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Abstract

Open-ended tasks, such as coding problems
that are common in computer science edu-
cation, provide detailed insights into student
knowledge. However, training large language
models (LLMs) to simulate and predict possi-
ble student errors in their responses to these
problems can be challenging: they often suffer
from mode collapse and fail to fully capture
the diversity in syntax, style, and solution ap-
proach in student responses. In this work, we
present KASER (Knowledge-Aligned Student
Error Simulator), a novel approach that aligns
errors with student knowledge. We propose a
training method based on reinforcement learn-
ing using a hybrid reward that reflects three
aspects of student code prediction: i) code sim-
ilarity to the ground-truth, ii) error matching,
and iii) code prediction diversity. On two real-
world datasets, we perform two levels of evalua-
tion and show that: At the per-student-problem
pair level, our method outperforms baselines on
code and error prediction; at the per-problem
level, our method outperforms baselines on er-
ror coverage and simulated code diversity.

1 Introduction

Erroneous responses that students generate to prob-
lems, especially open-ended tasks such as cod-
ing that are common in computer science educa-
tion, provide detailed insights into student knowl-
edge (Hoq et al., 2024). However, understanding
and even simulating student errors in these tasks
presents a unique challenge to large language mod-
els (LLMs): students make errors that reflect in-
grained misconceptions (Brown and Burton, 1978;
Feldman et al., 2018) or lack of sufficient knowl-
edge (Anderson and Jeffries, 1985), which is differ-
ent from the usual clean, expert-generated content
that LLMs are pre-trained on. Another challenge
is the high diversity among student responses: stu-
dent codes differ significantly in syntax, style, and
solution approaches. This diversity is evident even
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among correct responses and is more amplified
among incorrect responses. Capturing them can be
highly beneficial in education, enabling teachers to
accurately diagnose student errors and knowledge
deficiencies (Diana et al., 2017) and deliver per-
sonalized feedback to students (Shaka et al., 2024).
See Section 6 for broader coverage of related work.
A line of notable recent work has studied sim-
ulating student errors in open-ended coding tasks,
focusing on analyzing sequences of student sub-
missions as they iteratively submit code and re-
ceive feedback from the compiler (Liu et al., 2022;
Miroyan et al., 2025; Ross et al., 2025). Despite
being able to simulate student code submissions,
there are obvious limitations. First, the open-ended
knowledge tracing (KT) work in Liu et al. (2022)
uses a student model, KT (Corbett and Anderson,
1994), to track how student knowledge evolves over
time and inform an LLLM to generate predictions of
student code submissions. This method explicitly
uses knowledge to steer LLLM output but does not
analyze errors. More importantly, we found that
such a supervised fine-tuning (SFT)-based method
suffers from mode collapse: the resulting code gen-
eration lacks diversity. When using recent LL.Ms,
such as Qwen2.5-Coder as the backbone (their
work used GPT-2), SFT on real student code often
still results in the model generating correct code.
Second, the ParaStudent work in Miroyan et al.
(2025) proposed using representative code from a
student’s past code submissions to other problems,
at various stages of attempting a problem, to help
predict their future code submissions. This method
successfully simulates how students progress over
time and captures their errors. However, the model
lacks an explicit link to student knowledge, which
is key to being pedagogically useful in real-world
education scenarios. Moreover, their error evalu-
ation is conducted at a population level (simulat-
ing an overall error distribution across students),
rather than at a more challenging individual stu-
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dent level (simulating which specific errors a stu-
dent will make). Third, the work in Ross et al.
(2025) proposed to use prior code submissions as
“chain-of-thought” (Wei et al., 2022) to simulate the
student’s final submission to a coding task. This
method successfully captures students’ coding style
and efficiency, but only uses student IDs to capture
these properties, without explicitly modeling stu-
dent knowledge. Neither of these methods studies
student errors in detail; the former broadly catego-
rizes them into logical and runtime errors, and the
latter does not use errors in its evaluation.

