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Abstract

Evaluating Artificial Intelligence (AI) tutor
feedback before deployment requires antici-
pating student engagement, typically assessed
through real interaction data. We introduce
PARASTUDENT, a fine-tuning framework for
simulating novice programming revisions to
support Al tutor evaluation. Compared with
prompted baselines, PARASTUDENT’S revi-
sions more closely match real student code
distributions across functional, stylistic, and
semantic metrics. Our best variant achieves
AUC:s of 0.80 for both feedback relevance and
successful uptake when distinguishing streams
with real engagement above versus at or below
the median, while prompted baselines remain
near chance on successful uptake. These find-
ings demonstrate the promise of simulated en-
gagement for pre-deployment feedback triage.

1 Introduction

As Large Language Models (LLMs) are increas-
ingly deployed as interactive assistants, evaluation
is shifting beyond isolated turn-level response qual-
ity toward measuring how users engage with as-
sistants over time (Zheng et al., 2023; Liao and
Xiao, 2023; Mysore et al., 2025; Li et al., 2025).
However, real user interaction data is typically only
available after deployment, which can make eval-
uation slow, expensive, and potentially risky in
high-stakes domains.

To address this limitation, recent work has
explored LLM-based user simulators for pre-
deployment evaluation (Yao et al., 2025; Zhang
et al., 2025a; Qian et al., 2025). While such an
approach is promising, for simulation-based evalu-
ation to be truly useful, the simulator must repro-
duce realistic user behavior and support the same
evaluation decisions as real interaction data (Suh
et al., 2026; Zhou et al., 2026).

Artificial Intelligence (AI) tutoring is a particu-
larly suitable setting for studying simulation-based
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Figure 1: Overview of real student (left) and PARAS-
TUDENT (right) edits conditioned on identical prior
code and Al tutor feedback. Each feedback sentence
is labeled by whether it influenced the next attempt and
whether it was applied correctly; red marks erroneous
expressions in attempt ¢—1, green the revised ones in
attempt t. Both apply every sentence only partially,
and reproducing this incomplete uptake is what enables
engagement-based evaluation before deployment.

evaluation (Yuan et al., 2026). Because effec-
tive tutoring depends not only on what the tutor
says, but also on how students engage with that
feedback (Niousha et al., 2026), existing Al tutor
benchmarks that evaluate tutor responses primarily
through static pedagogical qualities such as correct-
ness, style, or solution leakage (Macina et al., 2025;
Srinivasa et al., 2025; Maurya et al., 2025) provide
only a partial view of tutor effectiveness. Further-
more, pre-deployment evaluation is especially im-
portant in education, where deploying ineffective
Al tutors not only results in poor user experience
but can also directly harm student learning (Jin
et al., 2025; Ezzaki et al., 2025).

In particular, Al programming tutors, which
are increasingly used by novice learners (Liu
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et al., 2024; Kazemitabaar et al., 2024; Zamfirescu-
Pereira et al., 2025), provide a strong setting for
simulation-based Al tutor evaluation because learn-
ing unfolds through iterative code revisions that
provide observable traces of how tutor feedback
shapes subsequent student behavior. In addition,
prior work shows that simulating programming be-
havior is more feasible than simulating open-ended
dialogue with LLM-based user simulators (Mehri
et al., 2026).

We introduce PARASTUDENT (Figure 1), a
framework for simulating novice programming re-
visions to evaluate Al tutor feedback before de-
ployment. PARASTUDENT fine-tunes LLMs condi-
tioned on students’ code submissions and Al tutor
feedback, with the goal of capturing not only plau-
sible novice code but also how specific feedback
shapes subsequent student behavior. We first val-
idate the simulator against real student behavior
across functional, stylistic, and semantic dimen-
sions, motivated by prior educational literature,
comparing it with existing approaches for simu-
lating novice programmers. Having established
this fidelity, we then demonstrate a downstream
use case: engagement-based evaluation of Al tutors.
Overall, PARASTUDENT more closely matches real
student code than prompted baselines, both distri-
butionally and at the level of paired submissions.
Our best variant achieves AUCs of approximately
0.80 for both feedback relevance and successful up-
take when distinguishing interaction streams above
versus at or below the median real student engage-
ment. These findings demonstrate the promise of
simulated student engagement for pre-deployment
triage of Al tutor feedback.'

Our contributions are threefold:

1. We introduce a fine-tuning method for sim-
ulating novice programming revisions con-
ditioned on prior submissions and Al tutor
feedback.

2. We propose a multi-dimensional evaluation
framework grounded in programming educa-
tion for validating simulator fidelity across
functional, stylistic, and semantic dimensions.

3. We show that distributional fidelity is a prereq-
uisite for meaningful engagement-based eval-
uation, and that PARASTUDENT’s simulated
engagement scores support pre-deployment

'We release our code at https://github.com/rosensh/
parastudent.

triage of Al tutor feedback, with our best vari-
ant achieving AUCs of approximately 0.80
for both feedback relevance and successful
uptake, substantially above the 0.51-0.58
achieved by prompted baselines for successful
uptake.

2 Related Work

2.1 LLM-based User Simulation

There is a growing body of work using LL.Ms to
simulate human behavior (Piao et al., 2025; Man-
ning et al., 2024; Park et al., 2023; Horton, 2023;
Argyle et al., 2023; Park et al., 2024; Suh et al.,
2025; Wang et al., 2026). Existing applications
include psychological measurement through inter-
action with LLM agents (Yang et al., 2024), large-
scale alignment of simulated behavior with expert
benchmarks (Wang et al., 2025), and user model-
ing through inferred beliefs and preferences (Ryan
et al., 2025; Singh et al., 2025). Another major
application is the training and evaluation of LLM
agents, including imagined dialogue with reinforce-
ment learning (Hong et al., 2023), proactive and
personalized training (Sun et al., 2026), recom-
mender system evaluation (Bougie and Watanabe,
2025), and modeling language behavior (Naous
et al., 2026).

Despite their popularity, recent work has high-
lighted the realism gap in LLM-based simulators
and argued that evaluation should move beyond
surface-level similarity toward distributional vali-
dation and downstream utility on real users (Suh
et al., 2026; Zhou et al., 2026; Mehri et al., 2026).
Our work follows this direction by first ground-
ing PARASTUDENT in real student revision traces,
then demonstrating its utility through engagement-
fidelity and decision-consistency analyses.

2.2 Student Simulation

Building on recent advances, LLM-based simu-
lation has been applied to education in settings
such as classroom-level simulation (Xu et al., 2025;
Mannekote et al., 2025; Zhang et al., 2025b),
pedagogy and content design (Aguilar and Kang,
2023; Li et al., 2026), pre-service teacher train-
ing (Markel et al., 2023; Sanyal et al., 2025), using
simulated student profiles to evaluate assessment
quality (Lu and Wang, 2024; Séduberli et al., 2025),
and Al tutor optimization (Dinucu-Jianu et al.,
2025). Existing approaches for LLM-based student
simulation have primarily relied on prompting (Lu
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and Wang, 2024; Sonkar et al., 2024; Leinonen
et al., 2025; MacNeil et al., 2024), with more re-
cent work exploring fine-tuning approaches (Ross
et al., 2026; Ross and Andreas, 2025; Scarlatos
et al., 2026).

