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 This survey characterizes the contributions of large language models 

(LLMs) to technology enhanced learning by relating their capabilities to 

actual educational functions, making comparisons with traditional models of 

language. The contributions for this study are: i) introduce an education 

centered taxonomy that classifies LLM use by four key functions 

personalization and adaptivity, assessment and evaluation, profiling and 

prediction, and intelligent tutoring with illustrations from deployed systems 

and tools; ii) give a domain-based comparison of where LLMs outperform 

traditional models (sentiment analysis with sarcasm, context-aware question 

answering, and abstractive summarization) and why those advantages will 

mean something to e-learning practice; iii) synthesize six cross-cutting risks, 

including computational cost/carbon, privacy, bias and hallucination, labor 

displacement, interpretability, and the limits of human-like judgment, and 

provide practical design/research implications; and iv) report on a 

transparent review protocol that got the initial corpus down to 50 key 

articles, allowing for modifications and future updates from other interested 

researchers. In sum, the discussion about LLMs in education has been 

pushed past the broad strokes to a situation where there is a comprehensive 

vocabulary for what LLMs can do, and how they may or may not 

responsibly improve learning experiences, educator workflows, and 

systems/learning design in e-learning. 

Keywords: 

Applications 

Artificial intelligence 

Challenges 

Comparative analysis 

E-learning 

Generative models 

Traditional language models 

This is an open access article under the CC BY-SA license. 

 

Corresponding Author: 

Laila Boullous 

Laboratory of Artificial Intelligence and Complex Systems Engineering (AICSE) 

National School of Arts and Crafts (ENSAM), Hassan II University 

Casablanca 20700, Morocco 

Email: laila.boullous-etu@etu.univh2c.ma 

 

 

1. INTRODUCTION 

In recent years, there has been a remarkable revolution in artificial intelligence (AI), particularly in 

the field of large language models (LLMs) [1]. LLMs, which possess immense computational power and 

have been trained on enormous training datasets, have transformed generation and natural language 

processing (NLP) problems [2]–[4]. Therefore, it's important to understand LLMs what: they are, how they 

came to be, the various types, and their advantages over traditional language models. 

The revolutionary upheaval emerged with the publication of the transformer architecture, which 

utilizes a self-attention mechanism to identify long-range dependencies [1], [5], [6]. Building on this, models 

like bidirectional encoder representations from transformers (BERT) and generative pre-trained transformer 

(GPT)-1 were developed to comprehend context and produce human-like text [7]–[9]. Specifically, models 

https://creativecommons.org/licenses/by-sa/4.0/
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such as GPT-3 and GPT-4 have pushed the boundaries of NLP tasks using unsupervised pre-training and 

supervised fine-tuning [10]–[12]. Furthermore, specialized domain-specific models have emerged in fields 

like healthcare (medical pathways language model (Med-PaLM)) and finance (financial generative  

pre-trained transformer (FinGPT)) to address task-specific limitations. Therefore, it's important to understand 

LLMs: what they are, how they came to be, and their advantages over traditional language models [13], [14].  

This paper investigates the introduction of generative models, analyzes LLMs in detail, and 

highlights their advantages over traditional models, which often struggle with complex items like metaphors 

and sarcasm. It also examines the limitations and challenges of LLMs, such as computational demands, data 

privacy, and "hallucinations". Furthermore, it explores the implications and ways LLMs can aid the 

educational context by facilitating personalization, adaptivity, and intelligent tutoring. 

 

 

2. METHOD 

The review process was undertaken with a systematic step-by-step approach to ensure that all 

research questions and other examined topics on LLMs and their application to education were 

comprehensively reviewed. The process, as outlined in Figure 1, began with a literature search phase. A 

broad range of academic sources was uncovered using specific keywords such as, "LLMs", "large language 

models", "generative AI", "education", and "e-learning". This search resulted in a considerable number of 

articles which were reviewed iteratively based on their relevance, academic rigor, and contributions to topic. 

After this review, an initial set of 50 articles were identified and selected that were deemed the core for the 

study. These articles established a base of knowledge on the technical workings of LLMs and the 

implications of LLMs beyond the technical aspects within education. 
 

