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Introduction
Intracortical brain-computer interfaces (iBCIs) have emerged as 
a promising technology for establishing direct communication 
between the human brain and external devices [1]. These interfaces 
involve implanting electrodes directly into the brain to record 
and stimulate neural activity, enabling the control of prosthetic 
limbs, communication devices, and other assistive technologies 
[2]. However, the high dimensionality and complexity of neural 
data pose significant challenges in accurately interpreting and 
translating brain activity into meaningful commands [3].

Traditional approaches to iBCI control often rely on simple 
decoding algorithms that map neural activity to specific actions, 
which can be limited in terms of flexibility, adaptability, and the 
ability to handle complex tasks [4]. To overcome these limitations, 
we propose the integration of advanced AI agents as an interface 
between the brain and iBCIs as shown in Figure 1. AI agents 
have demonstrated remarkable capabilities in various domains, 
including natural language processing, decision-making, and 
adaptive control [5]. By leveraging these advanced AI techniques, 
we aim to enhance the interpretation of neural signals, improve 
the efficiency of task execution, and provide a more intuitive and 
adaptable user experience.

Survey of Intracortical Brain Computer
Intracortical brain-computer interfaces have undergone significant 
advancements in recent years. These interfaces involve implanting 
microelectrode arrays into the brain to record neural activity 
from specific cortical regions [6]. The recorded signals are then 
processed and decoded to infer the user's intentions and control 
external devices accordingly.

Several studies have demonstrated the potential of iBCIs in 
various applications. For example, Hochberg et al. showed that 
individuals with tetraplegia could control a robotic arm using an 
iBCI to perform reach and grasp movements [7]. Carmena et al. 
demonstrated the feasibility of using iBCIs for continuous control 
of a prosthetic device in real-time [8]. These studies highlight the 
promise of iBCIs in restoring motor functions and enabling direct 
brain-machine communication.

However, traditional approaches to iBCI control often rely on 
simple decoding algorithms, such as linear regression or Kalman 
filters, which map neural activity to specific actions [9]. These 
approaches can be limited in terms of their ability to handle the 
high dimensionality and variability of neural data, as well as their 
adaptability to changing user intentions and environments [10].

Signal Acquisition and Decoding Techniques 
Advanced signal acquisition and decoding techniques are 
essential for improving the performance and reliability of iBCIs. 
Signal acquisition involves capturing neural activity through 
various methods such as intracortical microelectrode arrays, 
electroencephalography (EEG) and electrocorticography (ECoG). 
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Intracortical microelectrode arrays provide high-resolution 
recordings but are invasive, while EEG and ECoG offer less 
invasive options with lower spatial resolution [11].

Recent advancements in signal acquisition techniques focus 
on improving electrode materials and designs to enhance 
biocompatibility and signal quality. Flexible and biocompatible 
electrode arrays have been developed to reduce immune responses 
and ensure long-term stability of neural recordings [11].

Signal decoding involves translating neural activity into meaningful 
commands. Traditional decoding algorithms include linear 
regression, Kalman filters, and support vector machines (SVMs). 
However, these methods often struggle with the high dimensionality 
and variability of neural signals. To address these challenges, 
advanced machine learning techniques such as deep learning and 
recurrent neural networks (RNNs) have been employed [11].

Deep learning algorithms, including convolutional neural networks 
(CNNs) and RNNs, have shown promise in capturing complex 
spatiotemporal patterns in neural data. These algorithms can 
automatically learn relevant features from raw neural signals, 
improving decoding accuracy and robustness [11]. Additionally, 
transfer learning and domain adaptation techniques have been 
explored to enhance the generalization of decoding models across 
different users and recording sessions.

Limitation of Current Approaches to iBCI decoding and 
control
Despite the advancements in iBCI technology, traditional 
approaches to iBCI control face several limitations. These 
limitations hinder the achievement of seamless and intuitive 
brain-machine interaction. Some of the key challenges include:
•	 Signal Variability: Neural signals exhibit significant variability 

across individuals and over time [12]. Traditional decoding 
algorithms often struggle to generalize across different users 
and adapt to the changing characteristics of neural activity. 
This variability can lead to suboptimal performance and the 
need for frequent recalibration of the system.

•	 Limited Flexibility: Traditional approaches typically rely 
on fixed mappings between neural activity and specific 
actions [13]. This rigidity limits the flexibility of the system 
in handling complex tasks and adapting to the user's evolving 
intentions. The fixed mappings may not capture the full range 
of user intentions and can result in a constrained and less 
intuitive user experience.

