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Preface

Education as an application domain of AI encompasses manifold im-
portant use cases and specialized settings, ranging from early education
to advanced university programs. Currently, several European countries
attribute funding to improving Al education and it thus appears most nat-
ural to employ Al techniques for this purpose as well. This workshop
brings together researchers involved in these diverse European programs
investigating, developing or exploring Al techniques for AI education.

The Second Workshop on Artificial Intelligence for Artificial Intelligence
Education (AI4AlLearning) has been held on September 24, 2024, in con-
junction with the 47th German Conference on Artificial Intelligence in
Wiirzburg, Germany. It follows the first workshop AI4AILearning which
has been held in conjunction with ECAI 2023 in Krakau, Poland. The
workshop provided a platform for exchange of ideas and experiences un-
der the general theme of Al for education, specializing on university edu-
cation in Al. We also wish to contribute towards forming a European com-
munity on the theme of AI for Al education and foster basic research as
well as the development of intelligent assistance technology in a multi-
disciplinary setting in order to improve Al education by making use of AI
technology itself: AT4AL.

In the workshop, six contributions were presented in full or short talks,
along with an additional demonstration. The technical contributions are
published in this collection. The contributions discussed at the workshop
tackle different use cases of Al in teaching Al. One group of papers is
concerned with the development of intelligent tutor systems for improv-
ing programming education that is foundational to most Al curricula. An-
other group of papers investigates the effect of employing Al techniques
in education, especially considering machine learning techniques. The
AT4AI workshop also featured discussions and a keynote by Adish Singla
(Max Planck Institute for Software Systems, Germany). Organization of
the workshop was supported by additional reviewers, whom the
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organizers gratefully acknowledge. Furthermore, we thank Adrian Volker
for technical support of the workshop and this proceedings volume.

The organizers hope that the intense discussions at the workshop will
continue and contribute to improving the ability of the Al community to
educate the next generation of Al research.

September, 2024

Ute Schmid
Jochen L. Leidner
Michael Kohlhase

Diedrich Wolter
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Invited Talk: Al-driven Educational Technology for Com-
putational Thinking and Programming

Adish Singla

Machine Teaching Group, Max Planck Institute for Software
Systems, Saarbriicken, Germany
adishs@mpi-sws.org

Abstract

Computational thinking and basic programming skills are essential for
everyone in the 21st century, both for students and adults, to thrive in the
digital society. Consequently, there is an increasing emphasis on intro-
ducing computing and programming education at an early age, starting
at elementary-level grades. However, given the conceptual and open-
ended nature of programming tasks, novice learners often struggle when
solving programming tasks by themselves. Given the scarcity of human
tutoring resources to provide individualized assistance, Al-driven educa-
tional technology has the potential to provide scalable and automated as-
sistance to struggling learners. In this talk, I will present our work on Al-
driven programming education empowered by automated techniques for
synthesizing new practice tasks, generating personalized feedback, and
modeling learners' knowledge. I will describe unique challenges and op-
portunities in the programming domain, which can also drive the next
scientific breakthroughs in Al-driven education for other subject do-
mains. I will conclude with a discussion of crucial ingredients to succeed
in making programming education easier and accessible for all.
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Chat with your Lecture Recording — Creating easy-to-use
Chatbots for Learning Videos

Sebastian Hobert
TH Liibeck

sebastian.hobert@th-luebeck.de

Abstract

Educational chatbots represent a promising technology for improving
learning. Prior research studies revealed the benefits of using chatbots in
educational settings, e.g., to enable students to engage with learning con-
tent. However, the technology is not widely used in teaching practice. In
response to this gap between scientific findings and usage of the technol-
ogy in practice, we aim to enable lecturers to create their own customized
chatbots based on educational videos by developing a chatbot creation tool
that can create tailored chatbots (semi-)automatically. Following a design
science research approach, we iteratively designed a software prototype
that can convert lecture recordings or similar learning videos into chat-
bots. The specialty of the prototype is that it is designed to make the chat-
bot technology accessible to lecturers by reducing technical barriers. With
the help of the prototype, it is possible to adapt the chatbot to the lecturer’s
teaching content without the need for a time-consuming, manual creation
of a knowledge base. Our evaluation with experienced lecturers, instruc-
tional designers, and developers of educational technology indicate posi-
tive results. In this paper, we present the results of our development and
evaluation process.

Keywords Chatbot, Technology-Enhanced-Learning, Video-based Learn-
ing, Large Language Model, Education
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Introduction

Chatbots have been used and researched in educational settings for years
(see, e.g., Hobert & Meyer von Wolff, 2019; Winkler & Sollner, 2018;
Wollny et al., 2021). Many different use cases have been analyzed in the
past. Use cases for chatbots in educational settings are, for instance, sup-
porting students in language learning (Huang et al., 2022), supporting
students in learning programming (Hobert, 2023), or improving video-
based teaching by integrating chat interactions (Winkler et al., 2020).

When integrating chatbots into online learning settings, the engagement
of users with the learning content typically changes. Typical passive inter-
actions with learning content like reading textual learning modules or
watching videos can be extended by conversations with a chatbot. This has
been found to be supporting for the learning process, e.g., for engage-
ment, learning, and self-efficacy (Chang et al., 2022).

Although positive effects of well-designed chatbots on the learning pro-
cess are to be expected, and many use cases have already been researched,
no widespread use of chatbots to support learning can be identified in
teaching practice. Grounded in our experience of integrating educational
chatbots into multiple field settings in the past (e.g., Hobert, 2023; Hobert
& Berens, 2024), we consider various reasons to be particularly important:
(1) Teachers need easy-to-use tools to create their own chatbots. (2) Creat-
ing sufficient materials for training a chatbot manually is time-exhaustive.
(3) Available chatbot tools are often aimed at technology-affine users.

The emergence of large language models (LLMs) seems to be a catalyst
for educational chatbots. Available tools make it easy even for less tech-
nology-affine users to create customized chatbots for various settings.
However, a prerequisite for this is the availability of textual content (such
as slides, books, or scripts) specifically aligned to the course. In teaching
practice in formal learning scenarios, however, it can be experienced that
although the available learning materials (often slides) provide a basic
building block, much additional knowledge is conveyed orally in face-to-
face lectures, video conferences, or on the spoken track of recorded
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learning videos. If teachers are required to reproduce all of the knowledge
conveyed orally in full in writing, this, in turn, involves a great deal of
additional effort.

Based on this problem and with the aim of easily integrating chatbots into
our own Al courses, we aim to make chatbots easy to create and easy to
customize based on lecture recordings. To this end, we follow a design
science research approach (Hevner, 2007; Hevner et al., 2004) to design
and evaluate an educational technology tool that allows lecturers to create
customized chatbots based on learning videos. The underlying idea is that
lecturers do not have to spend any additional time creating written teach-
ing materials but can simply use a recording of their lecture as a basis.
Thus, we aim to answer the following research question: How to enable
lecturers to create their own customized chatbots based on educational
videos? To answer this research question, we build on our experiences
from various previous chatbot studies. In contrast to these prior studies
(e.g., Hobert, 2019, 2023; Hobert et al., 2023; Hobert & Berens, 2024; Win-
Kkler et al., 2020), in which we spent a lot of time and effort to manually
create knowledge bases, the further development in this project is to au-
tomate the creation of a knowledge base using the technology of LLMs. In
doing so, we want to take a small but relevant step towards the further
dissemination of chatbots in educational settings.

Theoretical Background

Educational chatbots can be defined as software programs that interact
with learners using natural language (Felstad & Brandtzaeg, 2020; Hobert
& Meyer von Wolff, 2019) in educational settings (like lectures or online
courses). By providing a chat-based user interface, educational chatbots
aim to mimic human-like interactions (Felstad & Brandtzaeg, 2020;
Weizenbaum, 1966), e.g., about learning content or organizational as-
pects of learning.

In recent years, educational chatbots received substantial research inter-
est, which is reflected in the emergence of several literature reviews (e.g.,
Hobert & Meyer von Wolff, 2019; Winkler & Séllner, 2018; Wollny et al.,
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2021). In prior research studies, many purposes and use cases have been
researched (like language learning (Huang et al., 2022), programming
(Hobert, 2023), enhancing video-based learning (Winkler et al., 2020), or
corporate training (Hobert et al., 2023)). Summarizing the results of prior
research shortly, it can be concluded that educational chatbots seem to be
able to foster students’ learning in many different use cases.

From a theoretical point of view, the benefit of including chatbots in edu-
cational settings for supporting learning processes can, for instance, be
explained with the ICAP framework (Chi & Wylie, 2014). According to the
ICAP framework, it is to be expected that learning success can be fostered
by increasing learning engagement (Chi & Wylie, 2014). Purely text-based
or video-based online learning formats can often be regarded as rather
passive. This can also apply to (large) lecture formats with limited interac-
tion. According to the framework, however, interactive formats, such as
discussions, are considered to be beneficial for successful learning pro-
cesses. This is where educational chatbots can support the learning pro-
cess, as they can discuss and interact with users (even in purely online
formats) using natural language. Therefore, it is to be expected that more
interactive learning settings can be created with the help of educational
chatbots.

Building on the promising prior research results and the theoretical
grounding in the ICAP framework (Chi & Wylie, 2014), this research pro-
ject aims to support lecturers in integrating educational chatbots in their
educational settings to improve students’ learning.

Research Design

In this project, we follow a design science research-oriented research de-
sign. We specifically base our methodology on the three-cycle design sci-
ence research framework (Hevner, 2007; Hevner et al., 2004). To develop
our software prototype and the underlying technical process to create chat-
bots (semi-)automatically from learning videos, we first ground our de-
sign process on our own prior research studies on chatbots in the educa-
tional sector (e.g., Hobert, 2019, 2023; Hobert et al., 2023; Hobert &



Chat with your Lecture Recording — Creating easy-to-use Chatbots for Learning Videos

6

Berens, 2024; Winkler et al., 2020) and related learning theories (i.e., the
ICAP framework (Chi & Wylie, 2014)). Additionally, we ground our re-
search results on the application context (i.e., the environment) and the
expertise of experienced educators.

Environment

Application Domain:
Video-based learning setting

Design science research

Knowledge base

Creation of
conceptual design and

Foundations:
Prior chatbot studies,
scientific literature &

People: software prototype theories (esp. [CAP
—Lecturers framework)
—Students

Relevance cycle . ngm_‘ cycle
Problem: — Requirements Deflgn - Gmtlulxdmg
Interactive learning — Field Testing G ~ Additions to KB

settings are expected to be
beneficial for learning
success, however,
interaction in video-based
teaching is usually limited.

Design science research cycles

Result:

Software prototype, chatbot
creation process. design
knowledge

Evaluate

G Specifying the problem statement

° Implementing the software prototype
e Deriving Requirements

e Evaluating the software prototype
ﬂ Revising the software prototype

Steps

° Designing the technical process

o Technical evaluation o Documenting the design knowledge

Fig. 1. Design science research process (adapted from (Hevner, 2007;
Hevner et al., 2004)).

As displayed in Fig. 1, the research process consists of eight consecutive
steps. First, we derive the underlying research problem from the educa-
tional practice (relevance cycle) as well as from prior research studies and
learning theory (rigor cycle). Based on this, we derive software require-
ments and design the technical process to (semi-)automatically create a
chatbot from an educational video. In the fourth step, we technically eval-
uate the capabilities of the technical process before we implement a web-
based software prototype in the fifth step. In an evaluation study with ex-
perienced lecturers, instructional designers, and developers of educa-
tional technology, we evaluate the software prototype to identify sugges-
tions for improvements. Finally, we revise the prototype and document
the design knowledge in this paper.
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Design and Evaluation

Specifying the Problem Statement

As motivated in the introduction section, we aim to improve the interac-
tion of students with learning content by enabling lecturers to create edu-
cational chatbots easily. In typical video-based learning settings, students
watch learning videos (e.g., lecture recordings, micro learning videos, or
recordings of hands-on tutorials) in a rather passive way. Interacting with
learning materials in a passive way is, however, expected to be less suc-
cessful in terms of fostering learning success compared to active, con-
structive, or even interactive learning settings, according to the ICAP
framework (Chi & Wylie, 2014).

Fostering the interactivity in asynchronous video-based learning is, how-
ever, not easy as students typically watch videos not in a formal learning
environment (e.g., at home for the exam preparation). One possibility to
increase the interactivity is the integration of chatbots (i.e., pedagogical
conversational agents). For instance, in a prior research study it could be
shown that learning success in a video-based learning setting can be fos-
tered when specifically designed chatbots are integrated to interact with
students about the video’s learning content (Winkler et al., 2020).

Integrating chatbots in a similar way as it was done in Winkler et al.,
(2020) is, however, challenging for lecturers as it requires a lot of addi-
tional (manual) work. This can particularly be explained by the required
design process of a tailored chatbot. So far, as in Winkler et al., (2020), the
learning materials must be specifically prepared to be accessible by a chat-
bot. In a learning video and specifically in a lecture recording, the learning
contents are typically not fully available in written form and can, thus, not
easily be integrated into common chatbot platforms. To address this prob-
lem, we aim to extract not only the learning content from lecture slides
but also the lecturer’s voice-based instructions from learning videos. Us-
ing this extracted information, we aim to automatically create a knowledge
base that can be used by an LLM-based chatbot to answer students’ ques-
tions. In doing so, we are focusing on a content level in which a chatbot
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is provided that can answer content-related questions about the given
learning video (e.g. “What is the definition of term XY?”, “Please explain
term XY again in different words”, “Please summarize the most im-
portant aspects of the video.”).

