
Towards Reliable LLM-based Exam Generation
Lessons Learned and Open Challenges in an Industrial Project

Renzo Degiovanni
Luxembourg Institute of Science and Technology (LIST)

renzo.degiovanni@list.lu

Jordi Cabot
Luxembourg Institute of Science and Technology (LIST)

jordi.cabot@list.lu

Abstract—Large Language Models (LLMs) have revolutionized
the way natural language tasks are handled, with big potential
applications in the context of education. LLMs can save educators
time and effort, for instance, in content creation and exam gen-
eration. Although promising, LLMs’ integration into educational
products brings some risks that companies must mitigate.

In the context of an industrial project, we investigate the
effectiveness of LLMs to generate educational multiple-choice
questions. The experiments include 16 commercial and open-
source LLMs, rely on standard metrics to assess the accuracy
(F1 and BLEU) and linguistic quality (perplexity and diversity)
of the generated questions, and compare with five specialized
models. The results suggest that recent LLMs can outperform
the fine-tuned models for question generation, open-source LLMs
are very competitive with the commercial ones, with Meta Llama
models being the best performing, and DeepSeek as performing
as recent GPT4 models.

This promising empirical evidence encourages us to focus on
advanced prompting strategies, for which we report relevant open
challenges we aim to address in the short term.

I. INTRODUCTION

Recent advances in AI brought by the release of powerful
Large Language Models (LLMs) have revolutionized the way
natural language tasks are handled. LLMs can produce human-
like text as well as images, audio and videos, and their
novelty and creativity can provide valuable assistance [24], [9].
While they can be game-changer in several activities, concerns
about their impact on education have been raised [3]. Among
the potential benefits, LLMs can support educators to save
valuable time and effort in creating and grading student exams.
Although promising, LLMs are prone to hallucinations [10]
and biases [7], which constitutes a big risk for companies
aiming to integrate LLMs into their educational products.

In this paper, we study the performance of LLMs for Educa-
tional Question Generation [5], the problem of automatically
generating questions from a given textual content and the
desired response. This is done in the context of an industrial
project [1] with the company Open Assessment Technologies
S.A. (OAT1) that provides advanced assessment solutions for
education, with users in 194 countries, in more than 30
languages, leading to millions of tests worldwide. The key
objective of this project is to develop reliable and trustworthy
LLM-based applications to assist teachers in the generation
of educational exams. The application to be developed should

1https://www.taotesting.com/

provide assurances on the quality of the generated items and
thus, we need to guide LLMs to produce items that are correct,
free of biases, and calibrated for the target audience. Similarly
to other applications in related domains, we seek to use LLMs
for both, generating the exams and judging the quality of
the generated content (i.e. LLMs-as-a-Judge [8]). However,
there is not much evidence of recent LLMs performance for
educational question generation. Hence, to identify concrete
challenges we need to cope in the short-term, we design, as the
initial step in our project, an empirical study to understand the
basic capabilities of LLMs to generate educational questions.

Our experiments include 16 commercial and open-source
LLMs from GPT, Meta Llama, Mistral AI, and DeepSeek.
Our empirical evaluation is based on the standard SciQ [26]
dataset, and the Canterbury Question Bank (CQB) [18] to
study the generalization of the results. We rely on standard
metrics for assessing question generation models, and measure
the accuracy (F1 and BLEU scores) and the linguistic quality
(perplexity and diversity) of the LLM generated questions. We
use as a baseline five fine-tuned models, specialized in educa-
tional question generation, namely, Leaf [22], EduQG [5], and
their variants Leaf+ and EduQG+, and RLLM-EduQG [11],
that constitutes the current state-of-the-art.

The empirical results show that Meta Llama models (e.g.
Llama-3.1-70B-Instruct) are the best performing models and
can outperform all the fine-tuned models used as a baseline.
Moreover, GPT-3.5 Turbo and GPT-4o can perform as well
as the state-of-the-art model RLLM-EduQG [11], but other
GPT versions (e.g. GPT-4o-mini) behave slightly worse than
RLLM-EduQG, outperforming anyway the rest of the base-
lines. Mistral and DeepSeek models have a similar accuracy
as GPT-4o-mini, and questions generated with DeepSeek are
the ones with the best linguistic quality scores.

