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ABSTRACT

Background: The recent advent of powerful, exam-passing large language models (LLMs) in public awareness has led to con-
cerns over students cheating, but has also given rise to calls for including or even focusing education on LLMs. There is a
perceived urgency to react immediately, as well as claims that Al-based reforms of education will lead to a broadening of acces-
sibility to high-quality education.

Objectives: We review and discuss three major themes that appear in the research literature on LLMs and computing education,
namely that (i) LLMs exhibit human-like performance and can pass exams, (ii) LLMs are freely available and intuitive to use,
and (iii) students use LLMs to cheat or accept the results without critical evaluation. Moreover, we highlight the importance of a
more human-centric view on the topic.

Methods: The discussion is based on a review of the (research) literature in the fields related to computing education, picks
up claims and statements from the literature, and compares them with research findings from the area. By making some of the
rather tacit premises more explicit and putting them into context, we aim to base the discourse about AI in education on more
solid grounds.

Results and Conclusion: We find that claims such as the broadening of accessibility to high-quality education or calls for
urgent educational reforms are not supported by evidence. Furthermore, we argue that there is a central human element in edu-
cation that cannot be automated or replaced by AI tools.

1 | Introduction Bogart, Song, et al. 2023; Savelka, Agarwal, An, et al. 2023;

Vallance 2023). The one thing everyone seems to equivocally agree

The arrival of large language models (LLMs) in the public con-
sciousness has brought AT to the fore of public discourse. ChatGPT
was immediately hailed as a game-changer with its capability to
react to textual input with stunningly coherent answers (Becker
et al. 2023; Bull and Kharrufa 2023; Harrer 2023; Herbold
et al. 2023; Rajabi et al. 2023; Sallam 2023). LLMs were envisioned
to both do and grade homework, give feedback, solve problems
and make everyone a ‘programmer’; but also to replace (white-
collar) jobs and open up new opportunities for cheating (Bull and
Kharrufa 2023; Christian 2023; Denny, Kumar, et al. 2023; Finnie-
Ansley et al. 2022, 2023; Ibrahim et al. 2023; Savelka, Agarwal,

on is that LLMs will have a lasting impact on our world.

Soon after their arrival, LLMs have been shown to solve a
wide variety of problems and achieve performances that would
allow these tools to pass exams or excel at coding competitions,
say (Prather, Denny, et al. 2023; Li et al. 2022). Evidently, this
means that students might use LLMs to successfully cheat
during assignments and exams. On the flip side, it puts into
question the very methods of teaching and assessment; what
value does an education or a test have, if it can be passed by a
machine? Does it still make sense to teach the same contents
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Summary

« What is currently known about this topic?

o Large language models (LLMs) such as ChatGPT
have had a huge impact on the public discourse and
led to calls for immediate reaction and a revolution
in education. Major concerns are new possibili-
ties for students to cheat and how these LLMs will
change professional work.

» What does this paper add?

o We review and discuss three core themes in the re-
search literature: the human-like performance of
LLMs, their free availability, and whether dishonest
use of LLMs is as big an issue as often suggested.

« Implications for practice/or policy
o While the arrival of (generative) Al should certainly
be considered in education, we must be careful not
to blindly embrace it at the cost of our core values.

or should we rather instruct students on how to use LLMs in-
stead? Conversely, do we have to make the questions ‘harder’
in the sense that LLMs should no longer reliably find the cor-
rect answers?

From the perspective of a teacher or an examiner, we are sud-
denly thrown into a real-life Turing test. We need to discern
what is original work by a student and what might have been
generated by AI systems. What was originally a thought experi-
ment has suddenly become a reality: the notion that an artificial
system can imitate a student well enough to fool the examiner.

Although the most famous in public discourse, ChatGPT is
not the first LLM that has been released to the public recently.
Codex and Copilot have already been the subject of research for
some time, although generally with a clearer focus on the pro-
ductivity of professional programmers or code analysis (Barke
et al. 2023; Ernst and Bavota 2022; Finnie-Ansley et al. 2022;
Sarsa et al. 2022; Vaithilingam et al. 2022). Still, research and
debate in this area are just taking off with many yet unknowns
and often a mixture of scientific facts, marketing, and folklore
clouding the picture and debate.

Yet, one of the key questions has already emerged quite clearly:
how do we have to adapt our educational systems and practices in
light of the new generative AI? As outlined above, the arguments
brought forward seem overwhelming, ranging from concerns
over students’ cheating to visions of completely novel skill sets
needed to succeed in future careers. In fact, during a recent lit-
erature review (Prather, Denny, et al. (2023)) we noticed a small
number of recurring themes that were used to motivate specific
lines of research in this area or call for immediate action in re-
forming education:

« LLMs exhibit ‘human-level’ or ‘human-like performance’
and can pass scholarly tests and exams;

« LLMs are free of charge, easy to use and provide an accessi-
ble, convenient and ubiquitous ‘natural-language’ interface;

« LLMs allow students to cheat and/or cause them to become
over-reliant on LLMs.

Closer inspection reveals that few papers actually discuss what
they mean by ‘human-like performance’, leaving it as a vague
but highly suggestive term. Moreover, neither the hailed acces-
sibility nor the concerns over students’ dishonesty really hold
up to currently available evidence (cf. Sections 2.4 and 3.4). We
therefore argue that we should not be too hasty or overzealous in
our conclusions that education should be revolutionised in light
of generative AL

Moreover, an aspect that finds little attention in the discourse so
far is the ‘human element’ in education. There seems to be gen-
eral excitement about providing students with new educational
tools that can provide customised explanations, assessments
and support. In effect, however, this means replacing human
tutors and teachers with machines. We question whether such
a replacement is always appropriate and caution against a re-
moval of the human element in education, particularly without
due discussion and deliberation.

In four sections, we will try to investigate the above claims in the
current debate (which is pretty much a moving target) and argue
that many positions brought forward should be scrutinised more
critically. In particular, in Section 2 we look at how the arrival
of LLMs affects, in turn, students, teachers and professionals. In
Section 3 we look at the skills required to effectively use LLMs
and debunk the notion of a freely and intuitively accessible sys-
tem. In Section 4 we focus on the issue of assessment before
we aim to put it all into a larger context in Section 5. Perhaps
the key message of the entire article is that we must not allow
the ‘human element’ to be overlooked in the current debate.
Education is not about the technology, but about the learner and
the society we are shaping through education.

1.1 | Methodology

The sudden nascence of LLMs on the global stage and their im-
mense potential impact on science, education and society means
that, first, the most relevant literature is very recent and, sec-
ond, new publications on the topic appear at a very fast pace.
We therefore opted against a systematic literature review, but
instead relied on a survey based on snowballing, published by
an ITiCSE working group (Prather, Denny, et al. 2023), as our
basis. We then complemented this initial list of around 70 papers
by including 24 articles published at the ITiCSE 2023 conference
and the SIGCSE TS 2024 as representatives of newer articles in
the field that could not have been considered by the ITiCSE 2023
working group. We searched for the keywords ‘GPT’, ‘LLM’ and
‘Generative AD’ to find potentially relevant publications from
these venues. The articles published at these later venues are no-
ticeably more ‘mature’ in the sense that these articles spend less
time on motivating the need for a discussion or assessment of
generative AI, LLM or GPT models (similarly, Denny, Leinonen,
et al. (2024) note that the discussion has shifted from assessing
capabilities of LLMs to using them in classroom).