 

 
 

Figure 1. Overview of the research methodology for exploring LLMs and their educational applications 
 

 

Following this, research entered a phase of general inquiry where research questions were developed 

to promote the detailed exploration of the topic. The inquiry began with investigating generative AI as an 

umbrella term to understand aspects such as its origins, when generative AI started to gain traction, and how 

its growth and development lead to the emergence of LLMs. This inquiry also examined a historical 

perspective of AI, in order to recognize key development periods which, contribute to the evolution. The 

questions being asked during this inquiry also assisted to clarify how LLMs fit into the overall variable 

landscape of AI technologies that can be considered for specific inquiry movements. The third step of the 

methodology presented a closer analysis of LLMs and their categorization. As there are a multitude of LLMs 

in today’s marketplace, the research aims to explore the categorization of LLMs, or in other words how 

LLMs are grouped. The process consisted of categorizing LLMs and analyzing how they are grouped by size, 

architecture, and application. 

Once the categorization was complete, the research began comparing traditional language models to 

LLMs. The comparative methodology aims to expose the limitations of traditional language models, which 

have dominated the field, and how LLMs have addressed those limitations. In particular, comparison focused 

on LLMs' abilities to handle larger data sets and perform more complex tasks while yielding more accurate 
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results. Utilizing a comparative approach elucidates the progress in the field of second language acquisition 

and highlights why LLMs necessitate merit as a new and innovative approach in the field of education. 

After illustrating the strengths of LLMs, the comparison shifted to limitations and challenges of 

LLMs. While LLMs are clearly an enhancement to second language acquisition, LLMs should not be seen as 

perfect. This part of the review proposes a critical evaluation of the challenges of LLMs. Examining the 

challenges presents a balanced understanding of the potential and limitations of LLMs. 

The last portion of the methodology looks more closely at LLMs and education. The review raises 

issues of how LLMs are perceived in educational environments and whether there is a focus on e-learning 

environments. Finally, this analysis points to possible outcomes for LLMs and also provides issues in LLMs 

where development and research are needed to better students and educators with LLM tools. 

 

 

3. EVOLUTION OF GENERATIVE MODELS IN ARTIFICIAL INTELLIGENCE 

The story of the generative model, which is illustrated in Figure 2, begins when Alan Turing 

proposed Turing machines in 1936 when he built the models capable of imitating and reproducing linear 

data. Hidden Markov models (HMM) began to arise in 1960 that provided a new probabilistic-based process 

to infer and predict sequences. 1982 marks the introduction of recurrent neural networks (RNNs), unlocking 

the ability to remember previous inputs. Afterwards, the long short-term memory (LSTM) was suggested in 

1997, resulting in facilitating various tasks, including time series prediction, by overcoming the challenges 

related to long-term dependencies. 

 

 

 
 

Figure 2. A timeline of generative AI models starting from Turing machines in 1936 to modern  

GPT architectures 

 

 

The rise of transformers started with the proposition of a new framework in 2013 that helped 

generate new data based on a training set; the type of generated data varies from textual, imagery, audio, and 

more. Using neural-network-based generative models such as the variant auto-encoders (VAEs) and 

generative-adversarial networks (GANs). The revolutionary upheaval emerged with the publication of the 

paper “Attention is all you need” in 2017 [2], where Google presented the architecture of transformers and 

their power that lies in the self-attention mechanism and its ability to identify long-range dependencies and 

trace connections within the data [1]. 

The following year the suggested framework was implemented into LLMs. Google introduced 

BERT, an extensive language model, its power lies in its proficiency in comprehending the context of words 

in a sentence [7]. OpenAI presented its LLM GPT with its ability to produce human-like text [8]. 

With the apparition of DALL-E in 2021, the world knew that transformers capabilities extend NLP 

and can be used for image generation from textual prompts. OpenAI, founded in December 2015, has 

contributed mainly to the advancement of LLMs and influenced the landscape of AI research and 

applications. They focused on building generative models, starting from GPT-1 to launching ChatGPT in 

2022. The popularity of LLMs has increased exponentially after the launch of ChatGPT, as it has gained 

millions of users over a few weeks after its release thanks to high performance with unseen tasks based on its 

ability to generalize from taking a task description as input and a few examples. It doesn’t require any  

task-specific training, which opens the door to a new era in AI, introducing what we refer to as artificial 

general intelligence [10]. 