Deriving Requirements

As outlined in the introduction section and based on the problem state-
ment, the software to be designed should be able to create chatbots in an
easy-to-use way even by less technology-affine lecturers based on educa-
tional videos. To this end, we derived requirements as the basis for the
subsequent implementation process (see Table 1). First, the software to
be designed needs suited functionalities to select and upload a learning
video (R1). Ideally, the lecturer should not need to care about specific
video codecs or formats as this would hinder less technology-affine lectur-
ers. After uploading the video, a (semi-)automated process should start to
create the chatbot’s knowledge base and initiate the chatbot. To this end,
the learning content of the uploaded video needs to be extracted (R2). This
should include the learning content from slides as well as the lecturer’s
voice-based instructions. Based on the extracted learning content, a suita-
ble knowledge base should be created automatically (R3) that can be used
by state-of-the-art chatbot technology (i.e., LLMs) as an input to provide
chatting functionalities using an easy-to-use user interface for students
(R4). The whole creation process should be provided in an easy-to-use user
interface guiding lecturers step-by-step through the creation process with-
out needing specific technical knowledge (R5).
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Table 1. Overview of the core requirements for the software prototype.

# | Description
Provide functionalities to select and upload arbitrary learning vid-

R1
€0s

Provide functionalities to automatically extract the learning content
R2 | from a learning video (including the content from slides and the
lecturer’s voice)

Provision of functionalities for the automatic creation of a suitable
R3 | knowledge base based on the automatically extracted learning con-
tent

R4 Provide chatting functionalities using an easy-to-use user interface
for students

RS Provide an easy-to-use user interface guiding lecturers through the

creation process without needing specific technical knowledge

Designing the Technical Process

Based on the derived problem statement and the corresponding require-
ments, we designed the technical process visualized in Fig. 2. We divided
the chatbot creation process into four subprocesses: (1) video pre-pro-
cessing, (2) extraction, (3) LLM-based pre-processing, and (4) chat.

At the beginning of the video pre-processing, the video must first be up-
loaded. After completing the upload, the video can be analyzed to detect
the different slides. To do this, the video stream is analyzed and it is de-
tected when the visual content changes substantially. This is interpreted
as a slide transition and is used for splitting the video into chunks. After
splitting the video into smaller chunks (aligned with the slides), the first
subprocess terminates. In the second subprocess, the learning content is
extracted from the video chunks. For each video chunk, the textual content
of the slide is extracted using optical character recognition (OCR). Addi-
tionally, the audio of the video chunk is extracted and transcribed using
speech-to-text (STT).
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Fig. 2. Derived process to automatically create a chatbot from educational
videos

Using the extracted textual information from OCR and STT as the input,
the LLM-based pre-processing starts. First, using an LLM the STT-based
textual extraction of the speaker’s voice is improved. To this end, the LLM
is prompted to “correct only spelling mistakes and grammatical errors”.
This step seems particularly helpful as automatic transcriptions using
STT are — according to our experience — often prone to grammar and
spelling issues. The reason for this is that lecture recordings are often rec-
orded spontaneously in the lecture hall without following a detailed man-
uscript. The spoken language, therefore, often contains mistakes that do
not typically occur in written learning materials. Using an LLM for im-
proving automatic transcriptions works well — at least for our tests during
this research project. The improved transcriptions, as well as the extracted
texts from the slides (OCR), are then further processed. Creating sum-
maries of all slides and the entire lecture video and extracting key points
seem to be particularly helpful. To this end, we prompt the LLM to create
such summaries for the extracted content. For instance, we prompt the
LLM to “summarize the text in one sentence” or to “list the most
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important key points”. These summaries and key points are then used to
create an embedding database together with the extracted and improved
content of the OCR and STT steps.

Finally, a chatbot can be provided using retrieval augmented generation
(see, e.g., aws.amazon.com, 2024). With this method, the chatbot is then
able to respond to the user’s questions. To this end, the user first need to
ask the chatbot a question. This question is then passed to the embed-
dings database to conduct a similarity search. The most relevant results
from the similarity search are then passed to the LLM, which is promoted
to “answer the question briefly in two sentences” and to “use the following
information from [the similarity search]” as a basis. This has the effect
that the chatbot’s response depends to a large extent on the results of the
similarity search and the answer generation by the LLM. Since the pro-
cessed content of the learning video is stored in the embedding database
(see previous steps), the generation of the response is aligned to the con-
tent of the learning video.

Based on the technical design of the process, we implemented it as a col-
lection of multiple small Python and bash scripts using common open-
source tools and libraries (like pytesseract (Github, 2024c) for OCR, whis-
per (Github, 2024a) for STT, chroma (trychroma.com, 2024) for the em-
bedding database, and ffmpeg (ffmpeg.org, 2024) for analyzing and split-
ting the video). This collection of scripts was used as the input for the
technical evaluation and allowed the designed technical process to be fully
tested.

Technical Evaluation

Before implementing a full user interface to execute the designed tech-
nical process, we aimed to test the technical process manually in a first
technical evaluation. To this end, we selected ten different learning videos
from our own lectures and ran the full process manually. Afterward, we
manually tested the quality of chat conversations.
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To generate exemplary chat messages, we use exemplary user messages
retrieved from prior chatbot studies that we conducted in previous years
(e.g., (Hobert, 2023; Hobert & Berens, 2024)). For instance, we tested the
following messages: Please define the term $topic. What is meant by $topic?
What is the video about? On which slide can I find more information about
$topic?

Whereas questions about getting a summary or about defining specific
terms mentioned in the videos resulted in good-quality answers, getting
information about where to find specific information (e.g., on which slide)
was less successful. The reason for this was that we did not provide the
slide number as an information to the LLM. After adding this information
to the database, the answer quality increased, and the LLM was capable of
responding to these types of questions as well. After getting a sufficiently
high answer quality with our ten exemplary learning videos, we decided
to continue with the implementation of a fully functional software proto-

type.

Implementing the Software Prototype

To enable lecturers — even without specific technical knowledge — to create
chatbots for their lecture recordings easily, we implemented a web-based
software prototype using Python’s Flask framework (Github, 2024b). To
design an easy-to-use user interface, we rely on the MIT-licensed Tabler
UI kit (The Tabler Authors, 2024).

To implement the technical process, we refined our script collection im-
plemented during the design of the technical process and integrated it
into our web-based user interface.

As visualized in Fig. 3, the resulting user interface guides the lecturers
step-by-step through the creation process. The procedure consists of one
introductory welcome screen (step #1), six intermediate steps (#2 — #7) for
video pre-processing, extraction, and LLM-based pre-processing, and fi-
nally, the user may directly interact with the resulting chatbot while being
able to watch the video at the same time (#8).
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Fig. 3. Overview of the implemented software prototype

Evaluating the Software Prototype

To evaluate the software prototype, we created an online survey and dis-
tributed it among experienced lecturers, instructional designers, and de-
velopers of educational technology. Hereby, we chose a mixed-method
evaluation, as similar approaches have been shown to be suited for evalu-
ating and developing chatbot-based system in prior studies (e.g., Hobert,
2019; Hobert & Berens, 2024).

Within the online evaluation, the participants first received a written in-
troduction to the overall context of the research project, including further
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information on the scientific background. Afterward, we asked the partic-
ipants to self-evaluate their AI literacy using the Meta Al Literacy Scale
(Carolus et al., 2023). We included the measurement of Al literacy to en-
sure that the participants had sufficient prior knowledge of Al In the next
step, the usage scenario was introduced in an executive summary and the
software prototype with an exemplary learning video was demonstrated in
a video screencast. Demonstrating the prototype in a screencast ensured
that all participants had the chance to get insights into all steps of the pro-
totype. After this demonstration step, the participants were asked to eval-
uate the software prototype using the user experience questionnaire
(UEQ) scale (Laugwitz et al., 2008). Finally, we asked the participants for
qualitative feedback to give us additional insights on how to improve the
prototype. Hereby, we were particularly interested in aspects of the proto-
type that were considered to be useful and valuable, as well as possible
suggestions for improvement.

Quantitative Feedback on the User Experience

The participants evaluated the user experience of the developed software
prototype positively in all six sub-scales of the UEQ (Laugwitz et al., 2008).
According to the benchmark included in the UEQ Data Analysis Tools
(The UEQ Team, 2024), the software prototype was rated as excellent in
terms of attractiveness, perspicuity, efficiency, simulation, and novelty.
Only in the scale dependability, it receives lower but still positive ratings.
This can maybe be explained by the nature of the creation process. During
the semi-automated process, most steps are automatically executed by the
system, and the results are dependent on the results of the large language
model. This can maybe result in a feeling that the next steps are less pre-
dictable compared to traditional, not Al-supported, systems. Overall, the
results of the user experience evaluation do not indicate any major prob-
lems.
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Qualitative Feedback

To analyze the qualitative feedback collected as part of the evaluation pro-
cedure, we aggregated and categorized the mentioned aspects. We trans-
lated selected quotes into English to include them in this paper.

1. Positive Aspects

First, we analyzed the aspects of the prototype that were particularly
named as useful and valuable. Related to this question, the participants
named 33 aspects, which we aggregated. Many aspects were mentioned
by several participants, so a total of four major aspects emerged after we
finished our qualitative analysis.

The simplicity of the usage of the creation process of the chatbot was
named by many of the participants. For instance, the participants high-
lighted the simplicity of the “automatic creation of the chatbot” and the
“simple usage and process”.

Closely related to simplicity is the intuitive user interface. Hereby, the par-
ticipants stated that “the individual steps are displayed clearly”, and “the
look and feel correspond to the familiar interface of chats”. The qualitative
statements related to the user interface are in line with the quantitative
feedback on the user experience.

The possibility to interact with the chatbot about the specific learning con-
tent of the uploaded video was named by multiple participants as a major
benefit. For instance, one participant highlighted “the ability to interact
with the chatbot, e.g., to give instructions and ask questions”. The natural
language conversation with the chatbot (“interaction using free text in the
user’s natural language”) was also highlighted as a benefit.

Finally, the (semi-)automatic processing of the video and its content was
evaluated as particularly valuable. The participants mentioned this aspect
the most. For instance, participants highlighted that “the slides are auto-
matically recognized from the video and [that] the text is automatically
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extracted”, “the chatbot can specify the slides on which the answer is
based on when asked”, “the ability to extract and analyze both written and
spoken language”. These quotes highlight once again the usefulness of
the implemented process to (semi-)automatically generate the chatbot
based on the video.

2. Suggestions for improvement

The participants made 39 suggestions for improvement. Many of them
were named multiple times. After aggregating them, we resulted in four
aspects related to the creation process of the chatbot and two aspects re-
lated to the learners’ interaction with the chatbot.

First, multiple participants requested the possibility to enable uploads for
further documents in addition to the learning video. For instance, “addi-
tional textual lecture materials or literature sources” could be uploaded.
One participant also suggested including the software artifact directly into
a learning management system and enabling the import of the content of
the entire course into the video.

In addition, multiple participants asked whether it would be possible to
provide a multilingual chatbot that is capable to converse, for instance, in
either German or English. This form of internationalization would enable
non-native speakers to interact more easily with the learning content.

To make the creation process of the chatbot more transparent, it was sug-
gested to provide “more detailed explanations in the intermediate steps”
while the chatbot is created. This suggestion is somehow contradicting to
the suggestion to “automate the next buttons for the intermediate steps”,
which was state by another participant.

One participant requested to offer better possibilities for quality assur-
ance. For instance, she or he suggested offering the possibility to read the
automatic transcription from the video. This seems to be an interesting
suggestion at first glance, but it is — according to our opinion -
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questionable whether this really would improve the quality of the output
as the transcription are only one building block for the generation of the
chatbot’s answer using the LLM.

In addition to these suggestions for improvement targeting the creation
process, two further aspects were suggested related to the learners’ inter-
action with the chatbot.

First, it was requested by several participants to include the possibility to
jump directly to the slide when the chatbot mentioned a specific slide: “It
would be good if I [...] can jump directly to the point in the video where
the information is mentioned”. This would enable learners to watch the
specific section of the video once again.

Finally, some participants asked to proactively offer learners the possibil-
ity to get a summary or the key message of the video. This could for in-
stance be included in the starting point of the conversation.

According to our assessment, the suggestions for improvement seem to
be helpful and might contribute to further improve our developed soft-
ware artifact.

Nevertheless, we also want to disclose one mostly critical aspect men-
tioned by one participant who responded that “I can also just take the
slides and search for terms using the search function. That would be more
efficient on the one hand and would also show me 1:1 what is relevant
without additional information.” This statement seems controversial but
misses — according to our estimation of the benefits of chatbots in educa-
tional settings — that chatbots allow learners a different way of interacting
with the learning content using natural language conversations.

Revising the Software Prototype

Based on the suggestions for improvements revealed in the qualitative
feedback, we revised our software implementation. In particular, we re-
vised the prototype in four areas. (1) We enabled the possibility to upload
not only one video during the creation process but users are now allowed
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to also upload further text documents at the same time. These text docu-
ments are processed similarly to the video without executing the tran-
scription and OCR steps. This enables lecturers to integrate additional
materials like handouts or speaker notes. (2) We added more explanatory
information on the processing steps and also automated the next buttons
at the same time (by moving to the next step after the processing steps has
finished either when the user clicks the next button or after a timer of 10
seconds expired). (3) For learners, we revised the initial welcome message
of the chatbot. We integrated a button to switch to English in the conver-
sation. Additionally, the chatbot proactively offers the possibility to show
a short summary of the learning video. (4) We added links to the chatbot’s
answer every time a specific slide number is referenced. By clicking on
the slide number, the video jumps directly to the corresponding slide, and
the user may replay the video again at this point.