2.3 Al Tutor Evaluation

Al tutoring builds on a long tradition of Intelligent
Tutoring Systems (ITS) research. Examples in-
clude studies of instructional assistance (Koedinger
and Aleven, 2007), tutorial dialogue (Graesser
et al., 2005), programming feedback (Fossati et al.,
2015), and optimization of tutorial tactics (Chi
et al., 2011). This broader literature examines how
tutoring supports student learning, beyond the cor-
rectness of generated answers.

For LLM-based tutors, recent benchmarks as-
sess pedagogical capabilities (Zhou et al., 2025;
Yang et al., 2025b; Shi et al., 2026). MathTutor-
Bench (Macina et al., 2025) and TutorBench (Srini-
vasa et al., 2025) evaluate teaching capabilities and
core tutoring skills, while MRBench (Maurya et al.,
2025) uses human-annotated dialogues to assess
pedagogical quality. TutorGym (Weitekamp et al.,
2025) extends this line to interactive evaluation, but
still evaluates tutor actions against predefined tu-
tor policies rather than measuring whether students
actually engage with tutor feedback.

We complement these approaches by focusing
on students’ uptake of specific tutor feedback:
whether they ignore it, apply it incorrectly, or in-
corporate it successfully. This focus follows re-
search emphasizing learners’ interpretation and
use of feedback (Winstone et al., 2017; Carless
and Boud, 2018). Since collecting real student
responses involves logistical, ethical, and finan-
cial challenges (Yuan et al., 2026), we investigate
whether PARASTUDENT can approximate these
responses through feedback-conditioned code re-
vision simulations. Our aim is to support pre-
deployment triage of Al tutor feedback, comple-
menting pedagogical evaluation and subsequent
validation with real students.

3 Data

We study student code generation in the context
of an introductory programming course at the Uni-
versity of California, Berkeley, with an average en-
rollment of around 900 students per semester. The
course covers topics such as functions, recursion,
sequences, trees, linked lists, and object-oriented

programming. Students complete approximately
10 homework assignments per semester, each with
3—6 problems. Students have access to an auto-
grader system while they complete these assign-
ments that provides immediate feedback on passed
and failed test cases with no hidden tests. Students
can keep resubmitting without penalty until their
code passes all test cases. As a result, each stu-
dent—problem pair has a stream of submissions.

In addition to autograder feedback, our dataset
includes feedback from an Al tutor (Zamfirescu-
Pereira et al., 2025), an LLM-based “Get Help”
assistant deployed in the course to meet common
debugging-support needs. The tutor constructs its
request from the problem statement, the student’s
code, and the autograder output. Following typi-
cal tutoring patterns (Markel and Guo, 2021), its
prompt asks the model to assess whether the stu-
dent understands the problem, which concepts need
reinforcement, and whether they have a workable
plan, and then to provide conceptual, debugging,
or planning support as appropriate. The prompt fur-
ther instructs the model to keep suggestions short
and to withhold the answer and any code. The
resulting feedback varies in directiveness, from
conceptual scaffolding and goal reminders to con-
crete error diagnosis and debugging suggestions.
Feedback is generated whenever a submission fails
at least one test case. All submission attempts are
logged, including the student’s code, autograder
output, and tutor feedback. We focus on assign-
ments implemented in Python.

Our data covers two semesters, Spring 2024
and Spring 2025, restricted to the first five Python
homework assignments. We partition by semester:
Spring 2025 serves as the training split (445 stu-
dents, 2,022 submission streams, 6,911 submis-
sions) and Spring 2024 as the test split (479
students, 1,546 submission streams, 6,316 sub-
missions). We hold out the earlier semester be-
cause Spring 2024 includes more problems ab-
sent from Spring 2025, yielding a larger set of
unseen problems for evaluating generalization; the
two semesters use comparable assignments and the
same deployed Al tutor. Appendix A gives further
detail on IRB compliance and data privacy.

To evaluate generalization, we define two test
subsets: test_OP (Old Problems) comprises
5,262 submissions from Spring 2024 students on
problems that also appear in the training split, test-
ing generalization to unseen students on familiar
problems. test_NP (New Problems) comprises
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1,054 submissions from Spring 2024 students on
problems absent from the training data, testing
generalization to both unseen students and unseen
problems. Alongside aggregate results, we present
detailed analyses and visualizations for one repre-
sentative problem from each subset: test_OP_1
(1,539 submissions) and test_NP_1 (695 sub-
missions). Results for two additional problems,
test_OP_2 (968 submissions) and test_NP_2
(359 submissions), are provided in Appendix C.

4 Methodology

4.1 Experiments

We study the problem of student code generation
as follows: given a student s; (the i-th student)
and a programming problem p,, (the u-th problem),
the model must generate the next code submission
conditioned on the student’s prior submission his-
tory and, when available, the corresponding natural-
language feedback instances from an Al tutor. The
model sees up to k prior submissions (k < 10)
with or without feedback context, depending on
the experiment (we limit the prior submissions to
account for the model’s context length). Each stu-
dent—problem pair is represented by a stream of
sequential code submissions, from the first to the
final attempt.

We evaluate the LLM’s ability to generate code
under two settings that separate general student-
code simulation from feedback-conditioned revi-
sion modeling.

Experiment 1 (without feedback). Generate
the code submission at timestamp ¢ for student s;
on problem p,,, conditioned on the student’s prior
k code submissions for the same problem:

Ct,s4,pu ’ (puv [Ct*j,smpu]jil---k)

Experiment 2 (with feedback). Additionally,
condition on the corresponding Al tutor feedback
associated with each prior submission:

Ct,s;,pu ‘ (pu; [Ct—j,si,pu;ft—j,si,pu]jzl...k)

where f;_;. p, denotes the feedback message
linked to submission ¢;_j s; p,,-

4.2 Models

We compare supervised fine-tuning (SFT) with
prompting for student code generation. We use SFT
as our primary method because it directly learns
from observed student revisions, aligning with

our goal of multi-dimensional behavioral imitation.
Preference-based methods such as Direct Prefer-
ence Optimization (DPO) (Rafailov et al., 2023)
offer an alternative, but would require defining pref-
erences that capture the multiple dimensions of stu-
dent behavior we aim to reproduce. We include
prompting baselines since much of prior program-
ming student-simulation work relies on prompting,
including the closest work to ours (Leinonen et al.,
2025).

Fine-tuning. We SFT models using LoRA (Hu
et al., 2022) (r = 16, a = 32), separately for
each experiment, for two epochs with a learning
rate of 10~%: Qwen2.5-Coder-7B (Hui et al., 2024)
for its strong coding capabilities, and Qwen3-8B-
Base (Yang et al., 2025a) as a complementary
general-purpose model. Fine-tuning details are pro-
vided in Appendix B.

