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Abstract
Alleviating high workloads for teachers is crucial for continuous high quality
education. To evaluate if Large Language Models (LLMs) can alleviate this problem in
the quantum computing domain, we conducted two complementary studies
exploring the use of GPT-4 to automatically generate tips for students. (1) A
between-subject survey in which students (N = 46) solved four multiple-choice
quantum computing questions with either the help of expert-created or
LLMgenerated tips. To correct for possible biases, we additionally introduced two
deception conditions. (2) Experienced educators and students (N = 23) directly
compared the LLM-generated and expert-created tips. Our results show that the
LLM-generated tips were significantly more helpful and pointed better towards
relevant concepts while also giving away more of the answers. Furthermore, we
found that participants in the first study performed significantly better in answering
the quantum computing questions when given tips labeled as LLM-generated, even
if they were expert-created. This points towards a placebo effect induced by the
participants’ biases for LLM-generated content. Ultimately, we contribute that
LLM-generated tips can be used instead of expert tips to support teaching of
quantum computing basics.

Keywords: Large Language Models; Quantum computing; Education; Survey

1 Introduction
For a long time, Quantum Computing (QC) was a niche area within the field of physics
that received little to no attention in other Science, Technology, Engineering & Mathemat-
ics (STEM) fields. The recent hype in quantum technologies also known as ‘the second
quantum revolution’ [1–4] has led to significant advances in hardware [5–7] and formula-
tions of technological standards [8–10] in the areas of quantum communication, sensing
and computation. Today, QC is one of the fastest-growing interdisciplinary research ar-
eas at the intersection of computer science, mathematics, and physics [11–14]. Thus, it
is no surprise that quantum computing has become an interesting topic for industry and
academia [15–18], higher education [19–23], and even high school education [24–27].
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However, the amount of experts and educators is still quite limited and mostly inter-
twined in academia and large companies who have taken the lead in QC such as Google,
IBM and Microsoft [3, 5–7, 28, 29]. The initial barrier to learn quantum algorithms is
high, demanding experienced educators and individual teaching. This poses a burden for
educators, adding to their workload and making QC mostly inaccessible to learners. Con-
sequently, there is a need to make learning and teaching about QC more accessible. In our
work, we want to address these challenges and investigate ways to support educators.

In this work, we explore the use of generative educational content from Large Language
Models (LLMs) as a support mechanism for educators, alleviating some of their workload
and allowing for more personalized teaching. LLMs are a promising new technology that
is already successfully used in education [30]. However, how, if and when LLMs should be
used in education and what possible consequences might arise from that use for students
and educators is a strongly debated topic that is studied intensively at the moment [31].
While some results demand caution [32–34], others report more neutral [35, 36] or posi-
tive results [37]. This shows a need for research on the use of LLMs for quantum comput-
ing education.

LLMs first became a topic of public interest with the publication of ChatGPT in Novem-
ber of 2022 [38]. Since then, they have been used successfully in a number of different
domains [39–42] and a considerable amount of resources has been invested to improve
this technology, supported by large corporations [43–47]. This led to significant scien-
tific progress being made in a short amount of time. Now, with models like GPT4 [48]
and Llama3 [44] at the forefront of these developments, many tasks that might have been
considered difficult to automate a few years ago, can be done to a satisfying degree by com-
puters. This includes writing code [42] and creative writing [41]. In addition, supporting
architectures are being developed, such as Retrieval-Augmented Generation (RAG) [49],
further improving the quality of model outputs by providing them with the relevant con-
text to answer specific questions, while reducing the likelihood of bad outcomes, such as
hallucinations [50].

This significant recent interest in LLMs has led to the emergence of many new research
questions in the field of education. These can be divided into the discovery of possible
applications, the evaluation of practicality and effectiveness, and the discussion of chal-
lenges and ethicality [51]. As summarized by Yan et al. [51], possible applications of LLMs
in education are vast: They include profiling and labeling (classification and structuring
of texts and tasks), detection (e.g., of student’s and teacher’s behaviors and intents), as-
sessment and grading (formative and summative, and also independent of the teacher),
teaching support (in- and out-of-classroom), prediction (of student performance, engage-
ment and growth), knowledge representation (graph construction and tracing), feedback
(real time or post-hoc and feedback on feedback), content generation (of questions, tasks,
code and replies), and recommendation (e.g., of resources and courses).

Scaffolding, the educational practice of providing support and guidance to students
when needed [52], is one of these applications. It can help to achieve the desired learn-
ing outcome by reducing the effort needed to complete non-essential tasks, allowing stu-
dents to focus their attention on the important tasks. Providing tips dynamically and in-
dividually is a widely used scaffolding method in education [53]. However, this can be
time-consuming or might even become unfeasible with growing student-to-educator ra-
tio. LLMs can help alleviate this issue by providing individualized tips on demand [54, 55].
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The use of LLMs is seen as natural in the shift to the so-called smart education [54,
55], which is the practice of providing personalized learning opportunities on demand,
often associated with digitization [56]. With increasing capability of LLMs, the number of
possible educational applications increases and challenge and risk assessments change [57,
58]. Due to this significant change of landscape, there have not yet been many studies
assessing the effectiveness of state-of-the-art LLMs for education [51]. In the same sense,
a few years ago, using LLMs to aid in the context of quantum education would have been
unthinkable.

