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Abstract

Advances in large language models (LLMs) en-
able many new innovations in education. How-
ever, evaluating the effectiveness of new tech-
nology requires real students, which is time-
consuming and hard to scale up. Therefore,
many recent works on LLM-powered tutor-
ing solutions have used simulated students for
both training and evaluation, often via simple
prompting. Surprisingly, little work has been
done to ensure or even measure the quality of
simulated students. In this work, we formally
define the student simulation task, propose a set
of evaluation metrics that span linguistic, be-
havioral, and cognitive aspects, and benchmark
a wide range of student simulation methods
on these metrics. We experiment on a real-
world math tutoring dialogue dataset, where
both automated and human evaluation results
show that prompting strategies for student sim-
ulation perform poorly; supervised fine-tuning
and preference optimization yield much better
but still limited performance, motivating future
work on this challenging task.'

1 Introduction

Private tutoring has been shown to be highly ef-
fective for helping students learn. Naturally, with
the emergence of powerful large language mod-
els (LLMs), significant attention has been put on
how to effectively use LLMs as tutors. Many
LLM-based tutors have already been deployed by
learning platforms and companies (Khan Academy,
2023; Carnegie Learning, 2024; OpenAl, 2025;
Google, 2024; Anthropic, 2025), aiming at scaling
up the impact of on-demand, real-time tutoring.
Efforts in developing LLM-based tutors can be
broadly categorized into two types: alignment-
based and student-based. The first type relies on
aligning LLMs with well-established pedagogical

'Our code and data annotations are available at https:
//github.com/umass-ml4ed/sim-student-eval

principles, especially on how to respond to stu-
dent utterances during tutoring dialogues to max-
imize learning and engagement (Khan Academy,
2023; Scarlatos et al., 2025¢; Sonkar et al., 2024b).
The second type resorts to training, often via re-
inforcement learning (RL), with students in-the-
loop; since doing RL training with real human stu-
dents at large scale is difficult, existing works either
ask experts to role-play students (Google, 2024) or
prompt LLMs to simulate students (Dinucu-Jianu
et al., 2025; He-Yueya et al., 2024a; Li et al., 2025;
Macina et al., 2023; Zhang et al., 2025b).

However, both of these student simulation ap-
proaches have obvious limitations: the former is
still not scalable, while the latter requires LLM-
based students to behave realistically. Many recent
works have shown that LLMs cannot reliably sim-
ulate student behavior simply through prompting
(Martynova et al., 2025; Sonkar et al., 2023). More-
over, it is challenging to make LLM-based simu-
lated students follow cognitive characteristics of
real human students, like the power law of practice
(Scarlatos et al., 2025a; Weitekamp et al., 2025),
when learning. In addition to these well-known
shortcomings, there do not exist many evaluation
metrics for realistically simulating students in dia-
logues, particularly at the turn-level; recent works
focus on linguistic features at the population-level
(Perczel et al., 2025), or consistency with synthetic
profiles at the dialogue-level (Liu et al., 2024b).
However, it is difficult to determine if systems de-
veloped using simulated students are reliable with-
out thoroughly verifying the simulated students
themselves. We discuss prior work in more detail
in Appendix A.

Contributions In this paper, we explore the task
of creating more realistic LLM-based simulated
students using a two-stage approach. First, we
identify six high-level dimensions, identified by the
learning sciences research community, that define
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student behavior in dialogues: 1) dialogue acts, 2)
correctness, 3) error-making, 4) knowledge acquisi-
tion, 5) language use, and 6) tutors’ responses. For
each dimension, we develop reference-based auto-
mated evaluations to measure the realism and faith-
fulness of a simulated student response with respect
to a ground-truth response. Second, we benchmark
performance on a set of strong simulated student
methods, including several prompting-based meth-
ods, supervised fine-tuning (SFT), and one using
multi-objective RL. To the best of our knowledge,
our work is the first to 1) develop reference-based
metrics for realistic student simulation in dialogues,
and 2) examine the ability of LLMs to replicate real
student turns in dialogues. We conduct extensive
experiments on a real-world dataset with 2,000 dia-
logues between human tutors and students. Using
both automated metrics and human evaluations, we
find that: (various styles of) prompting often fail to
capture most dimensions of student behavior, SFT
significantly improves the alignment of generated
student utterances with these dimensions, and RL
leads to further improvements. We further show
that our automated metrics show strong agreement
with human experts.