1.2 | Position and Limitations

As outlined above, we are critical of the narrative that LLMs
are ‘human-like’ and highly accessible systems that could and
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should revolutionise education. We do not, however, ques-
tion the performance LLMs have shown in various tasks and
benchmarks, but rather whether descriptions as ‘human-like’
are conducive to a scholarly debate without proper discussion
of what is meant by it. Likewise, it is evident that LLMs and
ChatGPT in particular enjoy a huge number of users; we cau-
tion, however, against concluding that everyone has equal
access to such systems and finds it equally intuitive to use
productively.

In particular, we believe that calls to immediately integrate gen-
erative Al into education or to question the value of current edu-
cation are premature. On the premise that education at its core is
not about preparing students for the future, but to foster the per-
sonal growth of the students as human beings (see Section 5.1),
we argue that the impact of new technologies such as LLMs on
the core of education is often overestimated.

As a review with a targeted focus on a few selected themes, this
paper does not aim to provide an overview of the entire research
literature, but rather tries to highlight how some of the premises
and conclusions surrounding the body of research deserve more
scrutiny and in-depth discussion. Given how academic research
and corporate interests are strongly intertwined, we must be
mindful of how we frame our research in the public discourse
and make sure that we critically assess our underlying assump-
tions and positions.

2 | The Arrival of Large Language Models

At least as far as computing education is concerned, LLMs have
arrived in two waves. The first wave of research and exploration
was caused by the introduction of Codex and Copilot in 2021 as
models trained specifically on code with the aim of boosting pro-
grammer productivity (Barke et al. 2023; Becker et al. 2023; Bird
et al. 2022; Ernst and Bavota 2022; Vaithilingam et al. 2022).
While the release of these programming-oriented models was
relatively contained to the computing community, the second
wave, with the release of ChatGPT in late 2022, caused a much
more widespread frenzy, leading to a sudden public aware-
ness of LLMs (Fletcher and Nielsen 2024; Joshi et al. 2024;
Vallance 2022).

Particularly from experimenting with ChatGPT, it was quickly
found that LLMs could do your homework, pass exams, grade
students and even solve problems (Becker et al. 2023; Finnie-
Ansley et al. 2022). A crucial aspect that has been reported
very frequently is the free and easy access to ChatGPT, mak-
ing it readily available for everyone. Furthermore, the impres-
sive natural-language output is usually described as achieving
‘human-like performance’ (Prather, Denny, et al. 2023).

In this section, we will look at the literature and debate from
three different perspectives, focusing on the impact and rami-
fications of LLMs on (i) students and education in general, (ii)
teachers and educators, and (iii) professional software develop-
ers; we acknowledge, however, that none of these three perspec-
tives can be entirely isolated from the other two, leading to some
thematic overlaps.

2.1 | The Immediate Revolution in Education

In light of ChatGPT's impressive performance, there seems to
be general agreement that “changes to the educational system
are inevitable” (Malinka et al. 2023) and that “it is already clear
that artificial intelligence has the potential to revolutionise the
way we teach and learn” (Rudolph et al. 2023). Moreover, these
changes call for an immediate reaction (Malinka et al. 2023)
before it is “too late for educational institutions” (Rudolph
et al. 2023). Likewise, “With the escalating influence of LLMs,
there is an urgent need to reshape the education of future soft-
ware engineers” (Kirova et al. 2024). Although usually less dra-
matic, these sentiments are often shared in one form or another:
“curricular changes needed to accommodate the new reality”
(Savelka, Agarwal, An, et al. 2023), “an existential threat to the
teaching and learning of introductory programming” (Finnie-
Ansley et al. 2022), “It seems clear that the contemporary rise
of AI tools has provoked some anxiety within the education
community” (French et al. 2023) and “we envision that LLMs
could have a substantial impact on the education sector” (Nunes
et al. 2023). Finally, Becker et al. (2023) state that “Our view is
that these tools stand to change how programming is taught and
learned - potentially significantly - in the near-term, and that
they present multiple opportunities and challenges that warrant
immediate discussion as we adapt to the use of these tools pro-
liferating”, calling for that “we urgently need to review our edu-
cational practices in light of these new technologies”.

The urgency of a necessary reaction was also reported by one of the
first studies probing educators’ views after the release of ChatGPT:
“We found that in the short-term many planned to take immedi-
ate measures to discourage cheating” (Lau and Guo 2023). In this
case, the immediacy is clearly connected to the fear that students
might cheat, where Lau and Guo (2023) also note that “One spe-
cific concern on the forefront of many educators’ minds is the fact
that these tools can effectively solve homework assignments and
exam problems across a wide variety of school subjects”.

The cause for this widespread concern on the impact of LLMs on
education can mostly be found in the ability of LLMs to solve as-
signments, write essays and even pass exams (Becker et al. 2023;
Denny, Prather, et al. 2024; Finnie-Ansley et al. 2022; Herbold
et al. 2023; Kiesler and Schiffner 2023; Mahon et al. 2023; Nunes
et al. 2023; Prather, Denny, et al. 2023; Sarsa, Denny, et al. 2022;
Yeadon et al. 2023), putting into question the sense of homework
assignments, but also raising concerns over cheating and dis-
honesty. The result has been a large number of studies trying
to assess the capabilities of LLMs for solving problems (Prather,
Denny, et al. 2023), often with reference to the issue of cheating.
In fact, while most papers report concerns about cheating and
dishonesty, French et al. (2023) explicitly point out that “stu-
dents might also choose to take responsibility for their actions”.
Equally, Zastudil et al. (2023) cite an interview participant sug-
gesting that a “student who was never motivated to cheat in the
first place will not do it now just because ChatGPT is available”,
which is also supported by Rogers et al. (2024)'s findings.

The perceived immediacy of revolution and thus urgency to
react in education may be contrasted with a more cautious
stance in medicine and healthcare. As Harrer (2023) points out:
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“The often-heralded Silicon Valley paradigm of ‘move fast and
break things’ does not apply to healthcare and medicine”. With
human lives at stake, errors weigh much heavier in the field of
medicine and Harrer (2023) stresses the importance of trust (be-
tween doctor and patient), which may be quickly and irrevoca-
bly lost through faulty AI systems.

We might wonder, though, whether education, too, is—or
should be—a field where trust is highly valued and consid-
ered a crucial good to be protected. The relationship between
teacher and student is to a very large degree based on trust,
where students need some authority to help them organise facts
and learning (Kirschner and van Merriénboer 2013). In fact,
Whitehead (1959) makes the point that students have to accept
the authority of their teacher as a basis to trust in the validity
and usefulness of the ideas presented before they can then go
on and scrutinise these ideas for themselves. For instance, stu-
dents cannot effectively assess the trustworthiness of an online
resource on their own, nor effectively learn from experiment-
ing without guidance (Kirschner et al. 2006; Kirschner and van
Merriénboer 2013).

The discussion regarding trust in the context of AI is primar-
ily concerned with the trust that students (or teachers) place
in AT systems: “Trust is one of the main factors affecting the
interaction between AI and its users” (Amoozadeh et al. 2024).
Amoozadeh et al. (2024) found about half of the study partic-
ipants expressing a lack of trust, while Zastudil et al. (2023)
report that most students as well as most teachers in their
study cited a lack of trustworthiness as a major concern.
Tossell et al. (2024), too, report that students cited concerns
about the trustworthiness of LLMs. Indeed, properly utilising
LLMs does not necessarily come naturally, but requires some
basic skills (Section 3). In particular, the output generated by
LLMs is unreliable and requires critical evaluation (cf. Alves
and Cipriano (2023); Dakhel et al. (2023); Harrer (2023)). In
spite of impressive benchmark results, it is virtually impossible
to prove the trustworthiness of LLMs due to their probabilis-
tic nature. Even established and commercial AI systems may
endanger children because of the AI's lack of understanding
(BBC 2021a). Philbin (2023) warns that the students' belief
that “the AI is always correct” may lead to “adverse learning
outcomes”.