We contribute to this discourse with two interconnected studies. We evaluated how
LLM-generated tips compared to expert-generated tips when answering quantum com-
puting questions in two studies. Our main study simulates a practice scenario for students,
tasking them to answer questions about the lecture material providing tips as support.
This study was conducted as part of the Quantum-Initiative Rhineland-Palatinate (QUIP)
winter school QUIKSTART 2024.1 The second study complements this initial evaluation
by validating the tips in a within-subject design focusing on opinions from both experi-
enced educators and students with regard to the employed tips in the main study. By using
the same tips in both studies, we ensure that the results can be aggregated to form a bigger
picture.

Our results indicated that LLM-generated tips rivaled those of experts, being perceived
as significantly more helpful and focusing more on conveying relevant concepts. Yet, cer-
tain design limitations need to be considered, such as a possible placebo effect of artificial
intelligence [59] and generally more leading tips when generating them with an LLM.

In this work, we take a step towards answering some of the underlying questions con-
cerning the quality, helpfulness, and correctness of LLM-generated educational content
for essential teaching methods [52] such as scaffolding, in the domain of quantum com-
puting. Our findings point towards a paradigm shift of LLM-supported smart education,
highlighting its feasibility and providing insights into its successful application.

2 Methods and research questions
In this work, we intend to answer two research questions through two interconnected
studies. In our main study, we asked how GPT4-generated tips compare to expert-created
tips in the domain of quantum computing. We conducted this study with participants
(N = 46) from the Quantum-Initiative Rhineland-Palatinate (QUIP) winter school QUIK-
START 2024. Employing a between-subject design with the factors tip creator and tip la-
bel, we tasked the students with four questions about quantum computing. Students were
given one tip for each question. Tip creators (LLM, expert) and how the tips were labeled
(LLM, expert) were subject to the condition assigned to each participant, including two
consistent conditions (creator equaled label) and two contradictory conditions (creator
and label differed). The students were not made aware of the real tip creator until after
completing the study.

To validate our findings, we conducted a complementary tip evaluation study (N = 23).
Here we specifically asked people with the relevant competencies (both experienced ed-
ucators and students) to rate how LLM-generated tips compare to expert-created tips.

1https://www.quantum-rlp.de/studierende/sommer-und-winterschulen/.

https://www.quantum-rlp.de/studierende/sommer-und-winterschulen/
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RQ1: Can LLM-generated tips be used instead of expert-created tips to help students
answer quantum-physics questions? This research question is composed of two parts.

RQ1a: Is there a difference in the score, an objective measure, when using LLM-generated
tips compared to expert-created tips? To answer this question, we evaluated the scores
achieved by students in practice scenario of the main study.

RQ1b: Are there subjective differences in the perception of LLM-generated tips and expert-
created tips? Here we evaluated the subjective measures of our studies. For the main study,
we analyzed whether there are differences in perceived correctness, helpfulness, and qual-
ity between our conditions. Additionally, we conducted the tip evaluation study, where we
asked students and educators to rate the helpfulness and correctness of the tips and if they
gave away the answer or pointed to relevant concepts. This was done without giving them
any information on the original tip creator.

RQ2: What are adverse effects of LLM-generated tips? Recent work in human computer
interaction has shown, that the mere label of AI can influence the participants’ perception,
culminating in a placebo effect if participants’ are falsely told that there is an AI system in
place [59, 60]. To evaluate if such a bias or placebo effect exists when participants receive
LLM-generated tips, we introduced two deception conditions to our main study, where tip
creator and tip label are not the same. This method allowed us to analyze if the tip label
influenced any of our metrics. Additionally, we used the tip evaluation study to analyze if
the LLM-generated tips gave away more of the answers compared to the expert-created
questions. This could negatively impact the students learning-gains. Even though we elim-
inated the possibility to give wrong tips due to hallucination by manually checking each
LLM-generated tip, we evaluated the perceived tip correctness and quality in the main
study and the tip correctness in the tip evaluation study.

2.1 Multiple-choice question creation
We chose topics related to the basics of quantum computing for our questions and made
sure that they were covered at QUIKSTART 2024. This way, we established a common
ground of knowledge for all study participants taking part in our main study.

We chose two topics and two difficulty levels within each topic. All questions and their
answers can be found in the Appendix A. Firstly, the Bloch sphere, a typical graphical
visualization of single-qubit systems. However, this representation can still cause some
difficulties in learners [61]. The first, simpler, question asks learners to identify the state
|ψ⟩ = 1√

2 |0⟩ + 1√
2 |1⟩ on the Bloch sphere. The second, more advanced, question asks the

same for the state |ψ⟩ = 1
2 |0⟩ +

√
3

2 eiπ/2 |1⟩.
For the second topic, we decided on some basics of two-qubit quantum computing: a

gate identity involving two Hadamard gates and two CNOT gates (the simpler question)
and the exact outcome of a circuit meant for the creation of a Bell state (the more advanced
question). The gate identity asks participants to know that the property of these quantum
gates is their own inverse. Bell states are the most basic two-qubit maximally entangled
states that are essential for any teaching course about entanglement. The creation process
of these states is therefore an important knowledge domain. In the question we used, par-
ticipants were asked to predict the outcome of the (X ⊗ I)CNOT12(H ⊗ I) operation on
the |00⟩ state.
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2.2 Tip creation
For each of the four multiple-choice questions of the main study, we acquired one ex-
pert and one LLM tip. The expert tips were created by two quantum physics experts with
teaching experience in the field who were giving lectures at the winter school. They had
access to the questions, answers and the lecture script but not to the LLM-generated tips,
to not influence their creative process. A different quantum physics expert confirmed the
correctness of the tips and that they do not give away the answer.