Prompting. We evaluate three prompted base-
lines: instruction-tuned variants of our fine-tuned
Qwen models (Qwen2.5-Coder-7B-Instruct and
Qwen3-8B), and GPT-5 (OpenAl, 2025a) as a
closed-source frontier model. Prompt templates
and sampling settings are detailed in Appendix B.

Throughout the paper, we refer to the five
models as follows. The PARASTUDENT fine-
tuned variants are gwen-parastudent (Qwen3-8B-
Base) and gwen-coder-parastudent (Qwen2.5-
Coder-7B). The prompted baselines are gpt-5
(GPT-5), gwen-inst (Qwen3-8B, the instruction-
tuned counterpart of Qwen3-8B-Base), and
gwen-coder-inst (Qwen2.5-Coder-7B-Instruct).
We further conduct both fine-tuning and prompt-
ing ablations on Llama-3.1-8B and Llama-3.1-8B-
Instruct (Grattafiori et al., 2024), with results re-
ported in Appendix C.

4.3 Code Fidelity Evaluation

This section presents a method for evaluating
model fidelity by measuring how closely their gen-
erated code resembles real student submissions.
For each student—problem instance, we generate a
single next-attempt sample and evaluate it across
multiple metrics grounded in educational evalua-
tion practices.

4.3.1 Functionality Metrics

Functional correctness is the primary criterion in
many programming education settings, where stu-
dent submissions are commonly evaluated using
autograders. We therefore evaluate each gener-
ated submission against the full test suite and com-
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pute its pass rate, defined as the fraction of the
problem’s autograder test cases that the submission
passes. To compare simulator fidelity, we report the
Wasserstein distance (WD) between real-student
and model-generated pass-rate distributions and the
Mean Absolute Error (MAE) between paired real
and generated pass rates at the same attempt index.
Lower values indicate closer alignment for both
metrics.

4.3.2 Style and Code Complexity Metrics

Programming education also evaluates code be-
yond correctness, including readability, style,
and structural complexity, taught in introductory
courses (De Ruvo et al., 2018; Kirk et al., 2025).
To capture whether model-generated code reflects
these dimensions of student submissions, we ex-
tract:

* PEP 8 violations: The number of devia-
tions from Python’s style guide (PEP 8) (van
Rossum et al., 2025), serving as a proxy for
stylistic cleanliness. PEP 8 violations are com-
puted using pycodestyle?.

* Code length: Measured by Lines of Code
(LOC), reflecting verbosity and conciseness.

* Abstract Syntax Tree (AST) structure: AST
depth and width (Noonan, 1985), which char-
acterize structural complexity.

As with pass rate, we report WD between
real-student and model-generated distributions and
MAE between paired real and generated submis-
sions at the same attempt index for each metric.
Lower values indicate closer alignment for both
measures.

4.3.3 Embedding Metrics

Programming education research has also used
code embeddings to capture semantic variation
in student solutions and compare patterns across
learners (Azcona et al., 2019). We therefore ex-
tract 1024-dimensional code embeddings using
SFR-Embedding-Code-400M (Liu et al., 2025), a
lightweight model for code retrieval tasks (Li et al.,
2024).
We compute two embedding-based metrics:

* Cosine distance: We compute 1—cosine sim-
ilarity between each student-written submis-
sion and the corresponding model-generated

Zhttps://pycodestyle.pycqa.org

submission for the same attempt, then average
across submissions. Lower values indicate
closer paired semantic alignment.

* Top-k coverage: For each model-generated
embedding, we identify its k£ nearest stu-
dent embeddings and report the proportion
of unique student samples that appear in at
least one such neighborhood. Higher values
indicate broader coverage of the student code
distribution. We report k € {5, 10}.

4.4 Al Tutor Evaluation via Simulated
Student Engagement

After demonstrating its code fidelity, we evaluate
whether PARASTUDENT can support Al tutor feed-
back evaluation by measuring how simulated stu-
dents respond to tutor feedback. Niousha et al.
(2026) proposes engagement scores as a way to
evaluate Al tutors beyond static pedagogical di-
mensions by grounding evaluation in student in-
teractions. These scores quantify how often the
student uses Al tutor feedback and, when used,
how accurately it is applied across successive stu-
dent submissions. We use these scores in two
complementary ways. First, we measure engage-
ment fidelity by comparing simulated engagement
scores against real student engagement scores us-
ing score-level error metrics. Second, we evaluate
decision consistency: whether simulator scores
discriminate between high- and low-engagement
diagnoses derived from real student data. This sec-
ond analysis reflects a practical pre-deployment
tutor-development setting, where instructors may
use the simulator to inspect feedback interactions
likely to receive weak or successful uptake before
collecting real student interaction data.

Engagement score (Niousha et al., 2026) For
a given student—problem pair (s;,p,), consider
the transition from submission c¢;_1 s, p,, O Ct,s; p, -
Each tutor feedback message f;_1 s, p, consists of
Ny sentences {41, . .., N, }, indexed by the tran-
sition t — 1 — ¢ on which they are evaluated. For
each sentence (¢ ,,, m € {1,..., N}, an LLM
judge (GPT-4.1 (OpenAl, 2025b)) assigns a rele-
vance label

re]'(Ct_l»Shpu ’ £t7m7 ctﬁmpu) € {07 1}’

indicating whether the sentence influenced the stu-
dent’s subsequent code edit. When rel; ,,, = 1, the
judge also assigns a success label

SUCC(Cr—1,5;,pus Ltsmy Ctsypu) € {0,1F,
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Table 1: Fidelity of model-generated code relative to real student submissions on the aggregated test set. WD is
the population-level distance between the real-student and model-generated distributions; MAE is the student-level
mean absolute error between each generated submission and the real student’s submission at the same attempt
index. Lower is better for both. Bold indicates the best WD and the best MAE for each metric within each subset.
Across both subsets and every metric, the best value is achieved by a PARASTUDENT variant, indicating that
PARASTUDENT matches real students both distributionally and at the level of individual submissions. (Experiment
1: without AI tutor feedback; Experiment 2: with Al tutor feedback.)