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 15, No. 3, June 2026: 2141-2152 

2144 

GPT models combine unsupervised pre-training and supervised fine-tunning to generate human-like 

answers. GPT-3 is a version of GPT models built with 175 billion parameters, trained on a large corpus 

containing of textual data from web pages, books, articles, and social media [3], [4], [10]. OpenAI introduced 

GPT-4, an advanced version of GPT, in March 2023 with a massive number of parameters that goes up to 

1.76 trillion parameters; it can process both image and text inputs. GPT-4 capabilities go beyond generating 

human-like text, this model family has further pushed the performance results in various NLP tasks [10]. 

The latest version of ChatGPT is ChatGPT-4o (the last ‘o’ stands for ‘omni’), released on May 13, 

2024, by the giant OpenAI. This version extends the capabilities of ChatGPT-4. Based on user experiences, it 

has been concluded that ChatGPT-4o is faster and significantly better at generating human-like responses 

than ChatGPT-4. Numerous viral videos have showcased ChatGPT-4o's capacity to deliver responses in a 

chatty and occasionally flirtatious tone. Additionally, ChatGPT-4o features capabilities such as reading and 

discussing images, translating languages, identifying emotions from visual expressions, and remembering 

previous prompts. ChatGPT-4o has demonstrated new capabilities with the potential to revolutionize various 

fields, including education and e-learning [15]. 

 

 

4. LARGE LANGUAGE MODEL: DEFINITION, TYPES, AND COMPARISON 

4.1.  Definition 

LLMs are specific implementations of transformer-based models trained on a massive amount of 

textual data, their foundation lies in their advanced processing capabilities and advanced algorithms. As a 

result, LLMs can capture, translate, expect, and produce textual content and other forms (images and voice 

notes). Also, they are flexible across diverse domains [2]. LLMs are known for achieving high performance 

in many natural language applications without task-specific training [10]. LLMs function simply by treating 

any NLP task as an oriented text generation task and generating output based on the input prompt, this last 

one describes the conditions that should be satisfied with the generated output [10]. 

 

4.2.  Types of large language models 

There are different types of LLMs, which can be categorized into five main groups. These groups 

include pre-trained and fine-tuned models, encoder-decoder models, multilingual models, domain-specific 

models, and autoregressive language models. This categorization is illustrated in Figure 3. 

 

 

 
 

Figure 3. Categorization of LLMs based on architecture, application, and languages 

 

 

4.2.1. Pre-trained and fine-tuned models 

Following the massive achievement of pre-trained image models in computer vision (VGGNet and 

AlexNet as examples) [16], NLP researchers got inspired to develop pre-trained models for NLP tasks, built 

based on transformers and self-supervised learning, and trained on a large corpus they can be tailored to fit 

goal-oriented tasks with constrained labeled data. The evolution of pre-trained language models (PLMs) 

begins with Google’s famous model BERT and OpenAI’s GPT-1 [9]. From there, many PLMs were 

developed, such as robustly optimized BERT pretraining approach (RoBERTa), XLNet, bidirectional and 

auto-regressive transformers (BART), and Electra [9]. 

 

4.2.2. Encoder-decoder models 

PLM's journey progressed in three stages: encoder-based models, decoder-based models, and 

encoder-decoder models. Valiyev et al. [17] explains the encoder-decoder architecture consists of both 
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encoder and decoder modules; the encoder module is an embedding of encoder layers, and each encoder 

layer has self-attention and feed-forward networks. The decoder module is an embedding of decoder layers; 

each layer is equipped with a self-attention mechanism, masked self-attention, and feed-forward networks. 

Some encoder-decoder models are known for their high performance in natural language generation tasks, 

whereas others are known for performing well in both generation and language understanding tasks. 

MarianMT is an example of such a model besides text-to-text transfer transformer (T5), BART, and no 

language left behind (NLLB) [9]. 

