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Abstract 

The growing use of mobile learning in wireless and ubiquitous computing environments has posed 

various difficulties in managing the cognitive load of learners in a dynamic environment. Traditional 

adaptive learning approaches may not be equipped with the capacity to monitor continuously the 

learner's cognitive state and adapt intelligently to the environmental and behavioral changes. This 

problem could lead to a lower level of engagement of learners, increased cognitive load, and 

inefficiency in the learning process. In order to solve such problems, this research paper presents the 
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Neuromorphic Computing-Enabled Context-Aware Adaptive Mobile Learning Framework for 

Real-Time Cognitive Load Management. This approach consistently monitors contextual factors 

such as the user's engagement pattern, environmental conditions, and device-level operations to 

predict the cognitive load and deliver the instruction accordingly. Neuromorphic intelligence was 

applied for cognitive processes that will be done with low delay and energy consumption in the 

wireless mobile context. The new learning model was tested with the help of various metrics, namely 

adaptation accuracy, precision, recall, F1-score, energy efficiency, and response latency. The 

experimental outcome revealed that the new framework obtained an adaptation accuracy rate of 

96.8%, precision of 96.1%, recall of 95.7%, and F1-score of 95.9%, which is superior to traditional 

mobile learning and deep adaptive learning models. Furthermore, the proposed framework offered 

a reduction in response delay to 104 ms and an energy efficiency rate of 0.95. Results indicate that 

the integration of neuromorphic computing technology with context-aware adaptive learning 

systems can greatly improve learner personalization, cognitive load management, and system 

reactivity. The suggested framework is expected to contribute towards the design of an intelligent, 

scalable, and energy-efficient adaptive learning environment for future wireless-based learning 

platforms. 

Keywords: Neuromorphic Computing, Context-Aware Mobile Learning, Cognitive Load 

Management, Adaptive Learning Systems, Ubiquitous Computing, Wireless Mobile Networks, 

Real-Time Personalized Learning. 

1 Introduction 

The increasing prevalence of mobile learning technology has revolutionized the educational landscape 

by providing constant access to digital information regardless of location and device type 

Poornimadarshini, (2025). However, traditional mobile learning solutions tend to overlook the changing 

cognitive levels of learners, the presence of external disturbances, and environmental changes Zhang et 

al., (2025). Too much information provision, untimely notifications, and the use of static approaches in 

instruction can overwhelm the cognitive capacity of users, hinder learner engagement, and hamper 

knowledge acquisition (Chen, 2026). This issue is especially important within the realm of wireless 

computing and ubiquitous computing systems, wherein interactions between users and educational 

applications occur under varying conditions, including fluctuating internet connections, mobility, 

concurrent tasking, and heterogeneous devices. It follows that the creation of intelligent adaptive 

learning systems to monitor and regulate learner cognitive load is highly relevant to mobile and 

ubiquitous education environments. 

New developments in neuromorphic computing have been identified as a solution to the 

abovementioned problems. Neuromorphic computing technologies imitate the neural processing 

capability of the human brain, thus offering solutions based on low-latency processing, energy 

efficiency, and contextual understanding that allows for decision making. With the help of neuromorphic 

computing technologies and their combination with adaptive mobile learning approaches, it becomes 

possible to continuously assess contextual parameters related to interactions, behavior, physiology, and 

environment (Rahim, 2024). This helps not only to increase the efficiency of learning but also to reduce 

cognitive load by ensuring higher concentration levels. Furthermore, neuromorphic computing allows 

for the implementation of edge-based intelligent processing, which makes it suitable for use in the field 

of wireless mobile communications and ubiquitous computing. 

This paper proposes a Neuromorphic Computing-Enabled Context-Aware Adaptive Mobile Learning 

Framework for Real-Time Cognitive Load Management. This framework leverages context-aware 
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sensing, neuromorphic intelligence, and adaptive content delivery solutions to enhance user experiences 

in mobile learning environments. The research aims to make a contribution to the development of mobile 

learning, ubiquitous computing, and dependable adaptive systems by offering an intelligent solution for 

increasing learning personalization and efficiency while reducing cognitive load. Experimental 

evaluation confirms the efficiency of this approach. 

