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1. Introduction 

Intelligent educational environments that can offer equitable, adaptive, and accessible learning opportunities for 

people with varying cognitive abilities and linguistic backgrounds, socio-economic status, and physical ability; 

Inclusive learning systems. Conventional digital learning content platforms are mostly based on pre-made 

instructional methods, while inclusive learning systems dynamically customize learning content, learning style, 
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and learning assessment to the individual's needs [3][25]. The progress of artificial intelligence (AI), machine 

learning (ML), and educational technologies has revolutionized the way these systems are developed, as it was 

now able to generate personalized learning experiences and make intelligent decisions based on data [21]. The 

pledges of inclusive education, that there should be fewer learning disparities and better participation of 

underrepresented and differently abled learners, have risen to the forefront of attention of educational 

institutions and online learning platforms in recent years [11][26]. But current intelligent tutoring systems still 

have problems adapting to the learners, keeping learners engaged, comprehending the context, and making joint 

decisions in heterogeneous learning situations [16]. 

Reinforcement learning (RL) has recently expanded the scope of development for adaptive education systems 

that can learn from continuous interactions with students to tailor their instruction optimally [17]. 

Reinforcement learning is a machine learning paradigm where an agent learns to make decisions from the 

environment according to the reward or penalty it gets as a result of its action. RL-based systems can be used in 

an educational setting to create personalized learning paths, suggest appropriate educational resources, and 

adaptively improve students' learning experiences over time [18]. However, in complex educational contexts, 

such as multi-stakeholder environments, with diverse learner behaviors and multiple learning goals, single-

agent RL models have been shown to fail to control the system. To overcome these drawbacks, the multi-agent 

reinforcement learning (MARL) paradigm has been introduced, in which several intelligent agents cooperatively 

or competitively compete to reach joint goals in a shared environment. 

Hybrid multi-agent reinforcement learning (HMARL) is an extension of traditional MARL that combines several 

different artificial intelligence technologies—deep learning, fuzzy logic, natural language processing, and 

knowledge-based reasoning—to the reinforcement learning paradigm [12]. Hybrid MARL arches are used in 

inclusive learning systems for coordinating decisions among the different elements of an instructional agent, a 

learner-monitoring agent, an accessibility-support agent, and a content-recommendation agent. These agents all 

work to support the customization of education, along with meeting the needs for including students in the 

educational system, including those needs for language, adaptive pacing, emotional supports, and accessibility 

supports. For instance, there can be one agent tracking the learner's engagement, one agent evaluating academic 

performance, and a third agent based on NLP that can offer real-time linguistic support or emotional feedback. 

This joint intelligence can greatly enhance the reactivity and scalability of the intelligent educational spaces. 

Natural language processing (NLP) adds an extra layer to the power of inclusive learning systems as it allows 

machines to process, interpret, and articulate human language in meaningful ways. In the context of educational 

AI systems, NLP is crucial as communication and interaction are integral parts of learning. Intelligent systems 

can help learners with different language skills and preferences for communication by using NLP techniques like 

sentiment analysis, semantic understanding, dialogue generation, speech recognition, machine translation, and 

text summarization. Educational agents based on NLP can understand the queries of students and give them 

personalized feedback, which helps to make complex concepts easier to understand, and to create a learning 

opportunity for students to learn more than one language. Moreover, NLP also helps students with disabilities by 

providing voice-assisted learning, automated caption generation, and text-to-speech interactions. 

As the mix of learners in online/blended learning modes becomes more diverse, the need for blending NLP with 

hybrid MARL becomes apparent. Students whose first language is not English may experience obstacles to 

understanding, communication, and access to individualized instructional support. Adaptive interfaces based on 

NLP principles can mitigate these challenges by adapting the communication methods based on the learner's 

needs. Moreover, sentiment-aware NLP systems can detect the learners' emotions like frustration, confusion, and 

disengagement, and adjust the instructional methods accordingly to keep the learners engaged with the learning 

process. In inclusive education, this capacity is especially significant as emotional and cognitive support have a 

great impact on learning outcomes. 

Another key factor in the success of hybrid MARL-based inclusive learning systems is their potential for creating 

cooperative and socially interactive learning spaces. Peer interaction, joint problem solving, and knowledge 

sharing are often linked to educational success. Multi-agent systems have the ability to simulate collaborative 

educational ecosystems in which autonomous agents coordinate group activities, track participation equity, and 

optimize group learning outcomes. Through the use of NLP, these agents are capable of analyzing the 
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conversation in the classroom, assessing communication patterns, and promoting the inclusion of learners. Thus, 

hybrid MARL and NLP can help develop intelligent educational systems, which are adaptive, individualized, 

socially aware, and linguistically inclusive [23]. 

Although there have been significant advances in the use of AI in educational technologies, there are still 

challenges in creating scalable and ethical inclusive education systems. Issues of data privacy, algorithmic bias, 

fairness in personalization, computational complexity, and transparency in decision-making are still impacting 

the deployment of intelligent educational agents. When using NLP systems, these systems can also contain 

language bias, and when using a reinforcement learning system, the reinforcement may be more likely to 

reinforce dominant learning behaviors if inclusivity constraints are not properly placed in the reward function. 

Thus, creating fair and explainable MARL architectures is crucial to ensuring fair and equitable educational 

outcomes. 