Our empirical results are promising and suggest that more
elaborated prompt engineering techniques, such as Chain-of-
Thought [17] and RAG [12], can improve LLMs’ effectiveness
even further. However, as discussed with our industrial partner,
the textual context might not be sufficient to determine the
adequacy and quality of the generated questions. Specific
contextual information of the target audience, such as demo-
graphic information of the students and the expected difficulty,
should be taken into account, and the questions should be
adapted accordingly. Thus, we have identified relevant open
challenges that we seek to address in the short term.



On the one hand, in collaboration with the company’s
domain experts, we are analyzing the relevant dimensions
we should take into account when designing our prompting
strategies. We are in the process of defining a taxonomy
that captures the target students’ meta-data, to improve LLMs
guidance towards student’s profile-specific questions.

On the other hand, standardized exams have associated a
diverse set of quality criteria that are relevant for our industrial
partner. For instance, in multiple-choice questions, if the
distractors are very similar to the correct answer, the question
becomes ambiguous and unsuitable for assessment activities.
We are developing specific validators that rely on LLMs-as-
a-Judge strategies to identify issues in the generated questions
that do not comply with the expected quality properties. We
also plan to combine these validators with advanced testing
techniques, such as metamorphic testing [19], to increase
their robustness and reliability. Metamorphic transformations
can be used to inject issues in the questions (a.k.a. mutants)
that should be identified by the validators (e.g., by selecting
a distractor as the correct answer), while other kinds of
transformations, such as replacing a word by a synonym,
should not change the semantic of the question.

In the remaining, we present our empirical study results,
and discuss the open challenges and roadmap of our project.

II. BACKGROUND AND RELATED WORK

The Educational Question Generation (EduQG) problem
consists of automatically generating the question from a given
support text. There are variants that also provide the expected
correct answer as an input to narrow down the generation
process [6]. Recent approaches for EduQG have focused on
fine-tuning and leveraging pre-trained language models to
improve their performance. We use the following customized
models as baselines when assessing LLMs’ effectiveness.

Leaf [22], a recent question generation system, fine-tunes a
pre-trained language model (Google T5 [15]) on the SQuAD
1.1 dataset [16] for the question and multiple-choice distractor
generation. EduQG [5] additionally pre-trains the model with
scientific text documents, taken from the S2ORC dataset [13],
before fine-tuning it for question generation. Leaf+ and
EduQG+ extend these models by further fine-tuning the mod-
els with an educational question dataset, SciQ [26], specialised
in general-purpose questions. RLLM-EduQG [11] fine-tunes
the Google FLAN T5 model, on the SciQ dataset, using a
mixed objective function that uses Reinforcement Learning to
improve the generation of questions that are syntactically and
semantically accurate.

Though effective, these models are not publicly available
which limits their application in practice. However, nowadays
we can easily interact with powerful LLMs through their in-
tuitive interfaces (chatbots) and APIs. Thus, without requiring
any fine-tuning, we can instruct the LLMs, via simple prompts,
for their assistance in generating educational questions. In the
following section, we study whether such general LLMs have
the ability to provide results comparable to the quality of the
questions generated by specialized models.

III. LLMS EFFECTIVENESS FOR EDUCATIONAL QUESTION
GENERATION

We start our analysis by evaluating the capabilities of LLMs
for educational question generation. Hence, we ask:

RQ1 What is the effectiveness of LLMs to generate
multiple-choice educational questions? What is the
linguistic quality of the LLM-generated questions?

To answer to this question, we design a controlled ex-
periment in which we instruct the LLMs, through simple
prompts, to generate multiple-choice questions from a given
text context.

We then compare LLMs’ performance with existing models,
specifically fine-tuned for the task. Thus, we ask:

RQ2 Is the LLMs’ performance comparable with the state-
of-the-art fine-tuned models for question generation?

A positive answer to this question would encourage us
and our industrial partner to invest time and effort in more
sophisticated prompt engineering techniques with the aim
of improving LLMs’ effectiveness and generated questions
quality without the need to conduct any fine-tuning tasks.