2 Methodology

We now detail our notations, methodology for
simulating students in dialogues, and evaluating
the faithfulness of these simulations. A dialogue
d = (so,t1,81,...,tar, Spr) is defined as an al-
ternating sequence of student turns, s;, and tutor
turns, t;, where M is the number of turn pairs in
the dialogue; sg is present if the student initiates
the dialogue, and sy is present if the student ends
the dialogue. For a dataset of N real tutor-student
dialogues, D, d" denotes the n-th dialogue. We
refer to the textual content of a turn as an “utter-
ance”. Dialogues are often grounded in a question,
q, that the student is attempting and the tutor is
guiding them through. In these cases, the question
is associated with a set of knowledge components
(KCs), C, i.e., skills that the student must possess
to answer the question correctly.

2.1 LLM-based Student Simulation

We simulate realistic student behavior by using an
LLM, Mg, to generate a predicted student utter-
ance, $;, at each turn ¢ in the dialogue, conditioned
on the current dialogue history and any other rel-
evant context. Formally, this process is summa-

rized as §; ~ Mg(s|s<i, t<i,q, P). P represents
a prompt, which includes instructions on simulat-
ing student behavior, but can also include addi-
tional context on the student, such as a persona,
if available. Mg can be a pre-trained LLM, but
can also be fine-tuned using SFT on a dataset of
existing student utterances, minimizing the neg-
ative log likelihood of student utterances, i.e.,
L=-N SM log Ms(sP|s™,, t2,q", P").
We can further refine Mg using RL in order to
optimize for specific properties of student behavior,
which we detail later.

2.2 Evaluating Simulated Student Turns

We ground our evaluation metrics in several high-
level measurable properties of student utterances
across six dimensions. These metrics cover impor-
tant aspects of students, such as behavior, knowl-
edge, and language use, that enable us to make
meaningful comparisons between real and sim-
ulated students. Several of the metrics rely on
ground-truth labels for real student turns; we use
LLM annotation to provide these labels, via GPT-
4.1 (OpenAl, 2025a). We provide these prompts in
Appendix G and also show the agreement between
the labels and human experts in Table 3. Finally,
several metrics require fine-tuned LMs, as detailed
below. We provide the prompts for these models in
Appendix G and additional implementation details
in Appendix B.

Dialogue Acts Our first student behavior mea-
sure is dialogue acts, a widely studied approach
for classifying actions taken in dialogues. We de-
velop a list of five student dialogue acts in Table 6,
rooted in prior work (Vail and Boyer, 2014; Hou
et al., 2025; McNichols et al., 2025). We define
a; as the act that the student takes in turn s; and
a; as the act in the simulated student turn 5;. We
define the similarity to be binary-valued, i.e., 1 if
a; = a; and 0 otherwise. We prompt an LLM to
provide the ground-truth act labels. To reduce the
costs of our evaluation metric, we then fine-tune a
local LLM, M, to classify dialogue acts, trained
on the ground-truth act labels. At evaluation time,
we use this model to classify the acts of simulated
student turns, i.e., G; ~ Mac(al$;, s<i, t<;).

Correctness Another important aspect of student
behavior is whether they are responding correctly
to questions (or tasks) raised by the tutor during
the dialogue, who often “scaffold” problem solv-
ing by asking small sub-questions (Azevedo and
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So, what will the area
of the triangle be?

13.No. 16.165 [l

A triangle has a base of 6 cm and a height of
6 cm. A rectangle has the same area. Which
are possible dimensions of the rectangle?