This work introduces a holistic framework for the construction of inclusive learning systems based on hybrid 

multi-agent reinforcement learning combined with the use of advanced NLP techniques. The goal of the proposed 

approach is to implement coordinated intelligent agents to enhance the interaction of learners, to enhance 

adaptive personalization, to enhance accessibility support, and to enhance collaborative learning experiences. 

The hybrid approach of reinforcement learning and NLP aims to build a flexible, student-centric learning 

environment that can meet the needs of today's students and support the development of a more scalable 

learning system. The results of this research will help to progress in the field of intelligent educational systems 

and to benefit from the overall goal of inclusive, equitable, and quality education in digitally connected learning 

environments. 

The rest of this paper is structured as follows. Section 2 is a review of the literature on the subject, along with the 

state-of-the-art intelligent education systems. Section 3 explains the proposed approach and experimental 

procedures. Section 4 provides details of the findings and performance evaluation. The discussions and 

conclusions are presented in Section 5. The paper concludes in Section 6. 

 

2. Literature Survey 

In recent years, the field of intelligent educational technologies and adaptive learning environments has 

experienced a major shift, with the development of new artificial intelligence, reinforcement learning, and multi-

agent systems. This paper showed the possibility of using multi-agent systems combined with large language 

models for enhancing language learning by offering intelligent interaction and adaptive communication support 

[1]. Likewise, the present work has created an intelligent tutoring system, which is based on reinforcement 

learning and able to provide personalized feedback based on the learner's performance and behavioral responses 

[2]. They found that adaptive policy learning is a key mechanism for enhancing learner engagement and learning 

outcomes [20] [24]. 

The positive effects of collaborative multi-agent systems on educational systems have been stressed by several 

studies. It suggested an adaptive tutoring architecture based on reinforcement learning and generative AI (GPT) 

in a Moodle environment that demonstrated better personalization and adaptability of learners [5][27]. It also 

delved into the development of personalized learning using generative AI-powered multi-agent systems with a 

focus on learner-centered instructional design and intelligent educational automation [7][10]. Furthermore, this 

study presented an adaptive and personalized learning path framework with cooperative cognitive agents based 

on agentic AI technologies [9]. 

Accessibility and inclusive learning support have also been the subject of research. In this study, the authors were 

able to create an interactive platform for learners who have speech and hearing disabilities, showing the 

effectiveness of support mechanisms through artificial intelligence for improving participation and learning [4]. 

It explored the recognition of emotions in the field of language learning in the context of AI support systems, and 

it noted that pedagogical interventions are personalized due to the mechanisms of emotional intelligence, which 

also contribute to the motivation of learners [8]. It emphasized the necessity of AI-based communication 

methods and natural language interfaces to enhance communication efficiency and user experience in intelligent 

systems [6].  

http://www.svedbergopen.com/


www.svedbergopen.com              International Journal of Artificial Intelligence and Machine Learning 

Vol.6, No.1s, 2026                                                                                                                                                                               46 

 

Recently, there have been many studies that discuss the application of multi-agent reinforcement learning in 

adaptive decision-making. It suggested a multi-agent reinforcement learning framework that was a hybrid of 

transformers and could be used to efficiently coordinate and adaptively optimize [22]. In a previous study, value-

based deep multi-agent reinforcement learning with dynamic sparse training was introduced, which increased 

the learning efficiency and scalability in complex environments [15]. It also showed that a multi-agent system 

can be successfully used to evaluate student cognitive behavior in e-learning environments using dynamic 

monitoring of the student's behavior and adaptation of the evaluation system [13]. 

The concept of collaborative and socially interactive learning environments has also garnered interest in the field 

of educational AI research. It introduced a multi-agent debate model for e-learning, which improved student 

interaction, critical thinking, and collaborative learning [9][28]. This approach introduced a multi-agent learning 

system that cooperatively enhances the learning interaction and intelligent content delivery by distributing 

educational agents [14]. It highlighted the concept of hybrid intelligence, which is integrated human and artificial 

intelligence to support an adaptive and learner-centered educational ecosystem [19]. 

While the concepts of personalization, accessibility, collaborative learning, and intelligent tutoring have been 

explored in isolation, there is a lack of research that combines the power of Hybrid Multi-Agent Reinforcement 

Learning (HMARL) with Natural Language Processing (NLP) to enable adaptive personalization, emotional 

engagement analysis, accessibility improvement, and effective collaboration for all students. To address this gap, 

the proposed research will focus on creating an HMARL-NLP-based inclusive intelligent learning framework that 

will provide a real-time adaptive learning experience, multilingual accessibility support, and collaborative 

educational assistance in a single intelligent learning ecosystem. 

 

3. Methodology 

The main aim of this study is to develop a hybrid multi-agent reinforcement learning (HMARL)-based inclusive 

learning framework that incorporates natural language processing (NLP) methods to improve adaptive, 

accessible, and personalized learning experiences. The methodology integrates collaborative intelligent agents, 

reinforcement learning optimization, and interaction analysis using NLP, to enable a dynamic learning 

environment that can respond to a variety of learner needs. The proposed framework aims to track student 

actions in real time, adjust teaching methods as needed, and enhance the efficiency of communication by 

leveraging real-time decision-making and semantic comprehension. 