Overall, we believe that the implemented suggestions for improvement
make sense and that the revision improved the prototype. We believe that
the implemented improvements do not require another evaluation with
lecturers at this time. Instead, we suggest that the next step would be to
test automatically generated chatbots in real learning settings with learn-
ers. This is subject to future research. At this point in time, we are ending
this development process as part of our research project at this point.

Discussion and Conclusion

In this design science research project, we aimed to enable lecturers to
create their own customized chatbots based on educational videos. To
achieve this, we derived requirements, designed the underlying technical
process, and developed a software prototype in multiple design cycles. The
software prototype was evaluated by experienced lecturers, instructional
designers, and developers of educational technology. Both the quantitative
and qualitative evaluation results were encouraging and predominantly
positive, so we assume that we have developed a helpful first prototype.
Nevertheless, this paper presents only an intermediate step and educa-
tional chatbots should continue to be the subject of future research.



Second Workshop on Al for Al Education (AI4AlLearning) 19

Implications for Spreading Educational Chatbots

Although research has targeted educational chatbots for many years and
shows their benefits, we observe that they are still used rarely. With this
research and development project, we aim to address this issue by ena-
bling lecturers to create chatbots for their teaching easily. We see particu-
larly two main use cases: (1) Lecturers in in-class teaching settings can
record their lectures and use those lecture recordings to create tailored
chatbots for their students. Students can then use the provided chatbot for
their follow-up work and for the preparation for the final exam. By giving
them an additional interactive way to engage with the learning content, to
ask content-related questions, and to discuss relevant aspects of the lec-
ture, a positive impact on the learning process is to be expected according
to the ICAP framework (Chi & Wylie, 2014). (2) The developed software
prototype can be used to improve online-based courses (like MOOCs or
online study programs). These courses are, in many cases, pre-dominated
by a substantial part of passive learning when watching videos. When in-
tegrating the ability to discourse with a chatbot about the learning content,
it is to be expected that this could have a positive impact on the students’
learning.

We assume that both use cases can be implemented with our developed
software prototype by lecturers - even without specific technical expertise.
We hope - also on the basis of the positive feedback from the evaluation -
that we can contribute to the spread of the chatbot technology in the edu-
cational sector.

Implications for our Al Education

In addition to the implications for spreading the educational chatbot tech-
nology, we plan to integrated the developed software prototype as a show
case of an Al use case in two Al courses. To this end, chatbots for sup-
porting in-class teaching in both courses should be provided to the stu-
dents. This enables them to interact with a tailored LLM-based chatbot
and gives them the opportunity to interact with an LLM to analyze its
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possibilities and limitations. Afterward, the underlying architectures (e.g.,
LLM, RAG, STT) should be discussed.

Limitations and Future Research

The software developed as part of this project is currently a software pro-
totype. Bugs known to us have been fixed as part of the iterative develop-
ment process, but the prototype should be tested in more detail before
going into production. For instance, it would be interesting to test in more
detail how accurate the individual process steps (e.g., STT, TTS, or LLM-
based improvements of the transcriptions) work. In addition to that, an
evaluation with students is still pending. Here it would be particularly in-
teresting to analyze how accurate the chatbot’s answers are. As part of this
step, it could also be further investigated how the system should deal with
incorrect answers. For example, a retro perspective quality control, or a
way for students to report answers that are then reviewed by a lecturer,
could be feasible here. As a follow up study, we are interested in testing
the chatbot in a field setting. We expect that this will provide us with fur-
ther insights on how to improve the student-centered chat interface. By
conducting a subsequent discourse analysis, we might be able to get ad-
ditional insights into the students’ interaction with the chatbot and it’s
answer quality. Overall, we also hope to gain further insights into whether
the automatic creation of the knowledge base using our derived technical
process can lead to a change in the discourse quality. As a comparison, we
could rely on insights that we gained from several prior chatbot studies
(e.g., Hobert, 2019, 2023; Hobert et al., 2023; Hobert & Berens, 2024; Win-
kler et al., 2020) in which knowledge bases were created manually.
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Abstract

Generative Al, particularly in image generation, has attracted a lot of at-
tention in recent years. These technologies are here to stay. Understand-
ing how they work demystifies them, showing that they are driven by al-
gorithms, not magic. We present a learning and experimentation module
for Unplugged Text-To-Image Generation, which we have called MAL-E.
It explains several key steps in the process, starting with Tokenization,
Embedding, and Positional Encoding. Students learn Masked Self-Atten-
tion, an important step of the Decoder-only Transformer. They also learn
about Image Components Selection and Image Assembly to produce the
final image. MAL-E provides an inclusive hands-on way to understand
how pre-trained neural networks and transformers create images from
text prompts.

Keywords: Artificial Intelligence - CS Unplugged - Inclusive Material -
Generative Al - AI Education - Neural Networks - K-12 students.

Introduction

The ability to quickly create individual and professional images plays a
crucial role in various aspects of life. With the right software, generating
images from text is straightforward. For example, a prompt like “Draw a
mushroom with stripes” directly produces an image of a mushroom with
stripes. However, if you draw a mushroom yourself and then provide the
software with a photo of that mushroom alongside the prompt “I want
this exact mushroom, but with a striped pattern”, the resulting image will
indeed show a striped mushroom. In many tools, the resulting image may
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differ from what one might have originally envisioned. To understand
this, you need to understand at least a few basic ideas of the text-to-image
generation. Incidentally, mushrooms are a recurring example in our ma-
terials for teaching various Al algorithms [3, 8, 9, 10], as they work very
intuitively for almost all age groups.

In this paper, we introduce an unplugged approach designed to explain
the concept of text-to-image generation using neural networks to an audi-
ence without a deeper background in Al, which includes high school stu-
dents, university students without Al focus, and computer science teach-
ers. The idea of teaching CS content without computers goes back to [4,
5] and has proved to be very successful in many areas. In the Al compe-
tency framework for students [14], unplugged learning materials are men-
tioned as one of the ways to support understanding Al. The training phase
of the neural network is beyond the scope of this learning module, as our
primary objective is to explain how the pre-trained model transforms text
into images. Some Al-systems use only the decoder part of the trans-
former architecture. We do this also and simplify the steps involved in
text-to-image generation to effectively teach the fundamental concepts. To
ensure inclusivity for visually impaired students, we use materials with
tactile features.

Unplugged Text-to-Image Generation

Understanding generative Al currently plays no role in the curricula of
German schools (even if its application does). Initial work in CS education
has focused on continuing character strings, sound sequences or hand
drawings with Markov chains and making this functionality teachable [6,
15]. There are also examples of unplugged material here [11, 12]. [1] pre-
sents a training unit for teachers that also includes a technical explanation
of text-to-image generation. Based on infographics, the unit primarily ex-
plains the diffusion model, while our learning module focuses on the De-
coder-only Transformer architecture and emphasizes unplugged activi-
ties. It is challenging to count this as related work because the underlying
technology and the generation processes differ significantly.
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Of course, there are numerous academic articles on text-to-image genera-
tion (e.g. [17, 16]), well-known books [18] that at least outline this aspect,
lecture manuscripts, etc. What these sources have in common is that they
try to represent the generative process as well as possible and avoid sim-
plification where possible. Since the aim of these sources is to present the
state of the authors’ work to other scientists or to explain to students with
a particular interest in AT how they can develop such systems themselves,
this approach is the right one. For our audience, such sources are usually
too complex. Here a simplification is needed that preserves the essential
functionalities of the real process but is understandable at the level of the
audience.

Teaching Concept of MAL-E

MAL-E offers two levels of difficulty and includes individual and team ac-
tivities. The name is derived from the German word for “paint”, with its
spelling paying homage to DALL-E [2], a practical tool in the field of text-
to-image generation. One of our key challenges was designing a module
that would exclude as few learners as possible. To achieve this, we opted
for special unplugged materials. The game pieces feature tactile dice num-
bers, and the game board provides a stable base, allowing for the addition
of Braille numbers to accommodate visually impaired students. We delib-
erately chose to work with only small numbers, and we kept everything
within a two-dimensional framework. The transparent game boards and
game pieces are available through the AT Experiment Kit [7]. If you want
to do MAL-E without the desirable tactile properties, the material can also
be realized in the form of printed worksheets. As the most important
learning prerequisite, learners should already know how feedforward net-
works work, because they use simple pre-trained networks for MAL-E.

Activities in MAL-E

First, students divide into groups of four. Each group selects a slip of pa-
per with a prompt. Different prompts, such as “Draw mushroom with
stripes” or “Draw mushroom with flowers” can be chosen, or the same
prompt can be selected multiple times. This prompt serves as the basis
for the activities tokenization, embedding, positional encoding, masked
self-attention, image components selection and image assembly.
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Activity 1: Tokenization We consider the prompt “Draw mushroom with
stripes”. There are multiple ways to approach tokenization. We simply use
the words of the prompt as tokens. In this activity there are game pieces
with different words, from which the team selects the required tokens.

Activity 2: Embedding Neural networks require vectors as input. The goal
of the Embedding activity is to assign a two-dimensional vector to each
token. The students use a prepared coordinate system (figure 1 left) where
various tokens are already placed. The closer the tokens are in meaning,
the nearer they are positioned to each other. For example, the tokens
“mushrooms” and “dots” are closer together than the tokens “mush-
rooms” and “stripes”. For visually impaired students, only the tokens re-
quired for the specific prompt can be used, and instead of words, game
pieces with the corresponding number of dots representing the position
are utilized. Instead of coordinate axes, a rubber band can be stretched.

Activity 3: Positional Encoding The meaning of a prompt can change when
the order of words is rearranged. For example, the prompts “Draw mush-
room with stripes” and “Draw stripes with mushroom” have different
meanings, even though they contain the same words, and would result in
completely different images. Transformer models do not have a built-in
sequence order for input, so positional encoding is added to represent the
position of each token in the sequence. We simply add the vector (1,1) to
the first token, (2,2) to the second token, and so on. This simplification
ensures that we work only with small natural numbers while remaining
in two dimensions, which allows us to represent the process enactively
using game pieces for hands-on learning. The students read the coordi-
nates for each of the used tokens from the left coordinate system in figure
1. The right coordinate system in figure 1 is initially empty. After perform-
ing the positional encoding, the students place their tokens at the corre-
sponding positions in the right coordinate system.
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Activity 4: Masked Self-Attention The unplugged materials are structured
to visually demonstrate the computation of the Masked Self-Attention
mechanism step-by-step. This is the central step in the text-to-image gen-
eration process, where the Decoder-only Transformer calculates the rela-
tionships between tokens in the sequence, ensuring that each token only
considers the tokens that came before it. Masked Self-Attention means
each token can only “see” the previous tokens, e.g. in the prompt “Draw
mushroom with stripes” the token “mushroom” can see itself and
“Draw”, but not “with” and “stripes”. Each student selects a token and
takes one of four wooden tablets. Each tablet is equipped with the same
game board and some game pieces with dice numbers. The tablets are
large enough to allow the board to be shifted down during the activity.

The chosen token is placed in the top left corner of the board. Beneath the
transparent board, there is a representation of three feed-forward net-
works with two input fields. The students places game pieces with the
corresponding number of dots (representing the vector after Positional
Encoding) in the fields at the top.

Query, Key, and Value are calculated using the neural networks. The acti-
vation function used in MAL-E is the identity function, which means the
output of each neuron is the same as the combined input. These results
are recalculated by each student for their token. The students place game
pieces with the corresponding number of dots into the output fields, rep-
resenting the results of the calculations. Each student performs the same
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calculations on their respective tablets, but each uses a different input vec-
tor. Figure 2 shows the results for the first two tokens. While each student
works on their own, they can help one another, as the process is funda-
mentally the same for everyone.

1. remove

Key

Value

QI I
Fig. 2. Part of the process of Masked Self-Attention

The Query vector of a token represents the kind of information this token
is looking for. The Key vector represents the kind of information that to-
ken holds. The alignment between the Query and Key vector can be math-
ematically calculated using the dot product. After each student has com-
pleted their game board, they place their tablets side by side in the order
of the tokens in the prompt, forming a large square. The game boards are
arranged diagonally, starting from the top left. The students now work
together as a team. First, the first token “Draw” is considered. “Draw” can
only see itself, so only the dot product between the Query and Key of token
1 is calculated. Next, the second token is considered. To do this, the game
board of token 1 is placed next to the game board of token 2, as shown in
figure 2. Token 2 considers both itself and Token 1. The game pieces rep-
resenting the Query vector of Token 1 are no longer needed and are re-
moved from the board. We now calculate how Token 2 perceives itself by
computing the dot product between its own Query and Key vectors. Next,
the game pieces from Token 2’s Query vector are placed in the fields for
the Query vector of Token 1. This allows us to compute the dot product
for Token 1’s board, giving us a result that represents how Token 2 per-
ceives Token 1. To consider the third token, the two game boards are
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shifted down next to the board of token three. Now, only the Query game
pieces from token three are needed, and the three dot products are calcu-
lated accordingly. The boards are then shifted down to consider token
four, using only the Query game pieces from token four. The dot product
can also be thought of as the angle between the original vectors pointing
to the coordinates (x, y) of Query and (x, y) of Key. The students can use
an Excel spreadsheet to apply the Softmax function to normalize the at-
tention scores (dot products). Finally, the normalized attention scores are
multiplied by the Value vectors to obtain the final vectors. For younger
students and students with visual impairments, the Max function can be
used instead of the Softmax function for certain prompts, allowing the
final vectors to be calculated mentally.

