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Abstract 

Large Language Models (LLMs) represent a significant development in Educational 

Technology (EdTech), offering novel opportunities to create personalized, adaptive, and 

contextually rich learning experiences. By leveraging advanced Natural Language 

Processing (NLP) and Machine Learning (ML) techniques, LLMs can interpret learner 

queries, generate dynamic instructional content, provide targeted feedback, and scaffold 

understanding in real-time. This capacity aligns with long-standing pedagogical theories, 

including constructivism, scaffolding, and differentiated instruction, enabling tailored 

interventions that respond to each learner's background, proficiency, and goals. As such, 

LLMs have the potential to facilitate access to quality instruction, support lifelong learning, 

and enhance learner engagement. They also open the door to data-driven insights that can 

refine teaching strategies, support continuous curricular improvement, and inform policy 

decisions. At the same time, deploying LLMs in educational contexts raises important 

challenges. This paper contributes to the current state of knowledge on Artificial 

Intelligence (AI) in education by analyzing the theoretical foundations, technological 

architectures, practical applications, benefits, and limitations of LLMs. It emphasizes that 

while LLMs are powerful tools capable of transforming educational systems, their adoption 

must be governed by careful design choices, ethical vigilance, and a commitment to 

empowering human educators and learners rather than displacing them. Ultimately, LLMs 

should serve as mechanisms for genuine educational transformation, ensuring that as 

technology evolves, the teaching and learning processes remain deeply human-centered, 

inclusive, and forward-looking. 
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1. Introduction 

In recent years, the educational landscape has undergone a profound shift, drove in large 

part by rapid advancements in AI and EdTech. Among the most significant developments 

in this domain are LLMs, such as GPT [1–3] and BERT [4–7], which have demonstrated 

remarkable capabilities in natural language understanding and generation. Their potential 

to facilitate adaptive, responsive, and contextual aware learning experiences indicates that 

these models could play an increasingly important role in shaping the future of education.  

By processing vast quantities of textual data and generating contextually relevant, coherent 

responses, these models have the potential to revolutionize the way learners interact with 

educational content. Unlike traditional, static teaching materials, LLMs can adapt to 

individual student needs, thereby facilitating a more personalized, learner-centered 

educational experience. This capacity for customization is particularly significant in today's 

increasingly diverse classrooms, where students bring a wide range of backgrounds, 

learning styles, and proficiencies. 

At their core, LLMs operate by leveraging complex neural architectures, such as 

transformer models [8–13], which excel in capturing intricate linguistic patterns and 

structures. Through training on extensive corpora, these models develop a nuanced 

understanding of language that enables them to handle tasks as varied as answering 

questions, summarizing texts, and providing targeted feedback on students' work. As they 

continue to evolve, LLMs stand to integrate seamlessly into digital learning platforms, 

serving as interactive tutors that guide students through their educational processes and 

cater to their unique learning trajectories. 

A significant concern in contemporary pedagogy is the need to move beyond the traditional 

one-size-fits-all [14–17], instructional paradigm. The demand for personalized learning 

environments in which content, pacing, and complexity are tailored to individual learner 

profiles continues to grow as educators, policymakers, and researchers seek more effective 

and inclusive solutions. This capacity for personalized instruction draws upon several 

foundational educational theories that promote personalized learning approaches. Starting 

with constructivist principles that emphasize active knowledge construction to theories of 

scaffolding and differentiated instruction, research in pedagogy has long emphasized the 

importance of adjusting educational interventions to fit individual learner profiles [18–22]. 

The introduction of LLMs into learning environments aligns with these theories, providing 

practical opportunities to operationalize such concepts on a scale. Through iterative 

dialogues, data-driven assessment, and adaptive support, AI-based systems can encourage 

deeper engagement, critical thinking, and improved learning outcomes.  
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Conventional systems often struggle to meet these diverse needs, largely due to constraints 

on time, resources, and the capacity of human instructors to customize lessons for every 

student. The limitations of these systems emphasize the importance of exploring new 

approaches that can help all learners reach their full potential. By intertwining cutting-edge 

AI technologies with established pedagogical frameworks, LLMs represent a valuable step 

forward in the integration of education and technology. They offer opportunities to realize 

the long-standing aspirations of many educators by providing responsive, inclusive, and 

adaptive learning experiences that empower students to reach their full potential.  

This article aims to examine the role that LLMs might have in the pursuit of truly 

personalized learning experiences. Specifically, it studies how these models can address 

existing gaps in individualized instruction, evaluate their efficacy in different educational 

contexts, and consider the ethical and practical limitations that accompany their use. By 

offering a critical perspective on LLM-driven personalization, this paper aims to inform 

researchers, educators, and policymakers of the opportunities and challenges that arise from 

integrating advanced AI tools into the educational process. Ultimately, this paper aims to 

contribute to the ongoing discussion within the scientific community regarding the future 

of teaching and learning, illustrating how LLMs might help reimagine and reshape 

educational systems to better serve every learner's unique needs. 

The remaining of the paper is structured as follows: Section 2 depicts the theoretical 

framework related to the integration of LLMs into educational environments, Section 3 

analyzes the LLMs’ applications in the context of personalized learning, Section 4 studies 

the benefits of LLMs in education, while the challenges and limitations to the integration 

of LLMs into classrooms, online learning environments, and personalized tutoring systems 

are analyzed in Section 5, followed by the discussion and conclusions of the obtained 

results, which are depicted in Section 6.  

 

2. Theoretical Framework 

The integration of LLMs into educational environments rests upon a convergence of 

theoretical and technological key points. On the one hand, the computational evolution of 

LLMs [23–25], based on complex neural network architectures, massive pre-training 

corpora, and advanced tokenization strategies, provides the means to generate and process 

natural language at a level approaching human fluency. On the other hand, the pedagogical 

background that enables meaningful personalization in learning environments draws 

heavily from foundational and emergent educational theories [26,27]. These theories, which 

emphasize learner autonomy, knowledge construction, and incremental support, give 

conceptual shape to the use of LLMs as tools for differentiated instruction and adaptive 

learning. By examining both the computational and pedagogical architectures that inform 

the use of LLMs in the classroom, we can put forward a robust theoretical framework that 
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will guide future research, implementation, and evaluation of these rapidly evolving 

technologies (Figure 1). 

 

Figure 1. The proposed theoretical framework 
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LLMs are a category of advanced AI models designed to process, understand, and generate 

human-like text. Their core function is to produce coherent and contextually appropriate 

responses to a wide array of inputs, from simple questions to complex narrative prompts. 

The theoretical basis of LLMs in educational contexts consists of their capacity for 

linguistic generalization, namely these models learn probabilistic patterns of language use 

from massive, diverse textual datasets, and leverage these patterns to predict the next word 

or sequence of words given a prompt [23–25]. Understanding how LLMs perform this 

linguistic process, and how their internal representations align with human conceptual 

structures are very important aspects for deploying them successfully as educational tools. 

The process by which LLMs understand and generate text is inherently statistical and data 

driven. Unlike rule-based NLP systems of the past, which relied on hand-crafted grammar 

and ontologies, modern LLMs build their linguistic abilities from statistical patterns 

gathered from large-scale text corpora. During training, models are exposed to billions of 

words drawn from books, academic papers, websites, and other sources, and they iteratively 

adjust their internal parameters to minimize the predictive error. In other words, the model 

learns to guess the next token (or sub-word unit) in a sequence of text. Over time and many 

training epochs, the LLM develops a complex, high-dimensional representation of 

language, encoding semantic and syntactic regularities in a set of parameters that can 

number in the hundreds of billions [23,25,28,29]. 

Once trained, the model's generation of new text involves selecting a sequence of tokens 

from probability distributions conditioned on previous tokens. When a user provides a 

prompt, the model's internal representations are used to identify the next most likely token, 

then the next, and so forth, until a coherent response is obtained. Adjustments such as 

temperature and top-k sampling can influence the creativity, variability, and specificity of 

the output. These sampling techniques allow for different instructional strategies. 

Therefore, a more conservative decoding might yield responses closely aligned with known 

facts, while more exploratory generation can prompt brainstorming or encourage critical 

thinking. 

The majority of state-of-the-art LLMs are based on transformer architectures, which 

represent a paradigm shift from earlier recurrent neural networks (RNNs) [23,25,29] and 

convolutional neural networks (CNNs) [30,31] used in language tasks. Transformers use a 

mechanism called "self-attention" [8,23,25] to weigh the significance of different parts of 

the input sequence when making predictions. Rather than processing words strictly 

sequentially like RNNs or relying on fixed window sizes like CNNs, transformers consider 

all positions of a given input simultaneously [23,25,28,29]. This parallelism significantly 

improves training efficiency and allows the model to capture long-range dependencies in 

text. 