1.1 Contributions

In this work, we present KASER (Knowledge-
Aligned Student Error Simulator), a method for
open-ended student response simulation (we will
publicly release our code) with one core goal: align-
ing student errors with their knowledge on a set
of knowledge components (KCs). We ground our
work on two real-world student coding datasets and
summarize our contributions as:

1. We develop a group-relative policy optimiza-
tion (GRPO)-based method to align errors in
output student code with input student knowl-
edge. We construct a three-part reward func-
tion; in addition to a standard similarity re-
ward between predicted and ground-truth stu-
dent code, we add two novel parts: First, a
group-level reward that encourages diversity
in student code predictions, to prevent the
model from mode collapse and capture high
diversity among student-written code. Second,
an error-overlap reward that reflects how er-
rors (if any) present in predicted student code
match those (if any) present in actual student
code. This reward goes beyond surface code
similarity metrics and captures student errors,
aligning them with student knowledge levels
in an interpretable way.

2. We conduct extensive quantitative evaluation
at two levels: per-student-problem pair and
per-problem. Results on the former show that
our method outperforms baselines in terms of
student code prediction accuracy, especially
on anticipating errors. Results on the lat-
ter show that our method anticipates a wider
range of student errors in an unseen problem.
We also qualitatively show how error predic-
tion changes for different knowledge levels,

which can be useful to provide diagnostics
and feedback to instructors and students.

2 Task Setup

In open-ended coding tasks that are common in
computer science education, students are usually
asked to write open-ended code to implement a
function according to problem specifications; see
the top left part of Figure 1 for an illustrative ex-
ample. We denote each problem as p. In student
modeling literature, each problem is characterized
as testing students’ mastery of a set of knowledge
components (KCs), which we denote as W. Our
goal is to predict the code written by the student in
response to the problem, which we denote as ¢, and
in particular, the set of errors (if any) contained in
the code, which we denote as F.

2.1 Error Annotation

Given a student-written code for a problem, we
use an automatic error annotation pipeline based
on OpenAl’s 04-mini (OpenAl, 2025) reasoning
model. We resort to this approach for two reasons:
First, many codes written by actual students may
contain issues, such as infinite loops, that cannot be
properly executed. Moreover, many coding tasks
do not come with test cases, as is the case with
the two datasets we work with; see Section 4 for
details. Therefore, an LLM prompting approach is
widely applicable. Second, compilers may not be
able to identify logical errors beyond surface-level
syntax and runtime errors, which are common in
student codes (Hoq et al., 2024). Specifically, we
use a three-step approach inspired by (Duan et al.,
2025b): 1) generating error annotations for each
student code-problem pair independently through
prompting, 2) clustering errors across all pairs, and
3) summarizing each cluster to obtain a representa-
tive error description. We detail each step below.

Error Generation For each student code-
problem (¢, p) pair, we prompt o4-mini in a chain-
of-thought manner to generate a list of errors £ in
the code submission covering syntax, runtime, and
logical errors. We include representative examples
of errors in all three categories, chosen from a list of
frequent errors that novice programmers make (Al-
tadmri and Brown, 2015; Zhou et al., 2021). We
instruct the model to provide a concise reasoning
behind identifying a particular error, followed by
the error category and its standardized description.
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Clustering Errors To aggregate similar errors
across different student codes under the same
problem and also across problems, we cluster er-
ror descriptions by first computing the Sentence-
BERT (Reimers and Gurevych, 2019) embedding
of their textual descriptions, followed by apply-
ing Hierarchical Agglomerative Clustering (Miill-
ner, 2011), using cosine similarity as the distance
function. We can adjust the number of clusters to
control the abstraction level of the error descrip-
tions, yielding descriptions that are informative yet
generalizable across student codes.

Representative Labels for Error Clusters In
the final step, we prompt o4-mini with chain-of-
thought reasoning to generate a single representa-
tive error description for each cluster. The model
first identifies an error that reflects the majority of
errors in the cluster, then abstracts it by removing
problem-specific details to produce a generalized
description. We use these representative errors to
annotate all student-code pairs by mapping initial
annotations to their corresponding cluster labels.
We include all prompts in Appendix E.

We conduct two human evaluations to assess the
reliability of using an LLM-as-a-judge to identify
and classify errors in code. In the first evaluation,
we randomly select 50 problems from the Falcon-
Code dataset and analyze both ground-truth and
generated code for each problem. Human anno-
tators are asked to perform the same task as the
LLM: selecting errors in the code from a prede-
fined error list. Results show an average F1 score
between the LLM and human label of 0.749, in-
dicating substantial agreement, and inter-rater F1
score is 0.814. To further analyze performance
across error categories, we report stratified human
evaluation results: the average F1 is 0.830 for syn-
tax errors, 0.893 for runtime errors, and 0.917 for
logical errors.