Activity 5: Image Components Selection The previously explained steps as-
sign a final vector to each token. For example, we obtain the vector (3,3)
for the token “stripes”. The students therefore choose a box labeled (3,3).
In this box they find different parts of the picture, which are transparent
with engraved lines. Each of the picture parts has one of the markings 1,
2, 3 or 4. The students may now select a picture part from all the picture
parts with the marking 1. They do the same with the picture parts marked
2 to 4. Once the students have chosen a picture part for all the tokens, they
move on to the next activity.

Activity 6: Image Assembly The decoder generates the final image. The
students overlay and arrange the transparent sheets side by side. They
place all sheets labeled with the number 1 in the top right corner, number
2 in the bottom right, number 3 in the bottom left, and number 4 in the
top left. Figure 3 shows how these transparent sheets can be combined to
achieve the final composition of a new mushroom with stripes, giving the
impression of a creative process.
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Fig. 3. Process of image component selection and assembly

Conclusion

The unplugged material presented here to explain text-to-image genera-
tion is part of a larger teaching sequence on AI. We found it necessary to
create an enactive approach for this topic as well. Teachers should be
aware of possible algorithmic biases [13]. By MAL-E, the picture parts in
the boxes represent predefined components that the system selects based
on its prior training data. If the boxes only contain certain parts or styles,
the final output will be biased towards those, limiting the variety of im-
ages. Enactive materials have proven to be particularly effective in intro-
ducing new topics into the classroom.

MAL-E was tested with students and received very positive feedback. We
conducted interviews based on self-assessment of their knowledge. All
participants confirmed that MAL-E can effectively helps to understand
how AI systems generate an image from a text prompt. MAL-E is an en-
gaging and motivating learning module that introduces students to the
workings of generative Al in image creation. It encourages students to
understand how things work. Along the way, they learn about algorithmic
thinking and the basics of neural networks. Further tests are planned as
part of teacher training programs.



Second Workshop on Al for Al Education (AI4AlLearning) 31

References

1. Ali, S., Ravi, P., Moore, K., Abelson, H., Breazeal, C.: A picture is worth a thousand words:
Co-designing text-to-image generation learning materials for K-12 with educators. Proceed-
ings of the AAAI Conference on Artificial Intelligence 38, 23260-23267 (03 2024),
https://doi.org/10.1609/aaai.v38i21.30373

2. Amatriain, X.: Transformer models: an introduction and catalog (02 2023),
https://doi.org/10.48550/arXiv.2302.07730

3. Andres, D., Joachim, S., Hennecke, M.: Den k-Means-Algorithmus verstehen: Mit Stift &
Papier und Blue]. Informatische Bildung in  Schulen 2(1) (2024),
https://doi.org/10.18420/ibis-02-01-06

4. Bell, T., Rosamond, F., Casey, N.: Computer Science Unplugged and Related Projects in
Math and Computer Science Popularization, pp. 398-456. Springer Berlin Heidelberg, Ber-
lin, Heidelberg (2012), https://doi.org/10.1007/978-3-642-30891-8_18

5. Bell, T.C.: Teaching teachers to teach computer science - unplugged or plugged-in? Pro-
ceedings of the 2020 ACM Conference on International Computing Education Research
(2020), https://api.semanticscholar.org/CorpusID:221035199

6. Hielscher, M.: SoekiaGPT - ein didaktisches Sprachmodell. Informatische Bildung in
Schulen 1(1) (2023), https://doi.org/10.18420/ibis-01-01-04

7. Joachim, S.: Experimentiersatz Kiinstliche Intelligenz. MEKRUPHY GMBH (2023),
https://mekruphy.com/de/ki
8. Joachim, S.: Experimentiersatz KUNSTLICHE INTELLIGENZ - Experimentierheft.
MEKRUPHY GMBH (2023).

9. Joachim, S.: Experimentiersatz KUNSTLICHE INTELLIGENZ - Handreichung fiir die
Lehrkraft. MEKRUPHY GMBH (2023).

10. Joachim, S., Hennecke, M.: Enaktive Bestimmung der Hyperparameter beim Entschei-
dungsbaum- und k-nichste-Nachbarn-Algorithmus. In: INFORMATIK 2023 - Designing
Futures: Zukiinfte gestalten, pp. 415-418. Gesellschaft fiir Informatik e.V., Bonn (2023),
https://doi.org/10.18420/inf2023_47

11. Joachim, S., Hennecke, M.: Reinforcement-Learning enaktiv und inklusiv vermitteln.
INFOS 2023 - Informatikunterricht zwischen Aktualitit und Zeitlosigkeit (2023),
https://doi.org/10.18420/infos2023-049

12. Lindner, A., Seegerer, S., Romeike, R.: Unplugged activities in the context of Al In:
Informatics in Schools. New Ideas in School Informatics: 12th International Conference on
Informatics in Schools: Situation, Evolution, and Perspectives, ISSEP 2019, Larnaca, Cy-
prus, November 18-20, 2019, Proceedings. p. 123-135. Springer-Verlag, Berlin, Heidelberg
(2019), https://doi.org/10.1007/978-3-030-33759-9_10

13. Miao, F., Cukurova, M.: Al competency framework for teachers. UNESCO (2024),
https://doi.org/https://doi.org/10.54675/Z] TE2084

14. Miao, F., Shiohira, K.: Al competency framework for students. UNESCO (2024),
https://doi.org/https://doi.org/10.54675 /JK]B9835

15. Monig, J.: Snap!GPT - Bausteine fiir generative kiinstliche Intelligenz. Informatische
Bildung in Schulen 2(1) (2024), https://doi.org/10.18420/ibis-02-01-04



32 MAL-E: Understanding Text-to-Image Generation

16. Ramesh, A., Dhariwal, P., Nichol, A., Chu, C., Chen, M.: Hierarchical text-conditional
image generation with CLIP latents. ArXiv abs/2204.06125 (2022), https://api.seman-
ticscholar.org/CorpusID:248097655

17. Ramesh, A., Pavlov, M., Goh, G., Gray, S., Voss, C., Radford, A., Chen, M., Sutskever, I.:
Zero-shot text-to-image generation. ArXiv abs/2102.12092 (2021), https://api.seman-
ticscholar.org/CorpusID:232035663

18. Russell, S.J., Norvig, P.: Artificial Intelligence: A Modern Approach (4th Edition). Pear-
son (2020), http://aima.cs.berkeley.edu/



Second Workshop on Al for Al Education (AI4AlLearning) 33

Large Language Models as Domain-independent Dia-
logue Component for Intelligent Tutoring Systems —
Teaching Concepts of SQL’

Adrian Voelker, Anna M. Thaler>, Maximilian T. Sum-
merer, and Ute Schmid

University of Bamberg, Germany

{adrian.voelker, anna.thaler, ute.schmid} @uni-bamberg.de
maximilian-timon.summerer@stud.uni-bamberg.de

Abstract

With the advance of generative pre-trained language models, new oppor-
tunities arise for domain-independent dialogue-based instruction in the
context of intelligent tutoring systems (ITS). We propose an approach for
combining large language models (LLMs) with domain-specific
knowledge graphs to take advantage of the performance of LLMs in natu-
ral language processing tasks while still ensuring a faithful knowledge
base. We present a prototypical implementation of an ITS for the struc-
tured query language SQL to explore the potential of combining LLM and
domain specific knowledge graphs for dialogue based didactic interven-
tion. While learning a programming language relies on both declarative
knowledge about the language concepts and procedural knowledge for
writing program code with respect to a specific task, in this paper we focus
on ITS support for acquisition of declarative knowledge. In our imple-
mentation LLMs are employed for semantic parsing relating student’s
questions to the addressed knowledge elements of the domain model as

1 The work reported in this paper, has been supported by Bund-Lander Forderiniti-
ative “Klnstliche Intelligenz in der Hochschulbildung”, project "VolLL-KI:
Data-based analyses, explanations and aids", project number 16DHBKI091.
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well as for feedback formulation based on retrieved information from the
knowledge graph. Likewise, knowledge diagnosis is realized by semantic
parsing of student answers and mapping them against the LLM output.
We conducted a first exploratory evaluation using the LLM Mixtral 8x7B
Instruct in combination with our SQL knowledge graph. Exploring differ-
ent prompting strategies, the best strategy resulted in 90% correct diag-
nosis of student answers.

Keywords: Intelligent Tutoring Systems, Large Language Models,
Knowledge Graphs, SQL, Declarative Knowledge

Introduction

Programming education has been one of the most implemented domains
in intelligent tutoring systems (ITS) [11]. Over time many different sys-
tems for multiple programming languages [5], such as LISP [2], Python
[18], and the Structured Query Language (SQL) [10] were developed. SQL
in particular is a widely used language for efficient data retrieval and ma-
nipulation in many business processes that is relevant far beyond the field
of computer science and therefore of interest to a broad audience from
computer science undergraduate students to casual data-oriented users.

Learning a programming language relies on both declarative knowledge
about the language concepts and procedural knowledge for writing pro-
gram code with respect to a specific task. Typically, ITS for programming
have a strong focus on procedural knowledge [13]. However, declarative
knowledge about programming concepts and their relationships is not
only relevant as a knowledge base for the acquisition of programming
skills in the given domain, it also substantially enhances the transfer be-
tween tasks of different sub-skills (such as programming versus under-
standing a program) that share the same declarative knowledge base [17].
Therefore, declarative knowledge about concepts and the relationships be-
tween them can play a crucial part in supposedly purely procedural tasks.
Errors in programming tasks could occur due to existing misconceptions
while performing the (procedural) task or due to missing declarative
knowledge about the underlying concepts necessary to correctly solve it.
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Thus, we encourage to consider conceptual knowledge within ITSs for
programming. In this paper, we present our current work on the declara-
tive part of an ITS for learning the programming language SQL, which we
afterwards combine with procedural knowledge tasks for a flexible switch-
ing between the two knowledge types and thus a more accurate student
knowledge diagnosis.

One major restriction in the development of ITSs is that the architecture
is focused on specific teaching domain and the realized teaching strate-
gies. Typically, ITS require a large number of resources for their develop-
ment [13]. An often-laborious part of the implementation concerns the do-
main-specific methods of natural language processing (NLP) for a natural
dialogue as form of interaction with the students [6]. The latest develop-
ments in large language model (LLM) research promise great potential to
move towards a domain-independent method to solve NLP tasks. The de-
velopment effort for parts of the tutoring and communication module
could, therefore, be significantly lowered as a result.

In this paper, we present a prototypical implementation of an ITS for SQL
to explore the potential of combining LLM and domain specific knowledge
graphs for dialogue based didactic intervention to enable students asking
questions while also enabling the ITS with the capability to check and cor-
rect given answers. Hereby, we want the LLM to assist in the identification
of distinct question-types task and evaluate a given answer. The used LLM
is fine-tuned for the first task and prompting techniques are used for the
latter. In the following, we first discuss related work, and then describe
relevant system components. We show results of a preliminary evaluation
exploring different prompting strategies. We conclude with an outlook to-
wards the next steps of extending the implementation and a more com-
prehensive evaluation.

Related Work

The use of LLMs has been investigated in the context of annotating stu-
dent actions to corresponding tutoring actions as a way to reduce the re-
sources required for annotations by pedagogic experts [20]. However, the
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LLM’s helpfulness of feedback in particular has been found to be quanti-
fiably worse compared to human teachers [19]. First attempts to evaluate
the effectiveness of LLMs as a sole pedagogical instructor compared to a
human teacher have been made [19], but standardized and comprehensive
criteria for the evaluation of conversational agents within intelligent teach-
ing are still missing.

Knowledge-based ITS for declarative tasks often use a knowledge graph
(KG) as their knowledge base. While a KGs’ explicit knowledge represen-
tation ensures high precision inference and reasoning [16], LLMs may
produce misleading, untrustworthy or incorrect responses, such as hallu-
cinations [7], due to their probabilistic nature [14]. Their output could am-
plify biases from their training data and they lack in the ability to handle
numerical values [14]. Especially when interpretability and explainability
is required - which is the case for most ITS - KGs can explicitly represent
the structure and relationships between entities [14] and therefore form
the basis for the tutoring module’s feedback. A sensitive topic regarding
the education of students is misinformation. As interacting students are
still learning a subject, misinformation might be harder to detect and thus
can have a higher negative impact on the learning process compared to
experts using LLMs in the domain of expertise. In order to reduce the risk
for non-trustworthy responses, we argue that relying on an LLM’s para-
metric knowledge alone is currently not suitable as a knowledge base for
ITS.

This might lead to the question of why we want to incorporate LLMs in
ITS in the first place. The biggest advantage of pre-trained language mod-
els lies in their great performance in the field of language processing, gen-
eral knowledge and generalizability [16]. Neuro-symbolic methods, there-
fore, seem to be a promising approach to simplify the development pro-
cess for ITS. In recent literature were three frameworks for unifying KGs
and LLMs defined. KGs can enhance LLMs and could e.g. be used to detect
LLMs’ hallucinations [14,16] and to improve the reasoning capabilities of
a LLM for complex logical problems [15]. LLMs could augment KGs with
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their natural language processing ability, which we currently view to be
most promising for the domain of education. The third framework in their
roadmap lies in a full synergy of both methods.

Similarly, Bianchini et al. (2024) argue that to adequately (re)solve com-
plex linguistic tasks, what we herein consider a dialog during a didactic
intervention of the ITS or the parsing and contextualizing of questions
towards the Expert System, a knowledge graph is essential [3]. We further
on share the idea, that solely combination of LLMs with Retrieval Aug-
mented Generation (RAG) on diverse knowledge sources such as a docu-
mentation for SQL, is not sufficient for an expert system, since eventually
the enriched LLM component leads to hallucinatory output, even though
a knowledge base was supplied [3].