A. Empirical Setup

Dataset: Our evaluation relies on the SciQ [26] dataset,
widely used for assessing EduQG models. SciQ contains
13,679 crowd-sourced science exam questions, divided into
training, validation, and testing sets. We focus our evaluation
on the testing set (1,000 questions) that makes possible a fair
comparison with the baselines in RQ2. For each data point,
SciQ includes: (a) question; (b) correct_answer; (c) list of
distractors; and (d) support_text.

Prompts: We use the following two simple prompts in our
empirical study, with the aim to instruct the LLMs to generate
a multiple-choice question from the given support text.
– Context_Only: Given support text “support_text”, create 1
expert level question with multiple choice answer from the
text. Please also include the correct answer and 3 distractors.
– Context_plus_answer: Given support text “support_text”,
create 1 expert level question with multiple choice an-
swer from the text, for which the correct answer is “cor-
rect_answer”. Please, also create 3 distractors.

These prompts are adapted from the work of Fawzi et
al. [6], where the authors showed that models tend to produce
more concrete questions when the expected correct answer is
provided as input, in addition to the support text. While Fawzi
et al. [6] applied ChatGPT on just 9 cases from SciQ, this work
provides an exhaustive experimental evaluation that provide
concrete evidence on the potential of LLMs for the automatic
question generation problem. It is worth remarking that we
also include to the prompt, instructions regarding the format
of the output, automatically generated by Pydantic Parser [2].

Selected LLMs: In total, our evaluation uses 16 LLMs,
shown in Table I, including 7 models from Open AI, 4 from
Meta Llama, 4 from Mistral AI, and 1 from DeepSeek.

Baselines: We use as a baseline the five fine-tuned models
decribed in Section II, specialized in educational question



TABLE I: LLMs studied.

Open AI

gpt-4o, gpt-4o-mini, gpt-4-turbo, gpt-4,
gpt-3.5-turbo-1106, gpt-3.5-turbo, gpt-4-0613

Meta Llama

Llama-3.1-70B-Instruct, Llama-3.1-8B-Instruct,
Llama-3-70B-Instruct, Llama-3-8B-Instruct

Mistral AI

Mistral-7B-Instruct-v0.3, Mistral-Small-Instruct-2409,
Mistral-7B-Instruct-v0.2, Mixtral-8x7B-Instruct-v0.1

DeepSeek

DeepSeek-R1-Distill-Qwen-32B

TABLE II: Effectiveness of LLMs and the baselines.

Model Prediction Performance Linguistic Quality
BLEU-1↑ BLEU-2↑ BLEU-3↑ BLEU-4↑ F1-score↑ Perplexity↓ Diversity↑

LLMs with Prompt: Context_plus_Answer

Llama-3.1-70B-Instruct 50.43 42.51 38.04 34.99 59.61 12.42 80.79
GPT-3.5-Turbo-1106 49.67 41.87 37.39 34.34 57.66 9.52 82.54
Mixtral-8x7B-Instruct-v0.1 42.36 34.30 30.16 27.44 50.57 9.78 79.65
DeepSeek-R1-Distill-Qwen-32B 43.58 34.90 29.99 26.64 50.08 7.38 85.67

LLMs with Prompt: Context_Only

Llama-3.1-70B-Instruct 31.61 23.47 19.91 17.95 36.77 7.28 79.62
GPT-3.5-Turbo-1106 30.91 22.95 19.49 17.59 35.43 10.69 79.51
Mixtral-8x7B-Instruct-v0.1 29.53 21.71 18.43 16.67 35.16 8.67 76.83
DeepSeek-R1-Distill-Qwen-32B 27.32 19.17 15.97 14.26 28.38 8.68 83.11

Baselines

RLLM-EduQG 51.08 43.86 39.87 36.4 56.80 24.88 94.40
EduQG+ 37.20 33.86 28.49 22.35 43.04 33.88 81.20
Leaf+ 36.67 31.45 28.17 24.26 41.65 26.43 80.10
EduQG Large 29.19 21.69 18.03 16.76 33.18 34.36 74.90
EduQG Small 29.07 21.52 17.49 15.94 33.12 34.51 73.60
Leaf 27.07 20.22 17.17 16.46 30.90 30.82 73.50

generation, namely, Leaf [22], EduQG [5], and their variants
Leaf+ and EduQG+, and RLLM-EduQG [11], that constitutes
the current state-of-the-art. It is worth mentioning that we
report the results presented in their corresponding papers.

