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  Abstract 
This study proposes an EEG-driven adaptive optimization method for generative 
AI interaction interfaces, aiming to enhance usability and personalization. Unlike 
conventional static UIs, the approach integrates real-time brain-computer feedback 
to dynamically adjust interface parameters, including font size, response latency, 
and suggestion density. EEG signals are continuously monitored to detect fluctua-
tions in user attention and cognitive load, serving as inputs for adaptive control. A 
lightweight support vector machine (SVM) classifier identifies cognitive states, 
which are then mapped to corresponding UI adjustments via rule-based logic. The 
system architecture ensures low-latency responsiveness and minimal computational 
overhead. In controlled experiments involving 20 participants across diverse cog-
nitive tasks, the adaptive interface reduced average task completion time by 12.4%, 
decreased NASA-TLX workload scores by 18%, and significantly improved sub-
jective readability ratings. These findings demonstrate the method’s effectiveness 
in real-time user experience enhancement and cognitive state alignment. The pro-
posed framework holds promise for deployment in education, healthcare, and other 
domains requiring sustained, adaptive human–AI interaction. 
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Introduction 

The advancement of generative artificial intelligence has accelerated the deployment of intelligent interaction inter-
faces across various application domains. In systems such as natural language generation, image creation, and deci-
sion support, the interface has become a key factor influencing operational efficiency and user satisfaction. Despite 
increasing functional refinement in current interface designs, most still lack the ability to dynamically perceive and 
adapt to individual user states, limiting responsiveness in complex or prolonged interaction scenarios. EEG signals, 
as a non-invasive and real-time physiological feedback modality, have demonstrated strong potential in capturing 
user cognitive states and are gradually being integrated into interface optimization research. Through EEG-driven 
adaptive mechanisms, it becomes possible to dynamically adjust interface layout, interaction frequency, and response 
strategies, thereby enhancing the system’s sensitivity and adaptability to user state fluctuations and improving overall 
interaction quality. 

1. Technical Foundation of EEG-based Adaptive Interface Optimization 

EEG-based adaptive interface optimization is grounded in the real-time perception of user cognitive states and aims 
to enable intelligent interface responses to user behavior. EEG signals possess high temporal resolution and strong 
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sensitivity, making them capable of capturing fluctuations in attention, variations in cognitive load, and emotional 
states during user interaction with generative AI systems. These signals provide essential data for dynamic interface 
adjustments. Current generative AI interfaces often rely on static designs, which lack the flexibility to respond to user 
state changes during multi-turn interactions or cognitively demanding tasks, leading to information overload and 
interaction fatigue [1]. Introducing EEG into the human–computer interaction loop enables a “perception–recogni-
tion–adaptation” mechanism, where interface content density, interaction pacing, and guidance methods are dynam-
ically tuned in response to declines in attention or surges in cognitive demand. This technical foundation encompasses 
EEG feature extraction, user state classification algorithms, and responsive interface strategy design, leveraging light-
weight signal processing and machine learning models to ensure both real-time performance and practical applica-
bility. The method is suited to applications such as intelligent Q&A systems, generative visual platforms, and virtual 
assistants, with the core objective of using physiological signals to drive interface parameter adaptation and realize 
user-centered interaction optimization. 

2. EEG-driven Adaptive Interface Optimization Method Design 

2.1 EEG Signal Acquisition and Feature Extraction 

In EEG-driven interaction interface optimization, signal acquisition and processing form the technical foundation for 
subsequent state classification and interface response mechanisms [2]. The method design centers on the variation of 
frequency band energy within short-time EEG segments, employing Power Spectral Density (PSD) analysis for fea-
ture extraction. Let x(t) represent the EEG signal in the time domain. The frequency domain representation is obtained 
using the Short-Time Fourier Transform (STFT): 
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−= ∫                                    (1) 

where w(τ−t) is a window function for local analysis, and X(t,f) denotes the time-varying spectrum. For specific 
frequency bands (e.g., α: 8–13 Hz, β: 13–30 Hz), the spectral energy is calculated for each segment to construct 
feature vectors representing user cognitive states. The resulting feature matrix serves as the input for lightweight 
classification models. 