The LLM tips were generated by giving the question, answers, and lecture script explain-
ing the quantum computing topics to GPT4 and prompting it to generate a tip for each
question in a RAG-like process. Using a zero-shot approach, up to five tips per question
were generated. In the next step, we randomly selected a tip for each question. Each of
those was later validated and ascertained to be correct by a quantum computing expert.
To ensure educators would be able to repeat this process for their lectures, GPT4 was used
in its standard configuration through the web interface. The prompt used is available in
Sect. C.

2.3 Main study
Our main study was a between-subject survey conducted during QUIKSTART 2024. A
winter school conducted specifically for students with a background in machine learning
or quantum physics. Participation was entirely voluntary and allowed students that partic-
ipated in the winter school online or in person and students that did not participate in the
winter school to test their quantum computing knowledge in the areas of Bloch spheres
and Bell states using multiple-choice questions (Sect. 2.1). Participants were tasked to
answer the given questions and were additionally provided with a tip for each of the ques-
tions. The type of tip was dependent on the randomly assigned conditions covering two
factors: tip creator (Sect. 2.2) and tip label. Hence, a tip could either be created by an expert
or the LLM. Likewise, it could either be labeled as being created by an expert or generated
by an LLM, yielding a total of four different conditions (see Fig. 1). We did not include a
condition where students received no tip at all. Since our work is based on scaffolding as a
teaching method, we already know that providing tips is an effective improvement during
learning [52, 53].

Henceforth, we will use the following structure to differentiate between conditions:
Creator-Label. In the first condition (Expert-Expert) the tip was created by an ex-
pert and labeled as such. LLM-Expert refers to LLM-created tips that were displayed to
the participant as if they were created by an expert. LLM-LLM refers to LLM-created tips

Figure 1 A screenshot of how tips were displayed in the main study
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Table 1 helpfulness, quality, and correctness asked for each displayed tip; from strongly disagree to
strongly agree; all visual analog scale (0 to 100)

Please rate the following statements regarding the displayed tip.

CQ1 The tip was helpful.
CQ2 The quality of the tip was high.
CQ3 The tip was correct.

Figure 2 The complete main study procedure, detailing each step

labeled as such. Finally, Expert-LLM refers to expert-created tips labeled as if they were
created by an LLM.

By including the LLM-Expert and Expert-LLM conditions, and therefore deceiving
participants that were assigned to those conditions, we were able to determine the labels’
influence on the participants perception of the tip. This allowed us to evaluate the exis-
tence of possible placebo effects that have been shown to occur in some settings where
humans interact with Artificial Intelligence (AI) [59]. The deceived participants were in-
formed immediately after answering their demographic questions and shown the correct
answers, mitigating possible negative effects of the deception [62].

We measured the students’ scores and further evaluated the perceived usefulness of the
displayed tips using custom questions (see Table 1), covering correctness, helpfulness, and
quality of the tip. Additionally, we asked participants to rate the perceived difficulty of the
question. Ethics approval was granted by the Ethics Department of the German Research
Center for Artificial Intelligence (DFKI).

2.3.1 Main study procedure
The complete study procedure is depicted in Fig. 2. After providing informed consent and
being assigned a condition, students were shown the four quantum computing question in
randomized order. Each question was displayed individually including its tip. After pro-
viding the answer, we inquired about the qualities of the display tips using our custom
questions (see Table 1). This process was repeated for each question.

Finally, participants were asked to provide demographics (age, gender), got informed
about the deception (if any) and shown the correct answer to each question. The whole
study took approximately 30 minutes.

2.3.2 Main study participants
In total, 46 participants (Age: x̄ = 28.9 y, s = 7.35 y; 35 male, 8 female, 2 no comment, 1
other)2 completed the study. Of these participants, 25 attended the winter school in per-

2 x̄ denotes the mean of a sample; s denotes the standard deviation of a sample.
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Table 2 The distribution of participants onto the four conditions

Tip creator Tip label #Participants

Expert Expert 9
LLM Expert 12
LLM LLM 10
Expert LLM 15

Table 3 Additional questions asked for each displayed tip; from strongly disagree to strongly agree; all
visual analog scale (0 to 100)

Please rate the following statements regarding the displayed tip.

CQ4 The tip was correct.
CQ5 The tip gave away the correct answer
CQ6 The tip was helpful.
CQ7 The tip effectively points towards relevant concepts.

son, 18 online, and 3 did not participate. Due to the random condition selection, the par-
ticipants are not evenly distributed onto the four conditions. The participant distribution
and demographics can be seen in Table 2.