Metrics: We rely on standard metrics widely used to
evaluate two aspects of question generation models [5]: a) the
prediction accuracy and b) the linguistic quality of the gener-
ated questions. To assess the predictive accuracy of the LLM-
generated questions, w.r.t. the question in the ground-truth,
we use the Bilingual Evaluation Understudy (BLEU) [14]
score, which measures the syntactic similarity between the
two sequences of tokens [14], and the METEOR [4] metric,
that measures a word-to-word matching between the LLM-
generated question and the human written reference. The
computed matches and misses are then used to compute the
precision, recall and the F1 score, that is the one reported.

To assess the linguistic quality of LLM-generated questions,
we calculate their perplexity and diversity [25]. Perplexity is
inversely related to the coherence of the generated text, and
thus the lower the perplexity score, the higher the coherence
of the generated question. The diversity score measures the
number of distinct n-grams in the generated question (we use
3-grams as in [20]). Hence, larger diversity values, coupled
with low perplexity, indicate the use of a richer vocabulary
with grammatical precision. We reuse the same implementa-
tion of all the metrics provided by Bulathwela et al. [5].

Data Availability: In the following we discuss the results
of the best performing models for each family, but all the
generated questions and results are available at the following
link: https://github.com/rdegiovanni/LLMsForEduQG.

B. Results RQ1: LLMs’ Effectiveness

Table II summarizes the average of both performance and
linguistic metrics obtained with the two prompt variations.
Figures 1 shows the distribution of the F1 score and the BLEU-
1 score obtained by the best performing models for each
family. We can observe that the Llama-3.1-70B-Instruct model
(and similarly, Llama-3-70B-Instruct) is the best performing
in terms of the performance metrics. It reaches 59.61% of

F1-score, almost 2% higher than the best GPT perform-
ing model (GPT-3.5-Turbo-1106 gets 57.66% F1-score, and
GPT4o 55.93), and 10% higher than the best models from
Mistral and DeepSeek families. GPT-4o-mini, had a similar
performance as DeepSeek, obtaining a 50.39% of F1-score.

There are two key observations worth remarking out of
these results. On the one hand, open-weights and open-source
models obtained a very good and promising performance, even
outperforming the GPT proprietary models. This evidence can
help to increase and ease the adoption of open-source LLMs
for Educational Question Generation in the near future. On
the other hand, the prompt variant Context_plus_Answer that
includes more precise information regarding the generative
intention (e.g. the expected answer for the question to gener-
ate) is significantly more effective than general prompts (like
the Context_Only variant). This observation should be taken
into account in future prompt engineering in order to improve
LLMs’ effectiveness in educational question generation.

Regarding linguistic quality, we use as a baseline the per-
plexity score and diversity score, 18.74 and 82.40, respectively,
of the ground truth questions from the SciQ dataset [5]. From
Table II, we can see that LLM generated questions generally
obtain a much better (lower) perplexity score and similar or
even higher diversity score. This shows that LLM-generated
questions use coherent language and are likely to be human-
readable. In this regard, DeepSeek performed the best, with a
perplexity score of 7.38 (2.54 times lower than ground truth)
and a diversity score of 85.67 (3% higher than ground truth).

C. Results RQ2: Comparison with fine-tuned models

Table II also reports the prediction performance of all
the specialized baseline models. We can observe that, even
with basic prompts, all the LLMs obtain higher perfor-
mance than Leaf, EduQG, and their variants. In addition,
GPT models perform slightly better than the state-of-the-art
RLLM-EduQG model, while Llama-3.1-70B-Instruct (simi-
larly, Llama-3-70B-Instruct) is the best performing model,
reaching almost 3% higher F1-score. This observation is in
line with recent works [21], [23] that show that effective



TABLE III: LLMs’ generated exact matches.

