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Abstract— Accurate real-time error detection is critical for
effective human-robot interaction (HRI) in assistive robotics,
where unintended/erroneous actions can reduce user trust,
increase frustration, and potentially cause harm. Conventional
error recognition methods rely on external sensors and pre-
defined user commands, limiting their applicability in unstruc-
tured environments. This work-in-progress paper proposes an
EEG-based error detection framework leveraging error-related
potentials (ErrPs) to identify incorrect robotic actions and
enable immediate corrective responses. By integrating gaze-
based intention recognition with real-time ErrP classification,
our approach enhances interaction naturalness and adaptabil-
ity. We employ a conformer model for online ErrP detection,
overcoming the limitations of discrete classification in offline
settings. Our experimental setup involves a gaze-driven assistive
robotic system, where users perform object manipulation tasks
while EEG signals are recorded to detect erroneous actions.
Preliminary results suggest that our method improves error
recognition accuracy and reduces false positives in real-world
scenarios. Future work will focus on refining model robustness,
optimizing real-time processing, and expanding applications to
more complex assistive tasks.

I. INTRODUCTION

Assistive robotic systems, such as exoskeletons [1] and
prosthetic devices [2], offer significant potential as rehabil-
itation tools for individuals with motor impairments. Up-
per extremity motor impairments, commonly resulting from
spinal cord injuries, amputations, degenerative diseases, or
stroke [3], [4], present considerable challenges for affected
individuals. These impairments can severely reduce quality
of life by restricting the ability to perform essential daily
activities.

A critical aspect of successful Human-Robot Interaction
(HRI) is accurately recognizing the intention of patients [5].
This is particularly challenging in assistive robotics, given
that disabled users have fewer potential options to input
their commands. Brain-computer interfaces (BCI) [6], [7]
have been successfully applied to control assistive devices
with a limited degree of freedom, such as “drive forward”
or “turn left” for Brain-controlled wheelchairs [8]. How-
ever, decoding a larger amount of high-level commands
using BCI is challenging. An alternative control method is
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Fig. 1: Proposed EEG-based correction of incorrect actions
for assistive robotics. Top: experimental setup - user is at-
tached to an assistive robot, gaze tracking is used to infer the
user’s intention, and EEG signals are collected to detect the
user’s natural responses to incorrect robot actions. Bottom:
A flowchart of the schematic of the proposed method.

through the human gaze. The human gaze is an information-
rich signal [9] that retains its goal-oriented functionality
across most motor impairments and is naturally linked to
the user’s action intentions. This enables building “Zero
UI” approaches, where natural gaze is decoded to high-
order commands such as “’pouring a bottle” [10]. However,
an accurate decoding of human intention from gaze is an
extremely challenging task as one first needs to be able to
distinguish between “inspection” and “intention” gazes [11]
and then contextualize the map of the intention gaze given
the gazed object, user’s current state, world state and history
of actions [10].

In addition to intention recognition, real-time error recog-
nition is critical for effective rehabilitation and adoption in
assistive robotics [12]. The ability to detect and correct errors



in real time enhances safety, improves system effectiveness,
and fosters user satisfaction. Conventional HRI systems
identify errors by analyzing differences between expected
and actual outcomes based on the robot’s actions and user
feedback. These systems commonly utilize external sensors,
including cameras [13], [14], verbal feedback [15], [16],
etc., to facilitate error detection. While such approaches
perform well in controlled environments where the robot
operates within a predefined set of user commands and states,
they often rely on pre-defined commands and structured
interactions, hence they generalize poorly to unstructured,
dynamic scenarios [17] where user’s state and feedback may
be ambiguous or difficult to interpret [18].

While BCI has limited applications for direct control, it
provides a promising approach for real-time error detection
by identifying error-related potentials (ErrPs) in users’ elec-
troencephalogram (EEG) signals. ErrPs are neural responses
that occur when an individual perceives an error, whether
self-generated or originating from an external system, such as
an assistive robot. Recent studies have explored EEG-based
error detection for real-time correction in HRI tasks, such as
correcting robot trajectories using ErrPs [19], and improving
BCI speller accuracy through double ErrP detection [20].
Unlike traditional methods that rely on predefined responses,
EEG-based error detection systems offer direct access to
brain activity, enabling adaptive interaction without explicit
user input. This seamless and minimally intrusive approach
has the potential to improve communication efficiency in
assistive robotics [19], [21].