It is important, though, to understand the difference between
‘trust in a machine’, which translates to a confidence that it
works properly (we will come back to this issue in Section 3.2),
and ‘trust in a person’, which is a complex social relationship.
Placing your trust in a teacher is more akin to the assumption
that the teacher will work towards your growth, success and
prosperity. We would therefore argue that trust plays as crucial
arole in education as in healthcare and that questions of human
trust should be at the fore of our considerations.

Returning to the urgency of revolutionising education, we
might note that similar arguments have been brought forward
before. Actually, in the context of ‘digital natives’, for instance,
Kirschner and van Merriénboer (2013) bring Cohen's concept of
‘moral panic’ to our attention, which we believe equally applies
in the context of generative AI: “moral panic occurs when a ‘con-
dition, episode, person or group of persons emerge to become

defined as a threat to social values and interests’” (Cohen 1973;
Kirschner and van Merriénboer 2013). Moreover:

Arguments are often couched in dramatic language,
proclaim a profound change in the world, and
pronounce stark generational differences...

Such claims coupled with appeals to common sense
and recognizable anecdotes are used to declare
an emergency situation, and call for urgent and

fundamental change. [...]

Thus, the language of moral panic and the divides
established by commentators serve to close down
debate, and in doing so allow unevidenced claims to

proliferate.
(Cohen 1973, 782-783)

As shown at the beginning of this section, we do indeed find
the claims that (generative) AI and LLMs are profoundly chang-
ing our world and that we should urgently reform education
and react immediately to these new challenges and opportuni-
ties (cf. also Balse et al. (2023)). For instance, Denny, Prather,
et al. (2024) remark that “Educators need to adapt quickly”
and “In short, we must adopt or perish”. Some go even further
and declare a fundamental reform of computer science itself
(Welsh 2022). A frequently cited paper on early signs of ‘artificial
general intelligence’ (Bubeck et al. 2023) readily admits that the
results claimed in the paper are not reproducible (in fact, some
claims have been experimentally refuted (Dean 2023)), which
lacks in the fundamental principles of scientific methodology
and discourse (Marcus 2023). Hence, Cohen's concept of ‘moral
panic’ seems a surprisingly apt description of the current debate.

We feel that as a community we have to push back on this ele-
ments of ‘moral panic’ and strife for a more balanced discussion
where we seek out reliable and durable evidence for the actual
impact, educational necessity and benefits of generative AT (cf.
Fletcher and Nielsen (2024)). In this, we should perhaps follow
the example of healthcare to a more measured and contemplated
approach.

2.2 | A Welcome Teaching Tool

Saving valuable time or human effort has been a trope in the
field of technology since the dawn of public debate. It is not
surprising that we find high hopes placed in LLMs to do just
that—particularly on the part of the teacher or expert and usu-
ally combined with the idea of freeing up valuable resources for
more meaningful tasks.

There are two (related) major themes that emerge from the liter-
ature. On the one hand, there is the problem of scaling education
with an emphasis on scarce (human) teaching resources, particu-
larly in light of growing student numbers (Al-Hossami et al. 2023,
2024; Denny, Sarsa, et al. 2022; Leinonen, Denny, et al. 2023;
Liffiton et al. 2023; Liu and M'hiri 2024; Phung et al. 2023; Taylor
et al. 2024; Zhang et al. 2022). On the other hand, teachers and
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experts seem to be bogged down with irrelevant problems, keep-
ing them from utilising their skills more effectively, as noted by,
e.g., Ahmed et al. (2022): “time that might otherwise be spent
on useful pedagogy on problem-solving and logic is spent help-
ing novices deal with such [minor] errors.” This is also mirrored
in healthcare: “LLMs show promise to change clinical practice
by allowing doctors to spend more time with their patients.”
(Harrer 2023). In terms of professional software developers, this
is usually framed as ‘increased productivity’. In a very similar
vein, we find that the production of ‘high-quality’ teaching ma-
terials is a time-consuming, laborious and costly task and hence
both difficult to scale and taking away important teacher's time
(Becker et al. 2023; Ishizue et al. 2024; Liffiton et al. 2023; Lu
et al. 2023).

Education at scale is, of course, not a new phenomenon as ev-
idenced by, e.g., the numerous MOOCs and online academies,
which essentially continue the ideas of television-broadcasted
educational programmes from the 20th century. In order to
scale education, it must be automated to a very high degree,
moving away from the classic notion of teacher-student relation-
ships. The promise that AI brings to this endeavour is to make
it truly interactive and personalised. Students can now generate
new exercises, model solutions and explanations, but also get
timely and useful feedback on their work (Becker et al. 2023; Dai
et al. 2023; Jalil et al. 2023; MacNeil et al. 2023; Ouh et al. 2023;
Phung et al. 2023; Prather, Denny, et al. 2023; Sarsa et al. 2022;
Wermelinger 2023). On the flip side, Sarsa et al. (2022) note that
automated assessment also has an impact on teaching in that it
favours a multitude of small programmes that are amenable to
automated assessment, grading and feedback generation. Thus
the tools we use in order to scale education have reciprocally a
direct influence on what and how we teach.

A consequence of the focus on scaling education is the neces-
sary devaluation of teachers and seeing their role more in man-
aging students’ learning process. This is not only due to the issue
of scaling, of course, but also coincides with other factors like
the proliferation of self-directed learning such as Papert's con-
structionism. Kirschner and van Merriénboer (2013) observed
the “demotion of teachers from someone whose job it was [...] to
teach [...] to someone whose role is standing on the sidelines and
guiding and/or coaxing a breed of self-educators”. Moreover,
they argue that students are not necessarily good or successful
in controlling their own learning, “especially in computer-based
learning environments”—something that has, unfortunately,
only become too apparent during the recent pandemic.

So, while the literature motivates the use of LLMs for teaching
by freeing teachers from mundane tasks and helping them focus
on what is pedagogically more meaningful, we have to concede
that the very notion of scaling education is at odds with this
‘helping the teacher’ sentiment—by scaling education the actual
teacher is replaced by a mere course administrator. Moreover,
we should equally be aware of the strong values induced by the
very notion of freeing up teachers' time from ordinary or minor
problems of learning to more substantial and important tasks.
This is not to say that the use of LLMs or generative Al is nec-
essarily problematic or not helpful for the purpose of teaching,
but the picture is clearly more complex than how it is commonly
drawn. The use of technology such as LLMs as well as the idea

of education at scale comes with stark moral values and implica-
tions on what education actually is.

Finally, the notion of freeing up rote and meaningless human
‘cognitive’ labour is a cornerstone and defining characteristic
of the field of artificial intelligence (and computing in general).
Blackwell (2023), however, warns us that “if the purpose of an
Al system is really to economically replicate or automate human
actions, we need to ask when and why this is an appropriate
thing to do”. In other words, even if LLMs allow us to replace
teachers and automate teaching tasks, we have to be careful and
consider whether this results in a meaningful benefit for stu-
dents and their learning process.

2.3 | Think and Act Like Professionals

In professional settings, generative AI is perceived both as a
threat to job security and prospects, but also as a useful tool to
boost productivity. The issue of employment prospects is ex-
plicitly raised by French et al. (2023): “An additional reason for
advocating a critical approach to the software was to reduce stu-
dents' fears around Al replacing them in the future workplace,
a common anxiety that emerged during informal discussions.”
The flip side of this coin is the notion that students should learn
to make effective use of LLMs as this skill will likely be required
at future workplaces (Bull and Kharrufa 2023; Fernandez and
Cornell 2024; Kirova et al. 2024; Malinka et al. 2023; Rogers
et al. 2024). The two sides are also echoed by students, who
“expressed mixed views on how GenAlI tools might affect
their future career prospects. While some believed job oppor-
tunities would decrease, others were optimistic that these tools
would improve their productivity and give rise to new careers”
(Prather, Denny, et al. 2023).