In more concrete terms, the transformer architecture comprises multiple layers of self-

attention modules and feed-forward neural networks. The self-attention mechanism 
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computes a set of attention weights that determine how much each input token should focus 

on every other token in the sequence [23,25,28,29]. This approach enables the model to 

understand complex grammatical constructs, reference previous elements across lengthy 

passages, and integrate contextual clues spread throughout the text. As a result, transformer-

based LLMs excel at tasks like summarization, question answering, and content generation, 

all of which have direct relevance to educational personalization [9,10,13,17,25–27]. 

The notion of personalized learning is linked to a variety of well-established educational 

theories. Among these theories, constructivism [32–35], scaffolding [36–40], and 

differentiated instruction [41–44] have proven particularly significant. Each of these 

theoretical frameworks converges on a central idea, namely that learners construct 

knowledge more effectively when they engage in learning activities tailored to their 

cognitive readiness, prior knowledge, and personal interests. The introduction of LLMs into 

educational contexts must align with these frameworks to ensure that technology-mediated 

personalization is a genuine enhancement of the learning process, being much more than 

just a merely cosmetic adaptation. 

Constructivist theory posits that knowledge is being constructed rather than transmitted 

[32–35]. Learners actively build mental models and internal representations of the world 

through experience and reflection, while learning occurs most effectively when it is situated 

in authentic contexts involving meaningful interactions with content. When LLMs are used 

for personalized learning, they can generate explanations and examples that reflect the 

learners' existing knowledge levels, cultural backgrounds, or interests. Consequently, a 

student interested in marine biology could receive science problems contextualized in ocean 

ecosystems, therefore creating a scaffolded pathway to new knowledge that feels more 

relevant and engaging. LLM-based systems ensure that the learner remains in a productive 

zone of learning and discovery by continually adapting to the learner's input and 

performance. 

Closely related to constructivism is the concept of scaffolding, which emphasizes the 

importance of providing learners with the right level of support at the right time [36–40]. 

Scaffolding ensures that students tackle learning challenges slightly above their current skill 

level, therefore promoting growth without inducing frustration. The theoretical foundation 

of scaffolding defines the space between what learners can achieve independently and what 

they can achieve with expert guidance [40]. LLMs, by virtue of their capacity to generate 

immediate explanations, hints, and re-phrasings, can function as a dynamic scaffold. An 

example of this aspect consists in the fact that if a student struggles with a particular 

concept, the LLM can simplify the explanation, provide a hint that directs attention to an 

important piece of information, or pose a related but simpler question to build confidence. 

Over time, as the student's knowledge deepens, the LLM can reduce the level of guidance 

and encourage more independent problem-solving. 



Journal of Information Systems & Operations Management, Vol. 18.2, December 2024 
 

                                                                                                                                 Pag. 131 / 231 
Article’s total number of pages: 47 

Differentiated instruction is an instructional approach that recognizes and accommodates 

the diverse needs, abilities, and interests of learners within a single classroom environment 

[41–44]. Traditionally, teachers differentiate instruction by altering the content, process, or 

explanations according to student readiness and learning profiles. Incorporating LLMs into 

this framework can streamline and enhance differentiation at scale. An example of this 

aspect is given by the fact that while one student might benefit from a more narrative-driven 

explanation, another student might prefer bullet-point summaries and factual presentations. 

With real-time adaptation, an LLM can provide multiple representations of the same 

concept. Moreover, the model can adjust the complexity of language, pace of delivery, and 

style of presentation based on the ongoing assessment of the student's comprehension. This 

aligns with the theory of differentiated instruction, ensuring that all learners have equitable 

opportunities to engage meaningfully with the content. 

The deployment of LLMs within learning ecosystems embodies a broader intersection of 

AI and pedagogy. In this situation, the theoretical frameworks of constructivism, 

scaffolding, and differentiated instruction intersect with advancements in ML and NLP to 

create an environment ripe for adaptive learning. In these adaptive systems, the educational 

experience is neither static, nor uniform. Instead, it evolves dynamically, responding to the 

ongoing performance, interests, and goals of each learner. 

Adaptive learning environments aim to optimize educational outcomes by delivering 

instruction and feedback that is adjusted to the learner's current state [45–49]. Historically, 

adaptive learning was achieved through teacher intuition, manual customization of 

materials, or rule-based software systems [46,47]. LLMs introduce a rapidly expanding 

capability, offering flexible, context-aware personalization that grows more fine-grained as 

the model encounters more learner interactions. Theoretical frameworks support this 

application as from a constructivist perspective, adaptive systems enable learners to follow 

unique learning trajectories, building knowledge structures that are personally meaningful 

and cognitively manageable [47,48]. At the same time, from the perspective of a scaffolding 

perspective, adaptive systems ensure that support is provided exactly at the point of need, 

and gradually faded as learners become more competent [48]. 

Beyond cognitive alignment, personalization also has motivational implications. 

Theoretically, when learners perceive instruction as relevant to their interests and goals, 

they exhibit greater engagement and persistence. Self-Determination Theory (SDT) in 

educational psychology highlights the importance of autonomy, competence, and 

relatedness in the development of intrinsic motivation [20, 50–53]. By using LLMs that 

adapt content and interact conversationally, learners are more likely to feel a sense of 

autonomy and ownership over their learning process. When the model customizes feedback 

and learning activities to align with learners' goals, therefore reinforcing their progress and 

acknowledging their accomplishments, it contributes to a sense of competence. 
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Additionally, the personalization of language and style potentially enhances relatedness as 

it can make the interaction feel more human-like and relational. 

While LLMs offer remarkable opportunities for personalization, their integration must be 

guided by a theoretical understanding of the teacher's role. The teacher remains an 

extremely important actor who interprets assessment data, sets learning objectives, and 

promotes a supportive learning environment. The theoretical framework should emphasize 

that technology does not replace teachers but rather augments their capacity to provide 

individualized support. Teachers' expertise is indispensable for identifying the social, 

emotional, and cultural nuances, aspects that an LLM cannot fully grasp. Equally important 

is the teacher's ability to critically evaluate the responses generated by the model. By 

aligning LLM outputs with established curriculum goals and educational standards, the 

teacher ensures that these systems serve educational goals rather than distract from them. 

The theoretical framework cannot be complete without acknowledging the ethical and 

equity dimensions at the intersection of AI and pedagogy. While personalization holds the 

promise of equal opportunities by offering support tailored to individual learners, it also 

risks perpetuating biases present in training data. Analyzing this aspect from a theoretical 

perspective, one can conclude that the educational community must apply critical 

frameworks such as critical pedagogy [54–56] and culturally responsive teaching [57–59] 

in order to ensure that the data used to train LLMs, as well as their outputs, reflect diversity 

and fairness. The theories underlying differentiation and scaffolding must be complemented 

by a commitment to inclusivity and social justice. Ensuring that LLMs support rather than 

hinder the educational advancement of marginalized communities is a fundamental ethical 

requirement. 

Combining the computational complexity of LLMs with the nuanced insights of the 

educational theory, we arrive at a framework where AI-driven personalization becomes a 

natural extension of learner-centered pedagogy. The key theoretical pillars, namely 

constructivism, scaffolding, and differentiated instruction, guide the way in which LLMs 

should be implemented in order to support meaningful learning processes. At the same time, 

consideration of adaptive learning principles, motivational theories, and ethical 

implications situates this technological transformation within a broader educational 

ecosystem. 

The theoretical framework for understanding the role of LLMs in transforming personalized 

learning is grounded in an interaction between advanced language modeling techniques and 

foundational educational theories. It acknowledges that LLMs bring unparalleled capacity 

for real-time, context-sensitive adaptation of instructional materials. By rooting these 

technological capabilities in constructivism, scaffolding, differentiated instruction, and 

related theoretical constructs, educators and researchers can ensure that LLM-driven 
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personalization serves not just as a tool for convenience, but as a promoter for genuine 

educational transformation. 

In the following, we are focusing on analyzing the LLMs’ applications in the context of 

personalized learning.  

 

3. Applications of LLMs in Personalized Learning 

The impactful potential of LLMs in educational contexts can be observed most clearly in 

their capacity to facilitate highly personalized learning experiences. In contrast with 

traditional forms of digital instruction such as static e-learning modules or one-size-fits-all 

tutoring systems that have been limited by their lack of adaptability, LLM-based systems 

can integrate nuanced understanding of language and context to deliver richer, more tailored 

educational support. As these models become more evolved in processing natural language, 

they can assume varied roles, such as personalized tutors, content creators, language 

coaches, adaptive feedback providers, and accessibility facilitators.  