Inducing Tutor
Response

1 cm by 36 cm 6 cm by 6 cm
area of a triangle =
. 1/2 x base x height 2cmby 9 cm A,B,and C
Target Student Turn Simulated Turn
Rl &c@dvidedby2 e 6x6=36. 36/2=18 NEDS
0.5
Math Answer X Math Answer Lin@

Act Corr. Errors  Cos. Sim. ROUGE-L

(Next tutor turn) 1 0 0

0.56 0.22

Yes - but the dimensions | Tutor Resp..
are 6cm and 6cm 0.09

Figure 1: Overview of the seven evaluation metrics for simulated student turn evaluation, with a real paraphrased
tutor—student dialogue serving as the reference. In this example, the ground-truth student turn and the simulated turn
have the same dialogue act Math Answer; however, the target turn is incorrect while the simulated turn is correct.

Hadwin, 2005). Concretely, we define y; as the
correctness of s;; y; = 1if s; is a correct response
to the question in the tutor turn ¢;, and y; = 0 if itis
an incorrect response. Additionally, y; = na if the
tutor does not ask a question in ¢;; these turns in-
clude off-topic ones or simple utterances that keep
the dialogue flowing. Similarly, g; indicates the
correctness of the simulated student turn, §;. When
y; # na, we consider the correctness similarity to
be 1 if y; = y; and O otherwise. When y; = na,
we do not measure correctness similarity. We use
an LLM to provide ground-truth correctness labels.
We find that classifying correctness by fine-tuning
an LLM is much more challenging than doing so
for dialogue acts. Instead, we prompt a reasoning-
based LLM, GPT-5 mini (OpenAl, 2025b), with
low reasoning effort, to evaluate the correctness of
simulated student turns, including the ground-truth
turn as reference.

Errors In addition to correctness, it is also im-
portant to understand the errors that students make
when they give incorrect answers (King et al.,
2024). We define e; as the error in the ground-
truth student turn and é; as the error in the simu-
lated student turn. If the ground-truth turn has an
error, we set the error similarity to 1 if e; = é;
and 0 otherwise. We do not evaluate similarity if
the ground-truth turn is not incorrect. In practice,
we only need to test error equivalence, avoiding
the challenge of classifying errors. Therefore, we
prompt GPT-5 mini to determine if two turns have
the same error. We perform correctness and error
evaluation in a single prompt to reduce costs.

Knowledge Acquisition In order for simulated
students to be useful for modeling learning out-

comes, they need to follow knowledge acquisi-
tion patterns that are similar to real students (Weit-
ekamp et al., 2025). We formalize knowledge ac-
quisition using knowledge tracing (KT) (Corbett
and Anderson, 1994), where knowledge is repre-
sented as mastery of KCs. Following Scarlatos et al.
(2025a), a framework for KT in tutoring dialogues,
we use an LLM-based model to predict student cor-
rectness in subsequent turns. Formally, we define
C; C C as the set of KCs relevant to the tutor turn
t;, which we identify using LLM prompting.

Using these KC labels and the correctness labels,
as detailed above, we train a model, Mkr, to es-
timate a student’s current knowledge state, which
represents the student’s current mastery over all
KCs in C'. We achieve this by training the model
to predict if the student will correctly answer the
next tutor-posed task correctly, conditioned on the
dialogue so far. Formally, the estimated probability
of a correct answer is m Z'kg{ll Zi+1,k> Where
Ziy1,k = Mxr(cit1,k]5<i, t<i) represents the stu-
dent’s estimated mastery of the KC ¢; 1 .