Software engineers who were asked about their experience with
LLMs “agree that there was no need to train developers spe-
cifically on the use of these tools”, but emphasise that “people
should have a grasp of programming fundamentals” (Bull and
Kharrufa 2023). Indeed, the performance gap between novices
and experienced programmers when using LLMs has been con-
firmed empirically (Nam et al. 2023), suggesting that a solid
foundation in programming is not only a prerequisite for effec-
tive use of LLMs, but also the best preparation. This is also in line
with findings regarding internet search behaviour: “Students
with more prior knowledge have an advantage because they can
easily link their prior knowledge [...] to information found on the
web” (Kirschner and van Merriénboer 2013).

With their ability to suggest and complete program code, it is
obvious that LLMs extend already existing code completion and
augmentation technologies used in modern development envi-
ronments (IDEs). Research has therefore looked into how LLMs
are best integrated into existing development environments and
workflows, and to what extent LLMs increase productivity (Bull
and Kharrufa 2023; Nam et al. 2023; Vaithilingam et al. 2022).

In order to inform training and education, Bull and
Kharrufa (2023) have interviewed five professional software
developers and found that LLMs have “the potential to im-
prove productivity and capacity”. The participants reported
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that LLMs help automate the “boring stuft”, speed up coding
or simply provide ideas or a first draft as a starting point. In
contrast, Vaithilingam et al. (2022) looked at the actual per-
formance gains and found that although the participants
reported a feeling of increased productivity, this was not nec-
essarily backed up by numbers. The positive feeling towards
LLMs and their usefulness is also reported by a different
study, together with a significantly increased task comple-
tion rate (Nam et al. 2023). Finally, even novice programmers
can benefit from using LLMs, although not as much as more
experienced programmers (Kazemitabaar et al. 2023). There
are, however, concerns regarding the students' abilities to crit-
ically assess the output of LLMs (Cipriano and Alves 2023;
Dakhel et al. 2023; Finnie-Ansley et al. 2022; Prather, Reeves,
et al. 2023; Sandoval et al. 2023).

2.4 | LLMs: For Adults Only

A noteworthy theme that emerges from the literature and gen-
eral discussion on LLMs in education is the strong distrust of
how students might use this technology. For instance: “Having
Codex in the hands of students should warrant concern simi-
lar to having a power tool in the hands of an amateur” (Finnie-
Ansley et al. 2022) or “[Copilot] can also become a liability if it is
used by novices” (Dakhel et al. 2023). Hoq et al. (2024) observe
that “While these tools might help professional programmers
develop code more efficiently and can be used by instructors
to create educational resources, programming educators have
raised concerns around potential student over-reliance on these
models”. Indeed, the debate so far suggests that there are rather
clear usage scenarios for the different types of users:

« Professionals use LLMs for increased productivity;
» Teachers use LLMs to reduce the workload;

« Students use LLMs unreflected or to cheat.

As a direct consequence of this sentiment there is a tension be-
tween ‘banning LLMs to avoid cheating’ and ‘teaching the use
of LLMs to prepare students for their careers’—a tension that
has been explicitly picked up by the community in titles such as,
e.g., “From ‘ban it until we understand it’ to ‘resistance is futile’”
(Lau and Guo 2023) or “RenAlssance or ApocAlypse?” (Denny,
Becker, et al. 2023).

Moreover, it is striking how the discourse commonly frames
the students using LLMs on their own initiative as a problem,
whereas the same technology is hailed as a great tool in the
hands of teachers and professionals. As French et al. (2023)
and Zastudil et al. (2023) have pointed out, students themselves
might actually be more worried about their learning than eager
to cheat their way through school. This has been corroborated
by Lee et al. (2024), who found that cheating behaviour re-
mained relatively stable and by Rogers et al. (2024), who report
that the majority of students are using LLMs “in ways that we as
educators would appreciate”, but also note that the unreliabil-
ity of LLMs' output may act as a deterrence. Furthermore, there
have already been anecdotes of teachers and researchers (i.e.,
not students) using LLMs in dishonest or inappropriate ways
(cf. Hoover (2023); Klee (2023)). Hence, the picture of students

cheating and ‘adults’ using LLMs responsibly has so far little ev-
idence in reality.

In fact, students’ motivation for using an LLM to complete an as-
signment might not differ that much from teachers and profes-
sionals. During interviews conducted by Zastudil et al. (2023),
students indicated that they tend to use LLMs to avoid “busy
work” or “meaningless” assignments. This differs little from
the professionals using an LLM to automate the “boring stuff”
(Bull and Kharrufa 2023) or the hope to free up teachers' time
for meaningful tasks (cf. Section 2.2).

In addition to concerns about students' dishonesty, there
are also concerns about students becoming over-reliant
(Becker et al. 2023; Denny, Khosravi, et al. 2023; Fernandez
and Cornell 2024; Finnie-Ansley et al. 2022; Kazemitabaar
et al. 2023; Lau and Guo 2023; Reeves et al. 2023). or lacking
the ability to critically reflect and understand the output gen-
erated by LLMs (Section 3.3). However, the concern of students
using LLMs to cheat clearly permeates the literature (Becker
et al. 2023; Bull and Kharrufa 2023; Cipriano and Alves 2023;
Denny et al. 2022; Denny, Khosravi, et al. 2023; Denny,
Leinonen, et al. 2023; Denny, Leinonen, et al. 2024; Dobslaw
and Bergh 2023; Finnie-Ansley et al. 2022; Idialu et al. 2017;
Jalil et al. 2023; Kazemitabaar et al. 2023; Kiesler and
Schiffner 2023; Lau and Guo 2023; Nguyen and Allan 2024;
Orenstrakh et al. 2023; Ouh et al. 2023; Philbin 2023; Prasad
and Sane 2024; Prather, Denny, et al. 2023; Puryear and
Sprint 2022; Rajabi et al. 2023; Savelka, Agarwal, Bogart, Song,
et al. 2023; Savelka, Agarwal, Bogart, and Sakr 2023; Sheard
et al. 2024; Wang et al. 2023; Wermelinger 2023).

3 | The Skills Required

The idea of interacting with a computer using natural lan-
guage is at least as old as computers themselves (Turing 1950;
Weizenbaum 1966; Dijkstra 1979; Guzdial 2015)—an idea that
LLMs seem to finally fulfil. However, in spite of popular claims
regarding ‘natural conversations’ or the LLMs' ‘understand-
ing of intent’, there are issues regarding both input and output.
Harrer (2023), for instance, emphasises that LLMs “should be
treated as imperfect tools which [...] need strict human super-
vision and action at both operational interfaces, input and out-
put”. Indeed, as it turns out, there is skill involved in crafting a
prompt for the input and the output in form of generated text
must be critically evaluated.

3.1 | Prompt Engineering

The exact prompt (input) to an LLM is essential for the gener-
ation of high-quality output: “the AI code generator produces
high quality results, but this depends on the quality of the
prompt message” (Kazemitabaar et al. 2023). Even small details
such as putting a colon at the end of a prompt can make a differ-
ence (Wermelinger 2023) and he notes that “Copilot most often
does not understand our instructions to fix or improve the code
it generates unless we formulate them in a very specific way”. In
contrast Reeves et al. (2023) found that variations in prompts did
not make as much of a difference as expected. In any case, the
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task of ‘engineering a good prompt’ has certainly received some
widespread attention.

