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Nowadays, education is constantly evolving, thanks to the emergence of new artificial intelligence technologies, and the implementation of intelligent systems to help learners in their learning process. Large Language Models (LLMs) such as ChatGPT are among the AI solutions used to capitalize knowledge from tutors and transfer it to learners. Its main characteristic is to interact effectively with human queries using Natural Language Processing (NLP) tools, which allows it to understand human intent and generate responses. Our work aims to identify, collect and synthesize many research works that have dealt with the use of LLMS in the field of education. Then, we make a comparative study to highlight the advantages and disadvantages that have resulted from these works to have new research ideas for our future work in this field.

INTRODUCTION

E-Learning has grown rapidly in recent years, with more and more students opting to take online courses and programs. Artificial Intelligence has the potential to revolutionize elearning by providing personalized and efficient learning experiences for students. Several tools have been implemented to enhance the learning process.

Large language models are among the widely used AI tools that can significantly enhance the performance of conversational AI platforms through their ability to comprehend natural language and generate a natural response. Conversational Large language models, such as ChatGPT, have generated immense interest in a range of domains for tasks ranging from answering questions to generating code snippets. ChatGPT is a powerful NLP system that can generate human-like conversations. It has several benefits, such as increased efficiency, improved accuracy, and cost savings. However, it also has some challenges, such as security concerns, limited capabilities, lack of precision, and data reliability.

This paper aims to study various research on the use of LLM such as ChatGPT in the educational field, to synthesize and retrieve some perspectives of improvements.

The remainder of this paper is structured as follows: The next section explains the main concepts that are used in this paper. The third section represents the literature review, the fourth section discusses the advantages and limitations of ChatGPT, and the last section provides the conclusion and future work. II.

MAIN CONCEPTS

In this section, we introduce four core concepts: "E-Learning", "Artificial Intelligence", "Large Language Models", and "ChatGPT".

A. E-LEARNING

E-Learning or Electronic Learning is internet-enabled learning. Components can include content delivery in multiple formats, management of the learning experience, and a networked community of learners, content developers, and experts. E-Learning provides faster learning at reduced costs, increased access to learning, and clear accountability for all participants in the learning process. It delivers accountability, accessibility, and opportunity. Also, it allows people and organizations to keep up with changes in the global economy that now occur on Internet time. E-learning will be the great equalizer in the new century. [START_REF]E-Learning: research and applications[END_REF] By eliminating barriers of time, distance, and socio-economic status, individuals can now take charge of their lifelong learning.

B. ARTIFICIAL INTELLIGENCE

Artificial intelligence (AI) is a branch of computer science. It involves developing computer programs to complete tasks that would otherwise require human intelligence. AI algorithms can tackle learning, perception, problem-solving, language understanding, and/or logical reasoning. AI is used in many ways within the modern world, from personal assistants to self-driving cars. Artificial intelligence (AI) is evolving rapidly. While science fiction every so often portrays AI as robots as close as possible to humans [2]. AI is also considered as a computer's ability to recognize patterns and take actions based on available data and statistical models. Artificial intelligence has shown superior performance in abundant fields, including voice (e.g., Amazon's Alexa, Apple's Siri, and Google Assistant) and pattern recognition algorithms [START_REF] Park | EMG pattern recognition based on artificial intelligence techniques[END_REF], monitoring processes in industries [START_REF] Abellan-Nebot | A review of machining monitoring systems based on artificial intelligence process models[END_REF]- [START_REF] García | Artificial intelligence applied to automatic supervision, diagnosis and control in sheet metal stamping processes[END_REF], fault detection [START_REF] Liu | Artificial intelligence for fault diagnosis of rotating machinery: A review[END_REF], [START_REF] Samanta | Artificial neural networks and support vector machines with genetic algorithm for bearing fault detection[END_REF], forecasting [START_REF] Wang | A comparison of performance of several artificial intelligence methods for forecasting monthly discharge time series[END_REF], [START_REF] Sfetsos | Univariate and multivariate forecasting of hourly solar radiation with artificial intelligence techniques[END_REF], and especially in the health care sector to improve treatment process [START_REF] Topol | High-performance medicine: the convergence of human and artificial intelligence[END_REF]- [START_REF] Noorbakhsh-Sabet | Artificial Intelligence Transforms the Future of Health Care[END_REF]. It is worth mentioning that one of the main computing trends shaping AI is the Internet of Things (IoT). Cisco estimates that there will be approximately 50 billion connected devices by 2020 [START_REF] Evans | How the Next Evolution of the Internet Is Changing Everything[END_REF]. These connected devices constitute the IoT and will produce a huge amount of data. IoT enables the collection of exabytes of text, voice, image, and other forms of training data, feeding into machine learning (ML) and Deep Learning (DL) models, and increasing the accuracy and precision of these models.