To measure the acquisition of knowledge, we
define VZZ' == {Zi71 —Zi—1,1y - ,Zi’|c| — Zi—l,\C|}’
i.e., how much the student’s mastery changes for
each KC since the last turn. We similarly compute
the change in knowledge for the simulated student
turn, VZ; = {731‘71 —Zi—1,1y- - 731’,\C| — Zi71,|C\}’
where éi—i-l,k: = MKT(Ci+17k|§ia S<i,t§i). Since
the range of these values can be highly depen-
dent on Mgt and the data it is trained on, we
compare the quantile buckets of mastery deltas
rather than the raw values themselves. Specif-
ically, we compute 5 equal sized mass-based
quantile bins for all VZ;, where quant(z) €
{0,...,4} returns the quantile index. We then
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define the similarity between VZ; and VZ as

|C| | quant(V Z; k) —quant(VZ;,5)| :
1-— 2 k=1 ac| € [0,1], i.e.,
the inverted average distance between the delta

quantiles. We provide a step-by-step computation
of knowledge acquisition similarity in Table 12 to
illustrate the intuition for this metric.

Linguistics Prior works have found that LLM-
based simulated students often fail to reproduce ba-
sic linguistic patterns of real students (Martynova
et al., 2025). Therefore, we employ existing text-
based similarity metrics, specifically the cosine
similarity between the text embeddings of the sim-
ulated and ground-truth utterances, which mea-
sures their semantic similarity, and ROUGE-L (Lin,
2004), which measures word-level recall. Both of
these measures capture many aspects of linguistic
patterns in student utterances, such as specific word
use, utterance length, and sentiment. We use the
Qwen3-Embedding-8B model (Zhang et al., 2025a)
in the cosine similarity calculation.

Inducing Tutor Responses Finally, we measure
how well student turns fit into the natural progres-
sion of a dialogue. We can examine if the simu-
lated student response is likely to induce the actual
response from the tutor, assuming that the tutor
would respond similarly if the predicted student
utterance is similar to the actual one. Therefore,
we leverage the likelihood of the ground-truth, next
tutor turn conditioned on the simulated student ut-
terance in this turn. We fine-tune an LLM tutor
model, M7, with SFT on the ground-truth tutor
utterances and calculate the inverse perplexity of
the tutor turn. Formally, this metric is defined as

exp (— i log Pty (tis1]8i, s<is t<i)).-

il
2.3 Tuning with RL

Given these automated evaluation metrics, we can
create a reward function to provide real-time feed-
back on simulated student responses to improve
them via RL. Specifically, we take the average of
all metrics to form our final reward, which is pos-
sible, since all metrics are in the [0, 1] range; this
simple aggregation can form a Pareto-optimal pol-
icy on convex Pareto fronts (Lin et al., 2019), and
we leave more complex aggregations for future
work. In this work, we use offline RL rather than
online algorithms to reduce computational burden.

We use a simple four-stage pipeline for offline
RL training: we 1) generate n candidate student re-
sponses for each dialogue turn in the train set using

an SFT-ed student model, 2) evaluate each candi-
date student response on each of our evaluation
metrics, 3) form preference pairs between all possi-
ble pairs of the n candidate responses for each turn,
where a response is preferred if it has a higher av-
erage score across metrics, and 4) train the student
model on the resulting preference pairs using di-
rect preference optimization (DPO) (Rafailov et al.,
2023). In practice, we employ two techniques for
eliminating noisy preference pairs. First, following
(Scarlatos et al., 2025b), we only form a pair if
the score difference is greater than a threshold, e.
Second, we do not train on any of the first 5 turns
in a dialogue, since we find that student behavior
is highly uncertain early in dialogues, resulting in
noisy reward signals.

We note that the purpose of our RL pipeline is to
explore the potential of leveraging our metrics to
improve simulated student realism. However, we
caution that training on LLM-evaluated metrics can
lead to reward hacking, where the trained model
can learn to overfit to errors in the evaluations,
potentially causing them to become unreliable. For
this reason, we encourage future works to carry
out expert human evaluation in situations when
evaluation metrics are leveraged during training.

3 Experiments

We now detail our experimental setup to 1) bench-
mark a variety of student simulation methods on
a real-world dataset and 2) validate our automated
evaluation metrics using human evaluation.