The mere notion of ‘prompt engineering’ is already suggestive
of the fact that LLMs do not really understand the prompt, nor
do they provide a truly ‘natural’ interface. Jiang et al. (2022)
argue that even LLMs have syntax and semantics that must
be understood by the user. They highlight “a sense of needing
to learn the system's ‘syntax’, despite model input consisting
of natural language” and “challenges in forming an accurate
mental model of the types of requests the model can reliably
translate to code”. Moreover, Sarkar (2023) suggests that “the
disappearance of formality may be an illusion; generative
models still require high levels of craft expertise to use effec-
tively, and the shift to ‘prompt engineering’ hasn't eliminated
programming at all, but simply shifted it into a higher level of
abstraction”.

Harel and Marron (2024) raise the question about the signifi-
cance of knowing whether we converse with a human or a
machine and point out that people might have different expecta-
tions when dealing with a human or a machine.

From a historical perspective, it is interesting to observe how
the natural text interface is hailed as the future and expected
to supplant programming, say. In contrast, Dijkstra (1979)
pointed out that we should not consider formal symbols
a burden, but rather a privilege. Indeed, the evolution of
mathematical notation has arguably been a major driver
for mathematical and scientific discoveries. Furthermore,
Arawjo (2020) shows how programming notation has evolved
from drawn diagrams to the modern text-based form, which
is already—to a certain extent—a reversal of the long evolu-
tion of mathematical notation to fit a modern medium (i.e.,
the typewriter). Nonetheless, what certainly has changed
since the publication of Dijkstra's article in the 1970s is the
level of abstraction: it is not programming as a low-level algo-
rithmic description that will necessarily be replaced by LLMs,
but rather the idea that end-users can state intentions of what
should be automated (Sarkar 2023). On the other hand, this
works only ‘in the small’ as the complexity of ‘real-world” soft-
ware systems prohibits a specification in ‘natural language’
and therefore also highlights limitations of what LLMs can
achieve (Yellin 2023).

3.2 | Using Generated Output

Despite the impressive performance of LLMs, their generated ar-
tefacts are not reliable and require human judgement (Denning
and Arquilla 2022). LLMs are known to ‘hallucinate’, that is
to generate linguistically correct, but factually incorrect text
(Maynez et al. 2020; Ye et al. 2023). After all, these are language
models made to mimic human language, not factual databases.
In programming, LLMs likewise may generate programs that
contain syntactic errors, bugs, do not solve the problem at hand
or are vulnerable to cyberattacks (Becker et al. 2023; Sandoval
etal. 2023; Wermelinger 2023). For instance, Wermelinger (2023)
points out that “in spite of all the hype, using tools like Copilot
can be a frustrating ‘hit and miss’ affair”. A critical assessment
of the generated artefacts by the user is thus indispensable.

This has led to calls that programming education, say, should
focus more on understanding and critically evaluating code as
generated by LLMs, for instance (Becker et al. 2023; Lau and
Guo 2023)—or as Wermelinger (2023) puts it: “algorithmic
thinking, program comprehension, debugging and communica-
tion skills are as needed as ever”. It is not clear at all, however,
how this educational shift towards more reading and under-
standing should be implemented, even though the need for
better code comprehension has been known for some time now
(Lister et al. 2004).

Even in terms of creativity, we find that generative Al is limited:
“ChatGPT needs a guiding hand to produce something truly cre-
ative and that it works better as a sounding board for ideas or a
conversational partner than as a competent writer on its own”
(French et al. 2023). Similarly, Barke et al. (2023) found that
study participants would use LLMs either in ‘acceleration mode’
or ‘exploration mode’, where the latter corresponds to the ‘sound-
ing board idea’. This idea is further echoed by users who report
that LLMs provide a great means to obtain a first draft to then
work on and improve (Vaithilingam et al. 2022) or that LLMs
are great for ‘ideation and brainstorming’ (Zastudil et al. 2023).
In all these cases, the output of generative AI does not provide
an end product, but helps the users develop their ideas.

Interestingly, a lack of trust in the LLM's output does not ex-
clude finding it helpful (Amoozadeh et al. 2024). What seems
paradoxical at first might on reflection express the fact that a
critical stance towards the generated output is a prerequisite for
successful utilisation, whereas those who are less critical might
find the output much less helpful than expected.

In conclusion, a key to proper and beneficial usage of LLMs is
the ability to critically assess and gauge the generated output,
which requires an expertise novices do not possess.

3.3 | From Novice to Expert

The craft of prompt engineering and the need for critically as-
sessing the output of LLMs already indicate that successful
utilisation of LLMs requires some basic skills. More precisely,
in order to successfully use an LLM to generate program code,
say, the user must be able to understand the generated code and
possibly modify that code or refine the prompt. In one study,
professional software developers therefore all agree that “to
benefit from these tools, people should have a grasp of pro-
gramming fundamentals” (Bull and Kharrufa 2023). Similarly,
Philbin (2023) remarks that using an LLM for education “only
works if the programs returned are simplistic enough for novices
to engage with and understand”. Finally, Becker et al. (2023) ask
whether we could reasonably expect novice students to differen-
tiate between code suggestions.

This gap between novice and expert programmers in terms of
utilising LLMs is confirmed by user studies. Both Kazemitabaar
et al. (2023) and Nam et al. (2023) report that those with more
prior programming competency benefit more from these tools.
However, even students who lack the expertise to evaluate the
generated code seek out the assistance of LLMs (Amoozadeh
et al. 2024). Amoozadeh et al. (2024) thus raise the question of
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whether novice programmers can actually “calibrate their trust
in GenALl tools, and if so at what level and with what prereq-
uisite knowledge?” Zastudil et al. (2023) speak of “calibrating
a healthy scepticism in generative AI”, thus using almost the
same words.

The notion of ‘calibrating trust in tools’ refers to a sweet spot
between blindly trusting and accepting any output, and entirely
refraining from using any of these tools. It essentially means to
develop the ability to critically assess or evaluate output from
generative AI, which sounds suspiciously like an overarching
learning objective with regards to generative AI tools and their
usage. Moreover, this formulation makes clear, once again, how
much the two notions of trust with respect to machines and peo-
ple, respectively, differ.

In the context of programming education, LLMs can not only
be used for generating code, but also for explaining code. This
use case is probably more suited for supporting novices as the
prompt is fairly standardised and the natural-language output
requires less existing programming skills. However, MacNeil
et al. (2023) found that such code explanations did not always
live up to expectations in that they tend to go off-topic, focus
on mundane aspects, are overly detailed, or give line-by-line
descriptions rather than conceptual explanations, say. Students
still rated the code explanation by LLMs as useful.

These findings strongly suggest that LLMs are particularly good
at boosting the performance or productivity of experienced and
skilled users. Translated to a classroom setting, this means that
the best students benefit most from LLMs and hence any gap be-
tween stronger and weaker students will likely be exacerbated.

There is, however, another side to this that we should keep in
mind. Novices and experts do not only differ quantitatively but
also qualitatively. For instance, while novices tend to reason
‘backwards’ by testing each possible hypothesis on the data, ex-
perts rather reason ‘forwards’ by using the data to narrow down
the possible hypotheses (Kirschner 2009). This is indicative of
entirely different ways of approaching problems and organising
the ‘world’ (i.e., the field of study in this case). In fact, “experts
have acquired extensive knowledge that affects what they no-
tice and how they organize, represent, and interpret informa-
tion in their environment. This, in turn, affects their abilities to
remember, reason, and solve problems” (Bransford et al. 2000).
Kirschner, for instance, therefore argues for a strict separation
between epistemology and pedagogy: “the way an expert works
in his or her domain (epistemology) is not equivalent to the way
one learns in that area (pedagogy)” (Kirschner et al. 2006).