A hybrid representation of both parametric knowledge (LLMs) and explicit
knowledge in the form of KGs, is already being discussed in literature
[14,3]. This combination, however, still requires further research and eval-
uation and more contextualization towards ITS for SQL. Therefore, we
first want to explore how LLMs can enrich a knowledge-based tutoring
system by simplifying a natural language dialogue and answer validation
without relying solely on LLMs and RAG as knowledge base.

System Components

In the following section we highlight the fundamental system compo-
nents of our ITS. In this paper we want to especially focus on the afore-
mentioned declarative knowledge. Since we consider also procedural
knowledge of SQL as a indispensable requirement, we plan our system to
be integrable with further components, that are not highlighted in more
detail in this paper.

3.1  The Declarative Domain Knowledge Base for SQL
As explicit and declarative knowledge base we employ a semantic network
(2 KG) on basic SQL concepts based on previous work by Zhou [22]. Zhou
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identified two types of declarative knowledge within SQL: the natural and
the abstract form representation. The natural form includes at least one
property about the concept in natural language, e.g. a description about
the function of the concept, whereas the abstract form describes the rela-
tionship between concepts [22].

Labelled property graphs are highly suitable for representing both forms
in one consistent knowledge representation. Each node represents a con-
cept, e.g. the select statement, and the edges between the nodes represent
the relationship between concepts, e.g. "has a", "type of", "kind of", "part
of" or "set of". Using domain-independent expressions for the edge labels
builds the foundation for a domain-independent interaction with the LLM
as intermediate component (see Figure 1). We expect that theses generic
labels allow using the same inference mechanisms (queries to the graph
database within the domain module) and the same prompts for the LLM,
even if the entire domain (the graph database) changes. Each node (con-
cept) holds the properties relevant for the comprehension of the concept,
e.g. a description of the function, the correct notation, or allowed input (if
applicable). These properties can be used for the question generation for

a single concept as well as for the comparison between concepts.

label: attribute
@ olloquial_for: column
>

label: from_statement
statement_notation: ,FROM table specification, ..."
function: , defines relation from which ..“

required: true

Fig.1. Excerpt and simplified representation of a possible semantic network for SQL
knowledge as basis for domain-unspecific inference mechanisms.



Second Workshop on Al for Al Education (AI4AlLearning) 39

3.2  Possible Application Points for LLM

We aim at combining LLMs and KGs as part of an ITS within their scope
of expertise. LLMs offer great potential for a nearly effortless built, domain
independent and dynamic natural language dialogue, but we do not rely
on its parametric, possibly incorrect knowledge. KGs, in contrast, ensure
correct inference mechanisms as well as domain-specific and explicit
knowledge that provides the base for explainability and feedback formula-
tion. Possible starting points that we see for the integration of LLMs
within a simplified version of an ITS architecture are shown in Figure 2.
The integration of LLMs into ITS can lead to a further separation of do-
main-specific modules such as the knowledge representations in the do-
main or student module from domain-independent natural language pro-
cessing mechanisms. These could include but are certainly not limited to
the extraction of intentions by the student, the answer validation (diagnos-
tic comparison operation between expected and given solution), and the
student interaction such as the formulation of feedback or follow-up ques-
tions. In the following, we want to outline these mechanisms as ap-
proaches for these integration points in the way we are currently imple-
menting them into our system for intelligent SQL tutoring.

1. Student Input Translation: All queries to the semantic network (la-
belled property graph) are mediated by controlling components of the
ITS. There are approaches that aim to translate natural language directly
to a query [14], however, we want to ensure that the inference mecha-
nisms on the KG are considered correct and we — the developer — know
the attributes of the semantic network best. Therefore, when a student
asks a question in natural language to the ITS, that question is not directly
translated to a query (in our case CYPHER within Neo4] [12]), but the
LLM is used to translate the student’s question to categories of questions
(e.g. concerning properties of concepts, or relationships between con-
cepts). By retrieving the essence of a student’s question with the help of a
LLM, we can formulate our query to the graph database and, therefore,
provide higher independent components by separating the dialogue from
accessing the KG itself. This is a key point for the transfer of the same
methods to other domains as knowledge base.
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Fig.2. Classic Four-Component Architecture of ITS with possible integration points for
LLM marked in orange.

2. Answer Validation as Comparison Operation: The LLM also offers
a flexible way to overcome classical steps of other NLP methods such as
the equivalence of specific terms in the sense of grammar or spelling mis-
takes, or synonyms, but also domain-specifically equivalent terms. In the
domain of SQL, for example, students might refer to a relation as table or
to a tuple as row in a table. The task of the LLM in this case is to compare
the expected answer from the labeled property graph (KG) with the an-
swer given by the student. This way, the lack of domain-specific
knowledge of the LLM does not come into play, as the explicit and faithful
knowledge from the KG is used for reasoning and serves as expected ex-
pert response to compare to the student’s reply. The LLM’s generated
comparison can be used to update the student model accordingly and
serves as starting point for analysis when the answers are not found to be
completely the same.
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3. Feedback Formulation: Another integral point lies in the formula-
tion of ITS information to natural language for easier understanding by
the student. This can be applied for domain-specific explanations based
on the KG’s data within the domain module, but also didactic strategies
within the tutoring module, the LLM is prompted to simply generate nat-
ural language feedback from a more restricted and formalized form from
within the ITS to present it to the student.

The information from the student model about the current state of com-

prehension can be used within the prompt to adapt the complexity of the
natural language feedback to the student’s current diagnosed knowledge.

3.3  Didactic Intervention

The KG explicitly stores data about the concepts and the concepts’ rela-
tionship and therefore also holds information about their similarities.
This constellation can be exploited to create appropriate didactic interven-
tions, e.g. a dialogue following the Socratic instructional strategy as a form
of scaffolding [1]. Given the student has already studied (parts of) the sub-
ject, when an incorrect answer is given to one concept, the student will be
asked similar questions about a similar concept. When knowledge for this
similar concept is available, it can serve as a starting point for the student
to decode and recall information about the originally disremembered con-
cept. For example, if a student does not recall the description of the aggre-
gate function "SUM’, one possible similar concept for the Socratic ques-
tioning might be to ask what '"COUNT’ does. This not only enhances
memory recall to evoke already acquired but currently not accessible
knowledge to the student but also serves as assessment for the student
knowledge model. The similarity scores between concepts can be built
upon several factors including hierarchical structures such as super- or
subconcepts (based on closeness of concepts within the KG structure), but
also the concept’s properties.
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Preliminary Evaluation

We tested and evaluated language model integration in the first two areas
described in Sect. 3.2. When users ask questions to retrieve information,
a language model is used to match their question to pre-defined question
categories:

— Property question. (Example: What is %s’s %s?)

— Relation question. (Example: What is the relation between %s and
%s?)

— Relatives question. Example: To what node(s) is %s connected via
%s relation?)

— Similarity question. (Example: What similarities do %s and %s
have?)

- Difference question. (Example: What are the differences between %s
and %s regarding %s?)

Furthermore, when interrogating a user, a language model is used to com-
pare the student answer with the correct solution provided by the KG.

Language Model for Question Category Classification

An attractive application of a language model is as a mediator between
user question and information retrieval from the KG. In our ITS structure
knowledge is retrieved via predefined question categories, ensuring that
no ill-formulated queries are forwarded to the KG. However, determining
the most suitable question category for a user question is not trivial. Users
can use a variety of formulations for the exact same question. Here, a lan-
guage model can be used to 'translate’ the user’s question into one of the
pre-defined question categories. Since general language models did not
deliver good results in this context, an instance of TinyLlama [21] was fine-
tuned on a dataset containing 250 entries with possible user questions
and their corresponding question categories. The resulting model proved
useful for cases where the user question was either similar to the formu-
lation of the question category itself or similar to the entries in the dataset.
However, the more a user question diverged from the expected result, the
less frequently the language model delivered the correct match. To
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address this problem, a different, better performing language model could
be used as a basis, a more extensive and more diverse dataset could be
used to fine-tune this model. Furthermore, constraining the model to a
grammar by utilizing the Backus—Naur form (BNF) has not shown useful
results so far. However, this could be further explored.

Language Model for Student Answer Validation.

For the ITS to function effectively, it is crucial to evaluate the correctness
of students’ answers. While the KG provides only one correct answer, stu-
dents may express the correct solution using formulations that are com-
pletely different from the stored information. This variability makes it dif-
ficult for the ITS to determine whether the student answered correctly. To
address this issue, using a language model appears promising, as it could
grasp the semantic meaning of a user’s answer, compare it to the solution
provided by the KG, and decide whether or to what degree the student
answered correctly. For an initial implementation of this feature, an in-
stance of the Mixtral 8x7B Instruct Model [9,8] was used. A sample dataset
was created, comprising ten distinct questions. For each question, the da-
taset contains three possible user answers: one clearly correct, one clearly
incorrect, and one either correct or incorrect but not immediately recog-
nizable. This setup results in a total of 30 entries, with 15 to be classified
as correct and 15 to be classified as incorrect (see Table 1 for exemplary
questions). Four different prompts were compared: Two longer prompts
with examples of the expected output and two prompts containing only a
brief instruction of the task.

Remarkably the prompt with a brief instruction using a courtesy form (see
Figure 4) was leading to better results than longer and more specific
prompts (see Figure 4)). In the first evaluation, the prompt in Figure (4)
without examples resulted in an accuracy of 90% on the described dataset.
In the future, different prompts, system prompts, and fine-tuned lan-
guage model could be tested on more extensive datasets, preferably ob-
tained from actual user answers.
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Limitations

These implementations still come with several limitations. So far, only a
handful of language models have been evaluated, and the data on which
they were fine-tuned and evaluated is still limited. Additionally, no data
has been collected from actual user-system interactions. Furthermore, it
is still unclear whether the use of question categories is the best way to

mediate between user questions and the KG.

Table 1. Exemplary test data for evaluating the match between LLM and KG cate-

gory.
Tutor question LLM match to KG Student answer classification
What is the relation | TYPE_OF type of correct
between  equal  and
comparison predicate?
To what node(s) is equal | comparison predi- | to comparison predicate correct
connected via TYPE_OF | cate
relation?
To what node(s) is | relation name, | to relation name, degree, | correct
relation connected via | cardinality, degree, | cardinality, PK, FK, and
HAS_A relation? domain, PK, FK domain
To what node(s) is equal | comparison predi- | it is a type of aggregate | incorrect
connected via TYPE_OF | cate function
relation?
To what node(s) is equal | comparison predi- | select incorrect

connected via TYPE_OF
relation?

cate

“Please decide whether the student answer is cor-

rect, based on the correct solution.”

Fig.3. Best performing prompt with the Mixtral 8x7B Instruct Model
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Your task is to determine whether a student answer is correct in relation to the solu-
tion and the question.

HHH#
Here are some examples:

Question : To what node( s ) is avg connected via TYPE_OF relation ?;
Correct Solution: aggregate function;

Student answer: average is a type of aggregate function;
Classification: correct

Question: What is the relation between where and group by?;
Correct Solution: where—>COMES_BEFORE->group by ;
Student answer: group by comes before where;
Classification: incorrect

Question: What is the relation between where and group by?;
Correct Solution: where—-COMES_BEFORE—>group by;
Student answer: where comes before group_by ;
Classification: correct

Question: What is the description of avg ?;

Correct Solution: Calculates the average value of a numeric col-
umn;

Student answer: avg calculates the average of the columns ;
Classification: correct

Question: What is the description of avg ?;

Correct Solution: Calculates the average value of a numeric

column;

Student answer: avg tells me more about the average time a query takes to execute;
Classification: incorrect

Question: What is the relation between sum and aggregate function?;
Correct Solution: sum-TYPE_OF—>aggregate function ;

Student Answer: sum is a type of aggregate function;

Classification: correct

Question: What is the relation between sum and aggre-
gate function?;

Correct Solution: sum-TYPE_OF—>aggregate function ;
Student Answer: sum is equivalent to aggregate function;
Classification: incorrect

H#iH#H

Fig.4. Less performing prompt with the Mixtral 8x7B Instruct Model
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Discussion and Further Work

In this paper we show that LLMs can be combined with labelled property
graphs to enable teaching of declarative knowledge for programming lan-
guages such as SQL. However, our current work builds the basis for do-
main-independent methods that can be transferred to other labelled prop-
erty graphs as knowledge base given the same edge labels are used. Ex-
ploiting LLMs for usually very laborious method development for NLP
tasks enhances the separation of domain specific knowledge and the stu-
dent interaction in natural language.

Since the shown preliminary evaluations show promising results, we
are currently assessing the performance for the answer validation by com-
paring different open-source models, and experiment with prompt engi-
neering methods for more accurate and stable results. Furthermore, use-
case specific evaluations should be conducted on how hallucinations of
the LLM are more suppressed and hindered in this approach than without
using the KG in the inference process. Adapting LLMs to the method of
Automatic Short Answer Grading and the respective development pipe-
line [4] to adequately evaluate student responses in our ITS sounds prom-
ising for future research on answer validation in our context.

