEG input streams, with lengths
ranging from 184.62s to 230.05s.

For baseline comparisons, we used the EEGNet [12],
ResNet [23], MLP, logistic regression (LR), support vector
machine (SVM), random forest (RF), and XGBoost bundled
as an Ensemble model proposed by the winning team [19].
These discrete models were tested using the moving window
approach on the test EEG sequence. We also used baseline
models that combine EEGNet with a gated recurrent unit
(GRU) [32] and LSTM [33] as backbone comparisons fol-
lowing our pre-training and sequential learning pipeline.

F1 score =
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Fig. 4: Examples of Pseudo-online Model Prediction
Results. (a) Ensemble Model (b) EEGNet-GRU Model (c)
Our EEGNet-Transformer Model

To evaluate the generalization capability of different meth-
ods, we first tested both the inter-session 10-fold cross-
validation by splitting the dataset into training and testing
sets based on the runs. We also conducted Leave-One-
Subject-Out (LOSO) cross-validations where all the runs of
each unique subject are left out as a test set in each fold.

IV. RESULTS AND DISCUSSION
A. Pseudo-Online ErrP Prediction Results

We present the inter-session 10-fold cross-validation and
LOSO with the averaged balanced accuracies, F1 scores, and
nMCC scores in Table E} Overall, the models with sequential
layers achieved higher performance than the discrete models
for pseudo-online prediction using moving windows. This
shows that the historical brain response is essential for
the online ErrP prediction within new incoming data. In
particular, our proposed model, which combines a pre-trained
CNN encoder with a transformer block, achieved the highest
average performance in both inter-session and inter-subject
validation tasks. This result demonstrated the transformer
block’s strong ability to capture the sparse key feature de-
pendencies along the input context sequence. The Ensemble
model with majority voting achieved the lowest balanced
accuracy on the LOSO task due to the inter-subject variations
in EEG patterns and reaction times. The covariance matrix
features used to train classical machine learning methods
could not be generalized to unseen users or unseen segments
of the HRI.

We also present a set of examples for the predicted error
probability in pseudo-online decoding tasks in Figure. i The
red vertical bars represent the 1-second window after each
error onset, which we treated as the ground-truth duration
for ErrPs. The blue lines represent the predicted probability
of each model in real time. In this example, although the
Ensemble model accurately predicted all six errors, it has a
high FP rate when thresholded at 0.5 as shown in Figure [d{a).
This finding is also consistent with the results reported by



TABLE I: The Inter-Session and Leave-One-Subject-Out Cross-Validation Results on Pseudo-Online EEG Stream

Inter-Session

Inter-Subject

Method Mode
Acc (%) F1 (%) nMCC (%) Acc (%) F1 (%) nMCC (%)

EEGNet Discrete 59.88 £ 146 23.84 £297 59.76 + 1.73  57.92 + 3.83 21.39 £+ 7.24 59.33 £ 3.86
ResNet Discrete 60.16 = 1.02  29.02 + 3.13  64.51 & 2.22 58.16 + 3.58 22.98 + 8.58 60.78 £ 4.79
Ensemble* Discrete 5528 £0.68 17.79 & 1.87 60.49 + 1.29 5428 + 1.64 14.46 £+ 4.51 58.60 £ 2.82
EEGNet-GRU Continuous  61.12 + 1.91  31.37 £ 4.63 65.80 £ 2.74 62.64 + 644 3320 £+ 1448 6598 + 7.69
EEGNet-LSTM Continuous  60.68 £ 3.07 30.70 4+ 3.07 65.49 + 3.07 61.30 +£ 437 31.20 &+ 11.54 65.38 £+ 6.94
ResNet-GRU Continuous  60.76 & 4.09 3092 £+ 9.58 66.36 + 4.89 62.41 & 496 3449 £+ 12.09 67.44 + 6.93
ResNet-LSTM Continuous  56.52 + 2.24  20.58 +5.92 61.55 £ 3.16 58.72 £2.94 26.39 £+ 7.63 64.20 £+ 4.40
EEGNet-Transformer ~ Continuous  72.79 £+ 1.95 54.38 4+ 5.11 76.87 + 2.98 70.92 + 2.50 48.47 £+ 7.49 73.44 £+ 4.28
ResNet-Transformer Continuous  68.32 £ 3.72  46.86 4+ 8.25 73.78 + 4.21 74.14 + 3.83 56.35 + 8.78 77.85 + 4.66

*The Ensemble Model consists of a customized ResNet, MLP, LR, SVM, RF, XGBoost, and grid-search-optimized XGBoost [19].
Note: The best results are in bold, and the second-best results are underlined. All with Balanced Loader & Weighted Loss.

the winning team [19]. However, if the number of errors is
unknown, as in a real-world scenario, the model may perform
poorly. On the other hand, the EEGNet-GRU model has
lower sensitivity, failing to identify four out of six errors as
shown in Figure [{b). Finally, Figure ffc) demonstrates that
our proposed EEGNet-Transformer model achieved the best
pseudo-online prediction performance, correctly identifying
all six errors with only one FP. The model effectively
suppressed FPs during normal data segments, highlighting
its superior ability to capture long-term dependencies in the
sequence.

B. Ablation study

We further performed ablation studies to validate the
effectiveness of each training design of our proposed method,
with the results shown in Tablel[lll The results showed that all
components contributed to improving performance. In par-
ticular, the Skewed Gaussian Smoothing method, which con-
verted the training objective from classification to regression,
showed the highest performance increase, demonstrating its
effectiveness in addressing data imbalance and labeling error
issues.