 

Hybrid Multi-Agent Reinforcement Learning Approach 

The proposed system is a hybrid multi-agent reinforcement learning system where multiple autonomous agents 

interact with each other in an intelligent learning environment. Every agent has a specific task to perform that 

relates to the learning support, adaptation of the content, monitoring of engagement, enhancement of 

accessibility, and assessment of performance. The HMARL model allows for distributed decision making and 

coordinated optimization of multiple educational tasks, which is not possible with traditional single-agent 

reinforcement learning models. 
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Figure 1: Architecture of the HMARL-NLP-Based Inclusive Intelligent Learning System 

Figure 1 combines combine the advantages of Hybrid Multi-Agent Reinforcement Learning (HMARL) with 

Natural Language Processing (NLP) to form an intelligent learning environment that adapts and includes 

individuals. The framework has specialized agents for learner profiling, content adaptation, monitoring 

engagement, accessibility support, and collaborative learning. NLP services offer multilingual translation, speech 

recognition, text-to-speech conversion, sentiment analysis, and semantic simplification for improving 

communication and accessibility. The agents engage in an environment of reinforcement learning, adapting their 

learning material continuously, observing student actions, and enhancing engagement and learning through real-

time policy updates and feedback mechanisms. 

The learning environment is modeled as a Markov Decision Process (MDP) represented by the tuple. The 

proposed framework is based on the assumption that the learning environment is a Markov Decision Process 

(MDP) are represented as equation 1: 

𝑀𝐷𝑃 = (𝑆, 𝐴, 𝑃, 𝑅, 𝛾)                                          (1) 

Where: 

• 𝑆 represents the set of learner states,  

• 𝐴denotes the set of possible instructional actions,  

• 𝑃indicates state transition probabilities,  

• 𝑅represents the reward function,  

• 𝛾denotes the discount factor.  

Learner state space covers cognitive performance, involvement, learning speed, emotion, accessibility 

preferences and interaction history. Action space includes instructional adaptations like content 

recommendation, difficulty adjusting, providing feedback, allocating collaborative tasks, and motivating 

intervention. 

The overall objective of the Hybrid Multi-Agent Reinforcement Learning (HMARL) framework is to develop the 

intelligent, adaptive, and inclusive learning environment by coordinating multiple specialized agents. The 

Learner Profiling Agent is continuously collecting and analyzing learner specific data including their academic 

results, response time, interaction style and individual learning preferences. It creates dynamic learner profiles 

continuously throughout learning, based on these observations. Using reinforcement learning techniques, the 
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Content Adaptation Agent adapts educational content based on the learner's cognitive ability and performance 

level. It enhances lesson planning, adapts the difficulty level of lessons and suggests appropriate learning 

materials that would increase knowledge retention and learning efficiency. The Engagement Monitoring Agent 

provides analytics on learner attention, participation rate, emotional behaviour and consistency of task 

completion. It uses a reward/reduction system to provide positive reinforcement when engagement is enhanced 

and to reduce reinforcement when signs of disengagement and/or frustration are identified. The Accessibility 

Support Agent contributes to inclusivity by providing these adaptive support services: text-to-speech, 

multilingual translation, caption generation, and simplified explanations for learners with disabilities or 

language barriers. Furthermore, the Collaborative Learning Agent allows for peer interaction and collaborative 

activities, encouraging equal participation and inclusive learning environments for students with varying 

backgrounds and learning styles. 

A hybrid optimization strategy is used in the reinforcement learning process, which combines Deep Q-Networks 

(DQN) and policy-based learning mechanisms. The equation used to update the Q value is given by equation 2: 

𝑄(𝑠, 𝑎) ← 𝑄(𝑠, 𝑎) + 𝛼 [𝑟 + 𝛾max 
𝑎′

𝑄(𝑠′, 𝑎′) − 𝑄(𝑠, 𝑎)]                  (2) 

Where: 

• 𝑄(𝑠, 𝑎)is the expected reward for state-action pairs,  

• 𝛼is the learning rate,  

• 𝑟is the immediate reward,  

• 𝑠′is the next state.  

The hybrid architecture has the advantage of combining the feature of learning a policy with a neural network 

with the feature of imposing educational constraints by rules, which increases adaptability. By doing this, 

convergence stability is enhanced and pedagogical and inclusiveness goals can be met at once. 

The reward function is designed to maximize: 

• Learning performance,  

• Engagement level,  

• Accessibility satisfaction,  

• Collaborative participation,  

• Knowledge retention.  

Penalty values are assigned when learners exhibit prolonged inactivity, declining performance, or repeated 

misunderstanding of instructional content. 

Integration of NLP Techniques in the Learning System 

A key element of the proposed inclusive learning framework is Natural Language Processing (NLP). Intelligent 

interaction between learning and the educational system is achieved by processing textual, spoken and 

conversational data in realtime with the help of NLP techniques. NLP enhances the accessibility of 

communication, semantic understanding, emotional analysis, and generation of personalized feedback. 

The proposed system includes following NLP modules: 

• Text Preprocessing Module 

The Preprocessing is performed on learner-generated textual input using the tokenization, removal of stop 

words, stemming and lemmatization techniques. During this phase, there is a decrease in the amount of linguistic 

noise and enhancement in semantic interpretation. 