In the future we aim to combine this declarative knowledge base with pro-
cedural knowledge by mapping the concepts of our semantic network to
specific tasks that require those underlying concepts. This should allow a
flexible switch between testing for applied skills in SQL on specific data-
bases and the underlying declarative concepts as prerequisite or supple-
ment to the required skills for the task. Exploring the possibility to incor-
porate LLM into the tutoring module e.g. to select didactic strategies,
seems to be a promising new integration point. However, to our
knowledge, LLMs have not yet shown results comparable to suitable strat-
egies proposed by human teachers, yet.
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Abstract

Taking a conceptual idea and turning it into a precise algorithm is at the
heart of computational thinking. However, novice programmers often
struggle when their code does not behave as they intended. This paper
identifies problems in pseudocode algorithms based on deviations from
observations that could be gathered during manual simulations by the
programmer. By applying model-based diagnosis to the faulty pseudo-
code, informed by manual simulation, we locate errors and suggest fixes.
The diagnosis results in the identification of a specific location in the al-
gorithm and provides an output description for the faulty part that
matches the programmer's intent during the manual simulation, thus
aiding in debugging.

Introduction

Creating an algorithm starts with a rough idea that leads to a detailed ex-
ecutable implementation. Inexperience, misconceptions, or even a slight
lapse in concentration can cause a programmer to get the details wrong,
leading to a faulty implementation. Especially for novices, this can be a
barrier to entry into programming in general.

A human programming tutor is adept at understanding both the written
program and the student's intentions. Program comprehension involves
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developing a mental representation of the program, to identify any errors
and determine how to fix them. When pointing out a particular error in
the source code, the tutor will usually provide an explanation of how a par-
ticular line led to an unintended action, and what the correct action should
have been to achieve the expected result.

Techniques from Artificial Intelligence (AI) (Shapiro, 1982; Wotawa et al.,
2002) and Automated Debugging (Dovier et al., 2005; Weiser, 1984; Zeller
and Hildebrandt, 2002) can provide assistance and help to diagnose suspi-
cious lines in the source code. However, these techniques are aimed at
experienced programmers who can take measures to fix the code once the
fault is located.

Novices, particularly in a practice setting, may need more help to deter-
mine why a certain statement caused problems, especially when they have
an inadequate mental model (Johnson-Laird, 1989) of the language or the
data structure used and regard the algorithm produced as correct (Chmiel
and Loui, 2004).

Here, we use model-based diagnosis techniques to diagnose faulty imple-
mentations based on the programmer's intent to master a given program-
ming exercise. To do this, we trace a manual simulation of dominant data
structures to capture the intermediate steps the programmer intended
their program to go through. With this approach, we aim for a mental
model aware fault diagnosis, where a source-code location that is identi-
fied as potentially faulty gets justified and aligned with the expected pro-
gram behavior.

Preliminaries

When debugging software, we find discrepancies by testing the poten-
tially faulty program I1 with the correct input and output specifications
(1,0). Fault localization techniques that rely on source code execution,
such as Spectrum-Based Fault Localization (SFL) (Abreu et al., 2009),
highlight code locations based on their co-occurrence with unexpected



Second Workshop on Al for Al Education (AI4AlLearning) 51

outputs. While these methods are efficient, they cannot isolate the under-
lying reasons why a statement may have produced an unexpected result.

The inference to the best explanation of an unexpected outcome, so-called
abduction can reveal possible reasons using Al techniques (Magnani,
2011). In Model-Based Diagnosis (MBD) (Reiter, 1987), a system model,
made form a set of connected components, predicts behavior based on
inputs and is restricted by observed outputs. When a failure occurs, the
model identifies discrepancies between the expected and actual output. A
diagnosis is the set of components that, if assumed faulty, would explain
the failure.

Formally, our goal is to identify the component of the source code COMP
in the form of a statement or a group of statements that could have caused
the mismatch by labeling it abnormal (ab) (Console et al., 1993; Wotawa
et al., 2002).

More formally this is specified by Reiter's Consistency-Based Diagnosis
(Reiter, 1987), here using notation from Model-Based Software Debug-
ging (Wotawa and Dumitru, 2022) using constraint solvers, where M (IT)
and M(], O) is the translation of a program II and test case (I, 0) into a
logical model and reasoned about using a constraint solver.

Definition (Consistency-Based Diagnosis Problem): Given a program
model (M(IT),M(I,0), COMP), compute all minimal sets AS COMP of
abnormal components such the following expression is satisfied:

MI)UM(,0)U{ab(c)|c € A}U {-ab(c)|c € COMP\A}

Imperative programming languages and algorithms use variables that col-
lectively represent the state of a program and establish dependencies
(Weiser, 1984). Datatypes restrict the possible values of these states to a
(finite) domain. Therefore, any diagnosis A must also find a satisfactory
assignment for the affected variables; otherwise there would be no fix for
a single statement (Bayerkuhnlein and Wolter, 2024).
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Representing Algorithms for Diagnosis

In previous work, we modeled system descriptions using test cases that
target individual functions as program components (Bayerkuhnlein and
Wolter, 2023). For algorithmic diagnosis, the model structure in M (IT) is
based on the program's control flow.

Given an imperative program IT we parse its operations and control struc-
tures to create a complete flow graph G(IT) = (COMP, E), where nodes
COMP correspond to diagnosable statements. As control structures we
consider if statements for selection and while loops for iteration; function
and recursive calls are left for future work. Directed edges E represent the
control flow of I1. The figure below illustrates this representation.

Each flow line in E marks a state transition during the execution of I1. In
terms of a system description, this is how statements (components) are
connected. Representing these transitions as relations allows inversion
and reasoning about alternatives (Ross, 1997).

Algorithm 1: SEARCHBST
Input: root: TreeNode, key: int

1 node ¢ root; example
2 while node # @ do tree:
3 if node.val = key then

4 ‘ return node; 4

5 else if key < node.val then /

6 ‘ node <— node.left; 2

7 else /A

8 L node < node.left; 1 3

9 return J;

Figure 1: Algorithm with error and corresponding Control Flow-Graph

All variables used within IT are represented by their value Var(Il) in a
structure that represents the current state of the program, e.g. the shown
algorithm SearchBST in Figure above has states of form s =
(root, key,node).
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Each node in G represents a statement in IT and is a component of COMP,
making it a potential part of a diagnosis. Every statement defines behavior
for input and output states, affecting the program pointer pc and poten-
tially altering variable values Var(IT). Transitions reflect control-flow ma-
nipulations, such as if statements. If a manipulation constrains state tran-
sitions to the point of impossibility, a conflict arises. This conflict is re-
solved by marking the statement as abnormal, thus identifying a diagno-
sis. In the above example, any right subtree cannot be found since line 8
updates the node variable incorrectly. To account for an observation (I, 0)
modeling SearchBST (example_tree, 3) = node 3 instead of @, a fix of line 8
must transition node to node 3.

This approach presents challenges, as any state transition might be at-
tributed to abnormal components, making it difficult to explain their be-
havior logically. The issue is worsened when loops are involved, as af-
fected statements run multiple times. Inducing potential values along a
sequence, such as program execution, faces under-constrained issues; ab-
normality at the very end of a program could explain any test result, re-
gardless of prior actions. In practice, model-based software debugging is
typically used to identify minor issues resulting from an experienced pro-
grammer's oversight (Wotawa and Dumitru, 2022).

Diagnosing from Manual Simulation

There are several conceptual solutions to a programming problem, each
with various implementations. A test case cannot fully capture the pro-
grammer's intent, especially for algorithms with a single output per input,
making internal workings opaque. Correct implementations appear iden-
tical in test cases, though they may differ in implementation. Faulty im-
plementations can hide problems until later in the execution.
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S0 &@ @ @ E:)I Algorithm 2: ReverseString
Input: word: String
~ | left < 0;
S1 @ B B right < len(word) - 1;
0 4
(B R
1 3
(OREEE]
2

while left < right do
Figure 2: String Reversal Manual Simulation and faulty Algorithm

word[left] < word[right];
word[right] < word[left];
left + left +1;
right < right —1;

end

® 5 0 o kA~ W N

Running Example (Reversing Strings I). The student is tasked with imple-
menting a procedure to reverse strings. Possible strategies include: (i) Copy the
string to another array starting from the end, (ii) Swap elements in pairs, work-
ing towards the middle, or (iii) Use a stack to push and pop elements back into
the array. Choosing strategy (ii), a student might find that manual simulation
with the input string "MODEL" correctly results in "LEDOM". However, the
implementation unexpectedly produces "LEDEL", indicating a discrepancy
from the manual simulation. To suggest a correction, a tutor could pinpoint
lines 4 and 5, noting that the implementation failed to execute the expected
swapping behavior due to prematurely overwriting the left side.

Solving tasks such as the one described is inherently a creative process
(Knobelsdorf and Romeike, 2008). It involves first devising a general so-
lution to the computation to be performed and then expressing that solu-
tion in a programming or pseudo-code language. People also enjoy devel-
oping their own solutions (Sharmin, 2021).

For absolute novices, an Intelligent Tutoring System (ITS) with model
tracing, which uses a cognitive model to follow a student's problem-solv-
ing steps, provides helpful feedback by tracking and offering corrections
(Anderson, 1993). However, modeling the vast domain of programming
is challenging and can limit intermediate students by enforcing overly
prescriptive solutions (Johnson and Soloway, 1985).
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The aim of this approach is to respect the creative integrity of the student
and to allow for multiple or varied strategies while still giving them some
guidance to achieve their goal. Assisting novice programmers goes be-
yond finding and fixing bugs, but to identify and resolve the exact problem
that caused the discrepancy between the conceptually intended program,
their mental model, and the realized program.

Formally, we define the intention of a programmer as (I, ), where IT
represents the mental model of the program and £ represents the con-
ceptual semantics, i.e., how the programmer thinks the components ¢ €
COMP operate. In contrast, the implemented program is denoted as
(I1,2), where IT is the executable program and X represents the semantics
of the programming language. Behavior of an individual component is
denoted X(c) € Z.

Ideally, both IT and IT should exhibit identical behavior, as IT is the con-
ceptualization of II. However, discrepancies in behavior can arise due to
implementation errors or misunderstandings of the program semantics
(Chandra et al., 2024). Our objective, upon identifying such discrepancies,
is to isolate components A within [T that deviate from the intended behav-
ior (I1,£). We aim to propose suitable alternatives £, = {£,(c) | c €
COMP } to align the program with its intended behavior, facilitating pro-
gram repair or further analysis. The feasibility of synthesizing a program
repair [T’ that implements the proposed behavior £, (c) using X is not
addressed here.

A conceptual program [T is low fidelity, representing only the conceptually
relevant dominant data structures D during manual simulation. Observa-
tions from the manual simulation are represented as partial state descrip-
tions, focusing solely on the most relevant data manipulated during algo-
rithm execution. The remaining variables relevant to M (IT) act as scaffold-
ing, bridging the gap between conception and implementation.

We define the problem of inducing the intended program state from ob-
servations as follows.
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Definition 2 (Intended Program Abduction). Given an abnormal compo-
nent ¢ € A a model of a program M(II) and observations M (I, 0). We
search for an alternative semantics £ which transition the state of the pro-
gram s; into s;,, following the operation of ¢, such that M(IT) U £, (c) +
M(,0).

Applying the diagnosis to a single test case of the running example, fo-
cusing only on input and expected output, we gather a diagnosis A = {5}.
However, some of the justifications are not intuitive. For example, a naive
solution with £(5) would replace the entire string in the last loop itera-
tion, with the final output. While this solution is consistent, it is clearly
not what the programmer intended.

The conceptual program [T is intangible, and a programmer’s verbal de-
scrip- tion of their mental model can be imprecise with implicit assump-
tions. Instead, we propose manual simulation as an interface between the
program’s conception and implementation, integrating it into the diag-
nostic model through the data D used. The conceptual program T can ex-
ecute as a mental (Forbus, 1990) or manual simulation, producing a trace
of states that act as observations for the intermediate states of the actual
implementation.

Running Example (Reversing Strings II). Consider a situation where a
pro- grammar sketches out a trace of the program on a whiteboard by
drawing the array (dominant data structure) and simulates its states so ...
s3 step by step (see Fig. 2). On the whiteboard, the change in indexes for
the two swapping positions are omitted, and managed they act as scaffold-
ing for the implementation.

With intermediate observations from the manual simulation, the diagno-
sis A = {5} remains consistent, but the abduced semantics £(5) can only
justify assignments by incorporating intermediate states s1 ... s3 (see Fig.
2). The remaining variables relevant to M(IT), acting as scaffolding, are
then subject to abduction and reconstruction by constraint programming.
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This process, through abduced values, outlines what a potential program
repair might be.

Conclusion

Manual simulation on paper, whiteboards or through conversation is es-
sential for understanding or developing algorithms. It also generates in-
termediate observations that reflect the programmer's intention of the al-
gorithm's behavior, making it an ideal source of information to diagnose
programming mistakes.

We propose to use manual simulations, treating them as observations of
computational states to inform diagnostic methods for debugging algo-
rithm construction and implementation. These intermediate observations
further constrain consistency-based diagnostic methods and help to de-
rive potential fixes for problematic areas. In addition to a prototype imple-
mentation for diagnosing simple data structures, future work will include
diagnosing bugs related to control flow and state.