Automated tutoring systems (ATS) [60] have a longstanding history in the realm of EdTech, 

with early systems such as Carnegie Learning's Cognitive Tutor [61] and AutoTutor [62] 

demonstrating the feasibility of computer-based instruction that adapts to learners' needs. 

Nevertheless, previous generations of ATS often relied on fixed rules, predefined question-

answer pairs, or limited dialogue trees. They struggled to engage students in more natural, 

free-flowing conversations, and lacked the ability to interpret nuanced student queries. 

LLMs, equipped with advanced natural language understanding, have begun to overcome 

these limitations, enabling truly dynamic and student-centered interactions. 

One of the core advantages of integrating LLMs in automated tutoring systems is their 

ability to interpret and respond to a broad array of learner inputs. Traditional ITS (Intelligent 

Tutoring Systems) [60] often depended on a narrow domain model and limited sets of 

correct or incorrect student responses. By contrast, LLMs can parse open-ended questions 

or explanations from students and provide contextually relevant answers. Therefore, if a 

student studying algebraic functions asks, "Why do we factor equations before solving 

them?" a traditional ATS might only be equipped to output "Factoring makes it easier to 

solve." An LLM-based tutor can provide an in-depth analysis, explaining the underlying 

principles, exploring various factoring techniques, and even drawing analogies to help the 

student conceptualize the process. 

This capability results from the extensive pre-training of LLMs on large-scale, domain-

agnostic text corpora. As a result, the models can produce responses that are linguistically 

diverse and semantically rich. They can handle follow-up inquiries, adapt explanations to 

simpler language if students are struggling, or provide more technical details if a student 

demonstrates mastery. This agility supports a more learner-centered approach, where the 
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direction and depth of instruction can be guided by the student's curiosity and 

comprehension level, rather than being strictly dictated by a pre-coded curriculum script. 

Moreover, LLM-based tutoring systems can integrate contextual cues from earlier parts of 

a conversation. If a student has previously expressed difficulty with a particular concept 

(e.g., understanding the difference between a linear and a quadratic function), the system 

can recall that struggle and build upon previous explanations. Over time, this creates a more 

personalized, apprenticeship-like model of learning, where the tutor "remembers" the 

student's history and tailors the ongoing instructional discourse accordingly. 

Beyond conversational tutoring, one of the most powerful applications of LLMs in 

personalized learning environments consists of their ability to generate custom educational 

content. Content creation has traditionally been a laborious and time intensive task, 

requiring educators or content developers to produce vast arrays of materials like lesson 

plans, quizzes, summaries, case studies, and supplementary readings in order to cater to 

diverse student needs. By offloading some of these tasks to LLMs, educators can produce 

more efficiently a variety of materials attuned to their learners' skill levels, interests, and 

learning objectives. 

LLMs can create or adapt lesson plans that align with specified learning outcomes, 

curricula, or standards. As an example, an educator might provide a prompt specifying a 

certain subject area (e.g., Databases), target grade level, learning objectives, and preferred 

teaching methodologies. The LLM can respond with a detailed lesson plan that includes 

suggested readings, activities, discussion questions, and assessment strategies. These 

generated outlines can then be reviewed, refined, and validated by human educators, 

drastically reducing the initial preparation time and enabling teachers to focus on delivery 

and adaptation. 

In addition, LLMs can facilitate the generation of quizzes, problem sets, and comprehension 

checks that target specific student needs. As an example, if a group of students is struggling 

with a particular algebraic concept, an LLM can produce a set of incremental practice 

problems that gradually increase in difficulty, complete with hints and step-by-step 

solutions. Similarly, for more advanced learners or those who demonstrate mastery of a 

subject, the LLM can generate more challenging or enriched focused questions to push their 

thinking further. 

Explanatory materials such as glossaries, summaries, and simplifications of complex texts 

are another valuable output of LLM-based content generation. When considering a student 

struggling to understand a dense academic paper or a challenging literary passage, the 

student or educator could prompt the LLM to produce a summary written at a more 

accessible reading level, ensuring that the key concepts are conveyed in simpler terms. The 

same mechanism can be used to produce multilingual content, enabling students from 

diverse linguistic backgrounds to access the material more easily and inclusively. 
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While the generative capacity of LLMs is substantial, it also raises important questions 

about quality assurance and pedagogical appropriateness. Educators need to ensure that the 

generated content is factually accurate, free from biases, and in alignment with established 

educational standards and curricula. Mitigation strategies might include embedding 

"expert-in-the-loop" workflows where human instructors review and approve generated 

materials, employing automated fact-checking tools, and using fine-tuning techniques to 

align LLM outputs with authoritative educational guidelines [63]. 

This iterative approach to content generation consisting of machine creation followed by 

human validation and refinement can gradually improve the trustworthiness and quality of 

educational materials. Moreover, as LLMs architectures evolve and incorporate retrieval 

augmentation [64,65], they can ground their answers and the generated materials in verified 

databases and knowledge repositories, further enhancing the reliability of their outputs. 

Language learning represents one of the most natural domains in which LLMs can excel 

due to their inherent linguistic capabilities. Traditional computer-assisted language learning 

systems often rely on static dictionaries or grammar exercises. LLMs, with their contextual 

understanding and generative fluency, have the potential to transform language instruction 

into an interactive, responsive, and highly personalized experience. 

One core advantage of LLMs in language learning is their ability to provide immediate, 

granular feedback on learner outputs, whether spoken or written. As an example, when a 

student learning French writes a short paragraph, the LLM-based language tutor can 

instantly highlight grammatical errors, suggest more natural phrasing, or offer synonyms 

that better capture the intended meaning. This exceeds the capabilities of many grammar-

checking tools by providing explanations grounded in context, not just isolated grammar 

rules mistakes. 

In the case of speech-based language learning, LLMs integrated with speech recognition 

can listen to a learner's pronunciation and provide corrective feedback. While phonetic-

level corrections may still require specialized models or pairing with speech-oriented 

systems, LLMs can offer guidance on word choice, sentence construction, and discourse-

level coherence. By engaging in simulated conversations, language learners receive the 

kind of immersive, adaptive practice which was once limited to one-on-one tutoring with a 

human interlocutor. 

Language learning is not just about mastering syntax and vocabulary. It also involves 

understanding cultural nuances, pragmatics, and social contexts. LLMs can be prompted 

with role-play scenarios in which the learner negotiates meaning, learns the appropriate 

registers of speech, or adapts communication style depending on the context. An example 

of this aspect consists in the fact that learners might interact with an LLM pretending to be 

a shopkeeper in a foreign market, a travel agent, or a friend discussing everyday life events. 
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Through these simulated interactions, learners can gain exposure to cultural references, 

idiomatic expressions, and conversational norms that static learning tools rarely provide. 

Additionally, LLMs can explain the reasoning behind certain linguistic forms, enabling 

learners to develop a meta-linguistic awareness. By understanding why certain sentence 

constructions are preferred or how certain idioms originated, learners deepen their 

comprehension and become more autonomous language users. Over time, this continuous, 

on-demand feedback supports sustained engagement and skill acquisition. 

Adaptive feedback is at the core of personalized learning [66,67]. While fixed learning 

modules provide the same hints and corrections to all learners regardless of their 

understanding, LLM-based systems can tailor feedback to each individual's cognitive 

profile, knowledge state, and emotional engagement. By doing so, these systems deliver 

incremental support that is neither too challenging nor too simplistic, therefore optimizing 

the area of proximal development and enhancing motivation and learning outcomes. 

Adaptive feedback involves more than just correct or incorrect classifications. It requires 

systems to identify where a student stands in relation to the learning objectives and to guide 

them towards improvement. LLMs can monitor the types of errors students make, the 

complexity of the questions they ask, and the speed at which they are grasping new 

concepts. An example of this aspect is given by the fact that a student who continuously 

struggles with understanding the concept of photosynthesis in a biology course may require 

feedback that breaks down the steps more explicitly, includes analogies to everyday 

phenomena, or employs visual descriptions. Another student who quickly masters the core 

idea might be guided towards more advanced topics, such as exploring the electron 

transport chain or discussing the evolutionary significance of photosynthesis. 

LLMs also allow for a more human-like conversational interface when delivering feedback. 

Instead of presenting static hints, the system can discuss the student's reasoning process, 

ask probing questions, and encourage reflection. By encouraging metacognition, where 

students think about their own thinking, LLMs can help learners identify their gaps in 

understanding and take an active role in addressing them. 