(a) test_OP

Pass Rate PEP 8 LOC AST Depth AST Width
Model Exp. WD, MAE| WD], MAE| WD| MAE| WD| MAE| WD] MAE|
gpt-5 1 0.597 0.610 1300 1.685 1974 3.522 1.013 1.347 3.290 5.733
gwen-inst 1 0.308 0.466 1441 1.532 0916 2266 0.554 1.088 1.109 4.025
gwen-coder-inst 1 0.334 0482 1.156 1429 0.716 2.188 0.337 0.986 1.083 3.940
gwen-parastudent 1 0.052 0.283 0.125 0.640 0.121 1.441 0260 0.779 0393 2991
gwen-coder-parastudent 1 0.075 0.282 0.164 0.617 0.161 1.412 0.139 0.770 0414 2.827
gpt-5 2 0.586 0.601 1.030 1.706 2.106 3.401 0918 1.266 3.141 5.503
gwen-inst 2 0.336 0465 1391 1.513 0.531 2.122 0492 1.019 0.828 3.845
gwen-coder-inst 2 0.372 0493 1.040 1415 0424 2.171 0384 0974 0921 3.898
gwen-parastudent 2 0.080 0.278 0.156 0.590 0.218 1353 0.175 0.750 0.419 2.673
gwen-coder-parastudent 2 0.083 0.279 0.200 0.613 0.204 1.390 0.154 0.756 0432 2.778

(b) test_NP

Pass Rate PEP 8 LOC AST Depth AST Width
Model Exp. WD] MAE| WD| MAE| WD| MAE| WD| MAE| WD| MAE|
gpt-5 1 0.565 0.577 1.182 1.273 1.106 2.262 1.775 1969 4246 5.143
gwen-inst 1 0406 0.524 1.009 1.261 1962 2.171 0403 1.151 1.659 2925
gwen-coder-inst 1 0.451 0.539 0906 1.270 0.959 2.035 0.503 1.063 0.843 3.262
gwen-parastudent 1 0.100 0.302 0.107 0.511 0161 0913 0.193 0.832 0.249 1.806
gwen-coder-parastudent 1 0.026 0.296 0.077 0.515 0.253 0.995 0.151 0.842 0.254 1.841
gpt-5 2 0.562 0.576 1.166 1.246 0.283 1973 1.090 1.379 2.309 3.588
gwen-inst 2 0483 0.530 0947 1.182 1.299 1.811 0.224 1.123 0.509 2.437
gwen-coder-inst 2 0485 0.556 0.824 1.184 0.890 1917 0440 1.017 0.597 2.661
gwen-parastudent 2 0.007 0.286 0.089 0477 0.219 0.881 0.146 0.779 0.238 1.665
gwen-coder-parastudent 2 0.036 0.270 0.120 0494 0.384 0959 0.176 0.765 0.378 1.676

indicating whether the resulting edit successfully
applied the feedback. When rel;,, = 0, the
success label is undefined. We write rel; ,,, and
succy ., for brevity. Sentence-level labels are ag-
gregated into RelScore and SuccScore per feed-
back message. RelScore measures the proportion
of feedback sentences labeled as relevant (rel=1)
among all feedback sentences, while SuccScore
measures the proportion of successfully applied
feedback sentences (succ=1) among the relevant
feedback sentences. The judge also produces a
natural-language rationale grounded in the code
edit before assigning each label. We validate these
labels against human annotations on a random sam-
ple and find moderate to substantial agreement (see
Appendix D).

Inspired by Dinucu-Jianu et al. (2025), who de-
fine tutor rewards over full conversations, we com-
pute engagement at the stream level rather than at

the level of individual feedback messages. This
reflects the nature of effective feedback, which
should support progress over a multi-turn revision
trajectory, not merely produce local uptake after
a single message (Li and Zhang, 2021). For an
interaction stream with 7" transitions, we aggregate
these message-level scores as:

1 T 1 Ny
Srel:TZMmz_:lrelt,m.

t=1
RelScorey
N,
Let Tret = {t : >, relym > 0}. We define:
Y 1<m<N, SUCCtm
S o 1 rels m=1
succ — N,
| Tret| e Yoy relym
SuccScoret

When 7T,q is empty, Ssycc is undefined, and the
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Figure 2: Progression of pass rate (left) and PEP 8 violation count (right) across submission steps. (Experiment
2: with AI tutor feedback) Submission steps correspond to attempt indices; final submissions and submissions
at or beyond the 95th-percentile stream-length cutoff are pooled at a shared terminal step. Error bars denote the
standard error of the mean over submissions contributing to each plotted point. PARASTUDENT models most closely

align with the student trajectory in both metrics.

stream is excluded from analyses of successful up-
take. Intuitively, Shel captures how often tutor feed-
back is taken up in subsequent edits, while Sgucc
captures how often taken-up feedback is applied

correctly across the stream.

Engagement fidelity Engagement fidelity mea-
sures how closely simulated stream-level Sy and
Squce match the corresponding real student scores.
We report MAE and RMSE to capture absolute

SCore €rror.

Decision consistency Decision consistency eval-
uates whether simulated engagement scores dis-
tinguish streams with high versus low observed
engagement. For each engagement metric, we la-
bel streams as high-engagement when their real
student score exceeds the p-th percentile threshold
and low otherwise, with p € {25, 50} to assess sen-
sitivity to the labeling choice. The 25th-percentile
threshold distinguishes relatively low-engagement
cases from the remaining streams, while the 50th-
percentile threshold uses the median. We evaluate
continuous simulator scores using ROC-AUC, mea-
suring their ability to discriminate between these
real-student engagement labels across simulated-
score cutoffs. This assesses discrimination rather
than agreement at a single fixed cutoff.

5 Results

5.1 Code Fidelity
5.1.1 Aggregated Results

We evaluate code fidelity by comparing real and
model-generated submissions on the aggregated
test_OP and test_NP splits using the metrics in
subsection 4.3.

PARASTUDENT variants consistently achieve
stronger code fidelity than prompted baselines
across both previously seen and unseen problems

(Table 1). Across both splits and experiments, a
PARASTUDENT variant achieves the lowest WD
and MAE for every metric. The advantage is partic-
ularly pronounced for pass rate, indicating substan-
tially closer agreement with students’ functional
correctness at both the population and individual-
submission levels. Improvements also extend to
stylistic and structural metrics.

5.1.2 Representative Problems

To illustrate how the aggregate fidelity differ-
ences appear within individual problems, we
examine submission trajectories and code em-
beddings for two representative problems drawn
from the broader test_OP and test_NP subsets:
test_OP_1 (1,539 submissions) and test_NP_1
(695 submissions), respectively.

Figure 2 shows Experiment 2 submission trajec-
tories for pass rate and PEP 8 violations. Real stu-
dents begin with low pass rates, improve gradually,
and show a sharp increase at the final attempt, a pat-
tern closely matched by both PARASTUDENT vari-
ants. Prompted baselines instead achieve high pass
rates from the outset, missing students’ iterative
trial-and-error behavior. Stylistically, PARASTU-
DENT more closely reproduces the persistent PEP 8
violations in student code, whereas prompted base-
lines produce code with fewer violations.

Embedding-based metrics provide complemen-
tary evidence (Table 2). Across both representative
problems and experiments, PARASTUDENT vari-
ants achieve lower cosine distances and higher cov-
erage than prompted baselines, indicating closer
alignment with real student code in embedding
space. On test_OP_1 (Table 2a), their cosine dis-
tances range from 0.014 to 0.017, and top-10 cov-
erage reaches 98.0%, compared with 71.1% for
the best prompted baseline. The trend is simi-
lar on test_NP_1 (Table 2b). The Experiment 2
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Table 2: Embedding-based Similarity Metrics. Cosine distance measures per-submission alignment with the real
student code, and top-k coverage indicates the proportion of student codes represented in model neighborhoods (see
subsubsection 4.3.3 for details). Lower distances and higher coverage indicate better alignment with student code
distribution. The PARASTUDENT variants consistently align most closely with the real student distribution across
all metrics. Bold indicates the best result for each metric across both experiments. (Experiment 1: without Al tutor
feedback, Experiment 2: with Al tutor feedback).