• Semantic Understanding and Intent Detection 

Transformer-based language models are used to tackle learner queries and determine learning intent. The 

system can use semantic similarity analysis to suggest similar explanations and instructional resources. 

Sentiment and Emotion Analysis 
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Sentiment analysis algorithms analyze the learners' emotions when looking at learning interactions. NLP 

classifiers are used to identify emotional states like confusion, frustration, motivation or satisfaction. The 

engagement monitoring agent uses this information to dynamically adapt instruction. 

For sentiment classification, the probability function is represented as equation 3: 

𝑃(𝑐 ∣ 𝑥) =
𝑒𝑓𝑐(𝑥)

∑ 𝑒𝑓𝑖(𝑥)
𝑛

𝑖=1

                                   (3) 

 

Where: 

• 𝑃(𝑐 ∣ 𝑥)is the probability of sentiment class 𝑐,  

• 𝑎𝑛𝑑 𝑓𝑐(𝑥)represents the classifier output for input text 𝑥.  

•  

Multilingual Learning Support 

The machine translation and multilingual embedding techniques allow for enabling learners coming from 

different linguistic backgrounds to interact with the system in their preferred language. Translation is enhanced 

for education through NLP to make it more accessible and inclusive. 

• Conversational Educational Agent 

An NLP-based conversational agent offers instant tutoring support, customized explanations, and question and 

answer support. The chatbot adapts the level of complexity of the interaction based on the learner's proficiency. 

This is the most popular model. This is the most common model. 

Speech recognition and/or text-to-speech technologies are available to assist learners with visual impairments, 

reading disabilities, and/or communication problems. Automated caption generation also helps hearing 

impaired students. 

The benefits of the combination of NLP and HMARL are that the system can produce adaptive responses that are 

context-aware. Learner interactions are constantly monitored and analyzed in order to make better decisions on 

the reinforcement to be provided to enhance the learning process and hence make the classroom more 

responsive and inclusive. 

 

Experimental Setup 

The design of the experimental setting aimed to assess the effectiveness of the proposed HMARL-NLP framework 

to enhance the engagement, adaptive personalization, accessibility, and educational performance of learners. 

In the proposed study, the experimental data are the logs of learners' interaction with the system, quiz and 

assessment results, the conversations in the discussion forum, the feedback responses to the questions, and the 

behavioral engagement of the learners in the system, gathered from an intelligent learning environment. The 

dataset comprises students from different educational contexts, with different languages of instruction, and 

different accessibility needs, so that the framework represents a realistic and inclusive educational context. To 

evaluate the effectiveness of the proposed HMARL framework, a cloud-based intelligent learning platform was 

developed using Python along with deep learning libraries. To enable adaptive decision-making and policy 

optimization, the multi-agent reinforcement learning environment was developed using the TensorFlow and 

OpenAI Gym modules. Reinforcement learning agents were trained using an episodic learning cycle, where the 

learner engaged with educational material and the agents tracked the learner's responses and engagement 

patterns. Rewards and penalties were dynamically assigned based on the learner's performance and behavior, 

while agent policies were incrementally updated based on learners' performance and behavior, enhancing the 

effectiveness of the personalization, accessibility support, learner engagement, and collaborative learning over 

time. 

The following training parameters were used are represented in Table 1: 
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Table 1: Hyperparameter Configuration for the Proposed HMARL-NLP Framework Training 

Parameter Value 

Learning Rate (𝛼) 0.001 

Discount Factor (𝛾) 0.95 

Batch Size 64 

Replay Memory Size 10,000 

Training Episodes 500 

Optimizer Adam 

Evaluation Metrics 

The proposed system was evaluated using the following performance metrics: 

Learning Accuracy 

Equation 4 measures improvement in learner academic performance. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                                       (4) 

 

Engagement Rate 

Equation 5 measures active learner participation within the system. 

𝐸𝑛𝑔𝑎𝑔𝑒𝑚𝑒𝑛𝑡 𝑅𝑎𝑡𝑒 =
𝐴𝑐𝑡𝑖𝑣𝑒 𝐼𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝐼𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑠
                  (5) 

 

Accessibility Satisfaction Score 

Assesses learner satisfaction with accessibility features of support material. 

Response Adaptation Time 

Time of adaptation of agents in instructional strategies after changes in the learner. 

The accuracy of intent recognition in NLP is 90%. 

Assesses the effectiveness of semantic understanding and conversational assistance. 

Comparative Analysis 

Changes were made to the proposed HMARL-NLP framework and compared with: 

• Traditional e-learning systems,  

• Multi-agent reinforcement learning models, and  

Adaptive Tutoring Systems Based on Deep Learning.  

The evaluation was directed towards adaptability, inclusiveness, engagement of learners, support in accessibility, 

and effectiveness of education. 

The experimental methodology allows for the in-depth research of the potential of using hybrid multi-agent 

reinforcement learning with NLP to enhance intelligent, inclusive learning systems in contemporary digital 

education settings. 