Key Contributions 

• Proposed an adaptive mobile learning framework utilizing neuromorphic computing technology 

for real-time cognitive load control in ubiquitous learning settings.  

• Developed a mechanism for contextual sensing that dynamically assesses learner interaction 

patterns and behaviors.  

• Integrated intelligent adaptive content delivery algorithms that reduce cognitive load on learners 

to increase engagement and knowledge retention.  

• Evaluated the effectiveness of the proposed model using performance indicators like adaptability, 

accuracy, response time, energy consumption, and learning efficacy in mobile wireless networks.  

The paper is divided into five main parts. Section I begins by describing the importance of managing 

cognitive load in adaptive mobile learning, along with the research contribution. Section II deals with 

existing literature reviews in connection with neuromorphic computing and context-aware learning 

systems. Section III describes the design of the proposed framework, architecture, algorithm, and 

mathematical model. Section IV is about the experimental results, performance evaluation, and ablation 

analysis, while Section V gives conclusions and future directions for the intelligent ubiquitous learning 

environment. 

2 Literature Survey 

Emerging trends such as neuromorphic computing, edge intelligence, and context-aware mobile 

computing have had significant impacts on intelligent adaptive learning environment technology (Patel, 

2024). A number of studies have been conducted on wearable computing, edge computing, cognitive 

computing, and human computer interaction systems for enhancing real-time decision making as well 

as personalized service provision within wireless systems (Li et al., 2025). It provides an elaborate 

survey of wearables that enables mental and physical health monitoring by considering the role of                   

real-time physiology sensing in adaptive intelligent systems (Elfouly & Alouani, 2025). Likewise, 

another research paper was done regarding human machine interface using deep learning models for 

intelligent Internet of Things systems, where the role of adaptive interactions in enhancing user 

experience was considered (Wang et al., 2025; Rancea et al., 2024). 

Collaboration between edge and cloud computing has been suggested to be useful for adaptive 

services in mobile systems (Yu et al., 2025). Cloud and edge computing were used for developing 

cognitive services, which resulted in an improvement in real-time processing efficiency in distributed 

computing (Ding et al., 2020; Ghourtani et al., 2026). Multi access edge computing for 5G environments 

was examined in the context of its suitability for latency-sensitive applications (Pham et al., 2020). It 

reviews artificial intelligence and edge computing in Internet of Things applications to show that edge 

intelligence is effective for context-aware systems (Bourechak et al., 2023). The above-discussed results 

provide a strong foundation for using neuromorphic and edge-based processing techniques in adaptive 

mobile learning systems. 
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Research on cognitive computing as well as adaptive intelligent systems has also contributed to the 

development of context-aware education platforms. As discussed earlier, the paper focused on cognitive 

computing methods for human-machine collaboration and the importance of intelligent decision-making 

in adaptive management systems (Banerjee, 2023). It also presented the utilization of cognitive 

computing and wireless edge communication techniques in healthcare robots, thus proving the efficiency 

of intelligent processes with low latency in real-time environments (Khan et al., 2020; Wan et al., 2020). 

Additionally, it discussed optoelectronic synapses in neuromorphic reservoir computing and provided 

proof of their ability to perform efficient neural computations (Lei et al., 2026; Gracia & Srinivasan, 

2026). 

A few recent studies have also considered context-aware orchestration and intelligent resource 

management for mobile and pervasive systems (Brăileanu, 2025; Nursuwars et al., 2025). It suggested 

an approach for context-aware orchestration that uses AI-enabled techniques to manage the dynamic 

behavior of services according to environmental parameters (Sofia et al., 2023). It presented a                   

context-aware approach that leverages AI-based task offloading and resource orchestration for efficient 

and adaptive intelligent transportation systems (Rawlley et al., 2025). In addition, it looked at Edge AI 

solutions for smart cities with respect to efficient and intelligent processing for scalability and adaptivity 

(Velaga et al., 2025; Wan et al., 2020). 