For instance, EEG data were collected using the Emotiv Epoc+ device with 14 channels at a sampling rate of 128 
Hz. A 30-second EEG window was used for each analysis segment. After bandpass filtering and noise reduction, 
STFT was implemented via the MNE-Python library to extract α and β band energy per channel, followed by nor-
malization. The resulting two-dimensional feature matrix, with channels as columns and band power as values, was 
stored in a real-time data buffer for input into the state classification model [3]. A monitoring module within the 
interface system invoked the extraction process every 30 seconds to maintain synchronization between data pro-
cessing and interface response. A low-latency WebSocket protocol was used to establish communication between the 
EEG acquisition module and the interface, enabling the timely transmission of user state and interface adjustments. 

2.2 User State Recognition Model Construction 

Based on frequency-domain EEG features, the user state recognition model performs real-time classification of cog-
nitive states using machine learning algorithms, driving adaptive adjustments in the interface. The classification fo-
cuses on two dimensions: attention level and cognitive load. Decreased α-band power and increased β-band power 
serve as primary indicators. A binary classification model was developed using a Support Vector Machine (SVM), 
aimed at finding an optimal hyperplane that maximizes the margin between samples in the feature space. Let xi∈
Rndenote the input feature vector and yi∈{+1,−1} the state label. The training objective is defined as: 

where ξi are slack variables and C is the penalty parameter controlling the trade-off between model generalization 
and fitting performance. 
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For validation, 20 participants performed standardized interactive tasks under both focused and distracted condi-

tions, during which EEG data were collected. Each participant’s dataset was split into training and testing subsets [4]. 
A linear-kernel SVM was implemented using scikit-learn to fit the α/β band feature vectors. The model achieved 
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cross-validation accuracy exceeding 85%, meeting requirements for both real-time performance and classification 
precision. In deployment, the recognition module was embedded in the frontend logic. A JavaScript-based API was 
used to classify buffered EEG feature streams and output real-time state labels. These labels were passed to the 
interface control module to inform adjustments, enabling continuous perception and responsive adaptation. To ensure 
inference efficiency, the trained model was compressed using TensorFlow Lite for deployment on resource-con-
strained environments. 

2.3 Adaptive Response Mechanism for Interface Elements 

The adaptive response mechanism constitutes the final module in the EEG-driven closed-loop system and is respon-
sible for translating recognized cognitive states into actionable interface adjustments. As illustrated in Figure 1, the 
mechanism receives input from the cognitive state recognition model and dynamically modifies key interface param-
eters to optimize user experience in real time. These parameters include content presentation density (e.g., text com-
plexity or volume), interaction pacing (e.g., delay between responses), and interface feedback modes (e.g., visual or 
textual cues). 

This process is governed by a mapping function f: S→P, where S denotes the set of cognitive state labels (e.g., 
attention decline, cognitive overload) and P represents the corresponding interface adaptation strategies. The mapping 
mechanism blends rule-based heuristics with configurable thresholds. For example, when elevated cognitive load is 
detected—indicated by reduced α-band and increased β-band power—the system adjusts font size from 12pt to 14pt, 
reduces suggestion count from 5 to 3, and introduces a slight response delay (e.g., 1–2 seconds) to avoid information 
overload and reduce mental effort. 

These parameters are managed via a structured JSON configuration file, where each state label is linked to a pre-
defined interface setting bundle. At runtime, the front-end engine parses the state output every 30 seconds and updates 
the interface accordingly using data binding and reactive UI mechanisms. This ensures that interface adjustments are 
seamless, non-intrusive, and require no manual confirmation from the user. 

Crucially, this mechanism supports multi-turn interactions by maintaining contextual continuity—each state recog-
nition event triggers only incremental changes unless significant cognitive shifts are detected. The interface does not 
“reset,” but evolves based on the user’s condition. The interaction logs and adaptation histories are recorded for 
subsequent analysis and refinement of mapping rules. 