In our study, we will focus on Natural Language Processing, which is a branch of AI. It emphasizes using machine learning and deep learning techniques to accomplish tasks, such as linguistic translation or answering questions. NLP works by taking unstructured data and converting it into a format of structured data. NLP consists of two components: Natural Language Understanding (NLU), which uses computer software to understand input in the form of sentences using text or speech, and Natural Language Generation (NLG), which allows us to generate a human language text.

C. LARGE LANGUAGE MODELS

Large Language Models are models trained with massive amounts of data to accurately predict the next word in a sentence. It was found that increasing the amount of data increases the ability of language models to do more [START_REF] Wei | Emergent Abilities of Large Language Models[END_REF]. Prompts are used to probe the LLMs to generate the target outcome by sampling the language distribution. To enable the LLMs to demonstrate their abilities, sophisticated prompt engineering [START_REF][END_REF] is required. However, previous LLMs only allow one-time probing, which means the target outcome varies a great deal with minor changes in the prompt instruction.

There are multiple large language models developed. Examples include GPT-3 and GPT-4 from OpenAI, LLaMA from Meta, and PaLM2 from Google. Currently, the most widely used and available language model is GPT-3, which has also been pre-trained on a massive textual dataset (including books, articles, websites, and other sources) and has 175 billion parameters. Like all other language models, GPT-3 uses a Transformer architecture [START_REF] Vaswani | Attention Is All You Need[END_REF], which allows it to efficiently process sequential data and generate more consistent, context-appropriate text (Fig. 1). Indeed, text generated by GPT-3 is almost indistinguishable from text written by a human. Many researchers have argued that LLMs like ChatGPT are only good at language abilities, not actual reasoning [START_REF] Mahowald | Dissociating language and thought in large language models: a cognitive perspective[END_REF].

D. CHATGPT

ChatGPT or Chat Generative Pre-Trained Transformer is a language model developed by OpenAI and it was the first among the LLMs made public in 2018. It is designed to respond to text-based queries and generate natural language responses. It has been trained on a massive corpus of text data and can therefore generate responses to a wide variety of prompts, from general knowledge questions to more complex conversational topics.

ChatGPT is a successor of the large language model (LLM) InstructGPT [START_REF] Ouyang | Training language models to follow instructions with human feedback[END_REF] with a dialog interface that is fine-tuned using the Reinforcement Learning with Human Feedback (RLHF) [START_REF] Christiano | Deep reinforcement learning from human preferences[END_REF] approach. In the last couple of months, ChatGPT has gathered close to a 1 million user base and is being used by businesses and consumers alike for many mostly textual tasks. One reason for its unprecedented popularity is that ChatGPT, through its scale and via RLHF, has shown impressive abilities in many areas of NLP as well as emergent abilities such as code generation and multimodal generation. Another reason is that its dialog interface allows users to interact with the underlying large language model more effectively and efficiently via interactive chats that are akin to multi-turn prompt engineering.

Overall, ChatGPT represents a significant advancement in the field of NLP and has the potential to revolutionize the way we interact with computers and digital systems.

In this section, we have introduced the main concepts and in the next, we will present a review of the literature on the use of LLM.

III.

LITERATURE REVIEW

In this section, we will present some research that focuses on the advantages and limitations of using LLMs:

A. LLMS PROBLEMS LLMs can be used in multiple ways to facilitate the learning process. However, the problem with these models is that since their response is built from billions of results, the user can't be certain where the information is coming from, unless there is a possibility to explore the resources that it gathers and find information about the author and his credibility.