Itseems this understanding of how novices and experts fundamen-
tally differ is frustratingly often absent in computing education.
It has been argued time and again, for instance, that beginners
should use professional languages and IDEs as the ‘real deal’ in-
stead of pedagogically motivated programming environments
(e.g., Chen and Marx (2005); Mannila et al. (2006); Vihavainen
et al. (2014)). Similarly, we now see cases where the rationale for
introducing LLMs into (computing) education is that professionals
use them. The professionals’ rationale, in turn, is mostly for pro-
ductivity gains, which is entirely at odds with the needs of a novice.
A novice does not need to be efficient or productive, but rather to

have experiences and learn. Little surprise then that one student
explained that relying on LLMs “ruins the purpose of learning in
the first place” (Zastudil et al. 2023) and other students equally
voiced concerns about the quality of their education if they relied
too much on LLMs (over-reliance is in fact frequently brought up
in the literature, see Section 2.4).

3.4 | Socio-Economics

A number of papers on LLMs in education emphasise that LLMs
such as ChatGPT or GitHub Copilot are freely available—at least
to students and teachers (Becker et al. 2023; Denny, Kumar,
et al. 2023; Dobslaw and Bergh 2023; Finnie-Ansley et al. 2023;
Kiesler and Schiffner 2023; Lau and Guo 2023; Prather, Reeves
et al. 2023; Prather, Denny, et al. 2023; Raman and Kumar 2022;
Savelka, Agarwal, An, et al. 2023; Savelka, Agarwal, Bogart, and
Sakr 2023; Wang et al. 2023; Wermelinger 2023). This leads to sug-
gestions that generative AT has the power to “democratise access
to help” such as “high-quality tutoring” (Zastudil et al. 2023) or
provide opportunities to “learners without access to formal ed-
ucation” (Denny, Khosravi, et al. 2023). More powerful versions
such as GPT-4, however, are usually available through paid service
only (Fernandez and Cornell 2024). The free availability of these
models to students is seen both as a reason for quick uptake by
students, but also as an opportunity for more accessible education.

Citing the free availability of LLMs ignores two major socio-
economic factors that should be taken into account. First, even
basic internet access is not necessarily available to everyone.
The recent pandemic has highlighted the ‘digital divide’ in the
UK, for instance, where families with low socio-economic sta-
tus had limited or no access to the internet (BBC 2021b; Holmes
and Burgess 2020). This is, of course, a global phenomenon and
not limited to any single country (Ma 2021). Second, the obser-
vation that only LLMs with limited capabilities are available in
free tiers should give pause as it means that students of higher
socio-economic status can afford to use more powerful tools and
therefore gain a further advantage.

This issue of the digital divide is not a new phenomenon related
exclusively to LLMs. It has been found that socio-economic
background has a much larger influence on ‘digital literacy’
or reading habits than, e.g., age (De Bruyckere et al. 2016;
Kirschner and De Bruyckere 2017; Hargittai 2010). In other
words, it is not a question of a generation of ‘digital natives’ that
has better computer-skills, but a question of socio-economic
background.

Even if we disregard issues of privacy and data collection, we
should be wary of the idea that LLMs are a freely and easily
available technology to everyone. Rather, LLMs are readily
available to an elite who can afford access and LLMs are thus
likely to contribute to a further widening of the digital divide.
French et al. (2023) draws a similar picture: “A deeper worry is
that reliance on AI will ultimately erode human higher-order
cognitive skills, placing knowledge and power in the circuitry of
a few supercomputers managed by an elite.”

Finally, M. Jordan et al. (2024) draw our attention to the fact that
LLMs may “introduce additional barriers for non-native English
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speakers” and find that “the abilities of GPT-3.5 for problem gen-
eration are not the same across language” (cf. Liang et al. (2023)).

3.5 | The ‘Natural’ Interface

To summarise: a powerful natural-language interface that may
be used free of charge—this sounds like a perfect opportunity
to widen access to today's crucial computing resources. Closer
inspection, however, reveals that many of those promises do not
hold. The LLMs' lack of understanding of intent as well as reliabil-
ity means that both the input and output require high levels of ex-
pertise for successful usage. Moreover, LLMs are ‘free’ only within
avery narrow interpretation of the word and mainly for those who
already have access to good computing infrastructure. In com-
bination, these issues not only highlight that the usually drawn
picture of LLMs as ‘free tools for everyone’ is heavily skewed and
biased, but it also points to LLMs being poised to increase gaps in
access, rather than narrowing them.

In extension, we should be particularly careful with any claims
of ‘democratisation’. The development of LLMs takes place in a
highly competitive multi-billion market where only the biggest
tech companies command the means to drive LLM development
(Whittaker 2021). That this has little to do with any thoughts of
democracy is evidenced by the various lawsuits from artists, au-
thors and open-source programmers whose work was used for
training generative AI without consent, but also by the ‘cheap’
labour force used for part of ChatGPT's training (Perrigo 2023).
Blackwell (2023) draws our attention to the fact that the “modern
exhibition of AI, demonstrated by wealthy AI companies and re-
search institutions” is “underpinned by the most exploitative kinds
of anonymized and alienated labour” where “intelligent human
work is [...] simply stolen”.

Nonetheless, given the huge impact LLMs have on current politics,
economy and society, we should certainly have a discussion about
the place that LLMs shall play in education. However, we must be
aware that this technology comes at massive costs and is far from
granting universal and equalised access to high-quality education.

4 | When Every Test Is A Turing Test

The discussion about student dishonesty and cheating quickly
leads us to the question of whether we might be able to (reliably)
discover such cheating attempts. In other words, given any writ-
ten material we want to decide whether it has been authored by
a human or a machine. This problem has, of course, a very long
history in computer science and is known as the ‘“Turing test’
(Turing 1950; Epstein et al. 2009). While originally intended as a
thought experiment about the question of ‘machine intelligence’,
we suddenly find ourselves in a situation where every grading and
assessment of homework is also a Turing test.

4.1 | LLM Performance Evaluation

A common characteristic of the literature discussing LLMs is
their assessment of recent LLM performance as ‘human-level’ or
‘human-like’ (Bellettini et al. 2023; Bubeck et al. 2023; Cipriano

and Alves 2023; Denny, Prather, et al. 2024; Denny, Kumar,
et al. 2023; Druga and Otero 2023; Finnie-Ansley et al. 2022;
Joshi et al. 2024; Leinonen, Hellas, et al. 2023; Li et al. 2022;
MacNeil et al. 2023; Malinka et al. 2023; Nguyen and Allan 2024;
Orenstrakh et al. 2023; Ouh et al. 2023; Shen et al. 2024)—a rather
vague term that is seldom fully explained or defined. Inferring
from context, however, we find that it refers to two distinct charac-
teristics of an LLM's performance:

1. Given a set of problems, the LLM generates a ‘solution’ to
each of the problems. These solutions are then assessed ac-
cording to a predefined metric such as, e.g., a unit test. The
LLM achieves ‘human-level’ performance if its success rate
in generating correct solutions is within the common bounds
of humans' success rate.

2. Given aset of tasks, the LLM generates an output text for each
task that is then compared to a text written by a human as a
response to the same task. The LLM then achieves ‘human-
level’ performance if experts either rate the quality of its
output at least as high as the quality of the human-produced
counterpart, or if they fail to reliably distinguish between the
two versions.

The first notion of ‘human-level performance’ is important in the
context of automated assessments, now fairly common in comput-
ing education for dealing with large student cohorts. It is there-
fore no wonder that we find a number of computing education
papers looking at LLM performance in the context of automated
assessments (Becker et al. 2023; Denny, Kumar, et al. 2023; Finnie-
Ansley et al. 2022; Prather, Denny, et al. 2023; Savelka, Agarwal,
Bogart, Song, et al. 2023; Savelka, Agarwal, An, et al. 2023).