In the second evaluation, we assess the accu-
racy of error type classification by measuring the
Jaccard agreement between LLM-predicted and
human-annotated error types for identified errors
on 50 randomly sampled generated codes. The av-
erage agreement is 0.800 for syntax errors, 0.778
for runtime errors, and 0.872 for logical errors.
These results further demonstrate that our judge
model can not only reliably identify errors but
also accurately classify their types, despite the non-
trivial task of choosing among 10 possible errors
per problem (see Appendix E for details).

2.2 Student Error Simulation

Our ultimate goal is to anticipate errors students
might make in their code when responding to
a problem. Given a history of prior student
codes, where we define each response as z; =
(pt, W, e, Ey), with t indexing time steps that in-
dicate the order in which each student attempts
problems. Therefore, given xq, . . ., ¢, our goal is
to predict their code submission, c;11, and espe-
cially the errors contained in it, F;, 1, submitted by
the student to a future problem py ;.

3 Methodology

We now detail KASER’s student code/error-
knowledge alignment method via RL.

3.1 Student Knowledge Estimator

KASER first trains a knowledge estimator (KE)
that transforms a student’s history of submitted
code into a knowledge profile of mastery over KCs.
We use a knowledge tracing (KT) model to estimate
a student’s d-dimensional knowledge state vector
h: € RY based on the code they wrote for all prior
problems. We compress this knowledge state h;
into a k-dimensional mastery vector m; € [0, 1]¥,
where k denotes the total number of unique KCs,
by passing it through a linear layer with weights
W, € R¥*? and bias b,, € R¥, followed by a
sigmoid activation to map the values of m; to be
in the range of [0, 1], given by m; = o(Wy,,hy +
b,). Each dimension of m; denotes the student’s
interpretable mastery level on the j-th unique KC,
with higher values indicating higher mastery.

We use a compensatory model (Maier et al.,
2021) which takes the average of individual stu-
dent KC mastery levels to obtain an overall mastery
level ;411 = m SO mE - T(wy), where
the indicator function I(wy) is 1 if the KC wy is
associated with the problem, and 0 otherwise. To
train this model, we minimize the BCE loss, which
for one student response is given by:

Lk = atr1-10g Jey1+ (1 —apy1) -log(1 —Geg1),

where a;11 denotes the ground-truth binary-valued
submission correctness. We average this loss across
all students’ code submissions to all problems.

3.2 Student Code Predictor

KASER trains a large language model (LLM),
specifically Qwen2.5-Coder 7B Instruct (Hui et al.,
2024), via supervised finetuning (SFT), for student
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Knowledge-Guided
Prompt

Problem: Check if a string is xy-balanced: if for
all the 'x' characters in the string, there exists a
'y' character somewhere later in the string.

KC 1: Conditional logic
KC 2: String indexing

Mastery level: 0.21
Mastery level: 0.45
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Figure 1: KASER estimates an interpretable student knowledge profile and trains an LLM via GRPO with a hybrid
reward to simulate knowledge-aligned errors in predicted student code.

code prediction (CP) on the next coding problem,
given their knowledge profile. We construct our
LLM prompt by including both the textual problem
statement and the student’s mastery level on the
KCs associated with the problem. Our knowledge-
guided prompt is given by: Problem: p;. KC
1: <w!'>. The student’s mastery level on
<w'> is: m}. KC 2: <w?>..., as shown in
Figure 1 and Table 14. Here, m} € [0 1] denotes
the student’s mastery level on KC w! as a real-
valued number obtained from the mastery vector
my estimated by the KE model. We then prompt
Qwen2.5-Coder 7B Instruct to generate the pre-
dicted code ¢ token-by-token. We minimize the
token-level cross-entropy loss, which for one stu-
dent code is given by:
),

ﬁcp = ZnNzl - logP <én

where N is the number of tokens in the student
code. We average this loss across all students’ code
submissions to all problems.

