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Abstract
Recent research has experimented with using Large Language Models (LLMs) for simulating student responses
to exam questions. This approach, known as virtual pretesting, potentially offers a scalable alternative to
traditional pretesting, which is costly and time-intensive, by enabling the creation of datasets of virtual students’
responses. Prior studies focused on zero-shot role-playing, prompting one LLM to imitate students of different
levels, but showed limited alignment with response patterns of real students. This work introduces a framework
that improves the alignment of LLM-based student simulations through in-context learning (ICL), leveraging
previous question-answer records to provide the model with richer information about students’ skills and
misconceptions. Our experiments show that not all models can leverage the additional contextual information.
However, a multi-model approach, which combines simulations from several models, significantly improves
alignment of the simulated responses when provided with relevant context: we observe a reduction of up to 30%
in difficulty estimation RMSE with respect to the non-contextual and individual contextual models. Overall, our
findings indicate that LLMs can be used with ICL to create synthetic datasets of student responses approximat-
ing some patterns of learner behavior, however their ability to align with authentic student performance remains limited.
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1. Introduction

Keeping students engaged with questions that are
challenging, but not frustratingly difficult, is essen-
tial for sustaining motivation and fostering effective
learning (Vygotsky and Cole, 1978). Personalized
learning systems (Van der Linden and Glas, 2000)
address this challenge by tailoring questions to
a student’s skill level. To do this, they leverage
Question Difficulty Estimation (QDE) to ensure that
questions of the “right” difficulty are selected. Tradi-
tionally, QDE has relied on pretesting (Lane et al.,
2016): new questions are embedded within ex-
ams without contributing to students’ scores and
the responses to these questions, combined with
data from other test items, are then used to per-
form QDE with statistical models, such as Item
Response Theory (IRT) (Hambleton et al., 1991).
Although pretesting ensures reliable QDE, it is time-
intensive, costly, and exposes assessment content.

To mitigate these limitations, previous research
has explored QDE from text by training machine
learning models on large collections of calibrated
questions to predict their difficulty from their textual
content (Benedetto, 2023; Benedetto et al., 2023;
AlKhuzaey et al., 2021). The current state of the
art involves fine-tuning pre-trained encoder-only
Transformer models, such as BERT (Devlin et al.,
2018). Although this approach leverages transfer
learning to generalize difficulty estimation to new
items, it still depends on substantial amounts of
calibrated (i.e., pretested) questions for training,

which are expensive and difficult to acquire.
Advances in NLP have opened up alternative av-

enues for QDE by enabling virtual pretesting: in this
paradigm, LLMs are used to answer exam ques-
tions, producing question–answer records that sub-
stitute traditional pretesting data (i.e., real students’
responses). As such, virtual pretesting can be seen
as a technique to generate (or augment) datasets
for IRT calibration, and their reliability depends on
the alignment between the response patterns of
LLMs and those of real students. Two main strate-
gies have been investigated for virtual pretesting.
(i) Multi-LLM simulation: exploiting the natural varia-
tion in accuracy across different LLMs, ranging from
low to high-performing models (Park et al., 2024).
(ii) Role-playing with a single LLM: prompting one
LLM to generate responses as if it were a student
of a specific skill level, ranging from low to high
proficiency (Benedetto et al., 2024). In essence,
multi-LLM simulation uses the different “skill levels”
of various LLMs, while role-playing steers one LLM
into answering at different skill levels.

Prior work merely adopted zero-shot prompting,
thereby avoiding reliance on real question–answer
records that may be unavailable in practice. While
the multi-LLM approach is competitive to super-
vised models on some datasets, its dependence on
tens of LLMs makes it computationally expensive
and unsuitable for most applications. Conversely,
zero-shot role-playing with a single LLM is more
efficient but exhibits very limited alignment with real
students, reducing its reliability for practical use.
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To address these challenges, we propose a role-
playing framework that leverages in-context learn-
ing (ICL) to enhance the alignment of data gen-
erated for virtual pretesting. Rather than relying
solely on zero-shot prompting, our approach uses
authentic question–answer records to provide the
LLM with rich information about relevant student
skills and misconceptions, thus enabling a more
accurate replication of realistic response patterns.
Compared to supervised fine-tuning, the amount
of authentic question–answer records required is
much smaller, making QDE tools more accessible.
The repository with code and prompts is available
on GitHub1.

2. Related Work

Natural language processing (NLP) has been
widely applied to QDE to reduce reliance on man-
ual calibration (Attali et al., 2014) and pretesting
(Lane et al., 2016), both of which are costly and
time-consuming. The predominant approach is
to train supervised models that predict item diffi-
culty directly from question text (AlKhuzaey et al.,
2021; Benedetto et al., 2023). Earlier methods
rely on traditional machine learning algorithms and
handcrafted features, including linguistic indicators
(Beinborn et al., 2015), word embeddings (Hsu
et al., 2018; Yaneva et al., 2019, 2020), and TF–IDF
representations (Benedetto et al., 2020). More re-
cent work has established fine-tuning of pre-trained
encoder-only Transformer models as the state of
the art (Benedetto, 2023; Thuy et al., 2025; Feng
et al., 2025). Once trained, these models allow for
rapid calibration of new items, substantially reduc-
ing the need for manual calibration and pretesting.