Despite the independent attention paid to edge intelligence, context-aware computing, cognitive 

computing, and adaptive orchestration by earlier works, no sufficient work has been done so far to 

incorporate neuromorphic computing within adaptive mobile learning for estimating cognitive load. 

Current mobile learning frameworks do not possess the capability to estimate users' cognitive state 

dynamically and provide energy-aware adaptation based on contextual information. Thus, the research 

problem that is aimed at filling this gap will involve creating a novel neuromorphic computing-based 

framework for context-aware and adaptive mobile learning applications. 

3 Proposed Neuromorphic Context-Aware Adaptive Mobile Learning 

Framework 

The proposed Neuromorphic Computing-Enabled Context-Aware Adaptive Mobile Learning 

Framework is designed to dynamically monitor learner cognitive load and personalize learning content 

in real time. The proposed framework uses neuromorphic intelligence, context awareness, adaptive 

systems, and wireless mobile learning systems to ensure reliable and efficient learning systems. This 

research method will seek to avoid cognitive overload through better engagement, response efficiency, 

and resource optimization in ubiquitous mobile environments. 

The workflow of the proposed framework includes five different phases, which are as follows: (i) 

Context Acquisition, (ii) Cognitive Load Estimation, (iii) Neuromorphic Processing, (iv) Adaptive 

Content Recommendation, and (v) Feedback Optimization. In this case, contextual data are acquired 

from mobile devices, wearables, and learning interaction data. The collected data include the learner's 

attention level, the learner's device usage pattern, the learner's response time, the environment noise 

level, the network status, and the learning session duration. This data is preprocessed and sent to the 

neuromorphic processing module. 

Neuromorphic engine imitates neural activities through spike-based learning to detect patterns related 

to cognitive stress and determine the cognitive load of learners. Upon determination of learners' 

cognitive states, the adaptive engine adjusts the complexity level of the provided content, the use of 
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multimedia in training, assessment frequency, and notification schedules. Continuous adjustment of 

learning paths is made based on learners' responses and variations in the environment. 

The proposed model allows efficient decision-making and computation processes, which are suitable 

for wireless mobile communication networks and ubiquitous learning. With the help of neuromorphic 

intelligence, it becomes possible to ensure effective contextual adaptation of recommendations and, at 

the same time, achieve reliable operation of the system in various network environments. 

The entire process involved in implementing the proposed Neuromorphic Computing-Enabled 

Context-Aware Adaptive Mobile Learning Framework includes five critical steps to regulate learner 

cognitive load dynamically. In the first step of the framework, the acquisition of context information 

involves the collection of information on learner interactions using mobile devices, wearable sensors, 

and the learning environment. Contextual parameters that are constantly monitored include learners' 

attention period, the number of touches by learners, eye behavior, environmental noise, network 

bandwidth, and the battery level of learners' devices. The second stage includes preprocessing of the 

gathered raw data, where noise and incomplete information are filtered out. Contextual attributes are 

normalized, and sensory information is translated into a neuromorphic spike encoding format. 

 

Figure 1: Architecture of the neuromorphic computing-enabled context-aware adaptive mobile 

learning framework for real-time cognitive load management 
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The third stage involves estimation of cognitive load by means of neuromorphic spiking neural 

processing. The system utilizes behavior and context interactions to analyze the level of cognitive stress 

and categorize learners as having low, medium, or high cognitive loads. Subsequently, based on the 

determined state of cognition, the decision-making module adapts educational presentation by 

modifying parameters, including content complexity, learning pace, multimedia usage, assessment 

timing, and alerting frequency, so as to keep cognitive balance. Ultimately, the last stage of the process 

involves optimization of the feedback provided through evaluation of learner performance indicators 

that include engagement and efficiency of responses. 

