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Abstract: AI in education is a topic that has been researched for the last 70 years. However, the last two years have seen 
very significant changes. These changes relate to the introduction of OpenAI's ChatGPT chatbot in November 2022. The GPT 
(Generative Pre-trained Transformer) language model has dramatically influenced how the public approaches artificial 
intelligence. For many, generative language models have become synonymous with AI and have come uncritically viewed as 
a universal source of answers to most questions. However, it soon became apparent that even generative language models 
had their limits. Among the main problems that emerged was hallucination (providing answers containing false or misleading 
information), which is expected in all language models. The main problem of hallucination is that this information is difficult 
to distinguish from other information, and AI language models are very persuasive in presenting it. The risks of this 
phenomenon are much more substantial when using language modules to support learning, where the learner cannot 
distinguish correct information from incorrect information. The proposed paper focuses on the area of AI hallucination in 
mathematics education. It will first show how AI chatbots hallucinate in mathematics and then present one possible solution 
to counter this hallucination. The presented solution was created for the AI chatbot Edu-AI and designed to tutor students 
in mathematics. Usually, the problem is approached so that the system verifies the correctness of the output offered by the 
chatbot. Within the Edu-AI, checking responses is not implemented, but checking inputs is. If an input containing a factual 
query is recorded, it is redirected, and the answer is traced to authorised knowledge sources and study materials. If a relevant 
answer cannot be traced in these sources, a redirect to a natural person who will address the question is offered. In addition 
to describing the technical solution, the article includes concrete examples of how the system works. This solution has been 
developed for the educational domain but applies to all domains where users must be provided with relevant information. 
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1. Introduction 
Artificial intelligence and the possibilities of its use in teaching have been the subject of didactic research for 
decades (Chen et al., 2020; Zhai et al., 2021). Zawacki-Richter has explored the possibilities of studies focusing 
on the use of AI in higher education and lists four areas of research focus in 2019 (Zawacki-Richter et al., 2019): 

• Profiling and prediction  
• Assessment and evaluation 
• Intelligent tutoring systems 
• Adaptive systems and personalisation 

The situation was similar in mathematics teaching (Hwang & Tu, 2021). The focus of research has been on how 
AI can impact and enhance the performance of mathematics students in their teaching and learning process, 
with most research focusing on the effectiveness of AI use (Mohamed et al., 2022).  

The professional and lay public's view of the possibilities of using AI in education was significantly changed by 
the publication of ChatGPT 3.0 in the fall of 2022. AI-driven large language models (LLMs) such as OpenAI's 
ChatGPT have become almost synonymous with AI. The new features offered by LLMs have taken the forefront 
of educational research (Zawacki-Richter et al., 2024; Crompton et al., 2024). Like all new technologies, LLMs 
bring benefits AND risks (Groza and Marginean, 2023). One of these risks is AI hallucination, i.e. providing 
incorrect or misleading results that AI models generate. Particularly around using LLMs to communicate directly 
with learners about educational content, AI hallucination can be a significant problem because LLMs provide 
incorrect answers with high fidelity, and learners may be unable to distinguish them from correct answers.  

This paper presents one way to solve, or at least reduce, the AI hallucination problem. The solution was 
developed and used within the Edu-AI.eu project to create a chatbot for tutoring students in mathematics and 
the Czech language. 

2. Chatbot Edu-AI 
Chatbot Edu-AI is an application created to tutor primary and secondary school students. The application 
involves students interacting with an AI chatbot, which presents them with pre-prepared mathematical 
problems. It is important to note that the AI’s role is not to generate or prepare mathematical content but rather 
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to facilitate communication with the student beyond the assigned tasks (Jančařík et al., 2023). The application 
currently covers all the topics that appear in the entrance exams to secondary schools in the Czech Republic. 
The application presents students with tasks based on their choice and previous answers (see Jančařík et al., 
2022). A sample of such a task is shown in Figure 1. 

 
Figure 1: Sample problem: Are the triangles congruent? Why? 