Despite these advances, supervised fine-tuning
requires large labeled datasets containing thou-
sands of calibrated items, which are rarely available
in practice. Several approaches attempt to alleviate
this data bottleneck. For example, Loginova et al.
(2021) propose an unsupervised method based on
additional pre-training combined with pairwise dif-
ficulty estimation, while Thuy et al. (2024) employ
active learning to approach supervised-level perfor-
mance with substantially fewer labeled examples.

More recently, researchers have begun to ex-
plore virtual pretesting, in which simulated student
responses are used to estimate item difficulty. This
has been pursued either by prompting generative
LLMs (Benedetto et al., 2024; Park et al., 2024) or
by fine-tuning encoder-based LLMs on existing stu-
dent response logs (Maeda, 2025; Uto et al., 2025).
Within the generative setting, two strategies dom-
inate: Multi-LLM simulation, which leverages the
diverse performance levels of different LLMs (Park

1https://github.com/arthur-thuy/
LLM-virtual-pretesting

et al., 2024), and Role-playing with a single LLM,
where one model is prompted to imitate students
across a range of proficiency levels (Benedetto
et al., 2024; Liu et al., 2025; Säuberli et al., 2025).

Studies focusing on role-playing consistently
adopt zero-shot prompting and generally express
skepticism regarding its feasibility for high-stakes
applications. They emphasize that LLMs, in the
absence of contextual information, fail to capture
the cognitive mechanisms underlying student re-
sponses, and therefore should not be relied upon
for piloting educational assessments. Collectively,
this line of work highlights the need to move beyond
zero-shot prompting and to enrich LLM simulations
with student-specific contextual information.

3. Methodology

Our framework leverages ICL to improve the align-
ment between responses simulated with LLMs and
real students’ responses. It consists of two steps:
i) previous responses of students are used to de-
termine their skills and misconceptions (§3.1); ii)
the responses to new questions of a prototypical
student with a certain proficiency level are simu-
lated with role-playing (§3.2), providing the skills
and misconceptions as context. Notably, although
the second step generates responses to MCQs, the
first step can be performed on either MCQs or open-
ended responses, depending on the data available.
Moreover, if the experimental dataset which has
to be augmented for virtual pretesting provides a
log of individual student responses, our framework
can evaluate student behavior replication perfor-
mance (details in §3.3). Both student role-playing
and replication leverage ICL, supported by a variety
of example selection strategies (§3.4), to condition
the model’s predictions with information on skills
and misconceptions.

Figure 1 provides an overview of the framework,
which is model-agnostic and does not require ac-
cess to LLMs’ internal parameters. First, we com-
pile a database of skills and misconceptions as-
sociated with each student-question interaction
(Step 1). Then, this information is provided to
the LLM to improve the alignment of its simula-
tion (Step 2). Importantly, questions are split into
train/validation/test, with corresponding splits ap-
plied to student interactions. Thus, the same stu-
dent ID may appear in both training and evaluation
sets, allowing us to assess how well the LLMs can
simulate individual students in a setting analogous
to knowledge tracing (KT) (Shen et al., 2024).

3.1. Collecting skills and misconceptions
The first step involves determining the skills and
misconceptions corresponding to each student-

https://github.com/arthur-thuy/LLM-virtual-pretesting
https://github.com/arthur-thuy/LLM-virtual-pretesting
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Figure 1: Overview of the methodology.

question interaction; in other words, this consists in
observing each interaction and answering the ques-
tion “which are the skills and/or misconceptions ex-
hibited by the student in this response?”. The way
this is done, in practice, depends on whether the
tasks are MCQs or open-ended.

For MCQs, we prompt a reasoning LLM to iden-
tify the skills required to select the correct answer
and the possible misconceptions that could lead a
student to choose each distractor. We then apply
this to all the responses in the dataset, to obtain a
dictionary mapping each student response to either
a skill (for correct answers) or a misconception (for
wrong answers). For open-ended tasks, the LLM
is prompted to create a list of (at most) three skills
and three misconceptions for each student answer.
The result is a dictionary mapping each interaction
ID to a list of skills and misconceptions.

We use GPT-o4-mini (“o4-mini-2025-04-16”) for
this first step, with a default temperature of 1.0,
but the framework is model agnostic. The prompt
template is provided in Appendix A.1.

3.2. Student Behavior Role-playing
In the role-playing stage, the LLM is prompted to
predict how a prototypical student will respond to
a new question, provided a certain student level,
previous interactions, and a selection of skills and
misconceptions as an indication of their current
understanding. Notably, when building the conver-
sation, the list of skills and misconceptions are not
obtained live from the LLM at hand but inserted
from the mapping built in Step 1 (§3.1). The objec-
tive of role-playing is to generate a set of synthetic
student–question interactions, that reflect realistic

performance patterns across different ability lev-
els and can then serve as input to downstream
psychometric models, such as IRT, for QDE.