In the context of essays—or written work in general—human
evaluators are much more common (Mahon et al. 2023; Malinka
et al. 2023; Wermelinger 2023; Yeadon et al. 2023). For example,
Herbold et al. (2023) asked a pool of experts to compare argu-
mentative essays written by ChatGPT with those written by stu-
dents, and Steiss et al. (2024) asked a number of human raters
to compare a feedback from ChatGPT with one from a human
expert for each essay.

There is, of course, some grey area and overlap between these
two categories. For instance, even though Finnie-Ansley
et al. (2022) evaluated the code generated by the LLM through
unit tests, they remark that LLMs “return often-correct, well-
structured code that could pass as human-written”. Other papers
are even more precise, such as, e.g., Harrer (2023): “a response
to the prompt that [...] seems indistinguishable from the output a
human counterpart might have produced”.

Interestingly, Herbold et al. (2023) explicitly note that while such
approaches do “not directly assess the quality of the output, it
serves as a Turing test designed to evaluate whether humans can
distinguish between human- and AI-produced output”. Indeed,
closer inspection reveals that both approaches of evaluation at-
tempt to measure whether either a machine or a human can dis-
tinguish between LLM output and text produced by a human.
In other words, the Turing test is the template with which LLM
performance is typically measured and evaluated—at least in
the area of education.
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It is important to note that a ‘human-like performance’ does not
make the system itself ‘human-like’. Floridi (2023) points out
that the term ‘artificial intelligence’ refers to a behaviour that
would require intelligence if exhibited by a human, but this
“does not mean that the machine is intelligent”. In fact, “AlI is
not about reproducing [...] intelligence. It is about doing with-
out it” (Floridi 2023). This distinction is crucial when assessing
the performance of LLMs in educational settings. LLMs do not
‘solve’ the problems in the same way a human would, but merely
generate a solution. Trying to measure or attribute ‘problem-
solving skills’ of LLMs is thus highly misleading.

4.2 | Automated Detection

The major concern of students cheating is in part fuelled by the
probabilistic nature of LLMs, which means that the generated
output is quasi-unique. Classic tools for detecting plagiarism are
therefore rendered useless. Moreover, people have been found
to exhibit difficulties discerning between LLM-generated and
human-written text (Kobis and Mossink 2021). This begs the
question of whether other tools might be able to reliably discern
whether a text (or program) was generated by AI or written by
a human.

Orenstrakh et al. (2023) compared a number of different LLM
detection tools and found that they “are not yet ready to be
trusted blindly for academic integrity purposes”. Moreover, they
explicitly warn that despite seemingly great success statistics,
“it is apparent that the number of potential false positives can
lead to a wide array of issues, especially if being trusted for pla-
giarism detection at educational institutions.” Likewise, Liang
et al. (2023) also warn of misleading accuracy statistics as they
found that LLM detectors are biased against non-native English
writers. Part of the reason for misclassification is the limited
vocabulary and diversity in language use of non-native English
writers. Interestingly, ChatGPT can be used to improve the
writing style, which lowers the risk of being classified as AI. So,
“paradoxically, GPT detectors might compel non-native writers
to use GPT more to evade detection” (Liang et al. 2023).

The difficulties of identifying texts written by an LLM have led
to repeated calls for watermarking such texts (e.g., Kirchenbauer
et al. (2023)). Unfortunately, it has proven extremely challenging
to devise a robust watermark that would not significantly lower
the quality of the generated text. In virtually all instances, a wa-
termark can be simply removed by asking a different LLM to
paraphrase the output of the first LLM.

4.3 | Certificates and Diplomas

A crucial question arises from the entire discussion about cheat-
ing, academic integrity and whether the output of LLMs can
pass exams: why does it matter? From a naive point of view,
we would expect that our students are intrinsically motivated
to learn. Stajano (2023) recently commented that the aim of
learning is not to pass a test, but to achieve a level of competence
where the test can be passed. Although most educators might
agree with this sentiment, it contrasts starkly with the discus-
sion surrounding LLMs and the machines' ability to pass tests.

One possible explanation might be offered by the chain of trust
and the issuing of certificates and diplomas. By issuing a di-
ploma to a student, an educational institution vouches for the
student's abilities and skills according to the standard set by the
respective course or programme. If students start to fall short
of the expectations linked to a specific diploma or certificate,
the reputation of and trust in the institution is jeopardised—and
with this its very existence as an educational institution. From
this point of view, it is not necessarily the learning process itself
that is at stake, but the survival of institutionalised education in
its current form.

4.4 | AI-Proof Assignments

It seems fairly obvious that a Turing test should be approached
by asking questions that a machine could not possibly answer
‘correctly’ (i.e., in a convincing way). A well-crafted ques-
tion would thus reveal whether the conversational partner
is a mere machine or an actual human being (cf. Floridi and
Chiriatti (2020); Harel and Marron (2024)). The idea of asking a
question only humans could answer correctly is also at the basis
of ‘Completely Automated Public Turing test to tell Computers
and Humans Apart’ (CAPTCHA).

In the spirit of such revealing questions or ‘Al-proof assign-
ments’ (Cipriano and Alves 2023; Lau and Guo 2023), should we
adapt our homework assignments or assessments to be based on
questions and problems LLMs cannot really solve?

On the one hand, coming up with Al-proof assignments runs
the danger of entering into an ‘arms race’ with LLM develop-
ment, where teachers and educators have to constantly revise
their pool of assignments and check against available LLMs—
which will increase the likelihood that LLMs will learn to solve
these assignments. For instance, Prather, Denny, et al. (2023) re-
port that LLMs have significantly improved in terms of solving
programming exercises within a remarkably short time, not to
mention the differences between the earlier Codex/Copilot mod-
els and the latest release of ChatGPT, say. On the other hand,
there is a real danger that changing the wording or making the
questions ‘harder’ (e.g., problem-solving on a ‘higher level’) will
introduce barriers first and foremost for the students and to a
much lesser extent to the LLMs.

Let us abstract away from the question of whether LLMs exhibit
any true kind of intelligence for a moment and assume that the
LLMs' abilities to solve most exercises correctly and pass exams
may stem from similar examples in the training data. This then
implies that our exercises follow common patterns and adhere to
(probably invisible and unconscious) common standards. This
lack of excessive variation might actually be a good thing, as it
points towards a shared culture and an agreement on what are
good exercises. After all, there are only so many ways you can
ask your students to solve the ‘rainfall problem’ (Finnie-Ansley
et al. 2022; Fisler 2014), say.

At this point, we might also want to recall two important ped-
agogical principles. First, students should focus on the exercise
or question at hand without having to spend too much time
trying to figure out what is actually asked of them. Second, the
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purpose of these exercises is never to solve the problem as such,
but rather that solving the problem teaches you something and
supports your learning process. In other words, LLMs might be
good at solving our assignments and exercises because there is
both a shared body of knowledge and an (emergent) understand-
ing of how to train our novices.

So, rather than trying to devise ‘Al-proof assignments’, we could
understand an LLM's ability to find a solution as an indication
that the question is clearly asked and understandable—although
probably more in the sense that if an LLM cannot solve an exer-
cise it might be because it is ambiguous or an ill-posed problem.

5 | The Aims of Education

Education is arguably one of the most important, most complex,
and most expensive enterprises any society can embark on. It is
nothing short of equipping and enabling our children to shape,
become, and live as tomorrow's society. This is often reduced
to the question of how to prepare our children for an unknown
future, particularly now when technology seems to evolve at a
staggering speed. However, this sees our students as mere pas-
sive recipients, rather than envisioning them as active creators
of their future.