2.4 Tip evaluation study
After we completed the main study, we conducted a separate tip evaluation study. The
purpose of this study was to form a better understanding of the quality of the tips used
in the main study. In this within-subjects study, we had participants rate each tip on a
custom scale adjusted to facilitate the evaluation of measures not tested in the main survey
(see Table 3) and allowed for direct comparison of LLM-generated and expert-created
tips. We acquired participants by asking educators (at least postdoctoral researchers with
teaching experience in relevant fields) and students from related fields to participate. This
way, we made sure that each participant had the necessary knowledge to rate the tips. The
study was not part of the official program at QUIKSTART 2024, unlike our main study.
Ethics approval was granted by the Ethics Department of the German Research Center for
Artificial Intelligence (DFKI).

2.4.1 Tip evaluation study procedure
After providing their informed consent, participants were asked to quantify their per-
ceived knowledge of quantum physics and to answer some demographic questions. Af-
ter this, the participants were shown each of the four multiple-choice questions used in
the main study, their answer options, the associated correct answer, and both their LLM-
generated and their expert-created tips. They were not informed about the creator of each
tip, only that they should rate and compare them. For each tip, participants answered if
it was helpful, correct, gave away the correct answer, and effectively points towards rele-
vant concepts on a scale of 0 to 100, with 0 being the maximum disagreement, and 100
the maximum agreement (see Table 3). Furthermore, for each question, the participants
decided which tip, if any, was better. Finally, we asked the participants to explain their
reasoning for that decision. This allowed us to qualitatively evaluate their responses. The
whole study took approximately 10 minutes.
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2.4.2 Tip evaluation study participants
In total 23 participants completed the survey. The study participants were hand-selected
to fulfill the required minimum competencies in QC to be able to rate the tips. We allowed
participants from the main study to participate in this study (eight of 23 participated in
both studies). They were divided into two groups, students and educators. The 13 partic-
ipants designated as educators (Age: x̄ = 42.9 y, s = 7.7 y; 10 male, 3 female) have obtained
a Ph.D. and are working and teaching in academia in a multitude of related fields. While
not all of them are experts in quantum computing, all have a basic level of understanding
that allowed them to judge the tips. This allowed us to get the opinion of multiple (at least
four) professors on the topic. Seven educators are working in the area of physics, with two
of them specializing in quantum physics, two are working in computer science, two in ar-
tificial intelligence, one in mathematics, and one in applied mathematics and physics. The
other ten participants were designated as students (Age: x̄ = 27.6 y, s = 5.16 y; 7 male, 3
female). Of them six studied physics (four physics, two quantum physics), three computer
science (one quantum machine learning, one machine learning, one computer science)
and one gave no comment.

3 Results
3.1 Main study results
To evaluate the results of the main study, we conducted two-way analyses of variance
(ANOVA) [63] using the factors tip creator and tip label. We constructed models for each
of the measures in our main study, including the students’ score, their rating of our cus-
tom questions (see Table 1) and their rating of the questions difficulty. In cases where
normality of the data was violated, we first used aligned rank transform (ART) [64] on the
data. We found no interaction effects regarding the two factors for any dependent variable
and report statistics for the additive models only. Effect sizes are given using η2 (Partial
Eta Squared): small (> 0.01), medium (> 0.06), large (> 0.14). All statistics are reported in
Sect. D.

Custom questions We found no significant effects of the tip label or tip creator on our
custom questions of correctness, helpfulness, or quality. A visualization of the custom
questions can be seen in Fig. 3. In general, tips were of high quality (x̄ = 61, s = 19.18),

Figure 3 Boxplot with the scores of the custom questions (Table 1). The questions were rated on a visual
analogue scale with values in a range from 0 to 100. The conditions are given as creator-label pairs
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helpfulness (x̄ = 64.41, s = 18.66) and correctness (x̄ = 69.91, s = 17.44). Furthermore, there
seems to be a tendency to rate questions as less difficult when the tip was labeled as LLM-
generated (x̄ = 40.2, s = 17.9) compared to expert-created (x̄ = 49.9, s = 16.8).

Question difficulty The overall mean for the perceived question difficulty was x̄ = 44.63
(s = 17.91), showing adequate difficulty levels for our question selection. Furthermore, we
found that the simpler questions (x̄ = 39.87, s = 20.12) where perceived as such, compared
to the more advanced questions (x̄ = 49.39, s = 19.02). Please refer to Sect. 2.1 for our
selection process.

While we found no significant effect of tip label or creator on the perceived question
difficulty, we found a tendency towards perceiving questions as less difficult when partic-
ipants’ were provided with a tip labeled as LLM-generated (x̄ = 40.2, s = 17.9) compared
to expert-labeled tips (x̄ = 49.9, s = 16.8). There was no such tendency found for the tip
creator, with only minimal differences between LLM-generated (x̄ = 45.2, s = 15.9) and
expert-created (x̄ = 44.1, s = 19.9) tips.

Participant score An analysis of our objective measure showed a significant effect
(medium effect) for the participants score (p < 0.05, η2 = 0.12) for the factor tip label.
The factor tip creator did not significantly affect the participant score. We can con-
clude that there is a positive influence on the score (x̄Label:Expert = 2.48, sLabel:Expert = 1.21,
x̄Label:LLM = 3.28, sLabel:LLM = 0.84), when the tip is labeled as LLM-generated (see Fig. 4).