In role-playing, the evaluation set of questions is
combined with a predefined number of proficiency
levels (five in our experiments, though this choice
is flexible). Each question is answered once per
proficiency level. For example, with five levels and
20 questions, the model produces 100 simulated
interactions. Depending on data availability, the
previous interactions shown can be either MCQs
or open-ended responses, and this affects how
student proficiency levels are obtained (see §4.1).

Within role-playing, the LLM adopts one of two
personas. i) Student Persona: the LLM is instructed
to act as a student at a given proficiency level, rea-
soning from their skills and misconceptions to pro-
vide an answer to a new question. ii) Teacher Per-
sona: the model is instructed to act as a teacher,
using knowledge of a student’s skills and miscon-
ceptions to predict how that student would respond
to a new question. Prompt templates for both per-
sonas are available in Appendix A.2.

3.3. Student Behavior Replication
Student replication evaluates the LLM’s ability to
simulate the behavior of one specific student, rather
than a prototypical student at a certain proficiency
level. In this sense, it provides a more direct signal
of the student-simulation capability of the model.
Since replication requires a set of previous student
responses to the questions under virtual pretesting,
it cannot be performed on all datasets. Our frame-
work uses it as an optional post hoc evaluation step
when such data is available. Experimenting with
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replication also addresses a gap from prior work,
since previous students’ interactions have been
ignored in previous research. As in role-playing,
the LLM is prompted under both the Student and
Teacher personas.

Replication shares similarities with Knowledge
Tracing (KT) (Shen et al., 2024), which predicts
students’ responses in a sequence of learning inter-
actions, but differs as it treats proficiency as static,
without modeling temporal learning dynamics.

3.4. Example selection strategies

A central component of our framework is the dy-
namic construction of contextual information about
skills and misconceptions (the examples for ICL).
Each example selection strategy returns a list of
interactions, which are mapped (via the dictionary
described in §3.1) to skills and misconceptions, and
inserted into the LLM’s context. We distinguish be-
tween group-based selectors, used in role-playing,
and individual-based selectors, used in replication.

Group-Based Selectors use the interaction his-
tory of a group of students of the same proficiency
level. i) Random: Randomly sample k interactions
from the pool of students at the target level. ii)
Knowledge Concepts (KCs): from all questions an-
swered by students at that level, select the k ques-
tions whose KCs are most similar to the KCs of the
target question.

Individual-Based Selectors use the interaction
history of a single student. i) Random: Randomly
sample k past interactions from the target student.
ii) KCs: From all questions previously answered by
the student, select the k most similar to the target
question, returning the corresponding k student
interactions. Note that the KC selector can only be
used if the dataset provide information on the KC
(i.e., the topics/skills) associated with the questions.

We deliberately restrict our selection strategies to
those that are feasible for role-play. For example, a
Recency selector—commonly used in KT—would
exploit temporal ordering, but this does not mean-
ingfully extend to role-play across a group of stu-
dents, as they are on different learning trajectories.
While this might seem a limitation, we focus on
role-play because it is easier to control (we model
student personas rather than individuals).

Notably, while our methodology fits within the
broader paradigm of in-context learning for prompt
engineering (Dong et al., 2024), it differs from con-
ventional few-shot prompting. Instead of presenting
standard input–output exemplars, the prompts pro-
vide contextualized representations of skills and
misconceptions relevant to the target interaction.

4. Experimental Setup

4.1. Datasets

We evaluate the framework on two publicly avail-
able MCQ datasets: DBE-KT22 and Cam-MCQ.
They differ in domain (computer science and lan-
guage learning) and in type of context (MCQ and
short essays).

4.1.1. DBE-KT22

DBE-KT22 (Abdelrahman et al., 2022), collected
from a relational databases course at the Australian
National University, is one of the only publicly avail-
able resources that provides both student–question
interaction data and the corresponding question
text with answer options. The dataset consists of
MCQs in English, for which we compute question
difficulty using IRT, regarded as the gold standard
for the regression-based QDE task.

To ensure consistency, we restrict the dataset to
questions with four answer options and students
with at least 30 recorded interactions. For students
who answered the same question multiple times,
only their first attempt is retained. The dataset is
split by question ID into training (92 questions),
validation (23), and test (39) sets.

The training interactions (i.e., students’ answer
to training questions) are used for ICL and to com-
pute the student proficiency levels; they include
65,494 responses from 988 students. The eval-
uation sets are subsampled and stratified across
five proficiency levels: small validation (100 inter-
actions), large validation (500), and test set (500).

4.1.2. Cambridge MCQ and FCE

The Cambridge MCQ reading dataset (Cam-MCQ)
(Mullooly et al., 2023) is a dataset of reading com-
prehension MCQs from English exams. Each ques-
tion comes with an IRT measurement of its difficulty,
as obtained from pretesting with real learners. This
can be compared with the difficulty obtained from
virtual pretesting with LLMs. Unlike DBE-KT22, it
does not provide individual student-question inter-
actions. Thus, we extract student skills and miscon-
ceptions for varying student levels from the FCE
dataset (Yannakoudakis et al., 2011). FCE con-
tains 314 short essays written by students taking
an English certification exam, and provides error
annotations and grades for each student response;
all responses are from different students. We group
student responses into five proficiency levels based
on their grading, to use them for role-playing.