As depicted in Figure 1, the adaptive interface engine completes the cognitive interaction loop by closing the 
feedback chain: EEG signals are captured and processed, cognitive states are recognized, and the interface behavior 
is modified accordingly. This human-centered architecture enables responsive, personalized adaptation in generative 
AI systems such as collaborative writing tools, chat assistants, and real-time recommender platforms. 

 
Figure 1. System Architecture of EEG-Driven Adaptive Interaction Interface. 
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3. Method Validation and System Implementation 

3.1 Experimental Platform and Test Workflow Design 

The experimental platform was built upon a web-based interactive generative AI system, integrated with EEG acqui-
sition hardware and signal processing modules to form a closed-loop validation environment. The frontend interface 
was developed using the React framework, incorporating a generative language model API (e.g., OpenAI GPT-3.5), 
while the backend was implemented via a Flask server to receive and process EEG data. EEG signals were captured 
in real time using the Emotiv Epoc X device via Bluetooth connection to a local processing node. The sampling rate 
was set at 128 Hz, with channel signals mapped in real time to user interface operations [6]. 

Three interaction task types were designed: information extraction, command execution, and open-ended dialogue, 
each consisting of five rounds. The testing process was structured in three phases: baseline EEG collection, task 
execution, and adaptive interface activation. During the entire session, user state labels were updated every 30 sec-
onds, and corresponding interface parameter adjustments were recorded. All interaction logs, interface changes, and 
EEG feature streams were written to a centralized test database. To ensure process consistency, participants were first 
guided through EEG device setup and a system familiarization session [7]. The platform enabled complete integration 
of EEG acquisition, state recognition, and responsive interface behavior under controlled experimental conditions, 
providing a structured basis for performance evaluation. 

3.2 User Trials and Interaction Performance Analysis 

To verify the feasibility of the EEG-driven adaptive interaction mechanism, a controlled user study was conducted 
incorporating both quantitative and qualitative assessments. A total of 20 participants were recruited, aged between 
22 and 35, all with basic computer proficiency and fluent English interface comprehension. The test platform was 
deployed on a local area network within a lab setting. Each participant independently completed three interaction 
task types (as defined in 3.1), with five interaction rounds per task, in a sound-isolated environment. Throughout the 
sessions, the system automatically recorded EEG signals, state recognition outputs, interface adjustment logs, and 
user interaction behavior. All data were time-stamped and synchronized to enable unified multi-dimensional analysis. 

The experiment was divided into two phases: a control phase using a static interface (no adaptive features), and an 
intervention phase using the EEG-driven adaptive interface. Each participant experienced both phases in counterbal-
anced order to eliminate sequence bias. After each interaction round, participants completed structured questionnaires 
to evaluate subjective workload (NASA-TLX), interface readability (Likert scale, 1–5), and interaction pacing com-
fort (1–10 scale). The backend system calculated objective metrics, including task completion time, user input length, 
and interaction round count, matched with EEG-derived cognitive states for comparative analysis. 

At the data initialization stage, participant demographic and EEG signal quality were recorded as follows: 

Table 1. Participant Demographics and EEG Baseline Characteristics 

Subject ID Age Gender Dominant Hand EEG Signal Quality (avg%) 

P01 25 Male Right 91.2 

P02 28 Female Right 89.5 

P03 22 Female Left 87.8 

P04 31 Male Right 90.7 

... ... ... ... ... 

P20 29 Female Right 92.1 

 
The EEG signal quality was assessed based on the channel consistency scores output by the Emotiv software, with 

a predefined threshold of 85%. Any data segments falling below this threshold were automatically excluded from 
analysis. The trial period spanned three days, with each participant’s session limited to 30 minutes to minimize the 
influence of cognitive fatigue. All interaction data were managed using a PostgreSQL database, which stored struc-
tured records of interaction timestamps, state recognition outputs, interface parameter changes, and user feedback. 
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This ensured a consistent and reliable data source for performance validation and established a solid foundation for 
subsequent comparative analysis and optimization outcome evaluation. 