Figure 1: Comprehensive Architecture of an Intracortical Brain-
Computer Interface (iBCI) Enhanced with AI Agents: This figure 
illustrates the architecture of an iBCI system integrated with 

advanced AI components. The system comprises the brain with 
implanted electrodes, a signal acquisition and processing module, 
a neural decoding unit, and external devices controlled via decoded 
neural signals. The AI agent enhances the system's capabilities 
with memory (short-term and long-term), planning (hierarchical 
planning, goal decomposition), reflective capabilities (reflection, 
self-criticism), and pre-determined skills for tasks such as grabbing 
and writing.

Lack of Contextual Understanding: Traditional decoding 
algorithms often operate on a single level of abstraction, directly 
translating neural activity into low-level commands [14]. They 
lack the ability to consider the broader context and understand 
the user's high-level goals and intentions. This lack of contextual 
understanding can lead to suboptimal decision-making and 
inefficient task execution.

Scalability and Complexity: As the complexity of the tasks and 
the number of control dimensions increase, traditional approaches 
may struggle to scale effectively [11]. The high dimensionality 
of neural data and the need for real-time processing pose 
computational challenges that can limit the performance and 
responsiveness of the system.

Proposed Approach: AI Agents as a Way to Solve the 
Limitations of I-BCI Decoding
The concept of AI agents is pivotal in modern AI research, 
particularly when addressing the intricacies of iBCIs. AI agents, 
defined as autonomous entities capable of observing, reasoning, 
and acting upon an environment to achieve specific goals, have 
evolved significantly. In the context of iBCIs, these agents serve 
as sophisticated intermediaries that enhance the brain-machine 
interface by introducing advanced cognitive capabilities such as 
task planning, decision-making, and adaptive learning.

AI Agents Framework and Abilities
According to Ruan J, et al. AI agents based on large language 
models (LLMs) can be structured to enhance task planning and tool 
usage [15]. These agents are designed with several key abilities:
•	 Perception Ability: AI agents must accurately interpret task 

instructions from users and system specifications.
•	 Task Planning Ability: AI agents should create step-by-step 

plans for complex tasks, adjusting dynamically to changes in 
tasks or environments.

•	 Tool Usage Ability: AI agents should select and use existing 
tools effectively, and create new tools if necessary. This 
extends their capabilities beyond their initial design.

•	 Learning/Reflection/Memory: AI agents should learn from 
feedback, adapt their strategies, and maintain memory logs 
to improve over time.

•	 Summarization Ability: After interactions, AI agents should 
provide concise, clear summaries to users.

Integration of AI Agents with Intracortical Brain Computer 
Interfaces
To address the limitations of traditional approaches and enhance 
the capabilities of iBCIs, we propose the integration of advanced 
AI agents as an interface between the brain and the iBCI system. 
Our proposed approach leverages advanced AI techniques to 
improve the interpretation of neural signals and decision-making 
processes within iBCIs. As depicted in Figure 1, the AI agent 
integrates several components, including memory, planning, 
reflective capabilities, and predetermined skills, to provide a 
more efficient and adaptable interface. This approach has the 
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following key components.

Reflective	AI	Agents:	We propose the use of reflective AI agents, 
such as those based on the concept of "reflexion" introduced 
in the Langchain framework [16]. Reflective agents have the 
ability to introspect and reason about their own knowledge, 
beliefs, and actions. By incorporating reflective capabilities, the 
AI agent can better understand the user's intentions, monitor 
its own performance, and adapt its behavior accordingly. This 
self-awareness and adaptability can lead to more robust and 
personalized iBCI control.

Hierarchical Planning: We suggest the integration of hierarchical 
planning techniques into the AI agent to enable effective task 
decomposition and goal-oriented behavior [17]. Hierarchical 
planning allows the agent to break down complex tasks into 
smaller, manageable subtasks and create a structured plan for 
execution. By considering the user's high-level goals and the 
current context, the AI agent can generate adaptive and efficient 
plans that align with the user's intentions. This hierarchical 
approach can improve the scalability and flexibility of the system 
in handling diverse tasks.

Decision-Making	 and	Reasoning: Equipping the AI agent 
with decision-making and reasoning capabilities is crucial 
for interpreting the user's intentions accurately and selecting 
appropriate actions [18]. We propose the use of techniques such 
as probabilistic reasoning, reinforcement learning, and decision-
theoretic planning to enable the agent to make informed decisions 
based on the available information. By considering the uncertainty 
and variability in neural signals, the agent can infer the most likely 
user intentions and choose actions that maximize the expected 
utility or reward. This decision-making capability can enhance 
the responsiveness and effectiveness of the iBCI system.