Beyond purely cognitive adaptations, feedback can also be emotionally supportive or 

motivational. Research shows that positive affect and encouragement can improve learning 

engagement and retention [68]. LLMs, equipped with natural language understanding, can 

identify signs of frustration or confusion in a learner's responses and adjust the tone and 

content of the feedback accordingly. If a learner expresses discouragement, the model might 

respond with empathetic reassurance, reminding the student that effort is a normal part of 

the learning process and offering strategies for managing difficulty. 

This kind of emotionally attuned feedback does not imply that LLMs possess genuine 

empathy as they rely on probabilistic inference of appropriate language patterns. 
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Nevertheless, well-tuned response strategies can create a more supportive and affirming 

environment, potentially increasing persistence and resilience. Over time, by analyzing 

which feedback styles and intensities correlate with improved performance, LLM-based 

tutors can become increasingly adept at providing optimal motivational scaffolding. 

Personalized learning should be accessible to all students, including those who face a 

variety of challenges, whether cognitive, physical, linguistic, or socio-economic. LLMs 

offer several pathways to making educational materials and experiences more inclusive, 

from converting speech to text for learners with hearing impairments, to simplifying 

complex language for learners with reading difficulties, to generating multilingual content 

for linguistically diverse classrooms. Through these capabilities, LLMs help bridge 

educational gaps and ensure that no learner is left behind. 

One extremely important application of LLMs is in supporting learners with sensory or 

motor disabilities. Consequently, learners with visual impairments may benefit from high-

quality text-to-speech (TTS) services integrated with LLMs that can clarify terms, adjust 

reading levels, or provide definitions and explanations on demand. Conversely, learners 

who are deaf or hard of hearing can access speech-to-text services augmented by LLMs to 

produce transcripts that are both accurate and contextually enriched. The model can add 

clarifications or summarize key points of a spoken lecture to ensure learners grasp the 

material fully. 

Cognitive disabilities, such as dyslexia or processing disorders, may require additional 

simplification of learning materials. LLMs can adapt reading passages to different levels of 

complexity, ensuring learners encounter content at a level that does not overwhelm them 

cognitively. By employing controlled language simplification and scaffolded explanations, 

LLM-based systems empower students to learn at a comfortable pace. This provides an 

individualized path toward comprehension, encouraging greater confidence and autonomy 

in learners who might otherwise struggle with standard curricula. 

In increasingly diverse and globalized classrooms, language barriers often impede student 

engagement. Even well-designed curricula may be inaccessible to learners who lack 

proficiency in the language of instruction. LLMs can help break down these barriers by 

providing on-the-fly translations of instructional materials, quizzes, and teacher 

explanations into multiple languages. Unlike static translation tools, LLM-based translators 

can consider context, cultural nuances, and subject-specific terminology, producing more 

accurate and pedagogically meaningful translations. 

Furthermore, LLMs can facilitate code-switching and multilingual dialogues in the learning 

process. A learner with limited proficiency in the primary language of instruction could 

engage in a bilingual conversation with the tutor system, gradually transitioning to greater 

use of the target language as their proficiency improves. This scaffolded approach 

encourages language development while maintaining cognitive engagement with the 
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subject matter, ultimately reducing the academic disadvantages faced by non-native 

speakers. 

By extending personalization features to accommodate diverse needs and backgrounds, 

LLMs can help reduce educational inequities. Students who previously lacked access to 

specialized tutors, adaptive materials, or culturally responsive content might now receive 

tailored support. In underserved regions with limited educational resources, LLMs 

integrated into low-cost devices or offline-capable platforms can bring high-quality, 

adaptive instruction to communities that could not have previously afforded it. 

It is important to take into consideration that merely introducing LLMs does not solve all 

systemic challenges. Structural inequities, digital divides [69], and insufficient 

infrastructural support can limit the reach of these technologies. Policymakers, educators, 

and developers must collaborate to ensure that the deployment of LLM-based educational 

solutions is accompanied by investments in teacher training, device distribution, reliable 

internet access, and community support. When implemented responsibly and 

comprehensively, LLMs can be an engine for educational inclusion rather than a source of 

further stratification. 

In what follows, in order to further make an in-depth analysis regarding these aspects, 

Section 4 examines the benefits of LLMs in education.  

 

4. Benefits of LLMs in Education 

The introduction of LLMs into educational contexts has the potential to fundamentally 

reshape the way learners, educators, and institutions conceive of teaching and learning. The 

transition from traditional classroom-based instruction to more flexible, technology-

enhanced paradigms has already begun, and LLMs promise to accelerate this shift by 

offering novel capabilities at a scale and level of personalization that was previously 

unattainable. By leveraging state-of-the-art NLP [70] and ML algorithms [71], LLMs can 

interpret, generate, and adapt textual content in a manner that closely mimics human-like 

understanding and communicative fluidity. This evolution has the potential to address 

longstanding challenges in education like accessibility, equity, personalization, learner 

engagement, and data-driven quality improvement. 

Before the emergence of LLMs, many educational technologies such as intelligent tutoring 

systems, adaptive learning platforms, and virtual learning environments, relied on more 

constrained, rule-based methods that often fell short of delivering truly individualized 

learning experiences. Such traditional systems, while valuable, struggled to match the 

nuanced reasoning and contextual awareness that human educators provide. In contrast, 

LLMs can dynamically respond to complex queries, scaffold learners through challenging 

material, and adapt their approach based on ongoing learner interactions, performance data, 
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and continuously updated knowledge. As a result, LLMs offer a new frontier in education, 

where the boundaries of time, geography, and economic constraints are softened, if not 

erased, making high-quality learning support more accessible than ever. 

The conventional model of classroom education [72], characterized by being predominantly 

instructor-led, resource-intensive, and location-bound, has historically created barriers for 

learners who lack proximity to well-resourced educational institutions or the financial 

means to afford private tutoring. By contrast, LLM-powered educational tools can operate 

virtually, delivering personalized assistance to an effectively extremely large number of 

learners simultaneously, regardless of their geographical location or economic background. 

This decoupling of education from traditional constraints holds the promise of 

democratizing learning opportunities worldwide. 

In many regions, particularly in rural and economically disadvantaged areas, learners 

struggle to access qualified educators, up-to-date materials, and specialized instruction. 

Traditional solutions to these problems have included extensive teacher training programs, 

cross-border collaborations, and the distribution of textbooks or digital resources. Although 

valuable, these interventions are often insufficient in terms of reach, sustainability, and 

relevance. Textbooks rapidly become outdated, teacher-student ratios remain high in many 

regions, and digital infrastructures may be limited or unreliable. 

LLMs can mitigate many of these obstacles by providing on-demand educational support. 

A student in a remote village with limited school infrastructure could, in principle, have 

access to the same learning assistant as a student in a major metropolitan area. Language 

barriers, a significant obstacle to global educational equity, can also be mitigated, as 

advanced LLMs increasingly support multilingual and cross-lingual functionalities. By 

rendering high-quality explanatory texts, examples, and exercises in a student's native 

language, LLMs ensure that world-class educational content is not restricted to the English 

language or to a handful of widely spoken languages, but it can rather be extended to 

minorities and endangered languages as well. This cross-lingual capability alone can have 

profound implications for preserving linguistic diversity and providing culturally relevant 

instruction. 

Traditional large-scale educational interventions, such as Massive Open Online Courses 

(MOOCs) have suffered from high attrition rates and difficulties in providing individualized 

feedback [73]. With LLMs at the core of these platforms, personalization becomes possible 

at scale, rather than offering identical content to thousands of learners, an LLM can adapt 

its responses and support strategies based on each learner's progress, misconceptions, and 

interests. This personalized remediation ensures that even in massive cohorts, students do 

not get lost in the crowd. Therefore, an LLM-enhanced course could analyze the pattern of 

errors a student makes in computer science exercises and provide targeted hints, analogies, 
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or re-explanations tailored to that student's learning profile. By doing so at scale, these 

systems efficiently allocate cognitive support exactly where and when it is needed. 

LLMs can be continuously updated and refined to reflect the latest research, pedagogical 

best practices, and real-time feedback from learners. This capacity for ongoing 

improvement stands in contrast to static educational materials that often become obsolete 

as curricula evolve, or as new knowledge emerges. Instead, LLMs can incorporate new 

datasets, revise their internal parameters, and learn from user interactions in order to 

enhance their accuracy and relevance. Such dynamic adaptability ensures that learners 

worldwide can benefit from the most up-to-date information without incurring large 

distribution or re-printing costs, a leap forward in both educational quality and cost-

effectiveness. Consequently, scalability and cost-effectiveness represent opportunities to 

bring personalized, high-quality instruction within reach for billions of learners worldwide. 