The figure 1 provides an illustration of the adaptive mobile learning architecture proposed, which 

includes the collection of context-aware data, neuromorphic cognitive processing, adaptive learning 

management, and feedback optimization. This architecture constantly monitors the learners' cognitive 

load and offers personalized learning content to enhance efficiency and energy-aware performance in 

mobile environments. 

Algorithm 1: Neuromorphic Adaptive Cognitive Load Management 

Input: 

• Learner contextual data 𝐶𝑑 

• Behavioral interaction data 𝐵𝑑 

• Environmental parameters 𝐸𝑝 

Output: 

• Adapted learning content 𝐴𝑙 

• Cognitive load status 𝐶𝑙 

Steps: 

Step 1: Initialize learner session. 

Step 2: Collect contextual parameters from mobile sensors and interaction logs. 

Step 3: Preprocess collected data using normalization and noise filtering. 

Step 4: Convert processed signals into spike-based neural representations. 

Step 5: Apply neuromorphic spiking neural computation for cognitive load estimation. 

Step 6: Classify learner state: 

• Low Cognitive Load  

• Medium Cognitive Load  

• High Cognitive Load  

Step 7: If cognitive load is high: 

• Reduce multimedia complexity.  

• Decrease notification frequency.  

• Simplify learning tasks.  

Step 8: Else if cognitive load is low: 

• Increase content difficulty gradually.  

• Enable interactive learning modules.  
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Step 9: Deliver adaptive learning recommendations. 

Step 10: Evaluate learner response and update adaptation parameters. 

Step 11: Repeat until session completion. 

The Neuromorphic Adaptive Cognitive Load Management algorithm (Algorithm 1) is created to 

facilitate continuous tracking and control of learner cognitive states within the mobile learning context. 

To begin with, the algorithm gathers data related to context, behaviors, and environment via mobile 

sensors and interactions. After gathering data, preprocessing is performed through normalization and 

filtering processes to convert the collected information into spiking neural representations. Spiking 

Neural Computation component then determines the cognitive load level of learners into one of the three 

categories – low, medium, and high. According to the determined category, the adaptation process of 

contents, the complexity of media, and notification frequency take place to maximize learner 

engagement and performance. 

Mathematical Description  

Context Vector Representation 

The learner's contextual information is represented as equation 1: 

𝐶𝑡 = {𝑥1, 𝑥2, 𝑥3, . . . , 𝑥𝑛}                                        (1) 

Where: 

• 𝐶𝑡= Context vector at time 𝑡 

• 𝑥𝑛= Contextual attributes such as attention level, response time, network quality, and 

environmental noise.  

Cognitive Load Estimation 

The cognitive load score is calculated as equation 2:   

𝐶𝐿 = ∑ 𝑤𝑖
𝑛
𝑖=1 𝑥𝑖                                                (2) 

Where: 

• 𝐶𝐿= Cognitive load value  

• 𝑤𝑖= Weight assigned to contextual feature  

• 𝑥𝑖= Normalized contextual parameter  

4 Results and Discussion 

Experimental Setup 

The suggested Neuromorphic Computing-Enabled Context-Aware Adaptive Mobile Learning 

Framework was developed and tested in the wireless mobile learning environment in order to investigate 

the framework's effectiveness concerning real-time cognitive load management. In particular, 

experiment analysis paid attention to adaptability, learning effectiveness, computational efficiency, and 

energy consumption during various contextual scenarios. In the course of implementation, Python 3.11 

along with TensorFlow 2.15 was chosen for intelligent learning computations, while Brain2 was selected 

to carry out neuromorphic spiking neural processing. Android Studio provided the mobile learning 
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application, and NumPy, Pandas, and Matplotlib libraries supported data preprocessing and 

visualization. The experiment was run on an Ubuntu 22.04 system, including an Intel Core i7 CPU, 

16GB RAM, and an NVIDIA RTX 3060 GPU. The experiments were based on the context-aware mobile 

learning database, which contained information about 12,500 learning sessions of 620 learners within 

six months. There were 24 different contextual attributes, such as attention level, touch frequency, 

response time, noise, latency, battery usage, and others, along with the classification of cognitive load 

as low, medium, or high. 