3.3 Knowledge-Aligned Student Error
Simulation via RL

We use GRPO (Shao et al., 2024), an RL algo-
rithm designed to train LLMs with group-level
normalized rewards, to train our student code pre-
dictor LLM to generate student codes with er-
rors (if any) aligned with the input student knowl-
edge profile. In each GRPO iteration, for each
input problem p and student knowledge mastery
profile m, we generate a group of GG candidate
student codes {¢1,¢s,...,¢¢} from the current
(old) student code predictor model my_,,. We as-
sign a scalar reward r; = R(¢;) to each candi-
date code using a hybrid reward R, detailed be-
low in Section 3.4. Rewards r; are then z-score-

normalized relative to the group to obtain the cor-
responding advantages A;. The overall GRPO ob-
jective combines a clipped surrogate loss with a
KL divergence penalty using a hyperparameter (3,
Jareo(0) = Leip(0) — BDKL (| mrer), where
Leiip(0) follows the proximal policy optimization
mechanism:

o (Ci ’pa ) A

—A'

Cllp Zml {7’(’001‘1 (Cz|p7 ) "

Clip<7ww,1_e,1+e)fii},
TG4 (Ci ‘p7 m)

constraining policy model updates with a clipping
parameter €. The KL divergence penalty regular-
izes the policy model 7y to be close to the reference
policy model 7.¢, which is not updated. We min-
imize this average loss over all problem—student
knowledge pairs to update the policy .

3.4 Reward Design for RL Training

We define our reward function R for RL training as
a combination of three components: code similar-
ity, error match, and code diversity. These rewards
train the student simulator to generate codes that
are similar to the ground-truth student code, match
its errors, and encourage diversity in syntax, style,
and solution approaches to prevent mode collapse.
Formally, the reward R is given by:

R= RSim + RError + RDiv, (1)

where Rgin, 18 the code similarity reward, Rgpror
is the error match reward, and Rp;, is the code
diversity reward. We detail each component below.

Code Similarity Reward We compute the simi-
larity between the generated code ¢ and the ground-
truth student code c using CodeBLEU (Ren et al.,
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2020), a variant of the classic text similarity met-
ric BLEU (Papineni et al., 2002). CodeBLEU
measures syntactic and semantic similarity be-
tween two codes and outputs a score between
0 and 1, which we use as the reward Rsi, =
CodeBLEU(c, ¢).

Error Match Reward The code similarity re-
ward captures surface-level semantic/syntactic sim-
ilarity but may not fully reflect similarity in terms
of student logic and approach, which are more im-
portant in educational applications. Therefore, we
also explicitly introduce an error match reward to
encourage the model to predict student code that
has errors matching those (if any) in the ground-
truth student code. Specifically, if both the gener-
ated and ground-truth student codes are correct, we
set the reward to 1. Otherwise, if at least one of
the two codes is incorrect, we compute the overlap
in their errors using the Intersection over Union
(IoU) metric (Everingham et al., 2010), a key met-
ric in computer vision. We prioritize IoU over
error coverage to penalize the inclusion of extrane-
ous errors, thereby preventing reward hacking in
which the model might generate excessively bro-
ken code to maximize error recall. The error set
of the predicted code is obtained by prompting a
judge model, Qwen2.5-Coder 7B Instruct (see Ap-
pendix E for our prompt). Given a set of errors
E = e corresponding to the ground-truth student
code ¢, and a set of errors E = ¢ corresponding to
the predicted code ¢, the IoU between the predicted
error set and ground-truth error set is given by:

|ENE|
|EUE|

Rgnor = I0U(E, E) = )
Code Diversity Reward To encourage diversity
in the generated student codes in syntax, style, and
solution approaches, and prevent mode collapse,
we use a group-level reward which assigns a diver-
sity score to each sampled code in a group based
on its similarity with other samples, defined as:

Rpw(¢) =1— max (CodeBLEU(¢,é)). (3)

GeG\{¢}

All three reward functions have ranges in [0, 1],
putting them on the same scale. Therefore, one can
also add weighting parameters to Eq. 1 to balance
between the three rewards. In our experiments, we
found that simply setting to equal weighting works
well; we leave a more detailed study on reward
function weighting to future work.

4 Experimental Evaluation

We now detail our experimental settings for evalu-
ating KASER’s ability to predict student code and
errors (if any) from student knowledge.