LLMs are positioned to democratize educational access on an unprecedented scale by 

surpassing limitations of space, language, and infrastructure. 

Beyond addressing issues of scale and cost, LLMs offer distinct pedagogical advantages 

that enhance student engagement and improve the overall learning experience. Engagement 

has long been recognized as a key determinant of academic success. Learners who interact 

more actively with content, who question their understanding, and who receive timely and 

context-sensitive support are more likely to retain knowledge, develop critical thinking 

skills, and sustain intrinsic motivation. Traditional instructional methods and static digital 

resources often fail to maintain this high level of engagement, leading to passive learning 

and lower mastery [14,26,32,51,72,74]. 

Conversational AI and LLM-driven virtual tutors can create a more dynamic and interactive 

environment, closely mirroring the role of a human tutor who listens, responds, and adapts 

to the learner's expressed needs. Through natural language interfaces, learners can engage 

in iterative dialogues, ask follow-up questions, request clarifications, challenge assertions, 

and explore alternative viewpoints. Such enriched interactivity can help break down the 

isolation often experienced in self-paced online courses, leading to more meaningful and 

enjoyable learning experiences. 

In traditional learning scenarios, a student might rely on a textbook, video lecture, or 

instructor office hours to resolve confusion. Nonetheless, immediate and personalized 

feedback is often limited by time constraints and the availability of teaching staff. In LLM-

driven environments, learners can ask questions at any time and receive immediate 

responses tailored to their current level of understanding. 

LLMs can emulate a Socratic style of inquiry [75] by encouraging learners to reflect on 

their own reasoning processes. An example of this aspect consists in the fact that if a 

learner's question indicates a misunderstanding, the LLM can guide them through a series 

of related sub-questions, prompting the learner to rethink their assumptions or consider 
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alternative explanations. This dialogical approach, reminiscent of one-on-one human 

tutoring, can expand cognitive engagement by promoting a more active construction of 

knowledge rather than passive reception of facts. 

Particularly in challenging subjects, learners benefit from scaffolded support that starts with 

simpler tasks and gradually progresses to more complex ones [36,40]. LLMs can play a role 

in providing customized scaffolds at the right moments. As an example, a language learner 

struggling with verb conjugation might first receive multiple-choice prompts and later be 

asked to produce verbs in context. As the learner's proficiency grows, the LLM can 

gradually remove these supports, encouraging independence. 

Moreover, LLMs can also attend to the affective dimensions of learning. Although these 

models do not have emotions or genuine empathy, they can be programmed to respond in 

an encouraging, supportive tone, thereby reducing learner anxiety and building confidence. 

If a student expresses frustration or confusion, the LLM might rephrase explanations in 

simpler terms, offer analogies, or highlight the student's progress. This emotional and 

motivational support can help sustain engagement over time, especially for learners who 

lack strong external support networks. 

A rich aspect of LLM-driven learning involves integrating text-based interactivity with 

other types of EdTech. While LLMs themselves are text-focused, they can facilitate richer 

learning experiences by guiding learners through virtual simulations, role-playing 

scenarios, or case-based learning. As an example, in the case of a virtual history course, an 

LLM might narrate a historical setting and then invite the learner to engage in a role-playing 

scenario, deciding strategies as a political leader, reflecting on trade policies, or negotiating 

alliances. The LLM can dynamically adapt the storyline based on the learner's choices, 

providing immediate feedback on the plausibility and consequences of their decisions. 

This kind of interactive, narrative-driven learning can promote a deep level of engagement 

and help learners connect theoretical knowledge to real-world applications. The learner is 

no longer a passive recipient of historical facts, but an active participant in a complex 

scenario, testing ideas, grappling with uncertainties, and receiving timely, contextually 

relevant guidance from the LLM. Such immersive and conversational environments can 

increase motivation, reduce cognitive overload, and help learners internalize concepts more 

effectively. 

Another dimension of engagement results from the LLM's potential to serve as a "peer-like" 

learning companion. Rather than interacting solely as a top-down tutor, the model can adapt 

its tone and complexity level to the learner's age, background, or personality. In the case of 

younger learners, an LLM might use simpler vocabulary, add an element of playful humor, 

or interject encouraging remarks to sustain interest, while for adult learners, the LLM might 

adopt a more formal and intellectually challenging style, engaging in debates or 

encouraging critical evaluation of ideas. 
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By creating a sense of rapport and personalization, LLMs can reduce the anxiety factor 

often associated with asking questions, allowing learners to explore content more freely. 

This collaborative and non-judgmental dynamic can spark curiosity, encourage 

experimentation, and ultimately lead to better learning outcomes. 

In essence, LLMs hold the promise of creating a learning environment that is both more 

interactive and more responsive to individual learner needs. By putting forward engagement 

through dynamic dialogues, scaffolding, emotional support, immersive scenarios, and 

tailored communication styles, LLMs can transform the often passive, impersonal nature of 

digital education into a more human-centered and cognitively stimulating experience. 

Beyond immediate instruction and engagement, one of the most impactful benefits of 

integrating LLMs into education consists in data-driven insights [14,28,33,69,76]. 

Education has long sought methods to obtain actionable information on how learners 

understand concepts, what challenges they face, and how instructional strategies can be 

refined for achieving maximal impact. Traditional assessments, while valuable, often 

provide only a snapshot of learner performance at specific points in time. They rarely 

capture the dynamic evolution of the learners' cognitive states, nor do they easily offer 

granular diagnostic insights that can be translated into targeted interventions. 

LLM-embedded platforms can continually log interactions, parse learner queries, analyze 

patterns of mistakes, and track progress at a detail level that would be impossible to attain 

through conventional means. These systems can synthesize enormous amounts of 

structured and unstructured data, ranging from quiz results and open-ended questions to 

discussion forum posts and interaction logs, and convert them into meaningful analytics. 

Educators, instructional designers, and policymakers can leverage these analytics to 

understand where learners are struggling, which resources are most effective, and how 

pedagogical strategies can be improved with regard to both individual and systemic levels. 

One of the most direct applications of LLM-driven analytics [77,78] is the provision of 

continuous formative assessment. Instead of waiting until the end of a term or a unit to 

identify learning gaps, LLMs can provide real-time indicators of learner understanding as 

they engage with study material. As an example, if a student consistently has difficulties 

with a particular concept in physics, the system can flag this issue early on and prompt the 

educator (or the system itself) to offer supplemental exercises, alternative explanations, or 

remedial modules. 

Over time, as the system collects data from a large population of learners, it can identify 

common mistakes, challenging concepts, and frequently confusing instructional materials. 

Afterwards, instructional designers can refine these materials, revise lesson plans, or 

incorporate new teaching strategies that target these bottlenecks. In this way, data-driven 

insights enable a continuous improvement cycle where educational content and pedagogy 

evolve in response to empirical evidence of learner performance. 
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LLMs can also use learner data to individualize learning trajectories at scale. By analyzing 

each learner's past performance, preferred learning style, pace of progression, and areas of 

interest, the system can suggest an optimal path through a curriculum. As an example, if 

data suggests that a learner excels in conceptual reasoning, but struggles with rote 

memorization, the LLM might emphasize conceptual frameworks over raw facts, or present 

facts in more memorable contexts. Conversely, if a learner prefers a hands-on approach, the 

system might recommend interactive simulations, problem-based assignments, or case 

studies. 

This fine-grained personalization extends beyond content delivery. An example of this 

aspect consists in the fact that the system could analyze patterns in the learner's engagement 

times by identifying when the learner has been most active or attentive, consequently 

scheduling challenging tasks during those peak periods. It might also track emotional cues 

(derived from language markers, response times, or patterns of difficulties in queries) to 

determine when to offer encouragement or when to switch tactics. In short, data-driven 

insights inform a dynamic adaptation process that treats each learner as a unique case, 

thereby maximizing learning efficiency and reducing failure rates. 

A less obvious, but equally profound advantage of data-driven insights is the potential to 

explain and clarify the underlying cognitive processes of learning. By analyzing patterns of 

inquiries, sequences of mistakes and corrections, and the pathways learners take through 

educational content, LLM-based systems may offer clues about how learners think and 

learn. As an example, if certain types of hints systematically lead to better retention, 

instructional designers may infer that prompting learners towards self-explanation or 

analogical reasoning leads to a deeper understanding. 

Moreover, LLMs can be configured to encourage metacognitive practices directly. 