Cam-MCQ is split by question ID into validation
(25 questions) and test (75) sets, and the whole
FCE dataset is used as train set. Also, since
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Cam-MCQ does not provide individual student re-
sponses, we can only evaluate the LLMs’ role-
playing performance, not replication performance.

4.2. Evaluation Metrics

For student role-play we employ two metrics: we
either i) assess the difficulty estimated from virtual
pretesting with IRT, or ii) directly assess the correct-
ness of LLMs’ responses to the questions.

We primarily evaluate QDE, which is a regression
task, comparing the gold standard difficulty and the
LLM’s estimates from virtual pretesting. We use
Root Mean Squared Error (RMSE), which is the
most common metric in the literature for continuous
difficulty levels (Benedetto et al., 2023).

To directly assess the LLM’s interactions simu-
lated with role-playing, we use the Monotonicity
metric (M ) (Benedetto et al., 2024). This builds
on the idea that students of higher (simulated) lev-
els should answer more questions correctly than
those of lower levels. Therefore, it evaluates the
correlation ρL,T between the LLM’s response cor-
rectness per student level L = (a1, a2, . . . , a5) and
those observed in the training set T, penalizing non-
monotonic behavior in the correctness sequence.
The penalty for non-monotonicity (P ) is calculated
as:

∑4
i=1

√
|ai+1 − ai| · I(ai+1 < ai), where I(·) is

an indicator function. The metric is the difference
between the correlation score and the penalty for
non-monotonicity: M = ρL,T − P .

Student replication is essentially a four-way
classification task, as the LLM is prompted to pre-
dict which of the four answer options the simulated
student will select. Thus, we evaluate it using the
balanced accuracy between the LLM’s response
and the actual student’s response.

4.3. Configurations

We experiment with the open-weight model families
Qwen3 (0.6B, 1.7B, 4B, 8B, 14B) (Yang et al., 2025)
and Llama (3.2:1B, 3.2:3B, 3.1:8B) (Dubey et al.,
2024). These differ from the closed-source o4-mini
model used in §3.1, where restrictive rate limits
made large-scale experimentation across multiple
seeds infeasible.

For DBE-KT22, we first conduct Student Role-
play on the validation set and find the best config-
uration for each model. We consider: two prompt
personas (Student and Teacher), two example se-
lectors (Random and Knowledge Concepts), three
context sizes (1, 3, and 5 examples), and two tem-
perature settings (0.0 and 1.0), for a total of 24
configurations per model. Notably, prior studies on
virtual pretesting have fixed the temperature to 0.0,
whereas we additionally explore 1.0. From these
experiments, we identify the best-performing con-

figuration per model, which is then evaluated on
the test set and the replication test set.

For Cam-MCQ, we follow a similar procedure,
with two notable differences: i) the number of con-
figurations is smaller, and ii) there is no replica-
tion stage. The configurations are: two prompt
personas (Student and Teacher), one example se-
lector (Random), one context size (1 example),
and two temperature settings (0.0 and 1.0), which
yields 4 configurations per model. We restrict the
context to one example because open-ended re-
sponses are much more dense in information about
the student’s understanding, and we cannot use
the Knowledge Concept example selector as KC
information is not available in Cam-MCQ. Similar
to DBE-KT22, we find the best-performing configu-
ration for each LLM (prompt persona and tempera-
ture) on the role-playing validation set and evaluate
and their performance on the role-playing test set.

As a primary baseline, we adopt the zero-shot
LLM simulation, reflecting the dominant setup in
prior role-playing studies (§2). All reported results
are averaged over three independent runs with dif-
ferent random seeds.

5. Results and Analysis

5.1. Student Behavior Role-play

This section evaluates the role-playing performance
of contextual LLMs in simulating student behavior
and compares it with that of non-contextual models,
which are the dominant approach in prior research.
We report the best-performing configurations on the
test set, including the associated hyperparameters,
after model selection on the validation set. Results
for DBE-KT22 are shown in Table 1, and results for
Cam-MCQ in Table 2 (please note that the datasets
have different difficulty ranges).