4.1 Dataset Details

We conduct experiments on two publicly available
student code datasets, CodeWorkout (DataShop,
2021) and FalconCode (de Freitas et al., 2023).
They contain actual open-ended code submissions
from undergraduate students to college-level pro-
gramming problems. The former contains 246 stu-
dents, 50 problems, 50 KCs (Duan et al., 2025b),
and 10,834 student code submissions. The latter
contains 447 students, 84 problems, 60 KCs, and
11,194 student code submissions. Following prior
work (Duan et al., 2025a), we analyze only the first
submission per problem, as it reflects errors arising
from a student’s overall programming knowledge.
Analyzing sequences of submissions to capture de-
bugging skills is outside the scope of this work.

4.2 Baselines

We compare our approach, KASER, to state-of-
the-art student code-prediction methods and sev-
eral strong baselines adapted to our task. First,
we compare with PersonaPrompt, which uses a
persona-based prompt (He-Yueya et al., 2024) con-
taining the next problem and a persona of the stu-
dent to prompt an LLM. We compress a student’s
history of submissions to previous problems into a
persona by prompting an LLM to focus on problem-
independent student problem-solving characteris-
tics. Second, we compare with in-context learning
(ICL), which follows prior work to prompt an LLM
with the history of a student’s most recent k code
submissions to previous problems as in-context ex-
amples (Brown et al., 2020) (see Appendix E for
prompts used in prompting baselines). We search
over k € [1, 5] and select the best performing value
with k& = 5. Third, we compare with an adapted ver-
sion of ParaStudent (Miroyan et al., 2025), which
finetunes an LLM to predict student code on the
next coding problem given k examples of the stu-
dent’s code submissions to previous problems, in
an in-context tuning way (Chen et al., 2022). Simi-
lar to ICL, we use k£ = 5. Fourth, we compare with
Student SFT, as explained in Section 3.2, which
finetunes an LLLM for student code prediction on
the next coding problem given their knowledge pro-
file, following prior work that finetunes simulated
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Code Similarity Error Match
Dataset Model
CodeBLEU@11 CodeBLEU@51 \ IoU@1 1 IoU@S5 1
PersonaPrompt (7B) 0.407+0.013 0.42240.011 0.019+0.019 0.02640.015
ICL (7B) 0.463+0.016 0.48410.017 0.021+0.015 0.027+0.016
PersonaPrompt (32B) 0~447i04019 0.495i0_015 0-053i0.016 0.062io_012
CodeWorkout ICL (32]3) 0.476:{:0,023 0.51210,017 0.081i0,014 0.093i0,011
(Java) ParaStudent 0.500+0.011 0.550+0.019 0.100+0.014 0.19840.018
Student SFT 0.501+0.014 0.56540.018 0.11540.018 0.24410.021
KASER w/o Rsim 0.483+0.009 0.49940.011 0.11940.012 0.232+0.016
KASER w/o REm)r 0.510i0_013 0.54310,010 0.100i0,015 0.201:‘:0,009
KASER w/o Rpiy 0.500+0.021 0.541+0.014 0.104+0.018 0.21240.011
KASER (ours) 0.524*:‘:0,013 0.599*:{:0,022 0.157;0'024 0.27610.015
PersonaPrompt (7B) 0.41140.019 0.44140.015 0.033+0.016 0.040+0.012
ICL (7B) 0.428+0.023 0.45240.017 0.039+0.014 0.051+0.018
PersonaPrompt (32B) 0.430+0.014 0.4604+0.028 0.057+0.007 0.06140.033
FalconCode ICL (32B) 0.433i04017 0-459i0A018 0.083i0A010 0-097i0012
(Python) ParaStudent 0.627+0.019 0.64940.015 0.14240.011 0.251+0.019
Student SFT 0.642+0.013 0.6704+0.010 0.153+0.007 0.270+0.015
KASER w/o RSim 0.635;{:04011 0.646:‘:0.021 0.146i0,009 0.239i0,020
KASER w/0 RError 0.64240.015 0.661+0.025 0.118+0.006 0.200+0.021
KASER w/o RDiv 0.640;{:04010 0.658:‘:0.012 0.123i0,013 0.212i0,011
KASER (OUI'S) 0.668;0'017 0.692*:{:0'015 0-178;:0.008 0'303;0.016

Table 1: Performance at the per-student-problem-pair level evaluating code similarity and error match. Best
performance is in bold. * denotes statistically significant improvement over all baselines (p < 0.05).

student LLMs (Duan et al., 2025b).