(a) test_OP_1 (b) test_NP_1

Model ‘ Exp. ‘ Cosine Distance | ‘ Coverage (%) T Model ‘ Exp ‘ Cosine Distance | | Coverage (%) 1
k= = k= =
gpt-5 1 0.035 20.5 28.7 gpt-5 1 0.053 29.5 45.6
gwen-inst 1 0.028 30.4 46.0 gwen-inst 1 0.045 36.7 54.8
gwen-coder-inst 1 0.028 56.7 71.1 gwen-coder-inst 1 0.042 60.7 74.8
gwen-parastudent 1 0.016 93.7 974 gwen-parastudent 1 0.021 94.7 98.1
gwen-coder-parastudent 1 0.016 94.0 98.0 qwen-coder-parastudent 1 0.022 94.1 98.1
gpt-5 2 0.029 51.1 66.8 gpt-5 2 0.043 44.5 63.7
gwen-inst 2 0.022 53.9 70.0 gwen-inst 2 0.039 46.6 64.8
gwen-coder-inst 2 0.027 55.9 70.8 gwen-coder-inst 2 0.038 60.7 75.7
gwen-parastudent 2 0.014 92.8 97.5 gwen-parastudent 2 0.018 914 96.1
gwen-coder-parastudent 2 0.017 92.8 97.3 gwen-coder-parastudent 2 0.021 92.5 97.6
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Figure 3: Code embedding visualization (Experiment 2: with AI tutor feedback). Real student code (gray
squares) is compared against gpt-5 (purple circles), qwen-inst (blue circles), qwen-coder-inst (green circles),
gwen-parastudent (pink circles), and qwen-coder-parastudent (orange circles). 1024-dimensional embeddings
are projected onto a 2D plane using Principal Component Analysis (PCA) for visualization purposes. PARASTUDENT
variants show the substantially stronger overlap with the student code distribution compared to baselines, including
better coverage of outlier codes where there is less clustering.

Table 3: Simulated engagement fidelity on the ag-
gregated test_NP split. All models use Experiment 2
(with Al tutor feedback). Lower is better.

projections in Figure 3 visually reinforce these
findings: PARASTUDENT representations overlap
more closely with real student code across both
dense clusters and lower-density regions, whereas

) e Score | Model | MAE | | RMSE |

prompted baselines exhibit less overlap and nar- —
c a Srel | gpt-5 0.21 0.27
rower coverage. Srel | qwen-inst 024 | 030
Srel | qwen-coder-inst 0.23 0.29
5.2 Real vs. Simulated Student Engagement Srel | gwen-parastudent 0.22 0.28
with the AI Tutor tel | qwen-coder-parastudent | 0.13 0.21
7succ gpt-5 0.32 0.43
We evaluate whether PARASTUDENT can support Seuce | Qwen-inst 0.32 0.43
pre-deployment assessment of Al tutor feedback Ssucc | gwen-coder-inst 0.31 0.42
on the aggregated test_NP split, comparing both Jsucc | gwen-parastudent 0.24 0.37
g8reg - p p g suce | qwen-coder-parastudent | 0.19 0.31

PARASTUDENT variants with all three prompted
baselines. This held-out new-problem setting ap-
proximates evaluating feedback for a new problem
before collecting real student interaction data. We

consistency, testing whether simulated scores iden-
tify interaction streams with high versus low real

focus on Experiment 2, which conditions simula-
tions on the tutor feedback received by students and
corresponds to the intended feedback-evaluation
setting.

Following subsection 4.4, we evaluate engage-
ment fidelity, measuring alignment between sim-
ulated and real engagement scores, and decision

engagement. We assess both feedback relevance
(Sre1) and successful uptake (Sgyce)-

5.2.1 Engagement Fidelity

Table 3 reports score-level engagement fidelity on
the aggregated test_NP split under Experiment 2.
MAE and RMSE quantify deviations between sim-
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S,e (25th percentile) Ssuce (25th percentile)

1 1
Threshold = 0.49 Threshold =

" <~ gpt-5 (0.51)
- qwen-inst (0.57)

- qwen-coder-inst (0.58)

— qwen-parastudent (0.72)

— qwen-coder-parastudent (0.80)

- gpt-5 (0.74)
- - qwen-inst (0.75)

- - qwen-coder-inst (0.75)
— qwen-parastudent (0.81)
— qwen-coder-parastudent (0.81)

Sl (50th percentile) Suce (50th percentile)

1 1
Threshold = Threshold = 0.67
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7 == qwen-inst (0.55)
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— qwen-coder-parastudent (0.80)

- gpt-5 (0.77)
-- qwen-inst (0.76)

- - qwen-coder-inst (0.77)
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— qwen-coder-parastudent (0.80)
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Figure 4: Engagement ROC curves on the aggregated test_NP split. All models use tutor feedback (Experi-
ment 2). From left to right, panels show relevance S, and successful uptake Siuce at the 25th-percentile threshold,
followed by the same metrics at the 50th-percentile threshold. Thresholds are computed from real engagement
scores; panel annotations give threshold values, and legends report AUCs. Dashed lines denote prompted baselines;
solid lines denote PARASTUDENT variants. Both variants achieve higher AUCs for successful uptake at both

thresholds.

ulated and real stream-level engagement scores.

gwen-coder-parastudent achieves the lowest
reported errors for both scores. For relevance Siel,
it obtains an MAE of 0.13 and RMSE of 0.21, com-
pared with 0.21-0.24 and 0.27-0.30, respectively,
for prompted baselines. For successful uptake
Ssuces its MAE is 0.19, and RMSE is 0.31, com-
pared with 0.31-0.32 and 0.42-0.43 for prompted
baselines.

Relative to prompted baselines, both PARAS-
TUDENT variants achieve lower estimation errors
for successful uptake Sauce, and the coder variant
yields the lowest MAE and RMSE across both en-
gagement metrics. These results indicate better
agreement with observed engagement, suggesting
an advantage over prompted models in approximat-
ing how students engage with tutor feedback.

5.2.2 Decision Consistency

Figure 4 shows ROC curves and AUCs on the ag-
gregated test_NP split under Experiment 2. We
evaluate whether simulated scores distinguish in-
teraction streams whose real engagement exceeds
the 25th- or 50th-percentile threshold. Correspond-
ing 95% confidence intervals are reported in Ap-
pendix C.