TABLE II: Results of Ablation Study

y K‘;blz“"‘l‘) g A (%) F1 (%)  nMCC (%)
v 5740 £ 1.09 2343 £3.10 6323 £ 1.70
2 v v 59.88 + 146 23.84 £ 297 5976 + 1.73
3V v v 6647 + 387 3169 + 9.03 6431 + 499
4V v vy 7279 + 195 5438 £ 5.11 76.87 + 2.98
5 v v v v v 1348 L 176 5562 £ 396 7752 & 2.26

A: + Discrete CNN Encoder.

B: + Balanced Loader & Weighted Loss.

C: + Transformer blocks.

D: + Skewed Gaussian Smoothing [aw =1, o
&: + Fine-tunning of CNN Encoder.

3.

C. Online Decoding Efficiency

We also compared the inference time of different models
with different step sizes for 60s input sequences. As shown
in Table [II, our model achieved a faster decoding time
compared to the Ensemble method and the ResNet-GRU
model.

TABLE III: Decoding Efficiency for 60s Input Sequences
with Different Step Sizes

Decoding time for 60s input sequences (ms)

Method step size 10 step size 20 step size 50
EEGNet 1.17 £ 0.03 1.19 £ 0.16 0.99 + 0.25
ResNet 1.61 £+ 0.23 1.69 £+ 0.25 1.63 £+ 0.57
Ensemble 1461.63 + 56.03 561.11 4+ 12.45 316.18 £ 13.90
EEGNet-GRU 1.74 4+ 0.47 1.52 + 0.20 1.49 + 0.17
ResNet-GRU 54.52 + 1.70 27.26 & 0.47  12.19 £ 0.60
EEGNet-Transformer  8.64 4+ 0.57 6.85 + 0.75 7.07 £+ 2.18
ResNet-Transformer 12.42 £+ 0.43 8.77 + 0.84 6.77 £+ 0.75

D. Future Work

This study was conducted in a pseudo-online setting,
and its effectiveness in real-world applications remains to
be validated. To address this limitation, We are currently
conducting experiments to deploy our proposed model into
an assistive robotic system developed by our lab, which has
demonstrated success in assisting users with reaching and
grasping tasks [34]. Previously, when the robot made an
incorrect action, the user had to wait for the robotic system to
finish the action before any intervention. Our error detection
model will enable the robot to detect and correct errors in
real time during motor assistance. This will allow the robot to
dynamically adjust its movements based on detected errors,
ultimately improving safety and efficiency.

V. CONCLUSION

Data imbalance, feature sparsity, and variable response
times pose significant challenges for ErrP detection in dy-
namic HRI scenarios. To address these issues, we proposed
an EEG conformer framework that integrates a pre-trained
CNN encoder with a transformer block employing causal
attention to capture long-term dependencies in EEG.

Experimental results demonstrated that our model outper-
formed both classical discrete models and sequential deep
learning approaches in inter-session and inter-subject cross-
validation tasks, particularly in reducing false positive rates.
The model’s ability to maintain low false positive rates while
accurately detecting error events underscores its robustness
and adaptability. Our work advances ErrP detection for
practical applications in assistive robotics and beyond. By
enabling accurate and efficient error prediction, our approach
contributes to safer and more responsive HRI in complex,
real-world environments.



TABLE IV: Inter-Session Cross-Validation Results on Pseudo-Online EEG Stream

F1 (%)

nMCC (%)

23.84 £ 2.97
29.02 £ 3.13
17.79 £+ 1.87

59.76 £ 1.73
64.51 £+ 2.22
60.49 = 1.29

31.37 £ 4.63
30.70 £+ 3.07
30.92 £+ 9.58
20.58 £ 5.92

65.86 £+ 2.74
65.49 + 3.07
66.36 + 4.89
61.55 £+ 3.16

Method Mode Acc (%)
EEGNet Discrete 59.88 + 1.46
ResNet Discrete 60.16 = 1.02
Ensemble* Discrete 55.28 + 0.68
EEGNet-GRU Continuous  61.12 £+ 1.91
EEGNet-LSTM Continuous  60.68 + 3.07
ResNet-GRU Continuous  60.76 £+ 4.09
ResNet-LSTM Continuous  56.52 + 2.24
EEGNet-Transformer  Continuous  72.79 + 1.95
ResNet-Transformer Continuous  68.32 + 3.72

54.38 + 5.11
46.86 = 8.25

76.87 + 2.98
73.78 £ 4.21

TABLE V: Leave-One-Subject-Out Cross-Validation Results on Pseudo-Online EEG Stream

Acc (%)

F1 (%)

nMCC (%)

57.92 £+ 3.83
58.16 & 3.58
54.28 £+ 1.64

21.39 £ 7.24
22.98 £+ 8.58
14.46 + 4.51

59.33 £ 3.86
60.78 = 4.79
58.60 &+ 2.82

62.64 £ 6.44
61.30 £ 4.37
62.41 £+ 4.96
58.72 £ 2.94

33.20 & 14.48
31.20 £ 11.54
34.49 £ 12.09
26.39 £+ 7.63

65.98 £+ 7.69
65.38 + 6.94
67.44 + 6.93
64.20 + 4.40

Method Mode

EEGNet Discrete

ResNet Discrete

Ensemble* Discrete
EEGNet-GRU Continuous
EEGNet-LSTM Continuous
ResNet-GRU Continuous
ResNet-LSTM Continuous
EEGNet-Transformer  Continuous
ResNet-Transformer Continuous

70.92 £ 2.50

48.47 £ 7.49

73.44 £+ 4.28

74.14 + 3.83

56.35 + 8.78  77.85 £ 4.66
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