Since this is a chat application, there may be a situation where a student does not know what it means that the 
triangles are congruent and asks this question in the chat. In this case, the app's creators wanted to make sure 
that the answer the student receives is correct. Therefore, the learner does not receive a direct answer but is 
offered a link to open a menu of learning materials that address the topic (see Figure 2). 

 
Figure 2: Answer to the question: What does it mean that the triangles are congruent? 

In this case, 161 teaching materials were found, so the student must specify which materials he/she is interested 
in; for example, he/she can choose teaching videos for primary school. All the resources referenced by the 
application in the case of a factual query have been peer-reviewed and can be considered validated. 

3. AI Hallucination in Mathematics 
This procedure is chosen because LLMs can sometimes hallucinate and provide misleading answers. This 
problem occurs in various areas but is often very pronounced in mathematics (Poola, 2023). We will demonstrate 
the problem with the previous example. We get the correct answer if we ask the same question to the ChatGPT 
application (see Figure 3). 
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Figure 3: ChatGPT answer to the question: What does it mean that the triangles are congruent? 

So, there does not seem to be a problem in this case. Copying the problem specification into the query is 
possible, and ChatGPT will solve the job correctly (see Figure 4). 

 
Figure 4: ChatGPT solution of the problem 

However, the impression that ChatGPT is already capable of a similar task is illusory, and the hallucination 
problem is revealed in full if we present the same task to the application, with only a slight change in the 
assignment by moving the label of side b (see Figure 5). In this case, the answer is a detailed analysis of the task 
with the same conclusion that both triangles are identical. However, in this case, this answer is incorrect. 
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Figure 5: ChatGPT incorrect solution of the problem 

The indistinguishability of correct and incorrect answers led to the need to develop a solution that would avoid 
confusing students. We present a description of the implemented solution below. 

4. Implemented Solution of AI Hallucination in Chatbot Edu-AI 
The solution implemented within the Edu-AI application is that all inputs given by the learner are analysed by 
the LLMs (currently Chat GPT 4) before being processed by the exerciser. The chatbot consists of a rule-based 
in-domain module, where individual learning exercises are implemented, and an open-domain module, which 
handles queries not focused on carrying out the learning exercises. The open-domain module (Fig. 1) operates 
in the following fashion: 

1. First, all queries undergo basic preprocessing (accented character correction; Richter et al., 2012) 
2. The queries are passed through an intent classifier (Section 4.1). We use five general intents:  simple 

queries (such as “What is the time?”) for handcrafted handling, returning to the in-domain module, 
searching for learning materials, factual questions, and chitchat. 

3. A rule-based dialogue manager decides on further treatment of the input, simply depending on the 
intents. This includes handling the handcrafted intents and returning control to the in-domain 
module. Learning material search is redirected to the Czech school ministry’s EMA learning materials 
database.  

4. Question intents are passed to two question-answering (QA) modules, one for domain-related 
questions and another for open-domain, based on Wikipedia (Sections 4.2 and 4.3). 

5. The chitchat intent is forwarded to a chitchat module (Section 4.4). 

The whole open-domain module runs as a simple HTTP server. A simple keywords-based filter is included to 
avoid responses involving age-inappropriate or potentially offensive topics. 

 
Figure 6: The overall architecture of the system. 

4.1 Intent Classifier 

Our intent classifier is based on the RobeCzech neural language model (Straka et al., 2021), which has been 
pretrained for masked language modelling (i.e., guessing masked out words from their context; Devlin et al., 
2019) on vast amounts of Czech texts downloaded from the internet. We use this model as a starting point to 
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provide us with vector representation of Czech sentences (user inputs) and finetune (train) it using a custom 
dataset of ca. 5,800 utterances manually annotated with our intent labels. We can achieve >80% intent 
classification accuracy on a held-out test portion of our data. 

4.2 Domain-Related Question Answering 

For the domain-related QA, we currently support two databases, which are switched based on the source of the 
HTTP request on the system, i.e., depending on the website the user is looking at. This means the same 
underlying chatbot can show different behaviour on different websites.  