5.1 | Humanistic and Utilitarian Education

While a full discussion of the aims of education is clearly beyond
the scope of this article, we do want to highlight two import-
ant stances towards the aim of education (in a clearly simpli-
fied version): the aim of a humanistic education is to help each
individual to unfold, evolve, grow and fulfil their full potential
as humans. In contrast, the aim of a utilitarian education is to
prepare an individual for the labour market and workforce, en-
abling them to be productive and prosper economically.

The ideas of a humanistic education are nicely laid out by
Whitehead (1959), where he stresses that “we have to remember
that the valuable intellectual development is self-development”.
Interestingly, Whitehead puts the question of utility at the core
of his discussion on the aims of education. We need to be aware,
though, that his use and understanding of ‘utility’ differs greatly
from a utilitarian standpoint as he puts it into the context of
‘utility for the individual learner’.

If we take this focus on the learner as a human seriously, we
find that education is governed by technology and trends only to
avery little extent. An education that has value—in that it helps
develop the cognitive faculties, for instance—has value irrespec-
tive of any tools that might be used. Hence, the arrival of LLMs
will have only a marginal effect on any humanistic education.

Yet, at least in computing education, the utilitarian stance on ed-
ucation is clearly prevalent. Guzdial (2015), for instance, writes
that “today, most of the arguments that I read for computing in
schools are based on jobs” and “one argument to teach everyone
about computing is that we need more workers who can pro-
gram.” Bull and Kharrufa (2023) are equally clear by highlight-
ing “an intention within computing education practice to have

content and methods informed by industry”. Similar notions
have been discussed in Section 2.3.

However, basing computing education too much on indus-
try comes with the danger of a vicious circle as pointed out by
Wirth (2002). If we teach our students what is used in indus-
try and industry relies on what students have learned, we will
stagnate and never be able to significantly progress. In our view,
it is, moreover, remarkable that computer science is one of the
only ‘scientific’ study programmes that is expected to prepare
students directly for the labour market.

It has been evident for some time now that generative AI tools
like LLMs have a direct impact on professionals; in partic-
ular, they are meant to increase the productivity of the work-
force. It is from this impact that many authors deduce that
LLMs must become part of (computing) education (Alves and
Cipriano 2023; Becker et al. 2023; Brennan and Lesage 2023;
Bull and Kharrufa 2023; Ernst and Bavota 2022; Puryear and
Sprint 2022), which is entirely in line with the utilitarian view
on education. In addition to the fallacy of not understanding the
difference between novice and expert (Section 3.3), we should be
aware that this argument for the inclusion of LLMs is only valid
within this frame of mind.

The utilitarian standpoint is not the only one adopted in com-
puting education, as it is to some degree at odds with the
‘Computational Thinking’ movement, emphasising the utility
of computer science far beyond work-related issues (Tedre and
Denning 2016; Wing 2006). This grew out of establishing com-
puter science as a rigorous academic discipline, which was not
easy (Tedre 2018). To this day, we still fight to establish com-
puting education not as a mere learning of tools like office
suites, but as a foundational and cognitive discipline of problem-
solving and strategies. With the arrival of LLMs, we have to be
very careful not to succumb to yet another tool that seems to
render all other computing skills moot. Reviving the rallying cry
that ‘computer science is no more about using a machine than
astronomy is about using telescopes’!, we might want to empha-
sise that computing education is never about using a tool, not
even one as seemingly sophisticated as LLMs.

Naturally, this does not mean that we argue for a ban on
LLMs from educational practice. However, it cannot be an ob-
jective of serious computing education to learn how to use a
specific tool, that is computing education must not be ‘about
using LLMs’.

5.2 | The Human Element

With generative Al reaching ‘human-level performance’ to the
point where examiners face Turing tests (Section 4.1), we might
want to consider the importance and the role of humans in ed-
ucation. In a way, automation of education has now reached a
point where a machine can design the curriculum, ask the ques-
tions, do the assessment, but also answer the questions to suc-
cessfully pass the assessment, or as Rudolph et al. (2023) put it:
“A first AI circumvents a second AI and is assessed by a third
AL All that the humans do is press a couple of keys and nobody
learns anything.”
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It is fairly obvious that we cannot replace the learner or student,
as they are the nucleus of all education. A large part of the con-
cerns around LLMs in education revolve around exactly this
point: that students could now be imitated by machines, which
would immediately render the entire enterprise meaningless
and moot. However, it is not quite as obvious whether (human)
teachers are as necessary for education as the students with
various authors suggesting ideas such as that LLMs might offer
“cheaper access to high-quality tutoring” (Zastudil et al. 2023).

Studies on learning have invariably pointed to the impor-
tance of the teacher and the teacher-student relationships
(e.g., Hattie (2003); Hattie and Yates (2013)). Accordingly, De
Bruyckere et al. (2016) warn that “the crucial factor for learning
improvement is to make sure that you do not replace the teacher
as the instrument of instruction, allowing computers to do what
teachers would normally do, but instead use computers to sup-
plement and amplify what the teacher does.” Moreover, students
have indicated that they prefer human teachers for assessing
and grading their work (Tossell et al. 2024).

On a more student-oriented note, the human element is just as
important. Guzdial (2015) argues that a key driver for student
motivation is human relationships, such as peers, being part of
a community, and following role models, including teachers.
That students preferred being assessed by a human (Tossell
et al. 2024) might also be part of the picture of motivation: after
all, what does it matter to strive or excel if nobody notices?
Finally, relying on automated teaching could have serious re-
percussions on motivation, as evidenced by the low completion
rates of MOOCs (K. Jordan 2015).

In our view, the student-teacher relationship is absolutely
crucial for any meaningful education. The more we devalue
and replace human teachers with machines, the more we
jeopardise the quality of education. While LLMs can be great
tools to enhance, they must never replace humans in posi-
tions where the human element really matters: “The role of
AT systems is to augment human intelligence and to assist,
not replace human decision making and knowledge retrieval”
(Harrer 2023).

6 | Conclusion

The arrival of generative AI and LLMs, in particular, has led to
a ‘moral panic’ with calls to immediately react and transform
education. There is a perceived danger that students might use
these tools to cheat and render any existing assessments useless.
On the flip side, LLMs are seen as determining the shape of fu-
ture workplaces, from which it is argued that education needs to
better prepare students for that new reality. Moreover, LLMs are
hailed as a means to provide equal access to and even ‘democra-
tise’ high-quality education.

The fear of students cheating reveals a rather negative picture of
our student population, their work ethics, and stands in contrast
to surveys that found students using these tools to primarily au-
tomate the ‘boring’ stuff. The argument of LLMs shaping future
workplaces is problematic in two ways: on the one hand, it denies
our ability to also influence and have a say in the shaping of the

future. On the other hand, it reduces education to a utilitarian ex-
ercise to prepare humans for labour. Finally, the opportunity for
wider access to high-quality education stands in stark contrast to
past experience with technology-driven education as well as our
understanding of how learning works.

It is without doubt that generative AI can be a powerful tool to
improve education and we are far away from suggesting to com-
pletely ban it. However, we also caution against a blind embrace of
this new technology, with a strong focus on refuting the narrative
of the urgency and immediacy of the issue. Education is far too
valuable, important, and complex that we could allow ourselves
to rush into something without due consideration and debate. The
debate, however, should not be so much on what these tools can
do, but rather on what the true aims of education are.

Finally, we would like to also caution against the inflationary
use of comparing LLMs to ‘human-level performance’. As the
philosopher McGilchrist (2022) noted, the comparison is a two-
way street: “the belief that machines could become sentient is
really just the obverse face of the view that we, sentient beings,
are really just machines.”
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