On DBE-KT22 (Table 1), contextual LLMs gen-
erally outperform their non-contextual counter-
parts in terms of difficulty estimation RMSE. Also,
among the five best-performing configurations over-
all (highlighted in bold, with overlapping standard
error bounds), four are contextual. For the Mono-
tonicity metric, however, performance differences
are less pronounced due to relatively high standard
errors, and several configurations achieve com-
parable results. This suggests that while contex-
tualization tends to improve predictive accuracy
(RMSE), its impact on monotonic behavior is less
consistent—but this might also be a consequence
of the specific penalty used by the Monotonicity
metric. Regarding hyperparameters, the KC exam-
ple selector is preferred over the Random selector,
meaning that questions on similar topics seemingly
provide better contextual information, and a temper-
ature of 1.0 consistently yields better results than
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Model Size Type RMSE ↓ Monotonicity ↑ Persona Selector Size Temp.

qwen3

0.6 B Context 1.696 ± 0.040 0.510 ± 0.062 Teacher KC 1 1.0
No context 2.019 ± 0.024 -0.031 ± 0.681 Student — 0 1.0

1.7 B Context 2.118 ± 0.055 0.445 ± 0.294 Student KC 5 1.0
No context 1.952 ± 0.042 -0.236 ± 0.058 Teacher — 0 0.0

4 B Context 1.720 ± 0.044 0.608 ± 0.156 Teacher KC 5 1.0
No context 2.265 ± 0.068 0.271 ± 0.355 Student — 0 1.0

8 B Context 2.017 ± 0.140 0.735 ± 0.123 Teacher KC 3 1.0
No context 1.682 ± 0.073 0.849 ± 0.142 Student — 0 1.0

14 B Context 1.700 ± 0.142 0.841 ± 0.102 Teacher KC 3 1.0
No context 1.965 ± 0.046 0.554 ± 0.212 Student — 0 1.0

llama3.2
1 B Context 1.594 ± 0.083 0.674 ± 0.168 Student Random 1 0.0

No context 1.739 ± 0.044 0.511 ± 0.156 Teacher — 0 1.0

3 B Context 1.797 ± 0.088 0.388 ± 0.098 Teacher KC 3 1.0
No context 1.981 ± 0.084 0.646 ± 0.210 Teacher — 0 1.0

llama3.1 8 B Context 1.843 ± 0.116 0.482 ± 0.138 Student Random 1 1.0
No context 1.765 ± 0.074 0.690 ± 0.037 Teacher — 0 1.0

Table 1: Student role-play for DBE-KT22. Best results indicated in bold; best result per model is underlined.

Model Size Type RMSE ↓ Monotonicity ↑ Persona Selector Size Temp.

qwen3

0.6 B Context 15.061 ± 0.532 0.610 ± 0.100 Student Random 1 0.0
No context 11.175 ± 0.000 — Student — 0 0.0

1.7 B Context 12.366 ± 0.149 0.272 ± 0.136 Student Random 1 1.0
No context 10.498 ± 0.004 0.539 ± 0.327 Student — 0 0.0

4 B Context 12.036 ± 0.116 0.173 ± 0.167 Student Random 1 0.0
No context 14.162 ± 0.640 0.281 ± 0.218 Student — 0 1.0

8 B Context 15.315 ± 0.427 0.921 ± 0.060 Teacher Random 1 1.0
No context 15.168 ± 0.321 0.748 ± 0.089 Teacher — 0 1.0

14 B Context 14.590 ± 0.845 0.848 ± 0.111 Student Random 1 1.0
No context 14.546 ± 0.134 0.743 ± 0.150 Student — 0 1.0

llama3.2
1 B Context 14.370 ± 0.708 0.148 ± 0.240 Student Random 1 0.0

No context 13.735 ± 0.553 -0.882 ± 0.316 Teacher — 0 1.0

3 B Context 14.425 ± 0.365 0.688 ± 0.042 Student Random 1 0.0
No context 13.864 ± 0.174 0.403 ± 0.118 Student — 0 0.0

llama3.1 8 B Context 13.524 ± 0.435 0.410 ± 0.222 Student Random 1 1.0
No context 13.138 ± 0.264 0.773 ± 0.196 Teacher — 0 1.0

Table 2: Student role-play for Cam-MCQ. Best results indicated in bold; best result per model is underlined.

0.0. For the configurations with a Random selector,
showing one example performs best, possibly be-
cause more random examples merely add noise.
No clear trends emerge for the prompt persona.

On Cam-MCQ (Table 2) the pattern is differ-
ent: non-contextual models generally achieve lower
RMSE than their contextual variants, while Mono-
tonicity scores are comparable across both set-
tings. Again, strong RMSE performance does not
always align with high Monotonicity scores. For
instance, the contextual qwen3:8B achieves an ex-
cellent Monotonicity score of 0.921 but poor RMSE
(15.315), and the non-contextual qwen3:0.6B ex-

hibits a strong RMSE but undefined Monotonicity,
as it predicts all responses as correct—an undesir-
able behavior. In terms of hyperparameter trends,
the Student persona is more frequently selected
than the Teacher persona, while temperature val-
ues of 1.0 and 0.0 perform similarly. Because only
a Random selector of size 1 was used, due to the
characteristics of the dataset, the example selector
does not provide further insight.