In this context, a study made by Yejin Bang, et al. [START_REF] Bang | A Multitask, Multilingual, Multimodal Evaluation of ChatGPT on Reasoning, Hallucination, and Interactivity[END_REF] proposes a framework to quantitatively evaluate interactive LLMs such as ChatGPT using publicly available datasets, which cover multitasking, multilingual and multimodal aspects. It shows that ChatGPT suffers from hallucination issues (wrong answers) like other LLMs and generates more extrinsic hallucinations from its parametric memory because it does not have access to an external knowledge base.

In addition to that, [START_REF] Peng | Check Your Facts and Try Again: Improving Large Language Models with External Knowledge and Automated Feedback[END_REF] presents a LLM-AUGMENTER system, to improve LLMs with external knowledge and automated feedback using PnP modules. The study shows that LLM-AUGMENTER significantly reduces ChatGPT's hallucinations without sacrificing the fluency and informativeness of its responses. A main limitation of this work is that interactive feedback with a computationally expensive model such as ChatGPT can significantly slow down the user experience, as ChatGPT is often queried twice for a single response.

Another problem with LLMs such as ChatGPT is that users should always make an effort of precision when asking the question, in order to get better and more specific answers, otherwise, it will generate a general answer. It doesn't take into consideration the user's level of understanding, or what exact answer they want. In this context, a technique called Clarification Question generation was presented in [START_REF] Aliannejadi | Asking Clarifying Questions in Open-Domain Information-Seeking Conversations[END_REF]. The paper introduces the task of asking clarifying questions in open-domain information-seeking conversations and proposes an evaluation methodology that enables offline evaluation of conversational systems with clarifying questions and collects a dataset, called Qulac, through crowdsourcing. The experiments on an oracle model demonstrate that asking only one good question leads to over 170% retrieval performance improvement, which clearly demonstrates the potential impact of the task. In future work, they mentioned various directions that can be explored. One interesting problem is to explore various strategies for improving the performance of the document retrieval model as new information is added to the model. Another interesting future direction is to model the system's confidence at every stage of the conversation so that the model is able to decide when to stop asking questions and present the result(s).

Another approach proposed in [START_REF] Li | Asking Clarification Questions for Code Generation in General-Purpose Programming Language[END_REF], introduces a new challenge of asking clarification questions for code generation for Python, a general-purpose programming language, along with a method to generate a dataset to create clarification questions and answers that do not require annotations over the whole dataset. Researchers propose a pipeline system implemented by recent text and code encoders to evaluate model performances on this challenge. The experimental results confirm that clarification questions and answers are strong information-gathering methods for better generation of code while deciding when to ask clarification questions and what clarification questions to ask to remain challenging. In future works, they propose to improve clarification questions for higher user engagement and question diversity, study the lack of user intent completeness beyond the level of operations, and introduce conversational relations between clarification questions.

B. THE USE OF LLMS IN EDUCATION

The approach proposed in [START_REF]Reading Comprehension Quiz Generation using Generative Pretrained Transformers[END_REF] focuses on the use of GPT-3 to generate multiple-choice questions and answers for a reading comprehension task and claims that automated quiz generation does not reduce not only the burden of manual quiz design for teachers but, above all, provides a useful tool for students to practice and test their knowledge during learning and during exam preparation. Researchers declared some limitations of this research, the first limitation is the used models are mostly trained on the English language, and they will not fully generalize to other languages. Another limitation is that the fine-tuned GPT-3 models are costly. The last one is that the generated answer contains correct information but is not always a valid answer to the question.

In this context, another study made by Steven Moore, et al. [START_REF] Moore | Assessing the Quality of Student-Generated Short Answer Questions Using GPT-3[END_REF], used a fine-tuned GPT-3 model to assess studentgenerated responses for chemistry education and claim that these models could be a powerful tool to help teachers assess the quality and pedagogy of student responses, especially when fine-tuned to the specific subject.

In addition to that, [START_REF] Bernius | Machine learning based feedback on textual student answers in large courses[END_REF] focuses on the use of LLMs to generate feedback on students' verbatim responses in large courses, where assessment effort could be reduced by up to 85% with high accuracy and improved quality. Training based on assessments of past exercises allows the model to profit from additional knowledge captured in these reviews. However, future work needs to evaluate whether training data from the same exercise in previous years can improve the coverage or accuracy of feedback suggestions.