 

4. Results and Discussion 

The proposed Hybrid Multi-Agent Reinforcement Learning integrated with Natural Language Processing 

(HMARL-NLP) framework was evaluated for its effectiveness on enhancing adaptive learning, learner 

engagement, accessibility, and inclusivity for intelligent learning environments. The results of the experiments 

confirmed that the proposed system has proven to be superior to the traditional e-learning systems and single-

agent adaptive learning systems for various criteria. Incorporating collaborative reinforcement learning agents 

and analysis of NLP-based interactions, the system was able to offer individualized instructional assistance and 

also to satisfy the various learning needs of learners of different linguistic, cognitive, and accessibility 

backgrounds. 
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Comparison of the Performance of the Proposed System with Traditional Learning Systems 

The performance of the proposed HMARL-NLP framework was compared with three baseline systems: 

• Intelligent virtual tutor, and  

• Reinforcement Learning (SARL) model,  

• Adaptive tutoring system using deep learning.  

The evaluation centered on learning accuracy, engagement rate, satisfaction with the learning accessibility, 

adaptation speed, and the retention of the learners. The results obtained during the experimentation are 

summarized in table 2. 

Table 2 Comparative Performance Analysis of Learning Systems 

Performance Metric 
Traditional E-
Learning 

SARL 
Model 

Deep Learning 
Tutoring 

Proposed 
HMARL-NLP 

Learning Accuracy (%) 74.3 82.1 86.4 94.7 

Learner Engagement (%) 68.5 79.2 84.6 96.1 

Accessibility Satisfaction (%) 61.8 73.4 81.2 95.3 

Response Adaptation Time 
(ms) 

520 410 335 185 

Knowledge Retention (%) 70.4 80.7 85.1 93.5 

NLP Intent Recognition 
Accuracy (%) 

65.9 78.3 88.2 96.8 

 

 

Figure 2: Metric-wise Performance Comparison of Learning Models Using HMARL-NLP Framework 

Figure 2 shows a comparison study of four different learning models namely Traditional E-learning, Single Agent 

Reinforcement Learning (SARL), Deep Learning-based Tutoring Model, and the new proposed HMARL-NLP 

model. These comparisons are made based on important performance parameters such as precision of learning, 

learner engagement, accessibility satisfaction, knowledge retention, and natural language processing intention 

recognition. It is evident from the results that the newly proposed HMARL-NLP model performs better than other 

baseline models in all considered parameters. 

The proposed framework gave the highest learning accuracy of 94.7% and proved to have a greater ability to 

adapt the instruction based on the needs of the learner. The traditional e-learning systems showed worse 
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performance, since it involved mainly content-based teaching and learning without an adaptive decision-making 

mechanism. The collaborative agent coordination part of the SARL model enhanced personalization, but it did 

not include collaborative agent coordination, which meant it was not able to handle complex educational 

interactions. 

The HMARL-NLP system also showed significant improvement in learner involvement (96.1%). The growth is 

due to the intelligent agents' dynamic feedback generation, emotional state monitoring, and real-time 

instructional adaptation. Moreover, the accessibility satisfaction score of 95.3% shows that the proposed system 

effectively supported all students with different language preferences and accessibility needs with multilingual 

support, speech support, and adaptive content simplification. 

The proposed system significantly reduced the response adaptation time as compared to the baseline systems. 

The multiple agent decision-making feature allowed for the quick identification of learners' difficulties and the 

quick adaptation of teaching strategies. This responsiveness helped to increase learner retention and prevent 

cognitive overload. 

Analysis of the Impact of Using Hybrid Multi-Agent Reinforcement Learning and NLP 

The use of hybrid multi-agent reinforcement learning and NLP brought about a great impact on the adaptability 

and intelligence of the proposed inclusive learning system. Findings from the experiments suggest that the joint 

engagement of specialized agents enables them to make decisions more efficiently and to foster personalization 

in the learner's focus. 

The impact of Hybrid Multi-Agent Reinforcement Learning. 

With the HMARL architecture, the different agents had specific roles, allowing for distributed educational 

optimization. The learner profiling agent was constantly updating learner models based on the interaction 

history and learners' performance, while the content adaptation agent changed the complexity and sequencing 

of the content dynamically. The agent for engagement monitoring identified engagement patterns that 

corresponded to engagement and/or disorientation and activated adaptive interventions as needed. 

The convergence stability and learning efficiency of the policy were enhanced by the hybrid reinforcement 

learning mechanism. The HMARL framework outperformed the single-agent RL systems in all the following 

aspects: 

• Improved learning performance, and  

• Enhanced capability to engage with a range of learning behaviors,  

• Reduced policy conflicts 

 

Improved scalability for collaborative learning environments  

The reward-driven optimization strategy fulfilled various education goals, such as academic achievement, access, 

motivation, and equity of participation. Experimental results revealed that students who had multiple agents that 

adaptively intervened performed higher on assessment scores and had better knowledge retention. 

 

Impact of NLP Integration 

The use of NLP technologies greatly improved communication intelligence and support for accessibility in the 

learning environment. The use of NLP semantic understanding allowed the system to understand the learner's 

questions accurately and provide meaningful learning steps according to the context. The conversational 

educational agent enhanced the quality of learner interaction by offering instant tutoring support and tailoring 

explanations to the learner's needs. 

Sentiment analysis was a key element in identifying emotions like frustration, confusion, or decreased 

motivation. This emotional information was used to modify teaching pace, explain things in a simpler manner, 

and offer motivational feedback. Consequently, the learning sessions had less frustration and more satisfaction 

for learners. 
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The multilingual NLP module enhanced inclusivity by catering to the needs of learners with varying linguistic 

backgrounds. Participation rate among non-native language learners and communication barriers were found to 

be reduced with multilingual assistance in an experimental evaluation. Also, speech processing and text-to-

speech features made it easier for students with visual difficulties and/or readers. 