The clearest separation between PARASTU-
DENT and prompted baselines occurs for suc-
cessful uptake Ssucc. At both thresholds,
gwen-coder-parastudent achieves an AUC
of approximately 0.80 and qwen-parastudent
achieves approximately 0.72, compared with 0.51—
0.58 across prompted baselines. For relevance S|,
differences are smaller: the coder variant achieves
AUCs of 0.81 and 0.80 at the 25th- and 50th-
percentile thresholds, respectively, compared with

0.74-0.75 and 0.76-0.77 for prompted baselines.

This pattern is consistent with the code-fidelity
results (subsection 5.1), where prompted baselines
produce overly successful revisions and miss stu-
dents’ gradual trial-and-error behavior. Under Ex-
periment 2, all models receive Al tutor feedback
and can generate edits related to it; relevance alone
therefore does not establish that a simulator repro-
duces novice feedback uptake. Successful uptake
additionally measures whether taken-up feedback
is applied correctly. The stronger discrimination
of PARASTUDENT for S is thus consistent with
better modeling of students’ imperfect application
of feedback.

Practically, these findings suggest a role for
PARASTUDENT in pre-deployment triage of Al
tutor feedback. Simulated engagement scores can
help prioritize feedback for instructor review, while
generated revision trajectories and sentence-level
uptake labels illustrate how students might respond.
Instructors can inspect simulated cases of feedback
being ignored, applied incorrectly, or successfully
incorporated, and use these examples to evaluate
and refine Al tutor feedback.

6 Conclusion

We introduced PARASTUDENT for pre-deployment
Al tutor evaluation. By fine-tuning on real revi-
sion trajectories, it matches real student code more
closely than prompted baselines across functional,
stylistic, and semantic dimensions, and its simu-
lated engagement scores better discriminate high-
versus low-uptake streams. Together, these find-
ings show how simulated engagement can support
pre-deployment triage of Al tutor feedback.
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Limitations

While our findings highlight the importance of fine-
tuning and holistic evaluation of LLMs in student
simulation, several limitations must be acknowl-
edged.

e This work is limited to one course (with a
large enrollment of around 900 students). The
training and test datasets are drawn from dif-
ferent semesters of the same course. Obtain-
ing a comparable longitudinal dataset with
iterative student submission and associated Al
tutor feedback is particularly challenging in
the education domain. We note, however, that
our test_NP setting — where the simulator is
evaluated on problems unseen during training
— provides a partial signal of generalizability,
since it requires the model to simulate student
behavior on novel problem structures with-
out problem-specific fine-tuning. Extending
evaluation to other courses, institutions, and
programming languages is an important next
step.

A more comprehensive comparison across
a broader range of model types, sizes, and
families is an important direction for future
research. Nevertheless, these baselines are
representative of commonly used instruction-
tuned and frontier models, and the consis-
tent trends observed across them support our
conclusions about the limitations of prompt-
based student simulation. The consistent ad-
vantage of fine-tuning over prompting across
both model families tested (Qwen and Llama)
suggests this finding is unlikely to be model-
specific, though verification on additional ar-
chitectures remains open.

Potential Risks. While simulating student code
can offer pedagogical benefits, it also raises sev-
eral risks. First, if misapplied, such models could
reinforce incorrect programming habits or miscon-
ceptions by overfitting to common student errors.
Additionally, any deployment of such systems in
educational settings must be done with care, includ-
ing appropriate safeguards for data anonymization
and ethical use.
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A Data

Privacy. We received IRB approval for the research
use of the dataset (protocol ID: 2023-09-16725),
after which the Al tutor was deployed in the course.
When students submitted their code to the auto-
grader as part of the regular course practice, they
were asked whether they would like to receive Al
tutor feedback on their code, and if so, were asked
whether they would like their data to be used for
research. Students were still able to receive Al
feedback even if they did not wish their data to
be used in research. Only students who explicitly
consented were included in our analysis. Addition-
ally, all student identifiers (e.g., IDs and emails)
were fully anonymized prior to passing the data to
the LLM and any further analysis. As part of our
system design, any data from LLM calls from our
educational platform to the model providers will
not be retained on third-party servers and will not
be used for further fine-tuning of those models.
Documentation. Data contains student code
submissions for an introductory programming
course from the University of California, Berke-
ley. We filter data from the Spring 2024 and Spring
2025 semesters. Additionally, we filter only assign-
ment problems in Python. Student demographic

information is not available due to privacy regula-
tions.

B Models

Models. We used the following models for fine-
tuning experiments: Qwen2.5-Coder-7B (Hui et al.,
2024), Qwen3-8B-Base (Yang et al., 2025a), and
Llama-3.1-8B (Grattafiori et al., 2024). We used
the following models for prompting experiments:
Qwen2.5-Coder-7B-Instruct (Hui et al., 2024),
Qwen3-8B (Yang et al., 2025a), GPT-5 (OpenAl,
2025a), and Llama-3.1-8B-Instruct (Grattafiori
et al., 2024).

Infrastructure. All fine-tuning experiments
were run on a single Standard NC40ads H100
v5 (40 vepus, 320 GiB memory) GPU on Mi-
crosoft Azure. Across all experiments, including
model ablations, the total compute usage was 12.54
GPU hours. We used the same machine for data-
generation experiments with open-source models.
We used Azure’s OpenAl API to sample from GPT-
5.

B.1 Fine-tuning

Due to the large number of experiments and model
variants, we used Low-Rank Adaptation (LoRA)
(Hu et al., 2022) for parameter-efficient fine-tuning.
We used the following commonly used parameters:
rank r=16, scaling factor «=32, and a dropout rate
of 0.05. LoRA adapters were applied to all linear
layers. Models were fine-tuned for two epochs with
a batch size of 16, a learning rate of 10~%, a cosine
learning rate scheduler, and the AdamW optimizer.
All experiments were conducted using bfloat16 pre-
cision (bf16=True). HuggingFace’s (Wolf et al.,
2020) transformers and peft libraries were used
for fine-tuning.

For sampling from fine-tuned models, we fol-
lowed common practice and used the following
sampling parameters: temperature=0.7, top-p=0.8,
top-k=20, and min-p=0.0. Prompt templates are
shown in Figure 5; the same prompt templates were
used for formatting the training data. All code
snippets in training and sampling data (including
skeleton code snippets) are wrapped in <code> and
</code>.

B.2 Prompting

For sampling from prompt-based models, we fol-
lowed common practice and used the following pa-
rameters: (1) Qwen2.5-Coder-7B-Instruct, Qwen3-
8B, and Llama-3.1-8B-Instruct (temperature=0.7,
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PROBLEM INSTRUCTIONS
{instructions}

FIXED CODE
<code>{fixed_code}</code>

TODO CODE
<code>{skeleton_code}</code>

SUBMISSION HISTORY (CODE)
{submissions_only?}

PROBLEM INSTRUCTIONS
{instructions}

FIXED CODE
<code>{fixed_code}</code>

TODO CODE
<code>{skeleton_code}</code>

SUBMISSION HISTORY (CODE + FEEDBACK)
{submissions_with_feedback}

(a) Experiment 1

(b) Experiment 2

Figure 5: Prompt templates for fine-tuned models. Left (Experiment 1 without feedback), Right (Experiment 2

with feedback).

top-p=0.8, top-k=20, and min-p=0.0), (2) GPT-5
(temperature=1.0, top-p=1.0). We used the follow-
ing prompt for all prompted models as shown in
Figure 6.