Another approach proposed in [START_REF] Tack | The AI Teacher Test: Measuring the Pedagogical Ability of Blender and GPT-3 in Educational Dialogues[END_REF], consists of improving the ability of conversational agents to respond adequately to a student in an educational dialogue. Both models used in this work Blender and GPT-3 were able to respond to a learner adequately and generated conversational dialogues that give the impression that these models understand the learner. Although the test does not corroborate that Blender can actually outperform a human teacher, there is nevertheless a closer gap with human performance when it comes to understanding the student. In this section, we have covered research related to problems associated with LLMs as well as their application in education. Moving forward to the next section, we will examine the advantages and limitations of utilizing ChatGPT.

The table below displays a comparison of the previously mentioned approaches regarding the utilization of LLMs in education:

IV.

ADVANTAGES AND LIMITATIONS OF CHATGPT

In this section, we will point out the advantages and limitations of ChatGPT:

As a machine learning model, ChatGPT has the capability to assist with a wide range of tasks involving NLP. Due to its training based on a large dataset of text, it can understand and produce human-like responses to a wide range of questions and requests. Some of its potential benefits include improved efficiency and accuracy in NLP-related tasks, quick and accurate responses to a wide range of questions, and assistance with a wide range of tasks that require the understanding and generation of natural language.

For Limitations, ChatGPT sometimes responds with plausiblesounding but incorrect information, and fixing this can be a challenge as there's currently no source of truth during training (Fig. 2). On the other hand, if it is trained to be more cautious, it can end up declining questions that it can answer correctly. The second limitation is that the response of ChatGPT can be inconsistent if the input phrasing is slightly tweaked or the same prompt is made multiple times. In such instances, the model may claim not to know the answer or may answer correctly. Also, the model can be extremely verbose, and certain phrases are excessively used. Due to the biases in the training data and over-optimization.

ChatGPT does not ask clarifying questions, it takes a guess when the user provides an ambiguous query. Ideally, it should ask clarifying questions. Another limitation, it can generate similar texts to existing content, which can lead to plagiarism. And the major limitation is that ChatGPT's data is limited up to 2021 as shown in Fig. 3. The chatbot does not have an awareness of events or news that have occurred since then. These limitations don't prevent ChatGPT from being a fascinating and useful tool. To get the best answers from ChatGPT, there are a few pieces of advice about how to use the tool responsibly and effectively:

• Ask ChatGPT to explain the basics of a topic • Use it to brainstorm and explore ideas for research questions, outlines, etc. • Use prompts to specify the question, and provide instructions to the model. For example using ChatGPT to explain the sum of 2 and 2 for a child, as shown in the following figure: • Use temperature adjustment, which is a hyperparameter that can be adjusted by the user to control the creativity or diversity of responses generated. By default, GPT3 responses are generated with a temperature setting of 0.7, which generally produces reasonably diverse and consistent responses. However, the temperature can be adjusted based on user preference or a specific use case. • Don't Rely on ChatGPT for facts without checking other sources. In this section, we have discussed several advantages and limitations of ChatGPT. In the following section, we will provide conclusions and discuss future works.

V. CONCLUSIONS AND FUTURE WORKS

LLMs are impacting education globally and creating immediate challenges regarding the quality of assessment and triggering debates about the function of education and the way we learn. However, we also see opportunities to meaningfully integrate LLMs into learning activities, allowing students to gain inspiration, receive feedback and encourage reflection, implicitly activating critical thinking and digital literacy skills. The aim of this review is to study the use of LLMs such as ChatGPT in the education field. The review has considered that these models are an effective way to interact with learners and transfer knowledge to them. and several works are carried out to enhance the use of LLMs in this domain. In spite of that, the lack of transparency of LLMs can produce hallucinations or the generation of erroneous output. LLMs are language models, not knowledge models. This means they can generate incorrect information, especially when dealing with more specialized and uncommon topics not well represented in the training data. ChatGPT is the most prominent example of an LLM that is impacting education globally. ChatGPT cannot reason or produce original knowledge. However, it can combine information from different sources in such a confident and convincing way that it gives a semblance of understanding and reasoning. Also, it does not give specific and clear answers, it is the user who must make the effort of precision, and this can impact the user experience. As future work, we propose a real-time checker on the information generated by the LLMs when generating the text and also a feature that will allow ChatGPT to ask questions on the subject, which will allow it to customize the answer according to the user's profile and then generate a more accurate and precise answer.
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