3.1 Dataset

We conduct our experiments on Question-
Anchored Tutoring Dialogues 2k (Zent et al., 2025),
the largest publicly-available dataset of real student-
tutor dialogues from the Eedi (2026) learning
platform. Each dialogue centers around a mid-
dle school student solving a math multiple-choice
problem, where a trained tutor guides the student
through the process via online chat. Problems span
a wide range of topics, including Algebra, Geom-
etry, and Number Sense. After processing, the
dataset contains 1,529/382 dialogues in the pre-
defined train/test split, respectively. We further
split the train set into a train/validation set with
1,147/382 dialogues, respectively. We train all mod-
els on the train set, use the validation set for hyper-
parameter tuning, and show results on the test set.
Additional details are available in Appendix C.
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3.2 Simulated Student Benchmarks

We now detail the methods that we benchmark for
the student simulation task, including fine-tuning
and prompting approaches.

3.2.1 Fine-Tuning

We use both Llama-3.1-8B-Instruct and
Llama-3.2-3B-Instruct (Grattafiori et al., 2024)
to examine the impact of model size, and train all
models using LoRA (Hu et al., 2022). We discuss
training and inference details in Appendix B.1 and
show prompts in Appendix G. We perform standard
SFT on all student turns in the train set, as detailed
above in Section 2.1. We then further perform DPO
training as detailed above in Section 2.3.

3.2.2 Prompting

One of the most common approaches for simu-
lating students is to prompt pre-trained LLMs to
behave like real students. Therefore, we test a
variety of prompting approaches to see how they
compare to fine-tuning. Unless otherwise speci-
fied, we prompt GPT-4.1 for each of the following
methods. We provide prompts, including persona
annotation prompts, in Appendix G, and model de-
coding details in Appendix B.1. We also provide an
example persona, summary, and dialogue retrieval
in Table 13.

Zero-Shot We simply instruct the LLM to be-
have like a real student with a few simple guidelines
for student behavior, adapting the prompt from
Dinucu-Jianu et al. (2025) with minimal changes.

OCEAN Persona In prompting, we can provide
a persona to the LLM, instructing it to behave
like a student while following the traits described
in the persona (He-Yueya et al., 2024a). We use
OCEAN (i.e., “Big Five”) personas (McCrae and
John, 1992), which are commonly used in human
user simulation (Liu et al., 2024b; Kim et al., 2025).
Specifically, we first prompt an LLM to estimate
each of the five OCEAN traits as “low”, “neutral”,
or “high” given the full, ground-truth dialogue. We
then provide this estimated persona in the simu-
lated student prompt. We note that this approach
does leak information from the ground-truth. If
prior student dialogues are available, we can use
them to estimate the persona; however, they are not
available in the dataset we are using.

Oracle As an upper bound for prompting-based
methods, we investigate how well prompted models

can simulate student behavior given a summary of
the current dialogue. Specifically, we first have
an LLLM summarize the student’s behavior in the
dialogue, including OCEAN traits and learning
patterns. We then provide this summary in the
simulated student prompt, revealing the student’s
behavior ahead of time.

In-Context Learning (ICL) We also test ICL
where an example dialogue is given in the prompt.
Adopting the approach in (Lee et al., 2024),
we use dialogue summaries to retrieve exam-
ples. We first encode the Oracle summaries using
Qwen3-Embedding-8B and then select the dialogue
in the training set whose summary is closest to the
summary of the current dialogue to be evaluated.
Similar to OCEAN, this approach technically leaks
information from the ground-truth and prior dia-
logues from the same student should be used, if
available.

Reasoning Finally, we experiment with a reason-
ing LLM, GPT-5 mini, with medium reasoning ef-
fort. In addition to instructions from the Zero-Shot
prompt, we include descriptions of the evaluation
criteria that the response will be judged on, letting
the model reason about how to generate student-
like utterances.