Model Num. of Exact Matches
Question Answer Distractors

Prompt: Context_plus_Answer

Llama-3.1-70B-Instruct 85 84 18
GPT-3.5-Turbo-1106 75 75 19
Mixtral-8x7B-Instruct-v0.1 49 47 9
DeepSeek-R1-Distill-Qwen-32B 28 28 10

Prompt: Context_Only

Llama-3.1-70B-Instruct 23 21 5
GPT-3.5-Turbo-1106 22 20 4
Mixtral-8x7B-Instruct-v0.1 13 11 3
DeepSeek-R1-Distill-Qwen-32B 9 7 2

prompt engineering strategies on state-of-the-art LLMs can
bring better results than fine-tuning the models from scratch,
helping us to mitigate the effort in finding enough quality data
and resources for performing the fine-tuning process.

Regarding the linguistic quality, LLMs obtained a much
better (lower) perplexity score than all the baselines, while
LLMs’ diversity score is better than most of Leaf and EduQG
variants, but worse (lower) than RLLM-EduQG model. While
RLLM-EduQG can potentially produce richer questions than
LLMs, the later can produce questions that are more cohesive
and consistent than RLLM-EduQG. Overall, LLMs and the
baselines have shown strong abilities to produce questions with
very good linguistic quality.

IV. DISCUSSION AND LESSONS LEARNED

A. Specific prompts improve the generation performance

Since the experimental results are very promising, there are
a few observations we would like to discuss to help future
prompt engineering strategies. On the one hand, it is clear
that the prompt Context_plus_Answer can generate questions
that are more similar to the ground truth than prompt Con-
text_Only. Table III shows the number of generated questions
that exactly match with the ones in the ground truth (see
Question column). We can observe that the prompt including
the expected answer guides better the generative model and
produces up to 4 times more questions that exactly matches
with the ground truth. Hence, if the aim is to generate
concrete and closed multiple-choice questions, the prompt
should guide the LLMs with concrete keywords that may serve
as the answer to the generated questions. On the other hand,
questions generated just from the context (Context_Only) are
not necessarily incorrect. Indeed, we inspected them manually
and look alright, but these are open-questions, which can also
be useful for a different scenario used in our experiments.

B. Quality of the generated answer and distractors

We now focus on the choices generated by the LLMs and
analyze whether the generated answer and distractors match
with the ones in the ground truth. Notice that we only consider
the cases in which the generated question matches with the
ground-truth, and report the results in Table III. We can
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Fig. 1: LLMs’ F1 score and BLEU-1 score on the SciQ dataset.

observe that in most of the cases, whenever the generated
question matches with the ground truth, the generated answer
also matches with the ground truth. However, only the 25% of
the generated distractors, on average, matches with the ones in
the ground truth. Again, this does not mean that the remaining
75% of the generated distractors are not useful, but a more in-
depth analysis, possibly requiring the assistance of the domain
experts of our industrial partner, is required.

C. Generalizability of the results

Our experiments were based on the SciQ [26] dataset
that includes questions mainly from Physics, Chemistry and
Biology. To study the generalization of our results, we run
the same experiments on 46 multiple-choice questions from
the Canterbury Question Bank (CQB) [18], which target more
theoretical Computer Science topics (our industrial partner
plans to integrate programing exercises in the future). Table IV



TABLE IV: Evaluation on the Canterbury Question Bank [18].

Model Prediction Performance Linguistic Quality
BLEU-1↑ F1-score↑ Perplexity↓ Diversity↑

Prompt: Context_plus_Answer

Llama-3.1-70B-Instruct 48.61 53.36 13.19 80.92
GPT-3.5-Turbo-1106 40.46 44.55 16.53 83.35
DeepSeek-R1-Distill-Qwen-32B 41.42 46.17 12.78 85.36
Mixtral-8x7B-Instruct-v0.1 40.58 44.24 9.77 81.23