3.2 Tip evaluation results
Similarly to our main study, we conducted one-way ANOVAs using the factor tip creator.
Note that this study only included one factor. Again, we constructed models for each of
our measures (Table 3). In cases where normality of the data was violated, we first align
rank transformed the data using ART. Effect sizes are given using η2 (Partial Eta Squared).
We first evaluated if the previous study participation influenced how participants’ rated
the tips, but found no significant effect, omitting it for the analysis. The complete statistics
are shown in Table 4.

Figure 4 Two boxplots depicting the score achieved by main study participants dependent on creator and
label of the provided tip (left) and the score achieved by main study participants dependent on only the label
(right). Significant differences are marked with *
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Table 4 The ANOVA results of the tip evaluation study for the custom questions. Significance levels
marked as ns := not significant; p < 0.05 := *; p < 0.01 := **; p < 0.001 := ***

Measure Df Df.res F value p-value Signif. η2 (partial)

correctness 1 22 0.15 0.702 ns 6.77e-03
gave away 1 22 9.42 0.006 ** 0.30
helpfulness 1 22 22.81 9.075e-05 *** 0.51
points to concepts 1 22 12.42 0.002 ** 0.36

Figure 5 Raincloud plot showing the differences between LLM-generated and expert-created tips for the
custom questions (Table 3). The raincloud plot consists of point clouds depicting the ratings given by
participants’, the boxplots and violin plots showing the distribution of ratings. All measures were rated on a
visual analogue scale in a range from 0 to 100

Figure 6 A histogram showing the amount of
participants for each option when asked which tip was
better for each question

Custom questions We found no significant difference between LLM-generated and
expert-created tips regarding the correctness. However, we found that LLM-generated
tips scored significantly higher on giving away the answer(p < 0.05, η2 = 0.3) compared
to the expert-created tip. Furthermore, the LLM-generated tip was rated as significantly
more helpful (p < 0.0001, η2 = 0.51) and as pointing significantly better towards relevant
concepts (p < 0.002, η2 = 0.36) to answer the question. A visualization of these results is
shown in Fig. 5.

Direct tip comparison We also asked participants to decide for each question, which
tip they preferred (see Fig. 6), not showing the labels. In three out of four questions, the
participants rated the LLM-generated tip as better when directly compared to the expert-
created tip.



Krupp et al. EPJ Quantum Technology           (2025) 12:33 Page 11 of 23

Figure 7 The raincloud plots for the custom questions of the tip evaluation study. The raincloud plot consists
of point clouds depicting the ratings given by participants’, boxplots and violin plots showing the distribution
of ratings. All measures were rated on a visual analogue scale in a range from 0 to 100

Table 5 The length of the tips (in words) given for each question in comparison

Q1 Q2 Q3 Q4 Average

Expert 58 48 26 23 38.75
LLM 110 148 162 182 150.5

Differences between experts and students When evaluating educators and students sep-
arately (see Fig. 7), we observed differences in the evaluation between the groups. As seen
in Fig. 7, both educators and students rate the helpfulness of LLM-generated tips more
highly compared to expert-generated tips. Furthermore, both groups are in agreement for
the rating of correctness and which tip better points to the relevant concepts. However,
when looking at which tip gave away the answer more, the ratings of educators and stu-
dents differ. While educators rate LLM-generated tips as giving more away, for students
the ratings between LLM-generated tips and expert tips are relatively similar with only a
slight tendency towards the LLM-generated tips giving away more.

Tip length There are differences in the length of expert-created and LLM-generated tips.
While the expert-created tips were generally short and on point, the LLM-generated tips
tended to be lengthy and verbose (see Table 5). As one participant in the tip evaluation
study put it, the LLM-generated tip “is more like a lecture note instead of a tip” (P20),
highlighting the influence of the presentation on the perception of tips. In our qualitative
evaluation (Sect. 3.3), the increased length of LLM-generated tips was also an issue.

3.3 Qualitative analysis
In the tip evaluation study, we asked participants for their reasoning on which tip was
better for each question (see Table 6). We encoded that reasoning in multiple steps. First,
we reduced the arguments written by the participants to their key terms, which were then
aggregated into six groups. We then counted the amount of occurrences for the expert tip
and the LLM tip.

The codings show that participants said more positive and more negative things about
the LLM-generated tips. While participants mentioned a positive helpfulness 35 times
for LLM-generated tips, they only mentioned it nine times for expert-created tips. Ad-
ditionally, they mentioned that the LLM-generated tip contained good amount of detail
(nLLM = 8, nExpert = 4) and points to relevant concepts (nLLM = 8, nExpert = 4) more of-
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Table 6 The codings of the reasons given by participants’ on why one of the tips is better then the
other. It shows the amount of times the tips were rated that way

Group #Expert tip #LLM tip

bad content 4 7
points to concepts 4 8
adequate detail 3 8
adequate helpfulness 9 35
gives away more 9 21
adequate length 3 3

ten. However, they also mentioned that the LLM-generated tip gave away parts of the
answer(nLLM = 21, nExpert = 9) or produced bad content (nLLM = 7, nExpert = 4) more often.