Acknowledgments. The work presented in this paper has been carried out
in context of the VoLL-KI project (grant 16DHKBI091), funded by Bun-
desministeriums fiir Bildung und Forschung (BMBF).
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Abstract

With the use of learning management systems students benefit from be-
ing recommended suitable learning elements based on their individual
needs. In doing so, recommendation algorithms are applied which first
query the student’s learning style. To improve the recommendation of
learning elements a continuous analysis of the individual’s learning style
is required. A frequent questionnaire assessment would however be too
time consuming. Instead, in a prior study an algorithm has been designed
to identify changes in learning styles from the student’s selection of learn-
ing elements. In this paper, we investigate the functionality of that algo-
rithm by applying it on real student data. In particular, we test if the algo-
rithm correctly indicates changes in learning styles. The utilised data is
collected in our learning management system. To be precise, the data is
obtained from 22 students enrolled in a software engineering course dur-
ing the winter term of 2023/24. The data comprises two types of infor-
mation for each student: 1) learning style collected at the start and end of
the term, and 2) the user’s actual selection of learning elements inside the
learning management system. The uniqueness of this study lies in the
data and the evaluation strategy based on it. Having the learning style at
the end of the semester period as ground truth allows us to test if the
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algorithm operates correctly with actual user data from our learning man-
agement system. The results validate the behaviour of our algorithm, yet
they strongly suggest the need for an adaptation. Further research is re-
quired on how to parameterise the underlying models.

Keywords Learning Styles, Hidden Markov Models, Empirical Evaluation

Introduction

Nowadays, learning management systems (LMSs) can often recommend
suitable learning material to students for an improved learning success.
In doing so, the underlying algorithms initially query the learning style.
To continuously update the students’ learning styles, the Ariadne algo-
rithm has been designed [1]. It analyses the user’s chosen learning ele-
ments inside a LMS and quantifies with a metric, the so-called support
value, how much the user behaviour aligns with the initial questionnaire
assessment. Therefore, the support value can be utilised to improve the
recommendation of learning elements. The aim of this study is to validate
the Ariadne algorithm based on real student data and thus provide practi-
cal insights. To do this, data was collected from students inside our LMS
for a software engineering course from the winter term 2023/24. The data
contains the learning style assessed at the start and end of the term. Also,
information about the chosen learning elements inside the LMS is in-
cluded. The learning style queried at the end of the semester period serves
as ground truth for evaluation. This allows us to benchmark the current
implementation and furthermore formulate directions for improvement.
In summary, the present paper adds the following contributions:

Cl Demonstrate and validate the Ariadne algorithm when practi-
cally applied,

C2 Test and evaluate the Ariadne algorithm,

C3 Specify needs for adaptation in the Ariadne algorithm.

The paper is structured as follows. First, theoretical foundations are intro-
duced. Section 4 then explains the methodology of this study. After, the
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results are highlighted and discussed. Following that, section 6 presents
the limitations of this study. Finally, section 7 draws a conclusion and
shows directions for future work.

Related Work

Several techniques already exist to identify learning styles from user be-
haviour in LMSs [2]. Garcia et al. for example apply Bayesian statistics to
detect learning styles [3]. On the other side, Bernard et al. deploy deep
learning techniques for a more precise learning style identification from
user behaviour [2]. However, the proposed techniques are limited in their
interpretability or require a large amount of data. More importantly, none
of these strategies addresses the challenge of detecting changes in learn-
ing styles. Thus, the uniqueness of our approach becomes clear: this study
evaluates an algorithm for continuous analysis of learning styles based on
user behaviour. Additionally, the given data allows to provide understand-
able results.

Theoretical Background

The following part introduces the foundations of the present work. First,
the utilised learning style theories and learning elements are described.
After, we briefly present the LMS used to collect the data for this study.
Then, the key features of the Ariadne algorithm are highlighted.

Felder and Silverman formulated a way how learners perceive and under-
stand information by defining four categories. To keep the attention of
the reader, this paper only covers the Active-Reflective category. Active
learners prefer practicing through exercises, whereas reflective learners
tend to think about the content first. [4-7]

Consequently, the theories imply that given the choice and sequencing of
learning elements conclusions about the learning style can be drawn. The
learning element types used for this study refer to the ones defined by
Staufer et al. [8]. To gather the students’ learning styles, the Index of
Learning Styles (ILS) questionnaire is used in this study. In addition to
the bare classification, it also maps the strength of each learning style to
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a value between 1 and 11. Thus, learners show a mild (1 and 3), balanced
(5 and 7) or strong (9 and 11) coherence to their learning style. [9]

Managing Learning Content with Pythia

The LMS employed in our research project is called Pythia. It is a Moo-
dle based software implementation. Among other things, it facilitates
the integration of algorithms recommending a sequence of learning ele-
ments - the learning path. Notably, it allows us as well to collect user
data and learning analytics effectively. [10]

Learning Style Identification with Ariadne

The Ariadne algorithm has been designed to counteract weaknesses of the
ILS when used for curriculum design [7] by updating learning styles from
the learners continuously based on their actual choice of learning ele-
ments. To do this, Hidden Markov Models (HMMs) are deployed, which
model learning styles as hidden states and learning elements as observa-
ble objects. In the case of this work, the applied HMM has the hidden
states active and reflective. Consequently, a chosen learning element can
be analysed to deduce the corresponding most probable learning style.
Like stated in Equation ( 1), the support value then is used to quantify
how often the initial learning style is identified by the algorithm
(learning stylesygoritnm) in reference to the length of the learning path

(llearning path)‘

learning stylesqigorithm (1)

support value =
llearning path

This metric thus states how much the actual learning path aligns with
the initial learning style assessment. The support value ranges from 0
(mismatch) to 1 (match). [1]
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Methods
The following part first highlights the data used for this study. Then, the
evaluation methodology is presented in brief.

Data

The data is obtained from 22 participants inside Pythia from a software
engineering course of the winter semester period 2023/24. It contains re-
sults from the ILS rolled out in the start (Pre-Test) and the end (Post-Test)
of the semester period as well as the students’ learning paths inside
Pythia. The data is made publicly available on Zenodo?.

ILS Pre- and Post-Test

The results from Fig. 1 suggest the need for a continuous update of the
learning style during the semester period. Four students change from Ac-
tive to Reflective and seven students from Reflective to Active learning

style.
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Fig. 1 Pre- (left) to Post-Test (right) Development of Learning Styles for the Active Re-
flective Learning Style Dimension

210.5281/zenodo.12594911
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Moodle Learning Paths

The students’ learning paths inside Pythia are chronological sequences of
the learning elements with the Moodle status marked as done. After press-
ing the corresponding button, an event is triggered. This information is
stored over the semester period and then used as data source for this
study.

Evaluation Methodology

The evaluation methodology is displayed in Fig. 2. The Pre-Test learning
style is used to initialise the HMM of the Ariadne algorithm. Then, the
student’s learning path serves as input for the algorithm to calculate the
support value. Finally, we check if the outcome aligns with the Post-Test
learning style. The results are obtained using the Python packages hmm-
learn 0.3.2 and numpy 1.26.4.

Compare with

Post-Test
Learning Style

Collect Pre-Test
Learning Style

Collect Moodle Compute
Learning Path Support Values

Fig. 2 Workflow for the Evaluation of the Ariadne Algorithm

Results and Discussion

The results are listed in Table 1 and clustered based on Pre- and Post-Test
outcomes. The questionnaire assessments show that mostly students with
a mild learning style expression tend to change between Active and Re-
flective behaviour. On the contrary, students with a balanced or strong
characteristic prefer to stay in their learning style. For these participants
the support value mostly aligns with the questionnaire information. More
importantly, the findings show that the algorithm is able to identify
changes in the learning styles for specific students.
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1D 1 2 3 4 5 6 7 & 9 [10 11 12 13 14 15 16 17 |18 19 20 |21 22
Change - T I awa e |
Pre-Test 3 9 9 7 5 5 3 5 3 1 5 5 3 9 1 5 1 1 1 1 1 1

Post-Test 5 T 9 7 5 5 5 3 1 1 1 3 3 9 3 1 1 1 3 5 3 3
sv 0.98 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.67 0.99 1.00 0.99 0.98 0.20 1.00 0.98 0.80 0.69 1.00 0.00 0.6

= The — symbol refers to a remain between Pre- and Post-Test learning style, whereas ~, and 7 indicate a change
from Active to Reflective and Reflective to Active respectively
* Green entries indicate that the SV correctly suggests a change or remain of the learning style

Table 2 Support Values (SVs) from the algorithm for the learning paths from 22 stu-
dents along with their ILS Pre- and Post-Test results.

For a better understanding, Fig. 3 illustrates the learning path for the stu-
dent with ID 22. As stated in Table 1, the algorithm correctly doubts the
Pre-Test learning style. Like shown in the learning path, the selection of
quizzes leads to the algorithm suggesting that the student has Active
learning tendencies as well. This is indicated by the support value of 0.60.

MS Manuscript
TAM Textual Additional Material
QU Quiz

TAM TAM

QU QU QU QU QU qQu

Fig. 3 Learning Path for ID 22

In summary, the results provide valuable insights into the behaviour of
the algorithm. The findings imply that the Pre-Test learning style used to
parameterise the HMM strongly influences the decision-making. We as-
sume that the algorithm is overfitted to learners with a mild characteristic
as correctly classifying these students is very important. Though, in this
case the algorithm would not produce sensible outcomes for balanced and
strong learners. More research is however required to confirm this state-
ment.

Limitations
The major source of limitation to this study concerns the collected learn-
ing path data. Neither have the students been taught the right use of
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Pythia, nor are we able to resolve whether the state mark as done has been
applied correctly after the completion of a learning element. The users
interact differently with our LMS. Hence, the learning path data for the
Ariadne algorithm varies in input size and thus the findings are hard to
compare. Also, we only analysed the data after completion of the term.
However, the results can be different when running the algorithm during
the semester period. Another limitation to the data is due to the fact that
not all learning element types were equally present in the LMS. Hence,
the data is biased to the given variety of learning elements. Finally, the
questionnaire results are in general limited in their reliability. Students
might have misunderstood questions or have not answered the questions
consciously due to a lack of interest.

Conclusions and Future Work

In summary, this study practically evaluates the Ariadne algorithm and
presents valuable insights into its behaviour when applied to real student
data. The findings demonstrate that the Ariadne algorithm can be de-
ployed to identify changes in the learning style and thus update learning
path recommendation algorithms. Though, further adaptation is needed
to refine the underlying computations. In particular, the results suggest
that future work has to address how the learning style from the question-
naire affects the parameters of the HMM. Also, it is necessary to facilitate
the extraction of more meaningful learning path data. Checking the usage
time when accessing a learning element or analysing the user interaction
with the learning element can provide more meaningful input data for the
Ariadne algorithm.
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Abstract

Generative Al is applied in different educational contexts such as essay
writing or translation of texts. A specific application of generative models
is creation of program code. Educators in schools and universities face the
challenge how to assure that students acquire relevant competencies
while making use of generative Al tools. In this paper, we present prelim-
inary results of an online study of the use of code generators by Computer
Science (CS) students. Beginner students get to learn basic programming
concepts and skills, advanced students get to learn how to solve complex
programming tasks and create programs which are correct, efficient,
modifiable, and well documented. With the presented online study we
want to explore which tasks students solve with code generators and with
what purpose. 285 students participated in the survey, new beginners as
well as advanced students, with the goal to compare students who learned
programming basics without code generators with those who always had
access to them. Preliminary results show that students are very eager to
learn coding skills and want to understand underlying concepts. Students
who struggle with coding skills tend to ask code generators more often for
explanations and use code generators for the purpose of understanding.
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Students who chose not to use code generators are more skeptical of such
systems and the mistakes they make. Our empirical results provide in-
sights in how we can support students in acquiring coding skills while
using code generators.

Keywords Code Generators, Programming Education, Programming
Competencies

Introduction

Concepts and skills in writing programs are the core of computer science
education and also a prerequisite for educational programs in artificial
intelligence (Al). The current fast development of LLMs as code genera-
tors on the one hand provides a powerful tool to support students in many
programming related tasks such as code generation from natural lan-
guage specifications, explanation of code, test case generation, and code
repair. On the other hand extensive use of code generators to solve pro-
gramming assignments has the danger that students do not acquire rele-
vant competencies and skills. That is, a core question for computer sci-
ence and Al education is: Are students over-relying on code generators
and missing critical programming skills? [1].

While first surveys try to gain insight in generative Al use at universities
and their struggle with legal questions about copyrights and exams [6][2],
there is little to no research about the usage habits of code generators
among CS students. Therefore a small survey among CS students was
conducted, asking about their code generator use when coding and their
trust in such systems. Several aspects of code generator use are covered
to understand the user behavior of this particular group. The item groups
can be roughly described as followed: Frequency of use and systems used,
specific tasks, purpose of use, trust in code generators, technical
knowledge and personal goals. Questions about the tasks students give to
code generators, allows us insight into the areas we can provide students
with additional support.

First results suggest that first year students let code generators generate
whole code blocks more often than master students. Master students use
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code generators to correct their code more often and both groups use gen-
erative Al to explain things they don’t understand. This paper will discuss
preliminary results of the survey with a focus on the tasks students give
to code generators and the purpose they are trying to achieve. The results
of our survey will guide the next step of developing interfaces for code
generators that are designed to cover the needs of CS students. Instead of
condemning the use of code generators for CS students, the opportunity
should be seized to harness its potential. To achieve this several options
have come to our attention, for example providing explanations via pre-
set prompts [4] or repairing buggy code and giving high precision feed-
back [7][5]. In an exploratory approach an interface combining the find-
ings of the survey and sustainable LLM use will be developed.

Questionnaire and Sample Group

The Survey follows an exploratory approach since there is little to no com-
parable work. Other surveys concentrated on students in general, rather
than focusing on a specific field of study. Instead, they provided an im-
portant overview [6, 2]. Previous work gives us the chance to use similar
items and compare our specific sample group of CS Students to the more
general sample groups.