3.3 Evaluation Metrics

We use seven total metrics to evaluate simulated
student dialogue turns, as discussed in Section 2.2:
Acts for dialogue acts, Corr. and Errors for the
correctness and errors in student utterances, Knowl-
edge for knowledge acquisition patterns, Cos. Sim.
(cosine similarity) and ROUGE-L for linguistic
patterns, and Tutor Resp. for the likelihood of
inducing tutor responses.

3.4 Human Evaluation

To gauge the validity of our dialogue turn-level
student simulation performance metrics, we con-
duct an IRB-approved human evaluation with three
evaluators experienced in math teaching or tutor-
ing, recruited from Upwork?. In total, we collect
annotations on 190 turns across 38 dialogues, with
20 turns shared across two evaluators for inter-rater
agreement. See Appendix E for additional details.

For each dialogue, an evaluator examines five
consecutive student turns in a dialogue, first for
ground-truth responses and then for simulated ones.

Zhttps: //www.upwork . com/
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Method Acts Corr. Errors Knowledge Cos. Sim. ROUGE-L  Tutor Resp.
Fine-Tuning Methods
SFT (Llama 3.2 3B) 0.6645  0.5557 0.0815 0.8726 0.7331 0.3058 0.2033
DPO (Llama 3.2 3B) 0.6762 0.5748 0.0584 0.8745 0.7345 0.3109 0.2037
SFT (Llama 3.1 8B) 0.6671 0.5670  0.0661 0.8766 0.7383 0.3212 0.2038
DPO (Llama 3.1 8B) 0.6840 0.5761 0.0529 0.8787 0.7390 0.3212 0.2039
Prompting Methods
Zero-Shot (GPT 4.1) 0.4998 0.5926 0.0220 0.8078 0.5460 0.1648 0.1911
OCEAN (GPT 4.1) 0.5268 0.6039  0.0308 0.8135 0.5739 0.1772 0.1942
ICL (GPT 4.1) 0.5085 0.5991 0.0319 0.8138 0.5919 0.1939 0.1914
Reasoning (GPT 5 Mini) 0.5755 0.5870  0.0088 0.8395 0.5992 0.2170 0.1909
Oracle (GPT 4.1) 0.5097 0.6755 0.1872 0.8063 0.6032 0.2109 0.1942

Table 1: Results on turn-level student utterance prediction. Prompting-based methods perform well on correctness,
while fine-tuned methods perform well on acts, knowledge, linguistic similarity, and tutor responses. All methods,
other than Oracle, perform poorly on error prediction. Best method is bolded and second best is underlined.

We include simulated responses from DPO trained
on the 8B model, Zero-Shot, and Oracle, which
cover a wide range of performance levels across
the metrics. We inform the evaluator whether a turn
is ground-truth, and randomly shuffle the order of
simulated turns to not reveal which method pro-
duced which response. We collect annotations after
the fifth turn in each dialogue to provide sufficient
context. For both ground-truth and simulated turns,
we ask evaluators to label the dialogue act and cor-
rectness. For simulated turns that they label as
incorrect, we also ask them to evaluate if they have
the same error as the corresponding ground-truth
turn. Finally, for simulated turns, we ask evaluators
to rate linguistic similarity to the ground-truth on
a 5-point Likert scale. We compute 1) the human-
evaluated scores for acts, correctness, errors and
linguistic similarity, 2) agreement between these
four categories and the corresponding automated
metrics, 3) agreement between human labels and
LLM-assigned labels for acts and correctness on
ground-truth turns, and 4) agreement between eval-
uators on the shared set of turns.

4 Results

We now detail our experimental results, including
quantitative results through automated and human
evaluation, a qualitative analysis of simulated stu-
dent utterances, and finally an ablation study.