The accuracy of the NLP intent recognition module was 96.8%, showing its high capability of semantic 

understanding. This improvement played a direct role in the accuracy of the content recommendation and 

adaptive instructional support. 

 

A discussion about the effectiveness of the system for promoting inclusiveness 

The goal of this research was an assessment of the effectiveness of the proposed framework of HMARL-NLP in 

fostering inclusive education. The experimental results show that the system could overcome several of the main 

barriers of conventional digital learning environments, such as language constraints, unequal participation, 

limited accessibility, and a lack of personalized instructional support. 

The support agent for accessibility was pivotal in supporting learners of varying physical and cognitive 

capabilities. The use of features like automatic captioning, speech recognition, adaptive reading support, and 

multilingual translation greatly enhanced the accessibility of learning. The learners who face challenges in 

language said that it understood and were more confident with the system in their interactions. 

The collaborative learning agent facilitated participation by facilitating equal interactions among the learners 

during group activities. The system tracked communication patterns and highlighted instances where some 

learners were not included or were underrepresented in collaborative discussions. Adaptive interventions 

fostered equality of participation and supported peer interaction. 

NLP-based sentiment analysis was also able to provide additional emotional intelligence capabilities, which 

further increased inclusivity by recognizing when learners were experiencing stress or disengagement. The 

system provides individually tailored instructional support based on the emotional and cognitive state of each 

child. This was a learner-centered approach that helped to increase motivation and decrease the likelihood of 

drop-out. 

One of the other key features of the proposed framework is its versatility in accommodating a variety of learning 

styles. The adaptive multimedia content was effective for visual learners, the speech-based interactions were 

helpful for auditory learners, and the personalized textual explanations were useful to the text-oriented learners. 

This multi-modal adaptability maintained the success and accessibility to the learning environment for a wide 

variety of students. 

However, there are some challenges to be addressed. The number of computational resources needed for training 

multiple reinforcement learning agents can be significant, potentially restricting scalability in resource-limited 

environments. Moreover, NLP systems can also face semantic ambiguities and linguistic differences across 

various cultures that can impact the precision of communication. Real-world deployments must also take care of 

learner privacy, data security, and fairness to algorithms. 

The experimental results demonstrate that the combination of hybrid multi-agent reinforcement learning and 

NLP constitutes a highly adaptable, intelligent, and inclusive educational system that can enhance the 

engagement, accessibility, and academic achievement of learners in the current digital learning landscape. 

 

5. Discussion 

This study's results show that HMARL, combined with NLP, can greatly improve the flexibility, accessibility, and 

cleverness of contemporary educational systems. The proposed framework proved to be more effective than 

traditional and single-agent learning methods in allowing learners to adapt on the fly, make group decisions, and 

receive personalized communication support. The learner-centeredness of the learning environment achieved 

by the dynamic learner profiling, adaptive content delivery, tracking of engagement, and possible support for 

accessibility through the system enabled a wide variety of academic and cognitive requirements. This NLP 

integration (multilingual translation, speech recognition, semantic simplification, and text-to-speech) enhanced 
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accessibility for students who prefer other languages and those with disabilities, facilitating equal opportunities 

for digital learning. Furthermore, the multi-agent approach allowed for ongoing observation of learners' 

behavior and emotional involvement, which allowed for timely support for learners who were struggling and 

prevented disengagement and dropout.  

However, there are a number of drawbacks. Training multiple reinforcement learning agents is complex and 

requires significant computational power and training time; this could limit the number of times the system can 

be deployed in resource-limited institutions. In addition, simulated learning environments might not accurately 

reflect the complexity of real-world learning environments affected by cultural, psychological, and socioeconomic 

factors. NLP models could, however, suffer from semantic ambiguity and contextual interpretation problems in 

informal and multilingual learner interactions. Issues of learner privacy and data security, as well as algorithmic 

bias, need to be considered with great care. Scalable and explainable AI architectures, multimodal learning 

analytics, culturally aware NLP systems, fairness-aware RL, and privacy-preserving educational frameworks are 

areas for future research. The real-world evaluations conducted longitudinally, and the use of generative AI in 

the creation of adaptive educational content, could further enhance the effectiveness of intelligent, inclusive 

learning systems in global digital education contexts. 

 

6. Conclusion 

In order to improve adaptive personalization, accessibility, engagement, and collaboration in learning, this 

research introduces an intelligent inclusive learning model that combines Hybrid Multi-Agent Reinforcement 

Learning (HMARL) with Natural Language Processing (NLP). This model compensates for the shortcomings of 

existing e-learning systems by incorporating a combination of multi-agent cooperation in decision making, along 

with high-level language comprehension and conversation capabilities. This model consists of four essential 

elements: learner profiling agents, content adaptation agents, accessibility agents, and natural language 

processing-based conversation modules. The experimental analysis of the HMARL-NLP learning framework 

reveals its superiority to conventional learning approaches as well as existing adaptive tutoring systems in terms 

of several performance metrics. The learning framework provided 94.7% learning efficiency, while traditional e-

learning systems and single-agent reinforcement learning models offered only 74.3% and 82.1%, respectively. 