4.3 Experimental Setup

We report the average performance on 5-fold cross-
validation. We split datasets across students (prob-
lems) for per-student-problem-pair (per-problem)
evaluation, to evaluate generalization to unseen
students (problems). For fair comparison, we use
the same base LLM as KASER, Qwen2.5-Coder
7B Instruct, for finetuned baselines, and evalu-
ate prompting-only baselines using both Qwen2.5-
Coder 7B Instruct and Qwen2.5-Coder 32B In-
struct. We use a group size of 5 during GRPO
training. We provide full experimental details for
reproducibility in Appendix A.

4.4 Evaluation Metrics

Student-Problem Pair Level At the per-student-
problem pair level, following Liu et al. (2022), we
measure the syntactic and semantic similarity be-
tween the predicted code and the ground-truth stu-
dent code using the CodeBLEU (Ren et al., 2020)
metric. For errors, we measure overlap between the
errors (if any) present in the predicted code and the
errors (if any) present in the ground-truth student
code using the intersection over union (IoU) met-
ric (Everingham et al., 2010) (see Equation 2). The
error set of both codes was obtained by prompt-
ing o4-mini (prompt in Appendix E). To account
for the high diversity of student code, we generate

K € {1,5} codes per student-problem-pair and
evaluate each against the ground-truth code, select-
ing the code with the best metric value. We report
averaged results across test student-problem pairs.

Model Error Type  Precision  Recall F1

Student SFT Logical 1.00 0.162  0.279
Student SFT Runtime 1.00 0.123  0.220
Student SFT Syntax 1.00 0.069  0.130
KASER Logical 1.00 0.197  0.329
KASER Runtime 1.00 0.130 0.231
KASER Syntax 1.00 0.098 0.178

Table 2: Performance at the per-student-problem-pair
level on error match stratified by error type.

Problem Level At the per-problem level, we
measure error coverage and code diversity. For
error coverage, we measure the overlap between
the set of unique errors aggregated across predicted
codes and the set of errors across ground-truth
student codes for a problem using IoU. Taking
frequency of errors into account, we also com-
pare the two distributions of errors by calculating
the Chi-squared distance between the error fre-
quencies in predicted codes and in ground-truth
student codes for a given problem. To measure
code diversity, we extract embeddings of predicted
student codes for a problem using the Qwen3-
Embedding (Zhang et al., 2025) model. Follow-
ing Anschel et al. (2025), we 1) compute the av-
erage cosine distance between all pairs of code
embeddings, capturing semantic diversity, and 2)
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Code Diversity

Error Coverage

Dataset Model
Cos Dis 1 CodeBLEUL,,t | IoU 1 x* Dist |
PersonaPrompt (32B) 0.071+0.005 0.42710.019 0.310+0.016 145.6314.52
ICL (32B) 0.069+0.003 0.41140.014 0.340+0.015 139.5244.33
ParaStudent 0.077+0.002 0.476+0.020 0.650+0.016 114.8743.36
CodeWorkout  Student SFT 0.082+0.004 0.480+0.015 0.700+0.026 109.85+3.10
(Java) KASER w/0 Rsim 0.081:0.005  0.46620.013 0.70010.011  110.4113.25
KASER w/o Rgor 0.081+0.006 0.478+0.017 0.670+0.008 117.1942 .98
KASER w/o RDiv 0.079i0A004 0.486i0.012 0.680i0012 115-37i408
KASER (ours) 0.08810.003 0.52040.021 0.750%0.014 104.97% 3 41
PersonaPrompt (32B) 0.25210.007 0.51140.015 0.29810.020 90.6216.93
ICL (32B) 0.26640.003 0.508+0.018 0.300+0.017 87.85418.32
ParaStudent 0.277+0.009 0.59710.021 0.781+0.017 53.714+6.15
FalconCode Student SFT 0.279+0.004 0.600+0.022 0.75540.023 51.8945.14
(Python) KASER w/0 Rsin 0275200056  0.60320.026 0.760400s0  52.3714.67
KASER w/o RErmr 0.263i0,005 04584;{:0_019 0.752;{:0,021 58.55:{:3_02
KASER w/o Rpiy 0.260+0.004 0.57540.016 0.757+0.026 56.7244.18
KASER (ours) 0.298. 0004  0.643%¢ 024 0.817%0 020 45.77"5 15

Table 3: Performance at the per-problem level evaluating code diversity and error coverage.

compute the complement of the maximum Code-
BLEU score (CodeBLEUEnaX) between each pre-
dicted code and other predicted codes (Equation 3).
We report averaged results across all test problems.