Prompt: Context_Only

Llama-3.1-70B-Instruct 37.97 38.10 12.81 81.99
Mixtral-8x7B-Instruct-v0.1 33.28 35.65 10.92 80.64
DeepSeek-R1-Distill-Qwen-32B 34.90 33.55 12.06 85.42
GPT-3.5-Turbo-1106 31.91 32.77 20.19 81.42

summarizes the prediction performance and linguistic quality
of LLMs on the CQB dataset. We can observe that LLMs
follow a similar trend as in the SciQ dataset, being Llama-3.1-
70B-Instruct the best performing, and reaching higher predic-
tions with the prompt Context_plus_Answer. Notice however
that, when this prompt is used, the F1-score drops around 6%-
8% w.r.t. the average F1-score on the SciQ dataset (e.g. Llama-
3.1-70B-Instruct obtained 59.61% in SciQ vs 53.36% in CQB).
While on the other hand, when the prompt Context_Only
was used, LLMs’ F1-score got improved (e.g. Llama-3.1-70B-
Instruct obtained 36.77% in SciQ vs 38.10% in CQB), with the
exception of GPT-3.5-Turbo-1106 model whose performance
got reduced in 2%. The performance of Mistral and DeekSeek
models follow similar trend as the one observed for Llama.
Overall, despite minor changes in the prediction performance
scores, LLMs show similar trends (ranking) than in the SciQ
dataset, specially when the most effective prompt was used.
Then, as it is reasonable to expect having better LLMs and
prompts in the future, our observation suggest that the results
of this work may generalize well to other datasets and domain.

D. LLMs’ capabilities/limitations to produce structured output

It is worth remarking that most of the 16 LLMs included
in our experiments correctly followed the instructions and
produced structured outputs that we could parse and analyse,
for instance, to compute all the metrics reported. We observed
however that we failed in parsing ∼29%, ∼40% and ∼50% of
the questions generated by GPT4o, Mistral-7B-Instruct-v0.2
and Mistral-7B-Instruct-v0.3, respectively, which can limit
their adoption in practice. Moreover, we initially included
other models in the experiments, namely, Google Flan, Google
MT5, and Tiiuae Falcon, but were later discarded because
most of the generated questions did not follow the correct
structure to be parsed. While the generated text might be
useful, this technical limitation was prohibited and had to
exclude them from the evaluation and hence, it can also be
a serious limitation of their adoption in practice.

V. OPEN CHALLENGES AND ROADMAP

Advanced Prompting: The experimental results are
promising, and more sophisticated prompt engineering tech-
niques can potentially improve LLMs performance. We seek to
explore Few-Shot and Chain-of-Thought Prompting [17], and

Retrieval-Augmented Generation [12], that have been shown
to be effective in improving related NLP-based tasks.

Contextual Information: As discussed with our industrial
partner, the textual context might not be sufficient to determine
the adequacy of the generated questions. Specific contextual
information of the target audience, such as demographic
information of the students and the expected difficulty, should
be taken into account, and the questions should be adapted
accordingly.

Supported by the company’s domain experts, we are iden-
tifying the relevant dimensions we should take into account
when designing our prompting strategies. We are in the process
of defining a taxonomy that captures the target students meta-
data, that we can exploit to guide the LLMs to produce more
student-specific questions.

Quality assessment of generated questions: Standardised
exams have associated a diverse set of quality criteria that are
relevant for our industrial partner. For instance, in multiple-
choice questions, if the distractors are very similar to the cor-
rect answer, the question becomes ambiguous and unsuitable
for assessment activities. We plan to use LLMs-as-a-Judge [8]
strategies to implement a set of validators to identify issues
in the generated questions, not complying with the expected
quality properties.
Metamorphic testing to improve robustness: We plan to
use metamorphic testing techniques [19] to study and im-
prove the robustness of the designed LLM-based validators.
Metamorphic transformations can be used to inject issues in
the questions that should be identified by the validators, such
as selecting a distractor as the correct answer. Other kinds
of transformations, such as replacing a word by a synonym,
should not change the semantic of the question, and can be
used to assess LLMs robustness.

VI. CONCLUSION

This work provides concrete evidence on the basic LLMs’
abilities to generate questions in educational contexts. It shows
a general overview of the current state-of-the-art, integrating
16 LLMs from four different families, including commercial
and open-source models. We observed that, even with very
basic prompts, LLMs have a better performance than existing
fine-tuned specialized models. We also showed that open-
weights and open-source LLMs are as competitive as the
commercial ones, which can be a point in favor to increase
their adoption in practice, including our industrial partner.
These results encourage us to explore more sophisticated
prompt engineering strategies in the future, for which we
have identified relevant open challenges that we are currently
working on to improve the robustness and reliability of LLMs.
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