In general, the results do not indicate consis-
tent evidence that contextualization per se en-
hances LLM performance in student role-playing:
while contextual models generally outperform non-
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contextual counterparts on DBE-KT22 on RMSE,
the same trend is not visible on Cam-MCQ. This
might suggest that contextual models are most ben-
eficial when some interactions data is already avail-
able for questions of the same type as the ones
under pretesting. Indeed, contextual information
from different types of questions (the short essays
from FCE) does not prove particularly helpful in our
experiments. This might also be due to the fact that
only the Random selector could be implemented
for Cam-MCQ, thus it was less likely to provide con-
textual information really relevant for the questions
under pretesting, and that production skills of the
students (from the short essays) does not transfer
directly to reading comprehension skills.

5.2. Multi-LLM Student Role-play
To examine whether simulating only five virtual stu-
dents limits the quality of the IRT-based difficulty
estimation, we assess the impact of increasing the
number of simulated students by performing role-
playing in a Multi-LLM setting. We refer to this
as Hybrid Multi-LLM role-playing because we per-
form role-play with individual models and aggre-
gate simulations from different models. Specifically,
we aggregate all student role-play simulations pro-
duced by models within the same family (qwen3
and llama3.1–3.2). In doing so, we create a larger
and more diverse pool of virtual learners, while
still significantly reducing the number of models
compared to Multi-LLM approaches from previous
research. The qwen3 family comprises five model
sizes, each generating five virtual student levels,
for a total of 25 virtual students. The llama3.1–3.2
family includes three models, producing 15 virtual
students. The results are shown in Table 3.

On DBE-KT22, combining the contextual qwen3
simulations leads to a substantial improvement in
predictive performance: the RMSE decreases from
1.696 (best individual contextual model) to 1.177
after merging (a 30% reduction in RMSE). This
score is substantially lower than that of any other
merged configuration. The non-contextual qwen3
aggregation also benefits from merging, though its
improvement is less pronounced (18%). In contrast,
the llama3.1–3.2 family exhibits only modest gains
from merging (7% and 11%).

On Cam-MCQ, merging qwen3 simulations—
both contextual and non-contextual—produces
RMSE values comparable to the best individual
models, without significant improvements. For
llama3.1–3.2, the effect of merging is more notice-
able: combining simulations narrows the perfor-
mance gap with the qwen3 family and improves
over the corresponding single-model results.

The benefit of the multi-LLM role-playing ap-
proach depends on the variability among individ-
ual models but, overall, aggregating diverse LLM-

Model family Type RMSE ↓

DBE-KT22

qwen3 Context 1.177 ± 0.009
No context 1.383 ± 0.019

llama3.1-3.2 Context 1.490 ± 0.076
No context 1.554 ± 0.035

Cam-MCQ

qwen3 Context 12.876 ± 0.376
No context 10.877 ± 0.083

llama3.1-3.2 Context 11.619 ± 0.631
No context 11.308 ± 0.474

Table 3: Hybrid multi-LLM role-playing results on
DBE-KT22 (top) and Cam-MCQ (bottom).

based student simulations enhances the robust-
ness and accuracy of virtual pretesting. Merged
simulations perform at least as well as the best
individual configuration, and in some cases signifi-
cantly better (e.g., qwen3 on DBE-KT22).

To provide an overview of the trends, Figure 2
shows scatterplots of the predicted (y-axis) and
true (x-axis) question difficulty. The solid lines are
regression lines, and the dashed line represents
the ideal relationship. The differences between
the models are immediately visible: on DBE-KT22,
the contextual qwen3 family performs fairly well,
and outperforms the non-contextual alternative. On
the other hand, the llama3.1-3.2 family leads to
regression lines that are much flatter, and the non-
contextual model performs better.

5.3. Student Behavior Replication
This section evaluates the ability of both contex-
tual and non-contextual LLMs to replicate actual
student response behavior on DBE-KT22. As in
the student role-play task, non-contextual models
serve as baselines. Table 4 reports the test set
results after model selection based on student role-
play performance, as described in §4.3. The stu-
dent replication task can only be evaluated on DBE-
KT22, since Cam-MCQ does not include individual
student interaction data.

The results indicate that only a limited number of
configurations achieve acceptable predictive accu-
racy, with balanced accuracy scores approaching
0.700. Most models perform around the 0.500 level,
while llama3.1:8B performs even worse. Overall,
replication performance remains modest across
both contextual and non-contextual variants.

We find that model family may matter more than
model size. Within qwen3, improvements are not
strictly monotonic with size, e.g., qwen3:4B and
8B alternate in performance depending on context
and dataset. Llama3.2:1B sometimes performs as
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(b) DBE-KT22, llama3.1-3.2.

Figure 2: Hybrid multi-LLM role-playing results on
DBE-KT22. Each point of the scatter plot repre-
sents a question, the x-axis is the true difficulty
from pretesting (with human learners) and y-axis
the difficulty from virtual pretesting.

well as or better than much larger models. As such,
scaling up model size does not guarantee better
simulation or replication ability. Smaller models
may be equally capable of capturing student-like
response patterns, perhaps due to differences in
instruction-tuning or alignment rather than capacity.
This is in line with previous research that highlighted
the challenges of forcing LLMs to make mistakes
(Aher et al., 2023), sometimes referred to as the
“curse of hyper-accuracy” (Benedetto et al., 2024).