The QA starts with a full-text search in a database of frequently asked questions and corresponding answers 
related to the domain. We use Solr (https://solr.apache.org/ ) for data storage and full-text search. Before the 
search, the user query is filtered based on part-of-speech detection (Straková et al., 2014); only nouns, 
adjectives, verbs and adverbs are retained. The query is further lemmatised (converted to base word forms, 
removing plurals, verb tense, case endings, etc.), and standard abbreviations (chosen from a manually compiled 
list) are expanded to their complete forms. 

The Solr full-text query returns the top 10 results, which are further re-ranked to choose the one that best 
matches the user query. Here, we use neural vector representations of sentences (embeddings, Bengio et al., 
2003) and the cosine similarity of the user query to the retrieved questions as a matching criterion. We use the 
Seznam RetroMAE-small model (Bednář et al., 2023), which we selected based on evaluating multiple sentence 
embeddings on small test queries. 

4.3 Open-Domain Question Answering 

The open-domain one is more complex than the domain-related QA system. It uses the exact Solr full-text search 
and part-of-speech query filtering. However, this time, the user query is not compared to questions from a 
database but to Wikipedia article titles and excerpts (paragraphs). Article title matches are prioritised. In this 
case, the reranking uses a multilingual SBERT sentence embedding model (Reimers and Gurevych, 2019), as we 
found it more accurate in comparing the similarity (relatedness) of questions to text paragraphs. 

Unlike the domain-related QA, where the database already contains ready-made answers, the Solr search and 
reranking result is a Wikipedia paragraph, which, in an ideal case, contains the reply. The reply must first be 
extracted and passed to the user. We use GPT4-turbo (OpenAI, 2023) for this task. We prompt the model to 
respond to the user question given the extracted paragraph and give it the option to indicate that the extracted 
paragraph is, in fact, not relevant. If the extracted paragraph is irrelevant, we pass GPT4 the question without 
additional data and ask for an answer. In this case, the chatbot output indicates lower confidence (“I am not 
sure, but I think…”). 

4.4 Chitchat 

For chitchat, we use a pipeline based on machine translation into English and back and the AIML pattern-
matching chatbot engine (Wallace, 2009). We opted to use a rule-based chatbot over a neural trainable system 
to retain complete control of the responses. We previously experimented with the BlenderBot neural chatbot 
(Roller et al., 2021) and found that it would often steer the conversation towards inappropriate topics. Having 
decided on AIML, we customised the patterns of the existing ALICE chatbot (Wallace, 2009) for our purposes. 
We opted for pattern matching in English as this avoids the morphological complexities of Czech, and we used 
machine translation (Popel et al., 2020) to achieve this. The translation of the AIML output back into Czech is 
post-processed by syntax-based rules built on top of the UDPipe syntactic parser (Straka, 2018) to ensure the 
chatbot shows a consistent gender in its responses. 

5. Conclusion 
We know that LLMs are undergoing a rapid evolution, including minimising AI hallucinations. The progress in 
this area is evident. Problems that we used to demonstrate problems with math tasks last year or the year before 
are now very often solved correctly. It is equally likely that the problem used as a demonstration in this paper 
will no longer be current by the time of the conference presentation. However, the hallucination problem is 
much deeper and is not likely to be solved anytime soon. In addition, there will always be a need to provide a 
link to specific information or relevant, pre-prepared resources instead of a general answer within the chat. 

While the solution we present in this paper was developed for the needs of one Czech tutoring application, it is 
generally portable and applicable in a broader context. The procedure can be used whenever there are 
guaranteed sources of information. In our case, these were proven sources of educational material provided by 
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one of the project partners. We are also aware that operator redirection can reduce system efficiency. We can 
consider replacing it with an automatic response that the chatbot cannot find a verified answer to the query. 

Further research will focus on the solution's reliability and user feedback, including mapping how much users 
use the given links and how they perceive them compared to the text-based response. 
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