5 Results, Analysis, and Discussion

We now discuss our quantitative evaluation results,
conduct an ablation study, and also qualitatively
show that errors in predicted code are aligned with
student knowledge profiles.

5.1 Quantitative Evaluation

Student-Problem Pair Level Table 1 shows the
average performance (and standard deviation) on
both datasets at the per-student-problem pair level.
On both datasets, we see that prompting-based
methods perform poorly, suggesting that student-
error simulation on coding tasks is inherently diffi-
cult. However, larger scale language models yields
slight performance improvements under prompting-
based methods. In addition, these results sug-
gest that pretrained models exhibit an overly opti-
mistic bias toward generating correct code, even
when the student’s submission history indicates low
skill mastery. Our proposed approach, KASER,
outperforms all methods with statistical signifi-
cance (p < 0.05 under paired t-test), including
the strongest finetuning-based baseline (Student
SFT), on all metrics.

We further report error match result for K=1
on the CodeWorkout dataset stratified by error
types. We compare our method, KASER, with
the strongest baseline, Student SFT. From table 2,

we see that both models achieve perfect precision
in predicted errors, indicating that generated er-
rors are consistently relevant. However, KASER
substantially improves recall and thus F1, demon-
strating broader coverage of errors, including rarer
cases, consistent with the intended effect of our
reward design for GRPO training. While syntax
errors remain challenging for pretrained LLMs, re-
flected in lower recall overall, KASER still incor-
porates them more effectively than the baseline.
Overall, these results show that KASER consis-
tently outperforms the strongest baseline across all
three error categories and evaluation metrics. In
addition, we report the aggregate results across all
student submissions, in Appendix C.

All these results confirm that aligning code and
errors with an explicit, interpretable student knowl-
edge profile is effective; without that, SFT tends
to focus on surface code similarity and learns su-
perficial patterns, not student error patterns. We
observe low IoU values on error matching across
methods. Our qualitative analysis reveals a lack of
syntax errors predicted by the methods, possibly
because pre-trained LLMs have a low propensity
to generate syntactically invalid code.

Problem Level Table 3 shows the average per-
formance (and standard deviation) on both datasets
at the per-problem level. We show the results using
larger LLM for prompting-based methods due to
it is a stronger baseline. KASER outperforms all
methods similar to the per-student-problem pair
level. This result shows that when generalizing to
previously unseen problems, KASER can predict
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Write a function in Java: Given 3 int values, a, b, and c, return their sum. However, if one of the values is 13 then it does not
count towards the sum and values to its right do not count. So for example, if b is 13, then both b and ¢ do not count.

KC KS KASER Pred Stud Code 1 KS KASER Pred Stud Code2 KS KASER Pred Stud Code 3
1 public int luckySum public int luckySum public int luckySum
Numerical . (int a, int b, int c){| 068  (int a, int b, int c){| [084] ~ (int a, int b, int c){
comparison if (a == 13) { int answer = 0; if (a == 13) {
return c; if (a == 13) { return 0;
Return 0.39 }1 if (b . . ; answer = 0; . }f ¢ .
else i == i ==
statement return a; else if (b == 13) { return a;
.. answer = a; }
Condlt_lonal 0.35 else if (c = 13) { . 0.76 if (c == 13) {
logic return b; else if (c == 13) { return a + b;
} answer = a + b;
. : else{ 3 else {
Anthmetlc . return a+b+c; 046 3} 0.75 return a + b + c;
operations } }
3 }

Table 4: KASER simulates knowledge-aligned student errors (if any) in predicted codes.

the high diversity in syntax, style, and erroneous
solution approaches in student code. This result
suggests that encouraging diversity makes KASER
better at preventing mode collapse than SFT alone.
We provide a diversity visualization of predicted
code embeddings in Appendix D.1.