A key finding is that performance on student role-
play does not transfer to student replication. Con-
figurations that achieved strong results in role-play
often fail to reproduce the behavior of individual
students. Among the five best role-play configura-
tions (Table 1), only one—llama3.2:1B contextual—
achieves solid replication performance (balanced
accuracy 0.672). The others barely exceed base-
line performance, with the best of them (qwen3:8B
non-contextual) reaching 0.561. Similarly, there
is little correspondence between the Monotonicity
metric and replication accuracy, suggesting that
these evaluation dimensions capture different as-
pects of model behavior. Interestingly, the reverse
pattern is also observed: the best-performing con-
figurations for replication, qwen3:1.7B (both con-
textual and non-contextual), did not stand out in
the role-play results. This discrepancy highlights a

Model Size Type Bal. acc. ↑

qwen3

0.6 B Context 0.490 ± 0.010
No context 0.649 ± 0.005

1.7 B Context 0.681 ± 0.004
No context 0.683 ± 0.001

4 B Context 0.537 ± 0.001
No context 0.551 ± 0.008

8 B Context 0.623 ± 0.002
No context 0.561 ± 0.008

14 B Context 0.530 ± 0.013
No context 0.508 ± 0.007

llama3.2
1 B Context 0.672 ± 0.003

No context 0.509 ± 0.007

3 B Context 0.451 ± 0.023
No context 0.486 ± 0.007

llama3.1 8 B Context 0.377 ± 0.007
No context 0.360 ± 0.011

Table 4: Student replication results on DBE-KT22.
Best results indicated in bold; best result per model
is underlined. Majority baseline is 0.250.

misalignment between models that simulate plau-
sible “prototypical” students and those capable of
reproducing the variability of real learners.

These findings show that datasets generated
with this framework cannot capture all the complex-
ity and diversity of individual responses. However,
the plausible and consistent responses that LLMs
produce with role-playing, especially in Hybrid Multi-
LLM Role-playing, could be used (with caution) for
a preliminary evaluation or low-stakes settings.

6. Conclusion

This work investigates methods to generate
datasets of synthetic student-question interactions
for virtual pretesting. We enhance LLM-based role-
playing by enriching the context with information
on students’ previously acquired skills and miscon-
ceptions. Our results show that incorporating real
student simulation data does not improve the qual-
ity of LLM-based student simulations per se, and
it depends on the data available. Most notably,
using students’ responses on questions similar to
the ones under pretesting leads to the best results,
while using different types of questions (e.g., short
essays as context for virtual pretesting comprehen-
sion MCQs) did not prove effective. While individual
LLMs can approximate certain response patterns,
their ability to generalize to authentic learner behav-
ior remains limited. However, we find that increas-
ing the number of virtual students through a hybrid
multi-LLM role-playing approach consistently yields
improved results, suggesting that ensemble-style
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aggregation may enhance reliability. As such, role-
playing LLMs could be used (with caution) for a
preliminary evaluation of exam questions or in low-
stakes settings. Still, we highlight the need for more
behaviorally grounded evaluation frameworks for
use in high-stakes settings.

Future research could evaluate larger open-
weight models (e.g., qwen3:32B, llama3.3:70B)
and state-of-the-art closed models, both for col-
lecting misconceptions and role-playing, which may
provide new insights into generalization, and longer
contextual windows through Retrieval-Augmented
Generation (RAG) (Lewis et al., 2020). Future work
should assess not only accuracy but also cognitive
plausibility, for instance by comparing simulated
and real error patterns, which would offer a more
comprehensive view of how well LLM-based stu-
dents simulate genuine learning processes.

7. Ethical Considerations and
Limitations

Previous studies have used LLMs to simulate the
responses of human participants to surveys, rais-
ing some concerns about fairness (Harding et al.,
2024; Crockett and Messeri, 2023). Indeed, LLMs
might reproduce the response patterns of the ma-
jority of annotators, without capturing the individual
differences between them and without represent-
ing less minority demographics. These issues are
relevant and important to consider in educational
contexts as well, but we argue that they may be
less problematic than for general-domain surveys.
Indeed, in most cases the learning materials and
exam questions are designed to assess factual
knowledge and are typically constructed to reduce
the influence of wording on student performance
(Ha et al., 2019). Still, when using a framework
such as the one proposed in this paper for virtual
pretesting in real educational settings, it is needed
to continuously monitor how questions perform in
the exams and whether there are any issues in the
provided calibration (but this has to be done for
manually generated and calibrated questions, too).