4.1 Quantitative Results

Table 1 shows quantitative results for turn-level
student simulation. We see that fine-tuning meth-
ods generally outperform prompting methods, with
significant improvements on the Acts, Knowledge,

Cos. Sim., ROUGE-L, and Tutor Resp. metrics.
They also perform better on Errors, with the excep-
tion of Oracle, which contains leaked information
on exact errors made by students in its prompt.
While prompting methods perform better on the
correctness metric, this can be attributed to mostly
generating correct responses, the majority class, as
seen in Figure 3. These trends indicate that while
LLM prompting can anticipate some high-level
behavior of the student, fine-tuning is required to
capture more nuanced details.

Different prompting-based methods have clearly
different strengths and weaknesses. As expected,
Zero-Shot performs the worst, showing the impor-
tance of context in the prompt. Between OCEAN
and ICL, OCEAN performs better on Acts, which
can be explained by the OCEAN persona contain-
ing high-level behavioral traits for the student. ICL
performs better on linguistic metrics, which can be
explained by the model reflecting student language
patterns in the example dialogues. The Reason-
ing method performs significantly better than other
prompting approaches on several metrics, includ-
ing Acts, Knowledge, and ROUGE-L. This result
shows that reasoning clearly helps, although less so
than fine-tuning. Finally, while Oracle outperforms
all other methods on Correctness and Errors due
to information leakage in the summaries, it does
not perform very well on other metrics. This re-
sult shows that LLM prompting is highly limited
for student simulation; even with a “cheat sheet”
in the prompt, the model cannot outperform much
smaller, fine-tuned models on most metrics.

Perhaps surprisingly, we find that DPO only
slightly outperforms SFT on all metrics, with even
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slightly worse performance on Errors, which is pos-
sibly due to a sparse reward signal: since candidate
turns are sampled from the SFT model, which does
not perform well on errors either, there are not
enough positive samples in the data for RL training.
Similarly, we find that the larger 8B model outper-
forms the smaller 3B model by small but consistent
margins on all metrics except errors. We postulate
that this result is due to the inherent difficulty of
predicting what students will do next, especially
in open-ended settings like dialogues. More ad-
vanced techniques, such as reasoning, online RL,
or data augmentation, may be needed to further im-
prove the performance of RL, which are possible
directions for future work.

4.2 Human Evaluation

Table 2 shows the performance of different simu-
lated student methods using human-evaluated prox-
ies of our evaluation metrics. Mostly, results match
the patterns on automated metrics: DPO performs
best on Acts and Linguistic, while Oracle performs
best on Correctness and Errors. Across Acts, Cor-
rectness, and Errors, the values tend to be higher
than on automated metrics, though this result is
likely due to human evaluation being performed on
later dialogue turns; earlier turns are more challeng-
ing, as seen in Figure 4. DPO also performs slightly
better than Zero-Shot on Correctness, whereas on
the automated metrics it is slightly worse. The
likely cause is that annotators are more likely to
label Zero-Shot responses as na, possibly due to
their verbosity. Overall, these results confirm that
fine-tuning leads to more realistic student simula-
tions than prompting, although having an Oracle in
the prompt helps. However, we note that even the
best-performing methods are poor, although it is
currently unclear what the theoretical upper bound
for performance on our metrics is (the upper bound
should be less than 1 on each metric due to inher-
ent randomness in student behavior). Therefore,
it is important to study more advanced techniques
for realistically simulating students and predicting
student behavior in future work.

Metric and Label Agreement Table 3 shows
agreement-based reliability results for automated
evaluation, LLM annotation, and human evalua-
tion. For Acts, Correctness, and Errors, we report
Cohen’s Kappa, and for Linguistic, we report Pear-
son’s correlation coefficient. The agreement be-
tween human-assigned scores and our automated

metrics is very high across labels, indicating that
our automated metrics give a reliable measure of
student simulation quality. The Errors agreement
is slightly lower because 1) it is only computed on
incorrect turns, resulting in a smaller sample size,
and 2) labels are highly imbalanced, with most
simulated turns not making the same error as the
ground-truth turn. There is also substantial agree-
ment on the ground-truth turns between human-
assigned labels and LLM-assigned labels for Acts
and Correctness, showing that our prompting-based
method for this annotation is reliable. Finally, we
find that inter-rater agreement is very high for Cor-
rectness, Errors, and Linguistic. The moderate
agreement for acts is primarily due to a single label,
Math Answer, being selected much more frequently
than the other labels (71- 83% across annotators).