3.3 Evaluation of Adaptive Optimization Effectiveness and Limitations 

A comparative evaluation was conducted to assess the effectiveness of the EEG-driven adaptive interface. Compared 
to the static baseline, the adaptive system demonstrated consistent improvements across key interaction performance 
metrics, as shown in Figure 2. Average task completion time decreased by 12.4%, and NASA-TLX workload scores 
dropped by approximately 18%, reflecting reduced cognitive effort. Readability ratings improved from 3.7 to 4.4, 
indicating enhanced interface clarity. Additionally, the frequency of β-wave peaks—an indicator of cognitive strain—
declined significantly during adaptive interactions. 

These outcomes confirm that the system’s dynamic adjustments, based on real-time EEG-derived cognitive states, 
contribute to a more efficient and user-centered experience. The mapping of cognitive load levels to interface param-
eters such as font size, suggestion count, and response delay proved effective in reducing overload and optimizing 
usability [8]. 

Nonetheless, several limitations were identified. Some participants experienced brief discomfort during initial ad-
aptation, suggesting that abrupt interface changes may disrupt continuity in attention-intensive tasks. The EEG hard-
ware’s limited spatial resolution also restricted the granularity of state detection, occasionally delaying appropriate 
responses. Furthermore, while the system performed well in dialogue and writing tasks, its generalizability to more 
complex or multimodal generative AI scenarios remains to be validated. 

 
Figure 2. Comparative Performance Metrics: Static vs. Adaptive Interface. 

A bar chart comparing task time, workload, readability, and β-wave activity across the two interface conditions. 

4. Application Expansion and Future Optimization Strategies 

4.1 Adaptability Across Multiple Generative AI Systems 

The EEG-driven adaptive interaction mechanism exhibits strong general applicability and can be integrated into a 
wide range of generative AI platforms. In intelligent writing systems, it enables real-time monitoring of cognitive 
load and dynamic adjustment of suggestion frequency and text generation pace. In image generation platforms, the 
mechanism can streamline interface complexity and reduce visual load based on the user’s attention level. In educa-
tional dialogue systems, EEG signals can detect signs of learning fatigue and help regulate response speed and task 
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complexity accordingly. Within medical decision-support systems, it enables dynamic optimization of data presenta-
tion structures in response to user stress indicators, thereby enhancing operational stability [9]. 

A shared requirement across these domains is the ability to sense user state changes in real time and make imme-
diate interface adjustments. EEG signals, as high-temporal-resolution feedback channels, are well-suited to bridge 
the gap between user cognitive conditions and system behavior. However, challenges remain due to differences in 
input data formats, task flow dynamics, and user demographics. To ensure stable cross-domain deployment, the 
method must incorporate standardized model parameters, middleware-based API integration, and flexible EEG signal 
adaptation layers to maintain compatibility and portability across platforms. 

4.2 System-level Improvements for Lightweight Deployment 

To improve the system’s practical deployment potential, it is essential to address the dependency on complex EEG 
acquisition setups and the computational burden of current recognition models. On the hardware side, low-channel-
count devices (e.g., Muse 2) may be employed, along with dimensionality-reduction techniques to simplify feature 
extraction. On the algorithmic side, lightweight classification models such as LightGBM are recommended as re-
placements for traditional SVMs, supported by quantization and pruning methods to optimize memory footprint and 
inference speed [10]. 

In terms of system architecture, a modular front-end design is recommended—decoupling signal acquisition, cog-
nitive state recognition, and interface strategy into separate components to enable flexible combinations of hardware 
and software. An edge–cloud collaborative framework can be implemented, where signal processing occurs locally 
while interface adjustments are handled remotely, reducing network load and improving real-time responsiveness. 
These lightweight strategies offer an engineering-feasible path for deploying EEG-driven adaptive interaction in mo-
bile and embedded systems. 

5. Conclusion 

This study proposes an EEG-driven adaptive optimization method for generative AI interaction interfaces. By inte-
grating real-time signal acquisition, user state recognition, and interface adaptation mechanisms, the method enables 
dynamic perception and adjustment of user cognitive states. Experimental validation confirms its potential in im-
proving interaction efficiency and user experience, with promising adaptability across various application domains. 
Future development will focus on lightweight model deployment and multi-device integration, supporting wider 
adoption in education, healthcare, and intelligent terminal systems.  
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