Therefore, an LLM could periodically ask learners to reflect on their learning strategies by 

asking specific questions, such as "How did you arrive at that answer?" or "What is 

confusing about this concept?" and record the students' responses. By analyzing these 

reflections, educators can identify patterns of metacognitive skill and intervene to help 

learners become more self-aware and strategic in their learning. Over time, these insights 

can guide the development of pedagogical models that emphasize not just knowledge 

acquisition, but which also promote critical thinking, problem-solving, and self-regulation 

skills. 

Beyond the classroom, aggregated and anonymized data-driven insights can guide 

institutional decision-making, curriculum development, and educational policy. School 

administrators can therefore identify which textbooks, or digital resources, produce the best 

outcomes across different demographics and contexts, allowing them to make more 

informed investments. Higher-level decision-makers, such as government agencies or non-

profit educational organizations, can monitor performance trends across regions, schools, 
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or cohorts, identifying systemic challenges and targeting interventions where they are 

needed most. 

This macro-level understanding, empowered by large-scale analytics derived from LLM 

interactions, can inform strategic decisions about teacher training programs, resource 

allocation, and curriculum standards. Over time, data-driven insights can help close 

achievement gaps, enhance teacher professional development, and ensure that educational 

systems evolve to meet the changing needs of society and the global economy. 

While the promise of data-driven insights is significant, it is very important to acknowledge 

and address the ethical considerations that arise. The collection and analysis of learner data 

must be governed by stringent privacy protections, transparency about data usage, and 

mechanisms for learners and their guardians for controlling the scope and purpose of data 

collection. Biased or misinterpreted analytics can also perpetuate inequities rather than 

mitigate them. Therefore, if certain patterns of question-asking are correlated with a cultural 

or linguistic background, naively designed algorithms might label these learners as "low 

performing" without recognizing the cultural biases in the dataset or the LLM's training 

data. 

Therefore, the successful integration of data-driven insights requires careful attention to 

fairness, accountability, transparency, and ethics. Stakeholders must work together to 

develop standards, regulations, and guidelines that ensure that learner data is used 

responsibly and that the resulting interventions serve all learners equitably. 

The data-driven capabilities of LLMs represent a significant leap forward for evidence-

based education. By continuously analyzing learners' interactions, performance, and 

cognitive processes, these systems can tailor instruction, inform educational strategies, and 

guide policy decisions with unprecedented precision. The era of data-rich, adaptive, and 

learner-centered education appears ready to fulfill its promise, provided that it is 

approached thoughtfully and responsibly. 

The nature of learning is shifting as the world evolves at a rapid pace from the economic, 

technological, and social perspectives. In prior generations, education was often conceived 

as a discrete phase of life, namely one attended school or university to gain foundational 

skills and qualifications, after which formal learning tapered off in favor of professional 

work. Today, however, the concept of lifelong learning is gaining recognition as a critical 

component of personal development, career advancement, and civic engagement. In an era 

characterized by continual technological breakthroughs and shifting labor markets, 

individuals must continuously update their knowledge, learn new skills, and adapt to 

changing environments well beyond their initial schooling years. 

LLMs have an extremely important role in enabling and enriching lifelong learning. Their 

scalability, personalization, and interactivity are not confined to a particular age group, 
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academic subject, or educational institution. Instead, these models can support learners of 

all ages and backgrounds, helping them acquire new competencies, revisit forgotten skills, 

and explore new domains of knowledge at their own pace. By making high-quality 

educational support available on-demand and facilitating self-directed, adaptive learning, 

LLMs can empower individuals to remain intellectually active, relevant, and engaged 

throughout their lives. 

Modern workers face an unprecedented demand for upskilling and reskilling. Rapid 

technological innovations render some jobs obsolete while creating new professions that 

require entirely different skill sets. While professional development courses, workshops, 

and online programs exist, they often lack the real-time, context-aware support that LLMs 

can provide. 

If one considers a marketing professional who needs to learn the basics of data analytics to 

remain competitive in the job market, they can interact with an LLM tutor that provides 

targeted instruction instead of enrolling in a lengthy course with fixed schedules and generic 

content. The LLM can explain key statistical concepts, help interpret datasets, and even 

simulate data analysis scenarios. As the learner gains confidence, the LLM can gradually 

introduce more complex concepts or suggest additional resources. This real-time, just-in-

time learning model fits seamlessly into a busy professional's schedule, making it easier to 

integrate learning with everyday work tasks. 

Similarly, entrepreneurs exploring new fields, retirees taking up a new hobby, or community 

members seeking civic education can all benefit from LLM-based lifelong learning 

platforms. By lowering the time and cost barriers to further education, these systems 

encourage people to remain intellectually stimulated and engaged, continually broadening 

their horizons. 

Lifelong learners often have highly individualized learning goals that do not align precisely 

with standard curricula or traditional educational credentials. Some might seek to 

understand a new programming language, others might want to make an in-depth analysis 

into astronomy for personal interest, while others might want to improve their financial 

literacy to make informed decisions about investments. 

LLMs can accommodate this diversity by tailoring learning pathways to each learner's 

aspirations. A user exploring astronomy purely out of curiosity may value comprehensible 

explanations, beautiful imagery, and fun facts. Another user who needs to learn 

programming for a job transition may require more rigorous, skill-based exercises, sample 

code snippets, and project-based learning. The LLM can adapt its instructional style, 

complexity, pacing, and tone to match these differing objectives, ensuring that each learner's 

time is used efficiently and enjoyably. 
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Lifelong learning is not merely about accessing information, it also involves cultivating 

self-regulatory skills, including setting goals, planning study sessions, monitoring progress, 

and evaluating outcomes. LLMs can help learners develop these metacognitive skills by 

prompting reflection, suggesting efficient study strategies, and recommending periodic 

self-assessments. Over time, learners become more adept at directing their own learning 

journey, confident in their abilities to find and use resources effectively. 

An LLM could remind a learner to revisit challenging material after a certain interval, check 

their understanding through adaptive quizzes, or help them create a personalized study plan 

for a new skill they want to master. This guidance can help learners build habits that support 

continuous improvement, enabling them to become more independent and proactive 

learners. 

Lifelong learning often occurs in informal settings through diverse activities like reading 

articles online, watching educational videos, participating in community workshops, or 

experimenting with hands-on projects [79]. LLMs have the potential to seamlessly unify 

informal and formal learning. While informal learning can be rich and diverse, it is often 

unstructured and difficult to track. By integrating LLM-based tutoring and analytics, 

learners can structure their informal exploration into a more coherent learning experience. 

A learner who reads several articles on a new technology could ask the LLM to summarize 

the key points, highlight areas that need further exploration, and suggest a progression 

towards mastering the topic. If the learner decides to move into a more formal setting such 

as an accredited online course, the LLM could help prepare them by reviewing prerequisite 

knowledge, recommending materials, and providing practice problems aligned with the 

course's objectives. In this way, LLMs can act as a constant educational companion, 

supporting learners as they manage through self-directed exploration and more structured 

learning environments. 

While LLMs excel at one-on-one interactions, lifelong learning also benefits from social 

contexts where individuals learn from peers, mentors, and communities of practice. LLMs 

can facilitate the formation and maintenance of learning communities by helping match 

learners with similar interests, suggesting relevant discussion forums, or providing 

scaffolds for collaborative projects. While not a direct replacement for human social 

interaction, an LLM can act as a connector and a moderator, curating content, encouraging 

constructive dialogue, and helping learners to put forward their thoughts in a community 

setting. 

An LLM could moderate an online forum on an important topic, encouraging participants 

to share their experiences, highlight best practices, and question assumptions. By providing 

fact-checks, summarizing debates, or suggesting avenues for further exploration, the LLM 

helps maintain a high-quality, respectful discourse that benefits all participants. Such 
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communities can serve as catalysts for lifelong learning, stimulating curiosity, collective 

problem-solving, and the exchange of expertise. 

Lifelong learners are an incredibly diverse population. They may come from different 

cultural backgrounds, speak different languages, and have varying levels of prior 

knowledge. LLMs can cater to this diversity by providing multilingual support, culturally 

sensitive explanations, and domain-specific expertise across a wide range of fields. Whether 

someone wants to learn about traditional arts in their heritage culture, gain knowledge of 

local environmental issues, or explore cutting-edge research in biotech, LLMs can tailor the 

experience to reflect the learner's cultural context, language preferences, and intellectual 

goals. 

As global connectivity increases, so does the diversity of knowledge seekers. LLM-driven 

educational platforms can serve as global knowledge hubs, ensuring that learners around 

the world have equal opportunities to engage in lifelong learning. This democratization of 

knowledge empowers individuals, communities and societies, promoting more informed 

citizenries and facilitating cross-cultural exchange and innovation. 