Adaptive Learning: To handle the variability in neural signals and 
adapt to the user's changing needs, we propose the incorporation 
of adaptive learning mechanisms into the AI agent [19]. By 
continuously learning from the user's neural activity and the 
outcomes of its actions, the agent can refine its understanding of 
the user's intentions and preferences over time. Techniques such 
as online learning, transfer learning, and reinforcement learning 
can be employed to enable the agent to adapt its behavior based 
on the user's feedback and the changing environmental conditions.

Multimodal	Integration: In addition to neural signals, we propose 
the integration of other sensing modalities, such as eye tracking, 
gesture recognition, and natural language interfaces, to provide a 
more comprehensive understanding of the user's intentions [20]. 
By fusing information from multiple modalities, the AI agent can 
gain a holistic view of the user's state and context, leading to more 
accurate and reliable iBCI control. Multimodal integration can 
also enhance the naturalness and intuitiveness of the interaction, 
allowing users to communicate their intentions through various 
channels.

System Calibration and Adaptation Techniques
The proposed approach incorporates several mechanisms to ensure 
accurate calibration and adaptation to the user's unique neural 
patterns:
•	 Continuous Learning through Adaptive Algorithms: 

The AI agent employs adaptive learning algorithms to 
continuously refine its understanding of the user's neural 
signals [14]. This ongoing learning process ensures that the 

system remains calibrated to the user's specific neural patterns 
and adapts to any changes over time [11]. By dynamically 
adjusting to the user's evolving neural characteristics, the AI 
agent maintains a high level of accuracy and reliability in 
interpreting the user's intentions..

• Robust Intention Interpretation through Multimodal 
Integration: To enhance the robustness of the calibration 
process and reduce the likelihood of misinterpreting neural 
signals, the proposed approach integrates data from multiple 
modalities, such as eye tracking and gesture recognition 
[16]. By cross-verifying the user's intentions through these 
additional input channels, the system can more accurately 
discern the user's desired actions [17]. This multimodal 
integration complements the neural signal interpretation, 
providing a more comprehensive understanding of the user's 
intentions.

• Real Time Performance Monitoring and Adjustment: The 
reflective capabilities of the AI agent enable it to introspect and 
assess its own performance in real-time [18]. By continuously 
monitoring its interpretation of the user's intentions and 
comparing them with the actual outcomes, the AI agent can 
identify any discrepancies or errors in its calibration. This 
self-monitoring capability allows for real-time adjustments 
and fine-tuning of the calibration parameters, ensuring that 
the AI agent remains closely aligned with the user's intended 
actions [19].

Solutions to Applications and Potential Impact
The proposed approach has wide-ranging applications across 
various domains, offering significant potential for improving the 
lives of individuals and advancing human-machine interaction. 
In neurorehabilitation, by providing intuitive control of assistive 
devices, the proposed approach can enhance the effectiveness 
of rehabilitation protocols [15]. Patients can perform complex 
tasks with greater ease and precision, accelerating their recovery 
process and improving their overall rehabilitation outcomes [20]. 
The integration of advanced AI agents with iBCIs can greatly 
improve the usability and functionality of assistive devices for 
individuals with disabilities [21]. By enabling more natural and 
efficient interaction with the environment, the proposed approach 
empowers users to perform daily activities with increased 
independence and quality of life. Furthermore, the proposed 
approach opens up possibilities for expanding the capabilities 
of healthy individuals through direct brain control of advanced 
technologies. By seamlessly translating neural signals into precise 
and intuitive control commands, the system can potentially 
enhance productivity and performance in various tasks, pushing 
the boundaries of human-machine collaboration.

Table Head
Table column 

subhead
Subhead Subhead

Text Texta

Table 1 illustrates various tasks shown below that individuals 
might perform using an intracortical brain-computer interface 
(iBCI) like Neuralink. It highlights the challenges faced without 
advanced AI agents, the enhancements provided by integrating AI 
agents, and the importance of these enhancements in the context 
of iBCIs. To elaborate, some of these tasks are:
•	 Prosthetic Limb Control: Without AI agents, users face high 

cognitive load, limited flexibility, and difficulty in executing 
complex movements. AI agents can provide hierarchical 
planning and real-time adaptive control, allowing for 
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smoother, more coordinated movements, reducing cognitive 
load, and enhancing adaptability. This is crucial for restoring 
motor functions and enabling natural and precise control of 
prosthetic limbs [20,21].

•	 Communication: Traditional methods are slow, error-prone, 
and limited in vocabulary and context-awareness. AI agents 
offer context-aware language generation and adaptive learning, 
resulting in natural, efficient communication, improved 
accuracy, and personalized responses. This is essential 
for individuals with speech impairments to communicate 
effectively using neural signals.