A limitation which is worth noting concerns the
skills and misconceptions that are used in the pro-
posed framework. In our experiments, we directly
use the skills and misconceptions obtained from
the reasoning LLM §3.1. We have qualitatively ver-
ified them, to understand whether the model was
producing sensible skills and misconceptions, but
at this stage we did not edit them nor filter them
in any way. A more thorough analysis on the reli-
ability of the LLM output could focus more on this
aspect of the framework, possibly employing sev-
eral domain experts and computing the inter-rater
agreement. Indeed, these skills and misconcep-
tions are the core of the contextual information that

is provided to the role-playing LLMs, and they might
hinder the accuracy of the simulations if they are
not representative of previous responses. Finally,
we limit the number of simulated student levels to
five, following the examples of previous role-playing
research (Benedetto et al., 2024), but we could in-
vestigate the effect of generating interactions with
more levels, to increase the number of interactions
for IRT estimation.
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Prompt
SYSTEM:
You are shown a multiple choice question of an exam on {exam_type}. You have to analyse the question as follows:
- Skills: for the correct answer option, list the knowledge concepts that the student should know to correctly select
it;
- Misconceptions: for each distractor, list the misconceptions that might lead the student to select it;
Your answers should be very concise; each field should have a maximum of 10 words. The skill description should
start with ‘Understands’ and the misconception description should start with ‘Confuses’.
USER:
Multiple choice question: {input}

Table 5: Prompt template for collecting skills and misconceptions on the DBE-KT22 dataset. The variable
exam_type is the string “database systems (Department of Computer Science)”; the variable input
represents the multiple-choice question.

Prompt
SYSTEM:
You are shown a short essay in English that a student has written. Inspect the essay and list the skills and
misconceptions that the student has. Your answers should be very concise; each field should have a maximum
of 10 words. The skill description should start with ‘Understands’ and the misconception description should
start with ‘Confuses’. Specifically, focus on skills and misconceptions that would transfer from writing to reading
comprehension. List up to 3 skills and up to 3 misconceptions. If there are no skills or misconceptions, return
‘None’.
USER:
{input}

Table 6: Prompt template for collecting skills and misconceptions on the FCE dataset. The variable input
represents the short essay.
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Type Prompt
Student - contextual SYSTEM:

You are a student of level {student_level_group} {student_scale} working on an exam on
{exam_type}, containing multiple choice questions.
USER:
Below is a list of multiple-choice questions you have answered earlier:
{interactions}
USER:
Inspect the multiple-choice questions and list the skills and misconceptions that you have.
For each question, list 1 skill or 1 misconception, depending on whether the question was
answered correctly. If there are no skills or misconceptions, return ‘None’.
ASSISTANT:
{skills_misconceptions}
USER:
Inspect the following new multiple-choice question: {input}
How would you answer this question as a student of level {student_level_group}? Think
about how your student level, skills, and misconceptions relate to the question difficulty
and what mistakes you are likely to make. You can answer incorrectly, if that is what you
are likely to do for this question.

Student - no context SYSTEM:
You are a student of level {student_level_group} {student_scale} working on an exam on
{exam_type}, containing multiple choice questions.
USER:
Inspect the following new multiple-choice question: {input}
How would you answer this question as a student of level {student_level_group}? Think
about how your student level relates to the question difficulty and what mistakes you are
likely to make. You can answer incorrectly, if that is what you are likely to do for this
question.

Table 7: Prompt template for student personas. The variable exam_type is the string “database systems
(Department of Computer Science)” or “English reading comprehension”; the variable student_scale
is the string “(of levels 1. Fundamental Awareness, 2. Novice, 3. Intermediate, 4. Advanced, 5.
Expert)” for all configurations. The variable input represents the multiple-choice question or short essay;
skills_misconceptions represents the skills and misconceptions gathered earlier and are inserted
in the message conversation as an AI message.
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Type Prompt
Teacher - contextual SYSTEM:

You are an expert teacher preparing a set of multiple choice exam questions on
{exam_type}.
USER:
You have a student in your class of level {student_level_group} {student_scale}. Below is
a list of multiple-choice questions they have answered earlier:
{interactions}
USER:
Inspect the multiple-choice questions and list the skills and misconceptions that the student
has. For each question, list 1 skill or 1 misconception, depending on whether the question
was answered correctly. If there are no skills or misconceptions, return ‘None’.
ASSISTANT:
{skills_misconceptions}
USER:
Inspect the following new multiple-choice question: {input}
How would the student of level {student_level_group} answer this question? Think about
how the student level, skills, and misconceptions relate to the question difficulty and what
mistakes the student is likely to make. You can answer incorrectly, if that is what the
student is likely to do for this question.

Teacher - no context SYSTEM:
You are an expert teacher preparing a set of multiple choice exam questions on
{exam_type}.
USER:
Inspect the following new multiple-choice question: {input}
You have a student in your class of level {student_level_group} {student_scale}. How
would the student of level {student_level_group} answer this question? Think about how
the student level relates to the question difficulty and what mistakes the student is likely to
make. You can answer incorrectly, if that is what the student is likely to do for this question.

Table 8: Prompt template for teacher personas. The input variables are identical to Table 7. The variable
exam_type is the string “database systems (Department of Computer Science)” or “English reading
comprehension”; the variable student_scale is the string “(of levels 1. Fundamental Awareness,
2. Novice, 3. Intermediate, 4. Advanced, 5. Expert)” for all configurations. The variable input
represents the multiple-choice question or short essay; skills_misconceptions represents the skills
and misconceptions gathered earlier and are inserted in the message conversation as an AI message.
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