Recent works have shown that deep learning models such
as Convolutional Neural Networks [22]-[24], Graph Neural
Networks [25] outperformed traditional machine learning
models in multiple BCI tasks. However, these approaches
rely on pre-defined, discrete time windows that assume the
error event occurs around the center. Although effective in
offline settings, this assumption limits their ability to gen-
eralize to real-life scenarios that require continuous online
detection [26]. As demonstrated in [27], such models often
exhibit high false positive rates in pseudo-online or online
settings, making them unsuitable for reliable error detection
in HRI systems.

Data imbalance, feature sparsity, and variable response
times across participants [26] pose significant challenges for
ErrP detection in real-world HRI scenarios. We previously
proposed a conformer model [28] that integrates a pre-
trained CNN encoder with a transformer block employing
causal attention to capture long-term dependencies in EEG
signals. Experimental results validated using publicly avail-
able datasets [29] demonstrated that our model outperformed
classical discrete methods and sequential deep learning
approaches in both inter-session and inter-subject cross-
validation tasks, notably achieving substantial reductions in
false positive rates. However, validation in controlled datasets
does not necessarily guarantee equivalent performance in
practical, real-world settings. Therefore, in this study, we
aim to demonstrate the robustness and adaptability of our
EEG conformer model within an actual assistive robotic

environment [30]. By evaluating its performance under real-
world operational conditions, we seek to further verify the
model’s capability, thus substantiating its applicability and
effectiveness in enhancing safety and responsiveness in com-
plex human-robot interaction scenarios.

This paper presents our method for real-life deployment
of ErrP signal detection for error detection and correction
in a gaze-driven assistive robotic setup. Here we present our
experimental setup, training data collection pipeline and the
ErrP detection algorithm.

II. METHODS
A. Experimental setup

Our experimental setup, as shown in Fig. [I] is based on
[10], here we provide a brief overview. The user wore a
Bioservo Carbonhand soft robotic glove and was securely yet
detachably connected to a UR10 robot via an electromagnet
and a torque sensor. Eye-tracking data were collected using
Pupil Labs’ Pupil Core system. An Intel RealSense D435i1
RGB-D camera and passive optical trackers were mounted on
the eye tracking glasses. OptiTrack Flex 13 motion tracking
cameras captured the user’s head pose.

To facilitate gaze detection and object recognition, the
user’s gaze was mapped onto the RGB-D camera video
stream, with objects in the field of view detected and labeled
using Mask R-CNN. A machine-learned classifier determined
whether the user’s gaze indicated intention or inspection.
This gaze information was then passed to an action-grammar
controller to select appropriate assistive actions. Robotic
motion planning adhered to user comfort constraints, as-
sessed via Rapid Upper Limb Assessment (RULA) [31],
ensuring that generated trajectories remained collision-free
and ergonomically suitable.

EEG data were recorded continuously during trials using
a Brain Product actiChamp amplifier and a Classic 32Ch
actiCAP EEG cap. The robot’s actions and timestamps at
the beginning and end of each action are recorded as event
triggers.

B. ErrP Decoding Model and EEG Channel Selection

As intrinsic neural responses of erroneous robotic action,
ErrPs have two key components: error-related negativity
(ERN) and error positivity (Pe). The ERN typically occurs
50-100 ms after an erroneous response, predominantly over
fronto-central scalp regions. This is followed by Pe, which
appears between 200-500 ms over centro-parietal areas [32]—
[34].

To ensure reliable online ErrP detection, we adapted our
state-of-the-art pseudo-online ErrP detection EEG conformer
model (see full details of the model [28]) and deployed it
in a real-life online testing scenario. As shown in Fig
the model concatenates a pre-trained CNN encoder with a
causal transformer layer: the CNN encoder captures the local
spatial-temporal features from short EEG windows, while the
transformer models long-range temporal dependencies across
the sequence. Combined with label smoothing and class
balancing strategies, this architecture significantly reduces



the false positive rate by effectively leveraging both short-
and long-range information for more accurate ErrP detection.

To maximize our system’s applicability in real-world
deployment, we prioritized usability and efficiency over
the full-scale setups typically used in EEG experimental
research. Instead of relying on the standard 32-channel 10-20
EEG configuration, we limited our setup to eight channels
that are most relevant to ErrP detection. As shown in Fig.
2l we selected Fz, FC1, FC2, Cz, C3, C4, CPI1, and CP2,
with FP1 as the reference and FPz as the ground [33].
These channels were selected to preserve prediction accuracy
while significantly reducing the number of electrodes. This
reduction not only minimizes setup time and improves user
comfort but also lowers hardware and computational costs,
thereby enabling more efficient real-time processing for low-
latency error correction in practical applications beyond
controlled laboratory environments.