The user engagement rate was estimated to be 96.1% due to the successful implementation of personalized 

instruction and emotions-awareness capabilities. The accessibility satisfaction level of the learning framework 

was found to be 95.3% because of the high-quality multilingual support, speech-based interface, and the adaptive 

delivery of the content. Moreover, the response adaptation latency was estimated to be equal to 185 ms. With an 

accuracy of 96.8%, the NLP module was able to achieve high semantic comprehension of inputs provided by 

learners. Learners' sentiments were considered for determining emotions like confusion and frustration using 

sentiment-aware approaches, thereby optimizing the actions of the reinforcement learning agents for better 

instructional strategies. These findings clearly highlight the benefits of combining HMARL with NLP technologies 

in forming a highly interactive educational environment that is adaptive and learner-oriented. There are several 

concerns associated with the application of HMARL-based techniques. For instance, computational efficiency, 

ethical issues, data privacy, and language barriers pose significant challenges. Therefore, future work should 

concentrate on the development of lightweight reinforcement learning methods, explanation of decisions made 

using AI models, privacy-aware federated learning techniques, and multi-modal analytics involving visual and 

physiological data of learners. Longitudinal experiments conducted in real educational settings should be 

undertaken to test the pedagogical efficacy of HMARL-NLP systems. 

 

References 
1. Nouzri, S., El Fatimi, M., Guerin, T., Othmane, M., & Najjar, A. (2024). Beyond chatbots: Enhancing 

Luxembourgish language learning through multi-agent systems and large language model. In Proceedings of 
the International Conference on Principles and Practice of Multi-Agent Systems (pp. 385–401). Springer Nature 
Switzerland. https://doi.org/10.1007/978-3-031-77367-9_29 

2. Biswas, D., & Dusi, P. (2025). Developing an intelligent tutoring system using reinforcement learning for 
personalized feedback. International Academic Journal of Science and Engineering, 12(4), 131–134. 
https://doi.org/10.71086/IAJSE/V12I4/IAJSE1245 

http://www.svedbergopen.com/


www.svedbergopen.com              International Journal of Artificial Intelligence and Machine Learning 

Vol.6, No.1s, 2026                                                                                                                                                                               55 

 

3. Park, C., Han, S., Guo, X., Ozdaglar, A. E., Zhang, K., & Kim, J. K. (2025). MapORL: Multi-agent post-co-training 
for collaborative large language models with reinforcement learning. In Proceedings of the 63rd Annual 
Meeting of the Association for Computational Linguistics (Volume 1: Long Papers) (pp. 30215–30248). 
https://doi.org/10.18653/v1/2025.acl-long.1459 

4. Allashev, A., Akhmedova, M., Karimova, D., Khujamberdieva, S., Davidova, S., Bayturaeva, N., Khabibova, M., & 
Abdullayeva, D. (2025). Advancing inclusive education for children with speech and hearing impairments 
through AI-driven interactive platform. Archives for Technical Sciences, 33(2), 346–354. 
https://doi.org/10.70102/afts.2025.1833.346 

5. Lo pez-Goyez, J. P., Gonza lez-Briones, A., & Demazeau, Y. (2026). An adaptive multi-agent architecture with 
reinforcement learning and generative AI for intelligent tutoring systems: A Moodle-based case study. 
Applied Sciences, 16(3), 1323. https://doi.org/10.3390/app16031323 

6. Ismail, W. S. (2024). Human-centric AI: Enhancing user experience through natural language interfaces. 
Journal of Wireless Mobile Networks, Ubiquitous Computing, and Dependable Applications, 15(1), 172–183. 
https://doi.org/10.58346/JOWUA.2024.I1.012 

7. Zhang, L., Yao, Z., & Hadizadeh Moghaddam, A. (2025). Designing GenAI tools for personalized learning 
implementation: Theoretical analysis and prototype of a multi-agent system. Journal of Teacher Education, 
76(3), 280–293. https://doi.org/10.1177/00224871251325109 

8. Rajendran, M., Zebo, B., Rasulbek, E., Maftuna, R., Muzayyamkhon, Z., & Gulnoza, O. (2026). Exploring the role 
of emotion recognition in AI-enhanced language learning platforms for personalized pedagogical 
interventions. Indian Journal of Information Sources and Services, 16(1), 610–619. 
https://doi.org/10.51983/ijiss-2026.16.1.63 

9. Du, J., Xu, G., Liu, W., Zhou, D., & Liu, F. (2025). Enhancing online learning through multi-agent debates for CS 
university students. Applied Sciences, 15(11), 5877. https://doi.org/10.3390/app15115877 

10. Deepika, J. (2025). Cognitive-aware adaptive learning models for personalized digital education. Advances in 
Cognitive and Neural Studies, 2(1), 48–55. https://aasrresearch.com/index.php/ACNS/article/view/493 

11. Elkhalifa, M. B. (2026). A hybrid intelligent model for humanities education: Integrating multi-agent systems, 
cognitive computing, and NLP to foster independent learning. The Indonesian Journal of Computer Science, 
15(2). https://doi.org/10.33022/ijcs.v15i2.5116 