Table 1: Item Groups; number of items

Group Title Number of Ttems
1. Frequency and Systems 2-4

2. Tasks and Purpose 3

3. Perceived Advantage 1

4. Trust 19

5. Technical Knowledge 6

6. Personal Goals and Skills 4

7. Demographic Data 5

The items of the questionnaire are split into seven item groups that cover
different topics. You can see the item groups with the number of items in
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Table 1, the groups important for the results presented in this work will
be explained closer. The first item group starts with participants selecting
if they have heard of and used code generators like ChatGPT for example.
Two of the possible answers suggest that they have not heard of or do not
use code generators for coding task, those participants will skip

a few item groups after the first one. Item block two again is for partici-
pants who use code generators for coding, it is about the specific tasks
they use code generators for as well as the purpose they hope to achieve.
The first question of the item block asks about the setting they use code
generators in, at work, at university, for private project, a combination is
possible. The second item covers the purpose of the use, giving them
three options to choose from, for example "I use code generators to submit
my programming tasks in time.”. The last question of the item block asks
participants to rate how often they have specific tasks done by code gen-
erators. The answer format is a five point Likert scale, participants indicate
the frequency code generators are used for each tasks individually. From
item block four on all items are presented to every participant, no matter
if they use code generators. As a first approach to the concept of trust in
Al and trustworthy Al we used the 'Trust in Automation’ questionnaire
by Koérber [3]. Item block six contains questions about their personal goals
and skills, again giving them seven statements they have to agree or disa-
gree to on a Likert scale, for example 'I really want to understand the con-
tent of my degree programme’. They also can rate to which extent they
find other platforms like Stackoverflow or Youtube helpful. As a last item
in this group they can choose to give additional information in a text field.
The complete survey can be found in the appendix.

The survey was distributed via several channels, with the goal to reach
bachelor and master students in computer science or closely related fields.
Several professors, a student council and the ’Junge Gesellschaft fiir In-
formatik’ were contacted and asked to distribute the survey to the students
via email. Students were free to participate. Over four weeks data from
342 participants were collected, 289 fulfilled the criteria of being a CS stu-
dent or from a closely related fields as well as completing the survey. The
group will be split to compare students who have started university before
popular LLMs like ChatGPT have been announced and students who have
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been exposed to LLMs since day one of their degree. Everyone with more
than 4 semester in a bachelor degree will be considered a higher level CS
student. The two groups formed will be called 'beginners’ and "advanced’
and have roughly the same amount of participants with n = 144 beginners
and n = 145 advanced. The beginner group has an average age of 22 with
a average of 3 semesters studied. The advanced group has an average age
of 26 and an average of 7 semester studied. In a next step students who
do not use code generators were separated from both groups, in total 38
students formed the group of non users and leaves the original two groups
with n = 127 advanced students and n = 124 beginners.

Results

The survey covers several variables that are expect to influence each other,
coding skills, trust, knowledge about code generator to name a few. As-
pects we want to take a closer look at are students mindset towards coding
and perceived struggles and goals they personally have. Some of the an-
swers students have written as additional information allow us a more
detailed, but subjective look at their experiences.

One rather negative possibility is that students do not see the need in un-
derstanding and learning of coding skills anymore and therefore use code
generators to finish their assignment in time and get good grades.

Tasks code generators used for; struggling vs non-struggling students
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Figure 1 Tasks different student groups use code generators for; Group sizes: SB =
16, NSB=77,SA=18, NSA=84
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Out of all 251 students using code generators only ten declared that they
do not believe acquiring coding skills is important for them. The most
important aspect is understanding the content of their study program,
with a mean of 4.47 on a 5 point Likert scale (1 meaning not important at
all, 5 meaning very important) over all students using code generators.
This is closely followed by a mean of 4,29 for the item 'Learning program-
ming skills is important to me'. Further participants seem to enjoy pro-
gramming and most of them have a feeling of self-efficacy when asked if
they are capable of solving coding tasks on their own. There is a smaller
group with n = 34 that is less confident in their programming abilities
compared to their fellow students, n = 57 would neither agree nor disagree
to the statement and n = 160 felt confident that they were as good as their
class mates. We found a difference in the use of code generators in the
two extreme groups, the 57 indecisive students are excluded in the follow-
ing results. As displayed in Figure 1, 195 students are divided into four
groups depending on their self-reported coding skills: advanced stu-
dents(n = 102) and beginners(n = 93) and each of them are subdivided
again into students who report struggles with coding tasks (advanced n =
18, beginners n = 16) and those who are confident in their abilities(ad-
vanced n = 84, beginners n = 77). The X-axis show the different tasks stu-
dents used the code generators for and the y-axis displays the average re-
ported frequency the groups would use code generators for the specific
task. Using code generators to explain code is more important to students
who struggle with coding tasks, no matter if advanced or beginner. Gen-
erating code is more often used by the advanced group that struggle with
coding. While beginners who struggle rely on code generators to correct
their code. In a second step the purpose these groups want to find in code
generators are analyzed. Figure 2 displays the purpose students hope to
find in code generators on the x-axis, with the groups and y-axis staying
the same as in the first graphic. Understanding tasks is most important
to struggling students coinciding with the findings in Figure 1, where ex-
plaining was the most used tasks. They also want to learn to code but more
often rely on code generators to finish assignments in time than students
who are confident in their programming skills.

Participants were free to give additional information about their experi-
ence with code generators, or why they chose not to use them.
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First some insights into the answers from students who use code
generators: Common ground for the fast majority is that code
generators can solve easy task or smaller chunks for a bigger task, but
are perceived as less helpful with complex tasks or very specific
questions. One comment sums up a lot of their experiences 'Copilot is
useful to make automated repetitive or standard code blocks, e.g.
creating for-loops to alter arrays. For specific or complex tasks it
regularly fails." Some even went further and described code generators
as 'sparing partner' or 'pair programmer' that could give ideas how
something can be done or one could discuss new approaches with. One
last example how students developed their very own approaches to code
generators is a person who reported his code documentation got a lot
better and more detailed, because he is making sure to give needed
details to his LLM of choice.

Purpose of code generator use; struggling vs non-struggling students
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Figure 2 Purpose of code generator use between different student groups;
Group sizes: SB= 16, NSB= 77, SA= 18, NSA =84

On the other hand we have CS students who decided not to use code gen-
erators, they agree on certain aspects as well. One they do not trust Al to
be correct and are afraid to not find the mistakes AI makes. Two they want



Second Workshop on Al for Al Education (AI4AlLearning) 75

to understand the concepts and code they create and believe they wouldn't
if they used code generators. And three some are concerned about their
academic integrity 'T don't trust them to generate the best solution and I
won't learn anything from just copying their solution anyways. I also
would rather not get in trouble for academic misconduct.' Some expressed
concerns about their privacy and data use in models like ChatGPT and
said they don't trust the people behind the systems.

Discussion

It has to be pointed out that this survey is not representative, a known
problem is a selective bias in such surveys. Students who choose to par-
ticipate in such surveys are likely to be motivated and interested in their
study, students who truly struggle are less likely to participate. However,
the results can still be used to listen to students’ needs and guide future
research projects. On the positive site it was shown that the students who
participated are eager to learn and understand programming concepts,
despite the current discussion that they might rely on generative Al too
much. The user patterns, different types of students show, can help us to
develop support structures to ensure their needs are met. For example,
students who are struggling with their programming skills seek to under-
stand the concepts. In a next phase Interfaces can be designed to explore
what type of support gets students the needed information, for example
through pre-set prompts [4]. Students would not have to figure out what
to ask and how to write a good prompt and could focus on understanding.
This group also tends to rely on code generators to hand in assignments
in time, therefore are in danger to fall behind with understanding the con-
cepts. Another group that could profit from input are students that up
until now do not use code generators. Research should look into trustwor-
thiness of LLMs to enable students to use newest technology without fear.
The trust questionnaire in this survey might bring some more insights
into this topic.



76 For What Tasks and Purpose Do Computer Science Students Use Code Generators --
Preliminary Results of an Online-Study

References

[1] Becker, B.A., Denny, P., Finnie-Ansley, J., Luxton-Reilly, A., Prather, J., Santos, E.A.: Pro-
gramming is hard - or at least it used to be. In: Proceedings of the 54" ACM Technical
Symposium on Computer Science Education V. 1. pp. 500-506. ACM, New York, NY, USA
(2023).

[2] Hisch, M. Kinstliche Intelligenz im Studium: Nicht iberall auf Kurs
(2024),https:/ /www.che.de/2024 /kuenstliche-intelligenz-im-studium-noch-nicht-in-allen-
faechern-auf-kurs/

[3] Kérber, M.: Theoretical considerations and development of a questionnaire to measure
trust in automation. In: Bagnara, S., Tartaglia, R., Albolino, S., Alexander, T, Fujita, Y. (eds.)
Proceedings of the 20th Congress of the International Ergonomics Association (IEA 2018).
pp. 13-30. Springer, Cham (2019)

[4] Nam, D., Macvean, A., Hellendoorn, V., Vasilescu, B., Myers, B.: Using an LLM to help
with code understanding. In: Roychoudhury, A., Paiva, A., Abreu, R., Storey, M. (eds.) Pro-
ceedings of the 46th IEEE/ACM International Conference on Software Engineering. pp. 1-
13. ACM Digital Library (2024).

[5] Phung, T., Cambronero, J., Gulwani, S., Kohn, T., Majumdar, R., Singla, A., Soares, G.:
Generating high-precision feedback for programming syntax errors using large language
models.

[6] Schlude, A., Mendel, U., Stiirz, R.A., Fischer, M.: Verbreitung und Akzeptanz generativer
KI an Schulen und Hochschulen (2024), bidt, Munich.

Appendix

Summary of the ltems of the Questionnaire

Item Block 1: Frequency of use and system selection

1.1 Have you heard of code generators for creating and/or checking pro-
gramme code and have you ever used systems such as ChatGPT or Copi-
lot for this purpose?
Answer options:

- Yes, I have heard of it and use it regularly for these purposes.Yes

- | have heard of it and use it sometimes for these purposes.

- Yes, | have heard of it and used it once or twice for these purposes.

- Yes, | have heard of it, but never used it for these purposes.

- No, | had never heard of it before this survey.

1.2 Indicate to what extent you agree with the following statement about
yourself: | know and understand the principles of generative Al.
Answer options: 5 point Likert scale ‘Strongly disagree’ to ‘Strongly agree’
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1.3 | use the following code generators for programming/correcting code
or related tasks:
Answer options:

- OpenAl GPT-3.5

- OpenAl GPT-4

- GitHub Copilot

- Amazon Codewhisperer

- Mistral Al

- Others

1.4 What other code generators do you use?
Answer in open text field

Item Block 2: Tasks and Purposes

2.1 When do you use code generators for programming tasks
Answer options (multiple choice):

- At University

- private projects

- atwork

- others

2.2 With what intention do you use code generators when using them for
programming tasks?
Answer Options (5 point Likert scale for each statement from ‘Never’ to ‘Al-
ways’):
-l use code generators to learn to programme better.
-l use code generators to submit my programming tasks in time.
-l use code generators to understand programming tasks properly.

2.3 How often do you have code generators perform the following specific
tasks?
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Answer Options (5 point Likert scale for each statement from ‘Never’ to ‘Al-

ways’):

Generate program code

check program code

translate program code into other language
explain program code

Item Block 3: Advantages

3.1 Code generators have helped me...
Answer Options(5 point Likert scale for each statement from ‘Strongly disagree’
to ‘Strongly agree’):

...to improve my performance.

...to improve my programming skills.

...to improve my knowledge about programming.

...to improve my knowledge about programming concepts.
...to save time when coding

...to have more fun with programming.

Item Block 4: Trust

19 questions from the Trust in Automation Questionnaire, see Kérber

(2019)

Item Block 5: Technical Knowledge

Read through the statements about code generators and indicate whether
they are correct or incorrect.
Answer Options( for each statement ‘Correct’, ‘Incorrect’ and ‘I don’t know’):

‘Code generators such as ChatGPT and the similar systems are large
language models with transformer architecture.’

‘Code generators search the Internet for the right answers.’

‘The main function of the "self-attention" mechanism is the modelling
of the time sequence of data points.’

‘The transformer architecture can be divided into encoder and decoder
phases.’

‘Code generators can solve every task equally well.’

‘Code generators can provide incorrect answers.’
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Item Block 6: Personal Motivation and Preferred Platforms

6.1 How would you rate the usefulness of the following platforms for solv-
ing programming tasks?
Answer Options(5 point Likert scale from ‘Never useful’ to ‘Always useful’ and
‘I don’t use it’):

Stackoverflow

Reddit

StackExchange

GeeeksforGeeks

Youtube

6.2 Read the following statements and indicate to what extent they apply to
you personally.
Answer Options(5 point Likert scale from ‘Strongly disagree’ to ‘Strongly
agree’):
‘I really want to understand the content of my degree program’
‘I want good grades’, ‘I enjoy programming’
‘Learning to programme is more difficult for me than for my fellow
students.’
‘I believe that | can solve the programming tasks in my course inde-
pendently.’
‘I 'regularly attend tutorials/practice sessions.’
‘Learning to programme is important to me.’.

6.3 What works particularly well when you use code generators for pro-
gramming, and what doesn't? Is there anything else you would like to
share? OR Why don't you use code generators? s there anything else you
would like to share?

Answer Options: Open text field

Item Block 7: Demographics

7.1 Please enter your age in years.

7.2 Which gender do you identify with? (male/female/divers/no answer)

7.3 Which degree program are you enrolled in? Please indicate whether
you are enrolled in a Bachelor's (BSc) or Master's (MSc) program.
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7.4 What semester are you studying in?
7.5 Which university are you enrolled at?
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