The benefits of LLMs in education extend far beyond simple efficiency gains or incremental 

improvements to traditional instruction. By harnessing the capabilities of these advanced 

models, education can become more scalable, inclusive, and cost-effective, ensuring that 

high-quality learning opportunities reach learners across the globe. The interactive and 

engaging nature of LLM-driven environments supports active participation, curiosity, and 

deeper comprehension, while the data-driven insights gleaned from learner interactions 

enable continuous refinement of teaching strategies and policies. Most importantly, LLMs 

play a very important role in promoting lifelong learning, enabling individuals to 

continuously adapt, grow, and contribute to an ever-changing world. 

As these technologies mature, it will be necessary to address the ethical, regulatory, and 

pedagogical challenges they pose. Issues such as data privacy, algorithmic bias, and the 

need for transparent evaluation metrics must be resolved to fully realize the rapidly 

increasing potential of LLMs in education. With thoughtful design, rigorous oversight, and 

inclusive implementation strategies, LLMs can catalyze a new era in which personalized, 

data-driven, and lifelong learning becomes the universal norm, empowering learners 

everywhere to realize their full potential. 

In order to make use of all these benefits, one should take into account the fact that the 

integration of LLMs into classrooms, online learning environments, and personalized 

tutoring systems poses numerous challenges and limitations that will be further analyzed in 

the following section.  
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5. Challenges and Limitations to the integration of LLMs into classrooms, online 

learning environments, and personalized tutoring systems 

Ensuring the reliability and factual accuracy of LLM-generated content remains a 

significant issue. Models that have not been carefully fine-tuned or grounded in 

authoritative sources risk propagating misinformation, misunderstandings, or cultural 

biases. As learners increasingly rely on automated tutors or content generators, it becomes 

very important to validate the outputs through peer review, educator oversight, or 

integration with trusted knowledge bases. 

An important challenge consists in measurement and evaluation. It is a difficult task to 

assess properly the effectiveness of LLM-based tutoring systems, adaptive feedback, or 

content generation at scale. Traditional metrics of educational achievement, such as 

standardized test scores, completion rates, or course grades, may not fully capture the 

nuanced improvements in learning processes that LLMs enable. Future studies must 

develop new assessment frameworks, leveraging learning analytics and learner modeling 

to track growth in understanding, critical thinking, problem-solving, and engagement over 

time. 

Ethical considerations also come to the forefront. The adaptive personalization offered by 

LLMs depends on processing large amounts of learner data. Designers and policymakers 

must consider how to protect student privacy, ensure data security, and comply with 

regulatory frameworks such as the General Data Protection Regulation (GDPR) [80] in 

Europe or the Family Educational Rights and Privacy Act (FERPA) [81] in the United 

States. Additionally, the presence of cultural or gender biases in LLMs could inadvertently 

disadvantage some learners or perpetuate harmful stereotypes. Researchers and developers 

must commit to ongoing bias detection, mitigation, and the involvement of diverse 

stakeholders in model training and evaluation processes. 

As the field matures, a promising direction is the integration of LLMs with other modalities 

and emerging technologies. Speech and vision models can be combined with LLMs to 

create multimodal learning environments that blend text, audio, images, and virtual reality 

simulations. It is very important to take into account that while LLMs can greatly enhance 

personalized learning, they are not substitutes for human teachers and mentors. The human 

element in education, namely motivating learners, addressing emotional needs, 

contextualizing knowledge, promoting creativity, and cultivating ethical reasoning remains 

irreplaceable. Teachers and LLM-based systems should collaborate symbiotically, with 

educators focusing on complex tasks that require deep expertise, empathy, and ethical 

judgment, while LLMs handle more routine and repetitive functions, adapt materials in real-

time, and provide immediate support to students at scale. 

The integration of LLMs into educational systems signifies a considerable shift in how 

personalized learning can be conceived and implemented. The potential of LLMs is both 
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broad and deep, ranging from automated tutoring systems that adapt to the individual 

learner's knowledge state, to the generation of customizable content aligned with student 

interests and abilities, to the provision of accessible, inclusive, and linguistically sensitive 

learning environments. Language models can serve as tireless tutors, resourceful content 

creators, language coaches for second-language learners, precise providers of adaptive 

feedback, and tools of accessibility and inclusion. 

Attaining this potential requires careful stewardship. The field must address challenges 

related to accuracy, bias, privacy, and pedagogical integrity. Collaboration among 

researchers, educators, developers, policymakers, and among learners themselves will be 

of utmost importance to shaping the role of LLMs in education. Through iterative 

refinement, continuous evaluation, and human oversight, LLMs can become a powerful 

tool in the collective effort to deliver high-quality, equitable, and effective personalized 

learning experiences to students everywhere. 

Ensuring that LLM-driven educational materials maintain high standards of truthfulness 

and cultural sensitivity is a very important task. Misinformation is not limited only to  

falsehoods, it can manifest subtly, such as through incomplete explanations, unwarranted 

assumptions, or failing to offer a comprehensive view of a topic. This subtlety is especially 

concerning in educational contexts, where learners may lack the foundational knowledge 

or critical thinking skills needed to question dubious statements. The ability of LLMs to 

generate confident-sounding responses can further exacerbate this issue. An LLM might 

produce a plausible but factually incorrect explanation of a scientific concept, which a 

learner might accept without skepticism. Over time, such inaccuracies can accumulate, 

potentially hindering a student's academic growth and distorting their conceptual 

frameworks. 

The integration of LLMs into education often entails the accumulation, analysis, and 

storage of vast amounts of learner data. This data may include personal information, 

academic records, learning preferences, and even sensitive behavioral indicators. While the 

personalization afforded by LLMs is contingent on harnessing such data to personalize 

content and support, the large-scale collection and processing of information raise 

significant privacy and security concerns. The risks go beyond mere data leaks considering 

that they encompass the potential for misuse of personal data, unauthorized profiling of 

students, and threats to student autonomy and agency. 

Data collection in educational contexts can bring both advantages and challenges. On one 

hand, fine-grained learner data empowers educators and AI systems to identify learning 

gaps, adapt instruction dynamically, and provide timely feedback. On the other hand, 

without strict safeguards, these data points can be exploited for purposes unrelated to 

education. Commercial interests might therefore seek to mine learner data for targeted 

advertising or other marketing-driven initiatives. Furthermore, if data is not being managed 
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properly, it could be used to infer sensitive characteristics about a learner, such as health 

conditions, political beliefs, or religious affiliations. This form of invasive profiling violates 

ethical principles, and it might also stigmatize or disadvantage learners. 

Despite remarkable advancements, LLMs still face a variety of technical limitations 

[23,29,69,77,82] that can impede their effectiveness in educational applications. These 

models, while increasingly fluent and context-aware, are fundamentally pattern-matching 

systems that rely on statistical regularities within their training data rather than on true 

comprehension or reasoning. While state-of-the-art LLMs appear impressively 

knowledgeable, they do not possess genuine understanding of concepts, emotions, or the 

contextual nuances that humans are able to manage with relative ease. This gap between 

surface-level fluency and deep understanding can lead to several issues when LLMs are 

being applied in educational scenarios. 

One of the most significant technical constraints is the difficulty LLMs have in handling 

domain-specific or context-sensitive queries. Considering the situation where a student 

might ask a question that relies on prior lessons, localized educational standards, or a 

particular cultural perspective, one might notice that while a well-trained LLM might 

recognize patterns from its training data, it may still struggle to reason about the 

implications of a question in a localized curriculum context or accurately interpret 

instructions that depend on a very specific educational environment. Similarly, if a student's 

inquiry involves multiple steps of logical reasoning like solving a complex mathematics 

problem or interpreting a literary passage with layered metaphors, the LLM might fail. 

Although some models have been augmented with reasoning chains and external tools [83–

88], the innate limitations of their underlying architectures constrain their reliability and 

depth of comprehension. 

Another technical challenge consists in the models' inability to access and continuously 

update their knowledge of the world. Once trained, LLMs are essentially static snapshots 

of linguistic patterns at a given point in time. They do not have an inherent mechanism for 

self-updating based on new information, nor do they have true "experience" or "memory" 

in the human sense. Although techniques like fine-tuning [25,76,83,85], retrieval-

augmented generation [64,65], and connecting models to external knowledge databases can 

partially alleviate this limitation, these solutions are often insufficient. Over time, a model's 

output can become outdated or misaligned with the current consensus in rapidly evolving 

disciplines such as computer science, medicine, or environmental studies. 