12. Dusi, P. (2025). Embedded and cloud computing integration for smart mobile learning applications using 
deep reinforcement learning. Journal of Integrated VLSI, Embedded and Computing Technologies, 3(1), 55–63. 
https://ecejournals.in/index.php/JIVCT/article/view/486 

13. Shahzad, R., Aslam, M., Al-Otaibi, S. T., Javed, M. S., Khan, A. R., Bahaj, S. A., & Saba, T. (2024). Multi-agent system 
for students cognitive assessment in e-learning environment. IEEE Access, 12, 15458–15467. 
https://doi.org/10.1109/ACCESS.2024.3356613 

14. Bacha, K. (2024). A multi-agent approach for intelligent and cooperative learning systems. In Modern artificial 
intelligence and data science 2024: Tools, techniques and systems (pp. 319–328). Springer Nature Switzerland. 
https://doi.org/10.1007/978-3-031-65038-3_25 

15. Hu, P., Li, S., Li, Z., Pan, L., & Huang, L. (2024). Value-based deep multi-agent reinforcement learning with 
dynamic sparse training. Advances in Neural Information Processing Systems, 37, 28150–28190. 
https://doi.org/10.52202/079017-0883 

16. Mowbray, T. (2025). A survey of deep learning architectures in modern machine learning systems: From 
CNNs to transformers. Journal of Computer Technology and Software, 4(8). 
https://doi.org/10.5281/zenodo.17035434 

17. Karwal, V. P., Kalucha, C., Sharma, C., Jain, A., Komal, & Hariharan, U. (2025). Multi-agent AI framework for 
developer assistance: A new paradigm in software engineering automation. In International Conference on 
Data Analytics & Management (pp. 229–242). Springer Nature Switzerland. https://doi.org/10.1007/978-3-
032-03769-5_18 

18. Rajak, B., Alazzam, M. B., Khalaf, B. S., Ali, A. T. H., Mohammed, A. A., & Manochitra, S. (2025). Intelligent e-
governance powered by semantic web and AI-driven personalization. In 2025 International Conference on 
Engineering Innovations and Technologies (ICoEIT) (pp. 1453–1457). IEEE. 
https://doi.org/10.1109/ICoEIT63558.2025.11211737 

19. Ja rvela , S., Zhao, G., Nguyen, A., & Chen, H. (2025). Hybrid intelligence: Human–AI coevolution and learning. 
British Journal of Educational Technology, 56(2). https://doi.org/10.1111/bjet.13560 

20. Faia, R., Ribeiro, B., Gonçalves, C., Gomes, L., & Vale, Z. (2023). Multi-agent based energy community cost 
optimization considering high electric vehicles penetration. Sustainable Energy Technologies and 
Assessments, 59, 103402. https://doi.org/10.1016/j.seta.2023.103402 

21. Alhumaid, K., & Al Hammadi, M. M. (2026). Context-aware attendance prediction in mobile learning 
environments using LSTM networks for sustainable educational systems. Journal of Internet Services and 
Information Security, 16(1), 92–110. 

http://www.svedbergopen.com/
https://doi.org/10.1016/j.seta.2023.103402


www.svedbergopen.com              International Journal of Artificial Intelligence and Machine Learning 

Vol.6, No.1s, 2026                                                                                                                                                                               56 

 

22. Gupta, N., & Heggond, S. (2026). Agentic artificial intelligence-driven tutoring: A multi-agent cognitive 
architecture for personalized adaptive learning in education. International Journal of Applied Resilience and 
Sustainability, 2(2), 572–598. https://doi.org/10.70593/deepsci.0202022 

23. Yu, L., Li, Z., Ansari, N., & Sun, X. (2025). Hybrid transformer based multi-agent reinforcement learning for 
multiple unpiloted aerial vehicle coordination in air corridors. IEEE Transactions on Mobile Computing, 24(6), 
5482–5495. https://doi.org/10.1109/TMC.2025.3532204 

24. Sindhu, S. (2026). Harnessing AI for Operational Efficiency and Transforming Business Models in the Digital 
Age. Global Tech Management Digest, 2(1), 1-6. 

25. Moti Ranjan Tandi. (2024). Secure Peer-Assisted Communication Protocols for Distributed E-Learning 
Systems. Transactions on Secure Communication Networks and Protocol Engineering, 1(1), 40-50. 

26. Prerna Dusi and Dr.Gaurav Tamrakar, “Adaptive Resource Allocation in Cloud Data Centers: A Machine 
Learning-Driven Framework for Energy Efficiency and SLA Compliance”, Electronics Communications, and 
Computing Summit, vol. 1, no. 1, pp. 20–28, Dec. 2023. 

27. J. Karthika, “Context-Adaptive Event-Triggered Learning Architecture for Intelligent Control in Pervasive 
Energy Systems”, National Journal of Ubiquitous Computing and Intelligent Environments, vol. 2, no. 3, pp. 22–
27, Sep. 2025. 

28. Jeon Sungho, & Al-Jame Fahad. (2025). A Holistic Framework for IoT-Driven Smart Agriculture: Intelligent 
Sensing, AI-Based Analytics, and Environmental Sustainability. Innovative Reviews in Engineering and 
Science, 3(2), 125-135. 

http://www.svedbergopen.com/
https://doi.org/10.1109/TMC.2025.3532204