4 Discussion
Our results highlighted potential benefits of using LLMs for tip creation in the domain of
quantum computing. In the following, we discuss these benefits and expose pitfalls that
should be avoided.

4.1 LLM-generated tips rival expert-created tips
We found that participants in the tip evaluation study (Sect. 3.2) rated the helpfulness
(CQ6) of LLM-generated tips significantly higher than that of expert-created tips. Yet,
we have not found the same effect for helpfulness (CQ1) in our main study (Sect. 3.1),
possibly due to the lack of direct comparison. Participants in the main study might have
rated it on how helpful the tip was to answer the question (CQ1), while participants of the
tip evaluation study rated the helpfulness (CQ6) of the tips in comparison. As such, our
results showcase that the helpfulness of LLM-generated tips is on par with expert-created
tips and even prevail in a direct ranking (RQ1b). This is in line with other research about
LLM-generated content [65].

However, LLM-generated tips were more prone to give away the correct answer (CQ5),
possibly correlating with their perceived helpfulness (CQ6) and them pointing to relevant
concepts (CQ7). Yet, this caveat was only present for the educator group in our tip eval-
uation study (Fig. 7). We believe that their different perception stems from the educators’
teaching experience which the students are lacking. Consequently, there is a real possi-
bility that LLM-generated tips more easily give away the correct answer (RQ2). This is a
pitfall that needs to be avoided through proper prompt engineering [66] or possibly using
an LLM as a judge [67] that is specifically trained to evaluate whether the LLM-generated
tip gives away the answer. Other options would be few-shot prompting [68] where example
tips are given to the LLM to increase output consistency or chain-of-thought prompting
to improve the models reasoning capabilities [69] which would allow the model to con-
struct tips more carefully. These methods could further improve tip quality and reduce
the likelihood of the LLM-generated tip giving away the answer to a question.

We found no significant differences between the correctness of LLM-generated tips
and expert-created tips in the main study (CQ3) or in the tip evaluation study (CQ4).
Participants rated all tips — regardless of creator or label — as correct (Sect. 3.1) con-
tributing to answering RQ1b. Finally, the LLM-generated tips pointed to relevant con-
cepts (CQ7) significantly better compared to the expert-created tips, a characteristic that
is highly valuable in teaching [70, 71]. In addition to the positive subjective perception of
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LLM-generated tips, students did not score worse in our multiple-choice questions (main
study, see Sect. 2.3). Here, LLM-generated tips did not negatively impact students’ scores
(Sect. 3.1), answering RQ1a.

Our results show that LLMs can be used successfully to generate tips in the context of
basic quantum computing education, rivaling expert-created tips in all metrics, answering
our first research question (RQ1).

4.2 Novelty of AI possibly leads to increased scrutiny
While the tip creator did not influence the students’ scores, a tip labeled as being LLM-
generated (regardless of its original creator) elicited significantly higher scores. We be-
lieve that this phenomenon occurred due to an increase of attention given to tips labeled
as LLM-generated. Due to the exhaustive media attention given to LLMs since the incep-
tion of ChatGPT, participants came into contact with these models. While some might
have only heard of them, others might have tried them out or may even be actively using
LLMs for some tasks. This knowledge could have made them aware of the persisting is-
sues attributed to this technology. Namely hallucinations and confidently worded verbose
texts lacking substance [72]. As a consequence, participants who were told that they were
given an LLM-generated tip, might have examined the tip more carefully, thinking crit-
ically about its contents. This critical thinking might have led to a better understanding
and, therefore, an improved score [73]. The measurable impact of introducing LLM labels
is an important design consideration to make and needs to be handled carefully (RQ2).

We envision this effect due to two interacting factors impacting the students’ percep-
tions of the offered support (the AI-generated tip) and the resulting perceived difficulty of
the task.

Firstly, a measurable placebo effect has been shown to exist in previous work on human-
computer interaction [59, 60, 74]. While most works were only able to find this placebo
effect for subjective metrics, Kloft et al. [60] observed a significant objective performance
improvement in a study when comparing participants using an active sham AI with par-
ticipants using an inactive sham AI. As such, AI-enabled support is seen as something
desirable.

Secondly, studies in various contexts have found an impact of perception of difficulty
on test performance [75–77]. High difficulty leads to dissatisfaction, while perceived low
difficulty can be motivating. Labeling a tip as LLM-generated actually had the impact of
lowering the perceived difficulty of the question (see Sect. 3.1) compared to labeling a
tip as expert-created, possibly reducing reluctance and increasing motivation, resulting in
increased performance.

4.3 Opportunities and challenges of LLMs for teaching
While our work has revealed design pitfalls to avoid when working with LLMs, such as a
possible placebo effect as well as lengthy and leading tips (RQ2), there is a real opportunity
to use LLMs for generating content about the basics of quantum computing. In general,
LLM-generated tips have performed equally well, if not better, than their expert-created
counterparts. Especially in a direct comparisons, LLM-generated tips were favored and
conveyed the concepts for students to understand and learn better that expert-created
tips.