 

4.2.3. Multilingual models 

The pre-trained LLMs have known a vast success in the English language, which inspired 

researchers to develop LLMs for other languages and multilingual LLMs. Some of the most widely known 

and used are multilingual bidirectional encoder representations from transformers (mBERT), cross-lingual 

language model (XLM), XLM-RoBERTa (XLM-R), multilingual text-to-text transfer transformer (mT5), 

multilingual decoding-enhanced BERT with disentangled attention (mDeBERTa), BigScience large  

open-science open-access multilingual language model (BLOOM), and BLOOM (instruction-tuned version) 

(BLOOMZ) [9], [10]. There are also famous bilingual LLMs, including Jais Arabic-Arabic (JAIS) LLM 

model (for English and Arabic) and general language model (GLM) (for English and Chinese) [10]. 

 

4.2.4. Domain-specific models 

Departing from low performance of general-domain LLMs in task and domain-specific problems, 

researchers shifted their focus to developing domain-specific models in various domains, for example, in 

education like ChatGPT. In healthcare, the Med-PaLM was designed to deliver top-tier answers to medical 

questions [9], while in finance, FinGPT and BloombergGPT emerged [10], and in law, SaulLM-7B LLM was 

tailored for the legal domain [18]. Additionally, in social media, social media pre-trained BERT (SoBert), a 

LLM trained on StackOverflow data for answering questions related to programming and software 

engineering [19], represents this specialized approach. 

 

4.2.5. Autoregressive language models 

Auto-regressive LLMs are advanced models that can generate text by predicting the next token is 

created based on previously generated tokens. These models, such as autoregressive models, excel at tasks 

like language generation and completion by leveraging language patterns learned from training data. 

Examples of auto-regressive LLMs include GPT models developed by OpenAI; GPT-3, for example includes 

175B parameters trained using a considerable corpus containing text from various resources such as web 

pages, Wikipedia, and books [11]. 

 

4.3.  Traditional language models vs. large language models 

Despite the effectiveness of traditional language models, they still are challenged by more complex 

language items such as idioms, metaphors, social context, and implicit emotions. However, LLMs show a 

marked increase in natural language understanding (NLU). They are trained with a variety of text resources 

to comprehend the beauty and complexity of human language. Table 1 shows how effectively LLMs improve 

performance in a variety of areas, but with added consideration for application relevance. After addressing 

the limitations of traditional language models across different application domains and how LLMs helped 

overcome them, Table 1 synthesizes the discussed ideas and provides an overview of their interrelations. 
 

 

Table 1. The limitation of traditional language across various dimensions and LLM enhancements,  

a domain-based comparison 
Traditional language model limitation LLM assistance Relevant application domain 

Limitation 1: performing sentiment 

analysis on textual content filled with 

complex emotions or sarcasm is 
challenging. 

LLMs bridged this gap and helped machines 

with identifying and interpreting layered 

sentiments, ensuring high precision.  

Market search [20], social media 

analytics [21], and customer 

feedback processing [22] 

Limitation 2: in question-answering 

systems, the answer is generated 
according to keyword association and 

semantic reasoning. 

LLMs in question answering systems allow 

them to capture the core of inquiries, taking 
into consideration various aspects, including 

context, in order to generate precise and 

authentic responses. 

Customer support [22], academic 

research [23], and intelligent 
tutoring systems (ITS) [24] 

Limitation 3: in content summarization, 

traditional LMs perform synthesis 

based on modest key sentences’ 
extraction to an improved abstraction of 

the main idea. 

LLMs have the ability to process massive 

corpora, understand the dominant themes, 

and generate to-the-point yet thorough 
outline summaries.  

Academic research [23] and 

business intelligence [25] 
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4.3.1. Sentiment analysis 

While traditional language models are used for sentiment analysis, there are certain issues with 

interpreting textual data in more complex emotion contexts, such as sarcasm [26]. LLMs address this issue, 

primarily through their ability to identify layered and complex sentiments. This is valuable in many fields, 

but the most relevant are market research, social media analysis, and processing customer feedback [27]. 
 

4.3.2. Question answering systems 

Traditional language models are applied in question-answering systems. The answers are generated 

based on given keyword association and semantic analysis [28]. Meanwhile, LLM-generated answers are 

built upon capturing the core of inquiries. LLMs take into consideration the context of a given question to 

create accurate and genuine answers. Question answering systems are applicable across diverse domains: 

customer support, academic search, and ITS, ensuring enhancements [29]. 
 