•	 Environmental Control: Challenges include high error rates, 
limited device compatibility, and complex control sequences. 
AI agents provide multimodal integration and task planning, 
leading to intuitive control of multiple devices, reduced 
error rates, and enhanced user experience. This improves 
independence and quality of life by allowing users to control 
their environment seamlessly [20,21].

•	 Neurorehabilitation: Fixed routines, slow progress, and lack 
of personalized feedback are common issues. AI agents can 
create adaptive therapy plans with real-time feedback, offering 
personalized rehabilitation, faster progress, and continuous 
improvement. This is vital for providing tailored rehabilitation 
programs that improve recovery rates and patient outcomes 
[20,21].

•	 Gaming: Users often face high latency, limited interaction 
complexity, and fatigue. AI agents enable strategic 
planning and adaptive difficulty levels, enhancing the 
gaming experience, increasing engagement, and improving 
performance. This offers a novel and immersive gaming 
experience, potentially aiding in cognitive and motor skill 
development [10].

•	 Art Creation: Traditional methods offer limited creative 
control, high cognitive load, and difficulty in iterative 
refinement. AI agents provide creative assistance and iterative 
refinement, enhancing creativity, reducing frustration, and 
allowing more expressive outputs. This enables individuals to 
express creativity through art and music, offering therapeutic 
and recreational benefits [20,21].

Benefits,	Challenges	and	Future	Direction
Benefits
The integration of advanced AI agents with iBCIs offers several 
potential benefits. Firstly, it can enable more intuitive and efficient 
control of external devices by interpreting the user's high-level 
intentions and generating adaptive plans for execution. The 
reflective and decision-making capabilities of the AI agent can 
lead to more robust and personalized iBCI control, adapting to 
the user's individual needs and preferences.

Moreover, the proposed approach can enhance the scalability and 
flexibility of the system in handling complex tasks. Hierarchical 
planning and goal-oriented behavior can allow the agent to break 
down tasks into manageable subtasks and create structured plans 
for execution. This can improve the system's ability to handle 
diverse scenarios and adapt to changing requirements.

Challenges and Future Research Directions
However, several challenges need to be addressed to realize the 
full potential of the proposed approach. One key challenge is the 
development of reliable and efficient algorithms for real-time 
processing of neural signals and the integration of multiple sensing 
modalities. The high dimensionality and variability of neural 
data pose computational challenges that require advanced signal 

processing and machine learning techniques.

Another challenge is ensuring the safety, robustness, and ethical 
considerations of the AI agent. Rigorous testing and validation 
processes are necessary to guarantee the reliability and stability 
of the system. Ethical guidelines and frameworks need to be 
established to address issues such as privacy, security, and user 
consent in the context of iBCI-AI integration.

Future research directions should focus on advancing the 
capabilities of AI agents in interpreting neural signals and 
generating intelligent, adaptive behaviors. This includes exploring 
novel machine learning architectures, such as deep neural 
networks and reinforcement learning, to improve the accuracy and 
responsiveness of the system. Additionally, developing explainable 
AI techniques can help users better understand the decision-
making process of the AI agent, fostering trust and acceptance 
of the technology.

Further research is also needed to validate the proposed approach 
through extensive user studies and clinical trials. Collaborations 
between neuroscientists, engineers, and AI experts will be crucial 
in refining the system design, optimizing performance, and 
ensuring its safety and efficacy.

Conclusion
The integration of advanced AI agents with intracortical brain-
computer interfaces presents a promising approach to enhance the 
control and functionality of iBCIs. By leveraging the capabilities 
of AI, such as adaptive learning, multimodal integration, and 
reflective decision-making, the proposed system can provide more 
intuitive, efficient, and personalized control of external devices.

The potential applications of this approach span across 
neurorehabilitation, assistive technologies, and human 
augmentation, offering significant benefits to individuals with 
disabilities and opening up new possibilities for human-machine 
interaction.

However, realizing the full potential of this approach requires 
addressing challenges related to signal processing, system 
reliability, and ethical considerations. Future research should 
focus on advancing AI algorithms, conducting rigorous testing 
and validation, and establishing ethical guidelines for iBCI-AI 
integration.

As the field of intracortical brain-computer interfaces continues to 
evolve, the integration of advanced AI agents holds great promise 
for revolutionizing the way we interact with and control external 
devices using our neural signals. By pushing the boundaries of 
what is possible with iBCIs, this approach has the potential to 
improve the lives of countless individuals and shape the future 
of human-machine collaboration.
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