A related complexity is the challenge of modeling pedagogical strategies effectively. Skilled 

human educators adjust their explanations, tone, and complexity based on a student's 

responses, prior knowledge, and emotional state. Achieving this level of adaptive 

instruction requires not just language understanding but also a model of the learner's state 

of knowledge and motivation. Current LLMs lack the ability to genuinely "model the 
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learner" [23,29,77,82] with the same granularity and context sensitivity that a human 

teacher employs. While ongoing research explores techniques for user modeling and 

context tracking, such as maintaining long-term memory or integrating student analytics 

into the model's decision-making process, these methods remain nascent and imperfect. 

Moreover, computational costs and infrastructural requirements also pose constraints. 

Large-scale models demand substantial computational resources for training and inference 

[23,77,82]. In many educational settings, particularly those in resource-constrained regions, 

it may be impractical or economically burdensome to deploy state-of-the-art LLMs. The 

need for specialized hardware, stable high-bandwidth internet connections, and ongoing 

maintenance creates inequalities between well-funded institutions and those with limited 

budgets. Without more efficient models, compression techniques [89,90], or on-device 

deployment strategies, these technical limitations can restrict the democratization of LLM-

driven education. 

Addressing these technical barriers requires ongoing interdisciplinary research. Advances 

in ML architectures might result in models that are better at reasoning, contextual 

interpretation, or incremental learning. Integrating knowledge graphs, symbolic reasoning 

modules, or explicit pedagogical frameworks could help unify language fluency and 

conceptual understanding. Improvements in algorithmic efficiency will also be needed to 

ensure that LLM-driven tools are accessible across diverse educational environments. 

While these technical challenges are important, they also represent opportunities for 

innovation. By collaborating with educators, cognitive scientists, linguists, and policy 

experts, developers can strive to create LLMs that genuinely support learning outcomes 

rather than merely simulating understanding. 

As educational systems increasingly integrate LLMs and other advanced technologies into 

their instructional methods, concerns arise about the risks of over-dependence. While 

technology offers unprecedented opportunities for personalized learning, global reach, and 

resource sharing, it also threatens to reshape the educational landscape in ways that may 

not always be beneficial. One major risk is that learners, educators, and institutions become 

overly reliant on automated tools, potentially diminishing the human elements of teaching 

and learning, such as empathy, creativity, and interpersonal feedback that are very important 

to proper education. 

Over-dependence on LLMs may create a passive learning experience, where students come 

to expect instant answers rather than developing their critical thinking and problem-solving 

skills. If a student can turn to an AI tutor at any moment for a quick solution, they might 

miss opportunities to grapple with challenging material, engage in deeper inquiry, or learn 

from trial and error. In effect, the convenience of automated assistance can work against the 

cognitive struggle that is often essential for robust learning and mastery of complex 

concepts. This tension mirrors broader debates in education about the balance between 
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"productive struggle" [91] and guided instruction [92] but is exacerbated by the ease and 

immediacy of LLM-provided answers. 

Over-reliance on LLMs can also reduce the incentive for institutions to invest in 

professional development and skilled human educators. There is a risk of seeing AI tutors 

as a cost-effective replacement for trained teachers, especially in environments where 

educational budgets are tight. While LLMs might handle some responsibilities, they cannot 

replicate the nuanced judgment, adaptability, and emotional intelligence that define 

professional educators. The danger is that education providers might come to view LLMs 

as a panacea, neglecting the professional growth of human teachers and ultimately 

impoverishing the educational experience. A successful educational system must balance 

the use of technology with a robust community of educators who guide, mentor, and inspire 

learners. 

Moreover, heavy dependence on technology can make educational systems vulnerable to 

disruption. Technical failures, whether due to software bugs, cyberattacks, or infrastructural 

breakdowns, can halt learning processes, erode trust in digital systems, and leave learners 

stranded [93,94]. Without alternative modes of instruction or backup plans, educators and 

learners may find themselves unable to continue meaningful engagement with academic 

material. This fragility stands in contrast to more traditional educational systems, where a 

teacher and chalkboard require little more than a physical space and minimal resources. 

In order to address this challenge, educational policies should encourage a balanced 

integration of LLMs. Hybrid models, where human teachers leverage LLMs as 

supplementary tools rather than as replacements, can preserve the benefits of 

personalization and scalability while maintaining human oversight and contextual 

judgment. Investments in teacher training can help educators understand how to integrate 

LLM-driven tools effectively, ensuring that they complement rather than supplant existing 

educational practices. Strategies to ensure equitable access, such as low-bandwidth 

solutions, offline versions of LLM-driven resources, or public infrastructure investments, 

will help mitigate the digital divide. Ultimately, a sustainable approach to LLM integration 

in education recognizes that technology is a means to enhance, rather than replace, the 

complex and deeply human endeavor of teaching and learning. 

The challenges and limitations of LLMs in education are neither trivial nor entirely solvable 

with current technologies. They represent a dynamic, evolving landscape that reflects the 

complexity of learning itself. By recognizing these challenges, investing in remedies, and 

maintaining an unwavering commitment to the principles that underpin quality education, 

we can help ensure that LLMs become a force for good-enhancing personalized learning, 

expanding access, and ultimately contributing to a more informed, capable, and equitable 

global society. 
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The following section presents a discussion and the most important conclusions of our study 

regarding LLMs in the education process with a view towards transforming personalized 

learning.  

 

6. Discussion and Conclusions 

The integration of LLMs into educational systems marks a significant change in how 

teaching, learning, and assessment can be conceived and delivered. This article has 

analyzed the LLMs’ remarkable potential for personalized education, moving beyond the 

static one-size-fits-all approaches to the more adaptive and context-sensitive instruction. 

Drawing on established educational theories like constructivism, scaffolding, differentiated 

instruction, and principles of lifelong learning, LLMs present a viable means of 

operationalizing learner-centered paradigms at scale. They can help bridge traditional 

resource gaps by providing accessible, on-demand tutoring and content generation that are 

finely tuned to individual needs, interests, and cultural contexts. 

The benefits are clear, covering enhanced learner engagement through dialogue and 

interactive instruction, rich adaptive feedback loops facilitated by continuous assessment, 

and improved institutional decision-making through data-driven insights. By tailoring 

instruction to the nuanced demands of each learner's cognitive profile, LLMs have the 

potential to stimulate critical thinking, metacognition, and sustained motivation. They also 

offer pathways to support students with disabilities, learners of various linguistic 

backgrounds, and individuals pursuing non-traditional or lifelong learning trajectories, as a 

result broadening the reach and inclusiveness of quality education. 

Nonetheless, this article also emphasizes that in order to attain this potential one has to 

grapple with very important challenges. Analyzing the issues from the perspective of an 

ethical standpoint, addressing algorithmic biases, ensuring factual accuracy, and cultivating 

culturally responsive pedagogies are non-negotiable tasks. Privacy and data security issues 

must be proactively managed, with transparent communication, regulatory compliance, and 

stringent data governance frameworks to maintain public trust and learner autonomy. 

Technical limitations such as the difficulty of handling complex reasoning tasks, integrating 

multimodal inputs, and maintaining up-to-date domain knowledge signal that LLMs are 

still evolving tools, not perfect substitutes for human expertise. 

An extremely important aspect is the fact that the role of educators remains irreplaceable. 

While LLMs can reduce cognitive load, handle repetitive tasks, and personalize the learning 

experience, educators are the ones who provide empathy, ethical judgment, cultural 

sensitivity, and pedagogical creativity that machines and algorithms cannot replicate. The 

path forward involves positioning LLMs as complementary helpers rather than 

replacements. Hybrid models where educators organize the learning processes and leverage 
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LLMs for reinforcement, enrichment, and individualized support ensure that the human 

element remains central. This synergy empowers teachers to focus on higher-order tasks, 

guiding learners through complex intellectual challenges, facilitating critical discussions, 

and nurturing social-emotional growth. 

Future work should explore strategies for integrating LLMs with other emerging 

technologies such as speech recognition, augmented reality, or advanced analytics to create 

encompassing, multimodal learning ecosystems. Longitudinal studies are needed to assess 

the long-term effects on learner outcomes, engagement, and equity. Moreover, ongoing 

collaboration among researchers, policymakers, practitioners, technologists, and learners 

themselves is necessary for establishing robust ethical guidelines, technological standards, 

and professional development protocols that can evolve with the field. 

In conclusion, the discussion points to a future where LLMs serve as dynamic educational 

partners, amplifying human teaching rather than diminishing it. By balancing innovation 

with responsibility, inclusivity, and a shared vision of what quality education entails, the 

field can harness LLMs as an impactful force. Such a future promises more personalized, 

adaptive, and accessible learning experiences along with the reaffirmation of the core 

human values that define the educational process. 
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