4.3.3. Content summarization 

In the context of content summarization, traditional language models’ performance is weak [30]. 

LLMs perform synthesis based on modest key sentence extraction to generate an improved abstraction of the 

main idea. Concurrently, LLMs can process massive corpora and understand the dominant themes [31]. They 

are also capable of generating to-the-point yet thorough outline summaries. Relevant domains that apply to 

such a task are academic search, news aggregation, and business intelligence. 
 

 

5. LARGE LANGUAGE MODEL: CHALLENGES AND LIMITATIONS 

Though LLMs present various positive aspects and ensure specific outcomes, there are notable 

limitations inherent in their structure. One notable limitation is that it possesses significant computational 

demands. This aspect poses a challenge due to LLMs dependency on large training sets, which requires 

developing more efficient training algorithms. Solving that problem will protect the environment and reduce 

carbon footprints generated in creating and using LLMs [4], [32]. 

Additionally, data privacy and sensitivity present another constraint on the effectiveness of LLMs. 

This limitation arises from LLMs training on vast cross-sector amounts of data, which still raises a lot of 

concerns regarding unintentional disclosure of sensitive data by these models [32]. Moreover, these models 

are limited by biases ingrained in the data they were trained on. This factor results in the occurrence of 

“hallucinations”, a situation where LLMs generate a response that is deceptively credible yet factually 

incorrect. Which creates the potential of building models that generate misleading information and 

“deepfakes” [4], [32]. 

Another limitation to be aware of correlates with the outcomes resulting from the rising adoption of 

LLMs integration into technical and non-technical sectors. No one denies it has valuable impact on 

automation, efficiency, and innovation. However, it has profoundly altered the economic and social 

landscape, particularly regarding job displacement within the workforce [32]. 

Furthermore, the model’s interpretability introduces a significant consideration in applying LLMs. 

Deep learning models are known to be “black box” models with a vast number of parameters; hence, 

understanding and answering why the model opted for a specific decision can be hard to find [4], [32]. 

Concluding the list, the sixth limitation is related to the fact that LLMs lack human intuition, ethical 

reasoning, and accumulation of experiential knowledge. Despite their ability to generate responses that 

mimic human expertise, the users still need to educate themselves about the model’s nature to adjust their 

level of trustworthiness and dependence on its output [4], [32]. 
 

 

6. LARGE LANGUAGE MODELS IMPACT ON EDUCATION 

LLMs  have a huge impact on diverse sectors; education is two of them. LLMs provide a more 

adaptive, appealing, and efficient learning environment for learners from different backgrounds  

and fields [33]. LLMs have become a transformative force in education, driving advancements across  

various educational functionalities. Educational technologies are generally categorized into four main 

functionalities [34]. In this part, we will elaborate on the use of LLMs in each of these functionalities with 

examples from real-world applications. Table 2 sums up the findings in terms of implementation of LLMs 

across different educational functionalities. 
 

6.1.  Personalization and adaptivity 

Being one of the most important features in current e-learning systems, this is focused on customized 

adaptation of the process of learning and teaching based on individual students' skills as well as  

preferences [35]. LLMs can be very helpful in doing this by offering guided learning [35], dynamically 



Int J Artif Intell  ISSN: 2252-8938  

 

Navigating the new frontier: large language models and their implications for education (Laila Boullous) 

2147 

adjusting content to the progress of a student [15], [33], [36]. Creating customized content according to 

learning styles, requirements, and performance information [33], [37]. Improving customized learning 

pathways, enabling students to proceed at their pace paths [15], [38], [39]. Designing adaptive tests, like 

computer-based multiple-choice questions (MCQs), in dependence upon learner profiles and information [40]. 
 

6.2.  Assessment and evaluation 

LLMs provide various means of making the assessment process more efficient and lightening  

the load of educators. Some examples of use are smart grading, where essays, short answers, or even code 

can be automatically graded for time and consistency savings [38], [41]. Automated test generation, like 

multimedia-supported tests tailored to target specific learning objectives [24], [42]. Automated feedback 

generation to provide instant, constructive feedback to students [24], [43], [44]. Discussion facilitation, 

through analysis and engagement in group discussions, to allow deeper peer-to-peer interaction [42], [45]. 