C Results

This section provides extended results complement-
ing the main paper. We organize the following
sections:

* Additional problem sets. We report results
on test_OP_2 and test_NP_2 to evaluate
model performance on additional sets of test
problems. Functionality and style results are
shown in Figure 7, embedding-based met-
rics in Table 4 and Figure 8. Across these
additional problems, we observe patterns
consistent with test_OP_1 and test_NP_1:
PARASTUDENT variants consistently achieve
closer alignment with real student code than
prompt-based baselines.

¢ Detailed engagement AUCs. Table 6 reports
ROC AUCs with 95% confidence intervals
for all models on the aggregated test_NP
split under Experiment 2, using the 25th- and
50th-percentile thresholds of real engagement
scores.

* Fine-tuning ablation. We report Wasser-
stein distance results for the Llama-3.1-
8B ablation (Table 5). The trend echoes
that of the Qwen models: the fine-tuned
llama-parastudent achieves substantially
closer distributional alignment with real stu-
dent code than its instruction-tuned counter-
part 11ama-inst across all metrics.

D LLM Judge for Feedback Engagement

D.1 Prompt

Figure 9 shows the LLM judge prompt used to
label feedback sentence engagement using GPT-
4.1 (OpenAl, 2025b). The prompt provides the
problem context, full tutor feedback, a target feed-
back sentence, successive student code submis-
sions, and a code diff summary, and tasks the judge
with determining whether the sentence was relevant
to the code edits and whether the resulting changes
were correct.

D.2 Human Validation Instruction to

Annotators

Two annotators reviewed 50 randomly sampled
feedback—code edit pairs to validate the labels pro-
duced by the LLM judge. For each example, an-
notators were shown the full problem context, the
complete Al tutor feedback, a target feedback sen-
tence, successive student code submissions, and a
code difference summary highlighting the changes
between submissions. Their task was to assess
whether the target feedback sentence was relevant
to the student’s code edits and, if so, whether the
resulting edits were applied correctly.

Specifically, annotators provided the following
labels:

e is_relevant: true if the student’s code ed-
its were directly motivated by the feedback
sentence, and false otherwise.

e is_success: true if the edit fixed or im-
proved the targeted issue; false if the edit
was incorrect or introduced new errors; and
null if the feedback sentence was not relevant
to the edit (is_relevant = false).
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System message

YOUR TASK

You are simulating a student taking an introduction to
Python programming course.

Generate the student’s next attempt at the TODO CODE
of the current problem, conditioned on their
previous code submissions.

* Only write the contents of the TODO CODE. Do not
include docstrings or anything outside it.

* As a novice student, your attempts may include
mistakes or partial fixes.

* FIXED CODE is provided; do not copy, modify, or
include it.

* Wrap the generated code in <code> and </code> tags
so that it can be easily extracted.

* If the generated attempt is the student’s final
submission, append "<SUBMIT>" at the end.

* Use Python programming language

User message

PROBLEM INSTRUCTIONS
{instructions}

FIXED CODE
<code>{fixed_code}</code>

TODO CODE
<code>{skeleton_code}</code>

SUBMISSION HISTORY (CODE)
{submissions_only}

System message

YOUR TASK

You are simulating a student taking an introduction to
Python programming course.

Generate the student’s next attempt at the TODO CODE
of the current problem, using both their prior
submissions and the feedback they received.

*

Only write the contents of the TODO CODE. Do not
include docstrings or anything outside it.

* As a novice student, your attempts may include
mistakes or partial fixes.

FIXED CODE is provided; do not copy, modify, or
include it.

Use prior feedback to inform your code revision.

Wrap the generated code in <code> and </code> tags
so that it can be easily extracted.

If the generated attempt is the student’s final
submission, append "<SUBMIT>" at the end.

* Use Python programming language

*

* %

*

User message

PROBLEM INSTRUCTIONS
{instructions}

FIXED CODE
<code>{fixed_code}</code>

TODO CODE
<code>{skeleton_code}</code>

SUBMISSION HISTORY (CODE + FEEDBACK)
{submissions_with_feedback}

(a) Experiment 1

(b) Experiment 2

Figure 6: Prompt templates for prompt-based models. Left (Experiment 1 without feedback), Right (Experiment
2 with feedback). These prompts are adapted from prior work (Leinonen et al., 2025), which used LLMs to mimic
the distribution of error types and test case failure frequencies of real student datasets.

Both annotators were authors of the paper and
were familiar with the task setting and course con-
tent. Annotators were informed that all exam-
ples consisted of anonymized student code and Al-
generated feedback from an introductory program-
ming course and contained no personally identifi-
able information. The task involved minimal risk,
and annotators could stop at any time. No mone-
tary compensation was provided. The annotation
interface consisted of a spreadsheet with predefined
fields for the labels.

D.3 LLM-Human Agreement

We assessed the reliability of the LLLM judge us-
ing 50 randomly sampled feedback—code edit pairs
annotated independently by two human annotators.
Because these labels are highly context-dependent,
human annotation is time-consuming, which moti-
vated a targeted validation rather than a large-scale
labeling effort. We report pairwise agreement be-
tween the LLM judge and each human annotator, as
well as human—-human agreement, using Cohen’s
k (Cohen, 1960). As shown in Table 7, agreement

was moderate to substantial across both Relevant
and Success labels.

E AI Assistance

We used Al for writing assistance and code, includ-
ing but not limited to Codex and Claude Code.
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Avg. Pass Rate

Avg. PEP8 Violations
Avg. PEP8 Violations

0 2 4 6 s 10 12 0 2 4 6 [
Submission Step Submission Step Submission Step Submission Step

[~student —gpt-5 —quen-inst —a der-inst —q —q d | —Student — gpt-5 — qwen-inst —q

(a) test_OP_2 (b) test_NP_2

Figure 7: Progression of pass rate (left) and PEP 8 violation count (right) across submission steps on test_0P_2
and test_NP_2 (Experiment 2: with AI tutor feedback).