Parameter Initialization 

Table 1: Experimental parameter initialization for the proposed neuromorphic adaptive mobile 

learning framework 

Parameter Value 

Learning Rate 0.001 

Batch Size 64 

Epochs 100 

Spike Threshold Voltage (𝜃) 0.75 

Adaptation Coefficient (𝛼) 0.85 

Hidden Neurons 128 

Simulation Time Step 1 ms 

Optimizer Adam 

Activation Function ReLU 

Cognitive Load Classes 3 

Experimental settings adopted for framework evaluation have been discussed in table 1. 

Experimental optimization has been performed in order to obtain stable convergence and correct 

cognitive load estimation. 

Performance Metrics  

Framework performance was assessed by a number of quantitative indicators. 

Adaptation Accuracy: Equation 3 measures the overall correctness of cognitive load classification 

and adaptive learning decisions. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                            (3) 

Precision: Equation 4 indicates the proportion of correctly predicted positive cognitive load 

instances among all predicted positive cases. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                        (4) 

Recall: Equation 5 measures the ability of the framework to correctly identify actual cognitive load 

conditions. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                             (5) 

F1-Score: Equation 6 provides the harmonic mean of precision and recall for balanced performance 

evaluation. 

𝐹1 =
2×𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                                   (6) 
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Energy Efficiency: Equation 7 evaluates how efficiently the framework achieves learning accuracy 

with minimal energy utilization. 

𝐸𝐸 =
𝐿𝑒𝑎𝑟𝑛𝑖𝑛𝑔 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦

𝐸𝑛𝑒𝑟𝑔𝑦 𝐶𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛
                                (7) 

Response Latency: Equation 8 measures the time delay between sending a learning request and 

receiving the adaptive system response. 

𝐿𝑎𝑡𝑒𝑛𝑐𝑦 = 𝑇𝑟 − 𝑇𝑠                                      (8) 

Performance Comparison 

Table 2: Performance comparison of adaptive mobile learning frameworks for cognitive load 

management 

Method 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

Energy 

efficiency 

Latency 

(ms) 

Conventional Mobile Learning 

(CML) 
82.4 81.7 80.5 81.1 0.68 218 

Context-Aware E-Learning 

(CAEL)   
86.3 85.8 84.9 85.3 0.74 193 

Deep Adaptive Learning 

(DAL)   
89.1 88.4 87.6 88.0 0.81 172 

Edge-Based Learning System 

(EBLS)  
91.6 90.9 90.2 90.5 0.87 148 

Proposed NCAMLF 96.8 96.1 95.7 95.9 0.95 104 

The proposed framework was compared with existing adaptive mobile learning methods. The 

performance analysis of the NCAMLF, which is designed using the neuromorphic computing paradigm, 

has been conducted by comparing it to other existing learning systems in table 2 based on various 

performance criteria. The proposed system had the best results in accuracy (96.8%), precision (96.1%), 

recall (95.7%), F1-score (95.9%), and was also most energy-efficient (0.95). In addition, it had the least 

response latency (104 ms). 

 

Figure 2: Comparative analysis of classification performance metrics across mobile learning methods 
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The figure 2 shows a comparative analysis of Accuracy, Precision, Recall, and F1-Score of various 

methods of adaptive mobile learning systems. The NCAMLF method developed herein has been able to 

achieve better scores than the others in all categories with Accuracy = 96.8%, Precision = 96.1%, Recall 

= 95.7%, and F1-Score = 95.9%. 

The performance of the proposed neuromorphic approach was higher than that of other frameworks. 