Whilst supporting educators for tip creation, we believe that LLMs can shine specifically
when used to individualize content for education. Recent works have already successfully
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used LLMs to generate math questions and answers based on a students interests [78]
through prompt engineering [66]. It can be a powerful tool strongly dictating the quality
of the generated content. If done right, prompt engineering can solve some of the design
caveats of LLM-generated tips we found in our work, such as reducing the generated tip
length and minimizing the occurrence of leading tips.

Ultimately, there will always be a trade-off with respect to correctness and quality
of LLM-generated tips. We made sure that the LLM-generated tips in our study were
correct, which was also confirmed by participants. However, there remains a risk that
LLM-generated tips might be incorrect or misleading, especially for more complex ques-
tions [32]. Although we can reduce this risk, there is no way to ensure that each tip an
LLM generates will be correct. While this is also true for expert-created tips, there is an
interesting discrepancy regarding acceptable error rates for humans and artificial intelli-
gence [79], indicating a general mistrust of AI. Consequently, there is a need for formal
validation of LLM-produced content. While methods to validate AI models exist, validat-
ing them is a complex task requiring novel methods [80].

Especially in the domain of education, misinformation and incorrect content are detri-
mental for the learner’s progress [81]. As such, we advice for a step-by-step integration of
LLM-generated content for education, starting with human-in-the-loop evaluations [82],
applications in low-risk scenarios (such as tips) and potentially applying LLM judges [67]
as a secondary safety net.

4.4 Limitations
Our results are limited to our study setup. They only show that LLM-generated tips can
be used instead of expert-created tips for basic quantum computing exercises using GPT4
with a RAG-like approach to tip-creation. The results may change for other LLMs, creat-
ing tips for different domains, or increasing the question complexity. Before applying this
method in practice, experts should ensure that the generated tips are of adequate quality
for the questions at hand. Even using a RAG-like approach, the LLM might hallucinate,
leading to wrong or misleading tips. This underlines the importance of quality control and
formal verification.

Ensuring an equal level of quantum computing knowledge for our participants was chal-
lenging. In this work, we used the QUIKSTART 2024 winterschool to ensure that all par-
ticipants had adequate knowledge of the topic and also used it as distribution platform,
ensuring a consistent experience level among participants. Bigger cohorts can potentially
be achieved by integrating the study within dedicated study programs.

5 Conclusion
LLM-generated content has permeated almost every area in our everyday lives. In this
work, we investigated the potential of LLMs to generate adequate educational content. In
particular, we focused on how LLMs can support — not substitute — educators in do-
mains with low educator-to-student ratios. Our results are promising, highlighting that
LLMs are capable of producing high quality tips on par with expert-created tips, albeit are
subject to design considerations including a possible placebo effect of AI and a tendency
to generate leading tips. We discuss how these findings can support teaching methods
pointing towards LLM-supported smart education, and expose challenges still to over-
come when employing LLM-generated content.
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Appendix A: Multiple choice questions
A.1 Question 1
What is the following state on the Bloch sphere?

|ψ⟩ = 1√
2 |0⟩ + 1√

2 |1⟩

Figure 8 Possible answer options for question 1

A.2 Question 2
What is the following state on the Bloch sphere? |ψ⟩ = 1

2 |0⟩ +
√

3
2 ei π

2 |1⟩
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Figure 9 Possible answer options for question 2

A.3 Question 3
What is equal to the following two-qubit operation:

(H ⊗ I) CNOT CNOT (H ⊗ I)?

Figure 10 Visualization of question 3

a) I⊗I (correct)
b) H⊗I
c) CNOT
d) (H⊗I) CNOT
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A.4 Question 4
Which Bell-state is the outcome of the following operation on the |00⟩ state:

(X ⊗ I) CNOT((H ⊗ I)|00⟩)?

Figure 11 Visualization of question 4

a) 1√
2 (|00⟩ + |11⟩)

b) 1√
2 (|00⟩ – |11⟩)

c) 1√
2 (|01⟩ + |10⟩) (correct)

d) 1√
2 (|01⟩ – |10⟩)

Appendix B: Tips
B.1 Question 1
Expert tip: Realize you are in an equal superposition: Compute the probability of out-
come 0 and 1. On the Bloch sphere an outcome is probable if the state vector is closer to
the pole corresponding to the outcome. The definition of the relative phase, relative to the
x-axis on the Bloch sphere, gives you the representation on the Bloch sphere.

LLM tip: To understand where the given state |ψ⟩ = 1√
2 |0⟩+ 1√

2 |1⟩ is on the Bloch sphere,
remember that each point on the Bloch sphere represents a possible quantum state of a
qubit. The state vector |0⟩ corresponds to the north pole of the Bloch sphere, and |1⟩
corresponds to the south pole. A state like |ψ⟩ which is an equal superposition of |0⟩ and
|1⟩ with no complex phase (meaning both coefficients are real and positive) will be on the
equator of the Bloch sphere. Look for a state vector that is equally between |0⟩ and |1⟩ on
the equator, without any phase difference indicated by complex numbers.

B.2 Question 2
Expert tip: On the Bloch sphere, the amplitude of state |0⟩ is related to the sine of ϑ , the
polar angle. The amplitude of |1⟩ is related to the cosine of ϑ but one also needs to account
for the relative phase, which is represented by the azimuthal angle ϕ.