Method Acts Corr. Errors  Linguistic
DPO 0.7905 0.6377 0.0612 0.5405
Zero-Shot  0.6143  0.6087  0.0408 0.3155
Oracle 0.6476  0.7101  0.2449 0.4071

Table 2: Human evaluation results, where trends roughly
match those on automated metrics.

Pairing Acts Corr. Errors  Linguistic
Hum.-Metric  0.7337 0.6891 0.6127 0.7397
Hum.-Anno.  0.7993  0.7219 - -
Hum.-Hum.  0.4978 0.7187 0.6154 0.6910

Table 3: Agreement between human evaluators and au-
tomated metrics, human evaluators and LLM-assigned
annotations, and inter-rater agreement.

4.3 Qualitative Analysis

We perform a qualitative analysis of model outputs
to understand the strengths and weaknesses of each
simulated student method. We show example sim-
ulated utterances from each method in Table 11,
along with scores on each metric. We show the
distributions of dialogue acts and correctness for
each method in Figures 2 and 3, respectively. We
also break down the performance of each method
over turns as the dialogue progresses in Figure 4.
Generally, there are clear differences between
fine-tuning and prompting methods. First, we find
that fine-tuned models match the linguistic style
of real students much more closely. They pro-
duce much shorter outputs than prompting methods
(2.28 words on average for DPO 8B vs. 10.89 for
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Reward Acts Corr. Errors  Knowledge Cos. Sim. ROUGE-L  Tutor Resp.
SFT 0.6795 0.5546  0.0506 0.8723 0.7417 0.3155 0.2102
Average 0.6962 0.5699 0.0562 0.8691 0.7433 0.3181 0.2104
Acts 0.6949 0.5677 0.0506 0.8695 0.7389 0.3111 0.2101
Corr. 0.6692  0.5852 0.0506 0.8652 0.7275 0.3129 0.2081
Errors 0.6795 0.5524 0.0562 0.8708 0.7406 0.3122 0.2105
Knowledge 0.6846 0.5437 0.0730 0.8756 0.7486 0.3147 0.2124
Cos. Sim. 0.6731 0.5371 0.0730 0.8713 0.7453 0.2957 0.2116
Tutor Resp.  0.6897  0.5349 0.0618 0.8763 0.7447 0.3137 0.2113

Table 4: Results of reward function ablation study. Most reward functions result in high performance on the
corresponding metric. Best method is bolded and second best is underlined.

ICL and 4.11 for real students), echoing the find-
ings in Perczel et al. (2025). Prompting methods
also consistently use typical LLM-like language
features such as formal grammar and punctuation;
for example, when a tutor asks “I’ll leave you to
enter your answer now if you’re happy with this?”,
the Reasoning method generates “Yes, thanks —
I'll enter D.”, while SFT generates “yes thank you”
and the real student simply writes “yes”. Beyond
these surface-level features, we find that fine-tuned
responses follow act and correctness distributions
that are much more similar to real students; prompt-
ing methods overestimate the rate of Seek Infor-
mation and correct responses, and underestimate
the rate of conversational acts, like Acknowledge
and Off-Topic. While all methods perform poorly
early in dialogues due to limited context, prompt-
ing methods suffer much more, while fine-tuning
methods perform better by leveraging what they
learned from real dialogues through training.

However, there are several limitations to the fine-
tuning methods as well. First, they tend to write
very short responses, and rarely add in typos or
excessive punctuation that are found in real stu-
dent responses. Moreover, all methods struggle to
adapt to individual student behav