C. Error Correction Pipeline

The proposed closed-loop error correction pipeline is
illustrated in the flowchart in Fig. [I] After decoding the
user’s intention based on gaze history and the current robot
state, the robot begins executing the corresponding action
(e.g., picking up an orange). During execution, the system
continuously monitors the output of the online ErrP classifier.
If an ErrP is detected, indicating that the user has perceived
the action as erroneous, the robot immediately interrupts the
task and returns to the previous state prior to initiating the
action.

This rollback mechanism allows the user to re-specify
their intention via gaze, enabling the robot to reattempt the
task. This pipeline facilitates low-latency correction of mis-
interpreted commands, enabling successful task completion
without manual intervention or verbal feedback. Ultimately,
it demonstrates the potential of leveraging implicit brain
signals for seamless error recovery in assistive human-robot
interaction.

III. EXPERIMENTAL PROTOCOL

We are looking to recruit N=20 right-handed healthy
participants with no history of neurological disorders.

The experiment consists of two parts: Data Collection for
ErrP detection model training and Evaluation with online
ErrP detection based correction.

Data Collection. Participants perform a “’pick and place”
task. An object (orange) is placed in front of the participant
on a table. The participant is asked to indicate intent to grasp
the orange using their gaze. Then the robotic arm performs
the grasp action. Next, the participant is asked to indicate
intent to place the and place the orange onto a predetermined
marked position on the table. The robot then places the
object. Hence the the user expects to perform the sequence
”pick object, place object”.

Before the experimental run, participants are guided
through 10 practice trials of the “pick and place” task to
familiarize themselves with the system. Each experimental
run consists of 30 trials. Unknown to the participant, the
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Fig. 2: Sample BCI recordings of a successful action, and
deliberately failed action and the Casual EEG Conformer
Model. The red shaded area is the expected ErrP signal, E -
encoder blocks, h - tokenized feature vector.



robot is programmed to deliberately fails the “pick” action
in 20% of trials (i.e. 6 trials) and the ”place” action in another
20% of trials (i.e. 6 trials). The sequence of successful and
deliberately failed action sequences is randomized across
participants. In the “fail pick” scenario, the robot performs
the pick action at a 10 cm offset distance from the object
- i.e. the robot misses the object. The trial then terminates,
and the experimenter resets the scene. In the “fail place”
scenario the robot places the object at the exact position it
was picked from. Participants are also instructed to press a
button whenever they perceive an error made by the robot.
This button press generates a trigger in the EEG recording,
which is used to label the timing of ErrPs for training the
online detection model. After each trial, the experimenter
resets the object position.

Sample recordings of successful and deliberately failed
actions are shown in Fig. |2| - the red shaded area shows the
expected ErrP signal.

Evaluation with online ErrP detection. We evaluate the
ErrP detection by performing the “pick and place” task as
well as “’pick, pour and place”. The former is the same as the
one described above, with the same deliberate fails, except
if a fail is detected by ErrP detection - the robot interrupts
the erroneous action and returns to the previous state, such
that the participant can indicate the action intention again
and perform the action successfully.

We add an extra task to inspect how ErrP detection
generalizes between different potential actions and objects.
In the “’pick, pour and place” task, participants are asked to
pick a cup pour it into a bowl and place the cup back on
the table at a designated location. Similar to the pick and
place” task each action deliberately failed 20% of the time
with the robot interrupting the erroneous action and returning
to the previous state, such that the participant can indicate the
action intention again and perform the action successfully.

IV. CONCLUSION AND FUTURE WORK

This work proposes a real-time EEG-based error detection
framework that closes the loop in assistive robotic control
by leveraging ErrPs to identify and correct unintended ac-
tions. By integrating gaze-based intention recognition with
our online EEG conformer model for error detection, our
approach enhances user-robot interaction by improving the
system safety and fostering user trust, ultimately increasing
its reliability and applicability in real-world settings.

Our ongoing work involves data collection from a diverse
participant pool to evaluate system performance across indi-
viduals. Future directions include refining the ErrP detection
model to improve robustness in dynamic environments, opti-
mizing real-time processing for low-latency error correction,
and extending our approach to more complex assistive tasks.
Additionally, we aim to explore transfer learning techniques
to adapt pre-trained ErrP models to individual users, enhanc-
ing personalization and generalization.
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