The results obtained proved the efficacy of spike-based context-based adaptation on system performance 

and learning personalization. 

Ablation Study 

An ablation experiment has been carried out to determine the contribution of each component of the 

framework. 

Table 3: Ablation analysis of proposed Framework 

Configuration Accuracy (%) F1-Score (%) Energy efficiency Latency (ms) 

Without Context Awareness 88.2 87.5 0.78 176 

Without the Neuromorphic Engine 90.1 89.3 0.82 162 

Without the Adaptive Content Module 91.4 90.8 0.85 151 

Full Proposed Framework 96.8 95.9 0.95 104 

In table 3 shows that all components are significant contributors to system performance. The 

neuromorphic cognitive engine contributes greatly to lowering latency and increasing learning precision. 

Discussion of Results 

The experimental results demonstrate that the proposed framework is effective in dealing with the 

cognitive load of learners in mobile learning scenarios. The use of neuromorphic processing allowed for 

fast estimation of cognitive states with less computation costs as compared to conventional deep 

learning. 

The accuracy of adaptation in the proposed NCAMLF was estimated at 96.8%, which significantly 

exceeded the capabilities of typical mobile learning systems. The use of context-aware sensing and 

neural computing based on spikes contributed to better identification of states and adaptability. 

Moreover, the time needed to respond decreased to 104 ms, showing suitability for ubiquitous learning. 

Efficiency benefits in terms of energy consumption were demonstrated as well due to a more 

lightweight design. In contrast to typical deep learning systems, which require heavy computation costs, 

the proposed system provided edge-level inference while maintaining reliable operation. 

It was also found that intelligent multimedia control and notifications help decrease cognitive load 

and increase learner engagement in extended learning processes. 

5 Conclusion 

This paper discussed the development of a Neuromorphic Computing-Enabled Context-Aware Adaptive 

Mobile Learning Framework for dynamic cognitive load management in wireless mobile and ubiquitous 

learning platforms. This framework included components for context-aware sensing, neuromorphic 

spiking neural network computation, adaptive learning content provision, and optimization of feedback 

loops to create a more personalized learning experience based on learners' current cognitive condition. 

The main focus was on overcoming the shortcomings associated with traditional mobile learning 
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architectures, which are unable to dynamically change with changes in context and learners' cognitive 

state, resulting in elevated stress levels among learners. Experimental evaluation of the proposed 

approach revealed superior adaptation performance in comparison to other approaches, including 

Conventional Mobile Learning (CML), Context-Aware E-Learning (CAEL), Deep Adaptive Learning 

(DAL), and Edge-Based Learning Systems (EBLS). Specifically, the proposed NCAMLF framework 

achieved an adaptation accuracy of 96.8%, a precision of 96.1%, a recall of 95.7%, and an F1-score of 

95.9%, demonstrating high precision in cognitive load assessment and personalization of the learning 

experience. Furthermore, the new approach delivered energy efficiency of 0.95 and reduced response 

time to only 104 ms. The ablation experiments further proved the efficiency of the combined 

architecture. The removal of the context-awareness module made the model less accurate, with 88.2%, 

while the exclusion of the neuromorphic engine resulted in accuracy dropping to 90.1%. Hence, the 

importance of spike-based contextual intelligence for decision-making is emphasized. The findings 

prove that neuromorphic computing allows for achieving low latency and energy-efficient cognition 

along with dependable learning adaptation. In general, the framework proposed contributes to the 

development of intelligent and ubiquitous learning systems through using neuromorphic computing and 

context-aware adaptation, thus enhancing learner engagement and cognitive balance. For future studies, 

possible directions include multimodal physiological sensing, federated neuromorphic learning, 

explainable adaptive decision-making, and large-scale implementation in smart educational ecosystems. 

Besides, future research could cover privacy-preserving cognitive analytics and multi-device 

optimization of collaborative learning for next-generation mobile devices. 
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