Table 4: Embedding-based Similarity Metrics on test_OP_2 and test_NP_2. (Experiment 1: without AI tutor
feedback, Experiment 2: with Al tutor feedback)

(a) test_OP_2 (b) test_NP_2
Model Exp. | Cosine Distance | | Coverage (%) 1 Model Exp. | Cosine Distance | | Coverage (%) 1
k=5 k=10 k=5 k=10
gpt-5 1 0.056 40.1 535 gpt-5 1 0.041 20.3 304
qwen-inst 1 0.078 322 46.4 gwen-inst 1 0.025 37.3 454
gwen-coder-inst 1 0.082 33.2 49.5 gwen-coder-inst 1 0.024 57.1 72.1
gwen-parastudent 1 0.025 94.8 97.8 gwen-parastudent 1 0.016 94.7 97.8
gwen-coder-parastudent 1 0.023 94.3 97.7 gwen-coder-parastudent 1 0.015 96.1 98.3
gpt-5 2 0.043 59.8 73.5 gpt-5 2 0.034 49.0 56.0
gwen-inst 2 0.057 57.0 72.0 gwen-inst 2 0.027 524 62.4
gwen-coder-inst 2 0.064 52.9 70.6 qwen-coder-inst 2 0.025 59.1 69.6
gwen-parastudent 2 0.024 92.8 96.1 gwen-parastudent 2 0.014 93.6 96.4
gwen-coder-parastudent 2 0.023 93.9 97.2 gwen-coder-parastudent 2 0.015 95.5 96.9
PC1 PC1 PC1 PC1 PC1 PC1
= Student * gpt-5 ® qwen-inst * q der-inst ® q) °q d = Student * gpt-5 ® qwen-inst * q der-inst * q °q d
(a) test_OP_2 (b) test_NP_2

Figure 8: Code embedding visualization on test_OP_2 and test_NP_2. (Experiment 2: with AI tutor
feedback). Real student code (gray squares) is compared against gpt-5 (purple circles), qwen-inst (blue circles),
gwen-coder-inst (green circles), qwen-parastudent (pink circles), and qwen-coder-parastudent (orange
circles).

Table 5: Wasserstein distance between model and student distributions on test_OP_1 and test_NP_1 on
Llama-3.1-8B model variants. (Experiment 2: with Al tutor feedback)

(a) test_OP_1 (b) test_NP_1
Model | Pass Rate | | PEP8 | | LOC | | AST Depth | | AST Width | Model | PassRate | | PEP8 | | LOC | | AST Depth | | AST Width |
1lama-inst 0.138 1.033 0.801 0.511 0.697 1lama-inst 0.368 0.404 1.549 0.467 0.743
1lama-parastudent 0.025 0.231 0.366 0.304 0.539 1lama-parastudent 0.062 0.100 0.546 0.126 0.247

Table 6: Engagement discrimination on the aggregated test_NP split under Experiment 2 (with Al tutor
feedback). ROC AUCs measure discrimination between interaction streams with real engagement above versus at
or below the 25th- or 50th-percentile threshold. Brackets report 95% confidence intervals. Bold denotes the highest
unrounded AUC for each engagement metric and threshold, not statistical significance.

Score  Model AUC: 25th percentile (95% CI) AUC: 50th percentile (95% CI)
Srel gpt-5 0.74 [0.68, 0.80] 0.77 [0.72, 0.81]
Srel gwen-inst 0.75 [0.69, 0.80] 0.76 [0.71, 0.81]
Srel gwen-coder-inst 0.75 [0.69, 0.80] 0.77 [0.72, 0.82]
Sret gwen-parastudent 0.81 [0.76, 0.86] 0.76 [0.71, 0.81]
Srel gwen-coder-parastudent 0.81[0.75, 0.87] 0.80 [0.75, 0.85]
Seuce  gPL-5 0.51 [0.49, 0.55] 0.52 [0.50, 0.55]
Seuce  qwen-inst 0.57 [0.53, 0.62] 0.55 [0.51, 0.58]
Ssuce  qwen-coder-inst 0.58 [0.53, 0.63] 0.55[0.52, 0.59]
Ssuce  qwen-parastudent 0.72 [0.67, 0.78] 0.72 [0.67, 0.77]
Ssucc  qwen-coder-parastudent 0.80 [0.75, 0.85] 0.80 [0.75, 0.84]
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System message

You are an expert in programming education. These problems come from an introductory programming course where
students iteratively revise their code based on feedback. Your task is to analyze xxthe specified target
sentence*x in the feedback and explain whether and how it influenced the student’s code edits (both additions
and deletions), and whether those edits were correct.

You are given:

- The problem statement

- The student’s code at time t-1

- The feedback message received at time t-1

- Target sentence to analyze from the feedback

- The student’s code at time t

- A summary of the code diff (i.e., the list of lines added and removed between the two versions)

###t TASK

1. For the specified sentence to analyze, decide whether the student’s code edits (added or removed lines) are x*
grounded in** (i.e., directly motivated by) that sentence.

2. If the sentence is relevant, judge whether the resulting code edit was correct (i.e., whether the change addressed

the feedback successfully) by examining the relevant code edits and inferring the student’s reasoning or

possible misconception.

3. For the target sentence, first provide your rationale, explaining your reasoning clearly before giving boolean
decisions.

4. Always output rationales even when the sentence is irrelevant.

### OUTPUT FORMAT (JSON)
‘¢¢json

"feedback_analysis”: [

" "

"relevance_rationale”: "...",
"is_relevant”: true,
R

"success_rationale”: "...",
"is_success": true

### NOTES
- xx‘is_relevant‘ should be:x*x
- ‘true‘ -> the student’s code edits were directly motivated by this feedback sentence
- ‘false‘ -> the student’s code edits were not influenced by this sentence
- x*x‘is_success‘ should be:#*x*
- ‘true‘ -> the edit fixed or improved the targeted issue
- ‘false‘ -> the edit was incorrect or introduced new errors
- ‘null¢ -> the sentence was irrelevant to the code edit (‘is_relevant = false‘)
- When generating rationales:
- For **‘relevance_rationale‘x*, focus on **feedback--edit causality**, referring to specific added/removed lines.
- For *x‘success_rationale‘*x, focus on x*whether the edit successfully addresses the targeted feedback** and
inferred student understanding or misconception.
- Place each rationale immediately before its corresponding boolean field in the JSON.
- Output **JSON only**, with **no commentary** outside the JSON.

User message
PROBLEM INSTRUCTIONS:
{instructions?}

FULL FEEDBACK:
{feedback_text}

TARGET SENTENCE TO ANALYZE:
{sentence}

BLOCK TRANSITION:
Block t-1 -> t ({label})

CODE AT TIME t-1:
<code>
{prev_code}
</code>

CODE AT TIME t:
<code>
{next_code}
</code>

CODE DIFF SUMMARY:
ADDED:

{added_line}

REMOVED:
{removed_line}

Figure 9: Prompt used for the LLM judge to attribute student code edits to individual feedback sentences.
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Table 7: Pairwise agreement between the LLLM judge and two human annotators (A1 and A2), and between
annotators, for Relevant and Success labels on 50 randomly sampled feedback—code edit pairs. Positive and
negative agreement are computed with respect to the human annotator for LLM-human comparisons and
Al for the A1-A2 comparison.

Relevant Success
Comparison Pair  Positive Negative  All K Positive  Negative  All K
LLM-Al 0.96 0.64 0.80 0.60 0.68 0.97 0.86 0.69
LLM-A2 0.93 0.71 0.84 0.66 0.60 0.93 0.80 0.56
Al-A2 0.96 0.80 0.88 0.76 0.89 0.90 0.90 0.79
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