LLM tip: When trying to identify a state on the Bloch sphere, you’ll want to con-
sider both the magnitude and the phase of the qubit state coefficients. For the state
ψ⟩ = 1

2 |0⟩ +
√

3
2 ei π

2 |1⟩, note the coefficients in front of |0⟩ and |1⟩. The magnitude squared
of these coefficients will give you the probabilities of measuring each state. The phase fac-
tor ei π

2 corresponds to a phase of π
2 radians or 90 degrees. On the Bloch sphere, states

are represented as points on the surface of the sphere, where the angles theta (θ ) and phi
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(φ) determine the position. Theta is the angle from the positive z-axis and phi is the angle
from the positive x-axis in the x-y plane. To find the correct picture, look for the one where
the vector representing the qubit state has these properties.

B.3 Question 3
Expert tip: Many quantum gates are their own inverse. Think of the outcome of applying
the CX-gate twice. Think of the outcome of applying the Hadamard gate twice.

LLM tip: Let’s break down the operation given in your question, step by step, using con-
cepts from the document. The Hadamard gate (H) puts a qubit into a superposition state,
meaning it creates a combination of all possible states. The Identity gate (I) does nothing
to the qubit it acts upon. The CNOT gate is a conditional gate that flips the target qubit if
the control qubit is in the state |1⟩.

Here’s a hint to think about how each component of the operation affects the state of
the qubits:

• Start by understanding the effect of the Hadamard gate on a single qubit and how the
Identity gate leaves the other qubit unchanged.

• Then, consider what happens when a CNOT gate acts on two qubits, specifically how
it changes the state of the qubits based on the condition mentioned above.

• Finally, think about the sequence of operations and their reversibility, especially how
applying the same operations in reverse order might affect the qubits’ state.

B.4 Question 4
Expert tip: Recall the bell state generator (Hadamard + CX-gate). The additional X-gate
in the circuit changes the state of one qubit in the outcome.

LLM tip: To understand which Bell state is produced by the given quantum circuit, let’s
break down the operation step by step:

• The Hadamard gate (H ⊗ I) acts on the |00⟩ state. The Hadamard gate puts the first
qubit into a superposition state, transforming |0⟩ into |0⟩+|1⟩√

2 .
• The CNOT gate acts on this new state. The CNOT gate is a conditional gate that flips

the second qubit if the first qubit is in the |1⟩ state.
• Finally, the Pauli-X gate (X ⊗ I) acts only on the first qubit, flipping it from |0⟩ to |1⟩

and vice versa.
Your task is to apply these operations successively, keeping in mind the effects of each

gate. The Hadamard gate creates a superposition, the CNOT entangles qubits by flipping
the second based on the first, and the X gate flips the qubit from |0⟩ to |1⟩ or |1⟩ to |0⟩. The
final state will be a Bell state, an entangled state of two qubits. Look at the transformation
of each qubit at each step, and this will guide you to the correct Bell state.

Appendix C: Tip generation
We used the following prompt to generate our tips with GPT-4.

You are a passionate and patient quantum-physics teacher. Based on the information
given in the pdf, give the struggling student a hint that helps him answer the following
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question, without giving away the answer. Be more specific and formulate your tip as
if you were talking to a novice. Be as concise as possible.

{Question + answers + correct answer}

Also adding the pdf of the quantum computing basics used in QUICKSTART 2024 and
the images of the questions as context.

Appendix D: Additional results

Table 7 The ANOVA results of the main study for the participants’ score

Measure Factor Df Df.res F value p-value Signif. η2 (partial)

score tip creator 1 42 0.34 0.56 ns 8.06e-03
score tip label 1 42 5.89 0.02 * 0.12

Table 8 The ANOVA results of the main survey for the perceived question difficulty

Measure Factor Df Df.res F value p-value Signif. η2 (partial)

difficulty tip creator 1 42 0.14 0.71 ns 3.44e-03
difficulty tip label 1 42 3.08 0.09 ns 0.07

Table 9 The ANOVA results of the main survey for the custom questions

Measure Factor Df Df.res F value p-value Signif. η2 (partial)

correctness tip creator 1 42 1.60 0.21 ns 0.04
correctness tip label 1 42 0.22 0.64 ns 5.14e-03

helpfulness tip creator 1 42 0.22 0.64 ns 5.30e-03
helpfulness tip label 1 42 0.43 0.52 ns 0.01

quality tip creator 1 42 0.58 0.45 ns 0.01
quality tip label 1 42 0.03 0.86 ns 7.81e-04

Table 10 The ANOVA results of the main survey for the custom questions

Measure Factor Df Df.res F value p-value Signif. η2 (partial)

difficulty tip creator 1 42 0.14 0.71 ns 3.44e-03
difficulty tip label 1 42 3.08 0.09 ns 0.07

Abbreviations
AI, Artificial Intelligence; ANOVA, Analysis of Variance; ART, Aligned Rank Transform; DFKI, German Research Center for
Artificial Intelligence; LLM, Large Language Model; QC, Quantum Computing; QUIP, Quantum-Initiative
Rhineland-Palatinate; RAG, Retrieval-Augmented Generation; STEM, Science, Technology, Engineering & Mathematics.
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