Last but not least, LLM-assisted classroom assistance, in which models assist both students and instructors 

during live sessions—for example, summarizing conversations, answering in-session queries, or giving 

explanations on demand [46]. 
 

6.3.  Profiling and predicting 

LLMs can analyze student behavior, activity, and performance so as to assist predictive analytics. 

Examples include identifying levels of comprehension by analyzing the submissions and interactions of 

students [3], [47]. Suggesting learning activities, tailored to current performance [3]. Sentiment analysis, so 

that learner frustration, confusion, or satisfaction can be identified, allowing the instructor to intervene 

preemptively [36], [43]. 
 

6.4.  Intelligent tutoring systems 

LLMs can facilitate ITS to implement more advanced, interactive features such as one-on-one virtual 

tutoring simulating human-like dialogue tailored to the student's learning requirements [3], [39], [48], [49]. 

Automated question-and-answer, where students may ask follow-up questions at any time [3], [49], [50]. 

Interactive content generation, e.g., learning games, scenarios, and simulations [24]. Enabling student 

discussions with prompts or intelligent agents to guide the discussion, and providing instant feedback, 

replicating a tutor's promptness during learning exercises [15], [45]. Designing practice exercises, e.g., 

personalized quizzes, logic puzzles, and role-playing scenarios [15], [45], [49], [51]. Mimicking tutor-like 

actors, e.g., chatbot-based tutors like Nemobot, which provide constant support for learning [52]. 
 
 

Table 2. Implementation of LLM applications across main educational functionalities 
Educational functionality LLM application 

Personalization and adaptivity – Guided reading [35] 

– Content generation [15], [33] 
– Automated problem reframing across academic domains [33] 

– Enhancing personalized learning paths [15], [38], [39] 

– Automated creation of MCQs [40] 
Evaluation and assessment – Smart grading [38], [41] 

– Generating various resources, including assessments and multimedia 
content [24], [42] 

– Providing automated, process-oriented feedback to students [24], [43] 

– Support group conversations [42], [45] 
– automated creation of MCQs [40] 

– LLM-driven classroom flipping [46] 

Profiling and predicting – Identifying student’s comprehension level [3], [47] 
– Determine suitable tasks for each learner [3] 

– Sentiment analysis [43] 

ITS – Providing one-on-one tutoring for students [3], [39] 
– Answering questions [3], [50] 

– Generating interactive content, facilitating discussions, and providing 

real-time feedback [24] 
– Real-world practice through generating personalized puzzles, quizzes, 

and role-playing scenarios [15], [45] 

– Feedback generation [53] 
– Simulate a tutor-like experience with a chatbot like Nemobot [52] 

 

 

7. CHALLENGES AND FUTURE DIRECTIONS 

Recent studies have shown a growing number of researchers exploring the application of LLMs in 

education for tasks like academic research, assessing knowledge, course planning, and more. However, many 

challenges and opportunities remain to be addressed. Having addressed each challenge separately, it’s useful 

to provide a clearer view. Figure 4 summarizes the identified challenges. 
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Figure 4. Key challenges in integrating LLMs within educational contexts and e-learning systems 
 

 

7.1.  Student modeling 

Before the advancement of LLMs, student behavior modeling in the deep learning era relied on 

sequential models like RNNs and transformers, which lacked direct student feedback and often resulted in 

outcomes that were difficult to interpret. The introduction of LLM-based educational systems enables 

students to express their needs through dialogue, allowing for the extraction of personalized characteristics 

such as topic mastery and learning preferences. Moreover, LLMs' abilities to simulate human behavior and 

generate human-like samples offer promising potential for enhancing student simulations. For students with 

limited interaction records, LLM-based simulators can generate additional data, providing valuable insights 

for better understanding individual learners and improving educators' teaching strategies [51]. 
 

7.2.  Data quality and privacy 

Privacy of data and privacy of personal information is one of the top concerns with using LLMs 

because using LLMs will require collecting data on learners and teachers personal and learning data, 

therefore creating privacy protection concerns around data collection. Schools and programs must protect and 

ensure the privacy of their students/learners and educators while protecting and securing the data that is 

collected. Parents and educators are also critical for helping educate children on data privacy and safety and 

managing risks when using LLMs. In regard to the collection and use of student learning data there have to 

be appropriate privacy protections, this will help ensure that student learning data is not hacked and that data 

is not used for unintended outcomes. As the world is entering an unusual period of intelligence-assisted 

education, seen through LLM models like ChatGPT, GPT-4, and MathGPT, LLMs will take education 

beyond limitations and we need to continue to find methods to "train" LLMs more effectively and make 

improvements to large-scale models as a whole [54]. 
 

7.3.  Technical complexity 

LLMs are becoming increasingly complex, with computation times for single-step processes 

increasing more than tenfold. Tasks that once took a few hours to train now take several days, with the need 

to maintain a one-day limit for testing still essential. The cost of training large, general-purpose models is 

significant and escalates when optimization, updates, and deployment are included. Integrating LLMs into 

existing education systems presents significant technical challenges. Schools may struggle to align LLM 

capabilities with their current IT infrastructures, which may require significant upgrades and customization to 

support these advanced technologies. In addition, ChatGPT's reliance on a large number of GPU chips for 

data processing adds further complexity and cost to deployment [54]. 
 

7.4.  Ensuring academic integrity 

LLMs produce text that can rival or even surpass human writing in terms of fluency and quality. 

While this article highlights their potential in educational contexts, it is important to recognize that  

over-reliance on LLMs can inhibit natural learning processes. Using LLMs for homework help is acceptable, 

but relying on them to complete tasks can limit opportunities for meaningful practice and understanding. 

Detecting LLM-generated content is essential to prevent cheating and maintain educational integrity. Recent 

studies have introduced two main detection strategies: statistical outlier detection, which identifies variations 

in linguistic features, and supervised classifiers, which use machine learning algorithms trained on examples 

of both human and LLM-generated texts. As LLMs evolve, detection methods must also evolve, 

incorporating statistical analysis, machine learning, and potentially new techniques to effectively distinguish 

LLM output from human-written content [51]. 
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7.5.  Multi-modal information in education 

Multimodal information in education is not a novel phenomenon. For example, geometric word 

problems include images along with text and textbooks often utilize text in conjunction with images for a 

concept too. This representation and multimodal alignment are part of what makes an intelligent education 

system optimal, and ultimately what makes a multimodal information system more robust. The multimodal 

landscape is rapidly evolving, especially for LLMs, as various architectures and pretraining tasks are being 

established as well. However, educational contexts represent a unique and complex case to deal with 

multimodal information. Images and text in the educational context are often very precisely aligned with one 

another. For example, geometry word problems can have very specific information about the parameters of 

the geometric shapes in the images as well as aesthetic details, that require equally precise verbal 

representation as well. The model has to be able to represent the image all the information and details 

conveyed in the visual modality. Cross-model reasoning is typically required for educational multimodal 

information representation and datasets do not usually represent cross-modal reasoning complexities. 

 

 

8. CONCLUSION 

This review goes beyond high-level promises and makes specific statements of how LLMs can be a 

force for better e-learning, and what needs to be managed, in order to do so responsibly. First, our 

education-focused taxonomy makes an explicit connection between LLM capabilities and four pedagogical 

functions, which can usefully inform selection and evaluative efforts. Second, our domain-based 

comparison clarifies which specific areas LLMs have unambiguous advantages over traditional pedagogical 

models (i.e., nuanced sentiment, contextual question answering, and true abstractive summarization) and 

how that might mean better feedback, guidance, or study support for learners. Third, we aggregate six 

systemic threats to their use (computational cost/carbon, privacy and data governance, bias and 

hallucination, workforce challenges, model opacity, and limits of human judgment) as design opportunities 

(to design for privacy-by-design data management, bias audits, verifiable grounding, educator-in-the-loop 

oversight, and explainability for pedagogical practices). Finally, our reflexive methodology for 

documenting our review process and curated body of documents creates a living resource for recaps, or 

preparing for advances in more substantive model development, policy regulations, or classroom practice.  
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