Ablation Study We perform an ablation study
on our reward design used in RL training on both
datasets. Results are reported on the per-student-
problem level in Table 1 and on the per-problem
level in Table 3. We see that removing Rsin leads
to a big drop in performance on code similarity
metrics at the per-student-problem level (e.g. 16%
decrease on CodeBLEU @5 on CodeWorkout), as
expected. Our error match reward Rgyo, 1S also
critical in training KASER to predict student code
with errors matching those (if any) present in the
ground-truth student code; removing it leads to a
big drop in performance on error matching IoU
metric at the per-student-problem level (e.g. 36%
decrease on IoU@1 on CodeWorkout), and on the
error coverage metrics at the per-problem level (e.g.
11% increase on 2 distance on CodeWorkout).
Notably, our code diversity reward Rp;y is also im-
portant in preventing mode collapse; removing it
not only degrades performance at the per-student-
problem level on both metrics but significantly
drops performance at the per-problem level (e.g.
12% decrease on cosine distance on FalconCode).

5.2 Qualitative Evaluation

KASER simulates knowledge-aligned student
errors We now use a qualitative case study to
demonstrate how KASER predicts different types
of errors in student code aligned with their knowl-
edge profile. Table 4 shows sample predicted codes
from three students with different mastery levels

on KCs required to solve a problem, which in-
volves returning the sum of three integers based
on conditional logic. For the first student with low
mastery on numerical comparison and arithmetic
operations, KASER predicts code containing an
incorrect assignment operator instead of a numer-
ical comparison operator, i.e., “c=13" instead of
“c==13", as well as an incorrect arithmetic opera-
tion “return b” instead of “return a+b”. For the
second student with low mastery on using return
statements and conditional logic, KASER predicts
code missing a return statement as well as omit-
ting the final else conditional block of returning the
sum of all three numbers. For the third student with
high mastery on all KCs, KASER predicts code
that correctly solves the problem. In contrast, the
Student SFT method predicted code that correctly
solved the problem for all three students, despite
their varying knowledge levels.

Error Analysis We note that the IoU metric val-
ues are generally low for all methods in Table 1,
around 0.1 for a maximum possible value of 1. To
illustrate what caused it, we show an example in
Appendix D.2. We find that KASER accurately
predicts logical and runtime errors (“missing logic
branch”) but struggles with syntax errors (“unbal-
anced brace”). This observation suggests that, de-
spite extensive training on student-written code that
often contains basic syntax errors, we still struggle
to make pre-trained LLMs forget about code syntax
and learn to make errors like students do, which
highlights a key direction for future work.

6 Related Work

There is a line of existing work (Piech et al., 2015;
Wang et al., 2017) on analyzing student-generated
code for tasks such as error analysis and automated
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feedback generation that are meaningful in CS ed-
ucation settings. Program synthesis techniques
have been applied for CS education to generate
student code (Singla and Theodoropoulos, 2022),
new problems (Ahmed et al., 2020), and provide
real-time hints (Rivers and Koedinger, 2017). We
focus on improving student-error simulation in pro-
gramming problems by aligning errors with inter-
pretable student knowledge profiles via RL.

An increasing body of research has studied sim-
ulating students using LL.Ms on open-ended cod-
ing (Liu et al., 2022), math (Feng et al., 2025;
Ozyurt et al., 2024), and dialogue (Scarlatos et al.,
2025a) tasks, often using variants of KT (Corbett
and Anderson, 1994). While RL has achieved
strong results across a wide range of domains (Tal-
paert et al., 2019; Luo and Duan, 2025), there is
limited work on leveraging RL to train student mod-
els in educational settings; Scarlatos et al. (2025b)
aligns student LLMs with instructed ability us-
ing direct preference optimization (Rafailov et al.,
2023). In contrast, KASER predicts student code
and errors (if any) aligned with an explicit, inter-
pretable student knowledge profile, trained using
RL with a hybrid reward.

7 Conclusions and Future Work

In this paper, we presented KASER, a novel ap-
proach to improve student error simulation in pre-
dicted codes to open-ended programming problems
by aligning errors with student knowledge. We pro-
posed an RL-based training method using a hybrid
reward reflecting three aspects of student code pre-
diction: 1) code similarity to the ground-truth, 2)
error matching, and 3) code prediction diversity
to prevent mode collapse of the LLM. Through
extensive experiments on two real-world student
code datasets covering both Java and Python, we
show that KASER outperforms other methods at
both the per-student-problem-pair level on code
and error prediction, as well as at the per-problem
level on error coverage and predicted code diver-
sity. We discuss potential use cases of our work in
real-world CS education settings in Appendix B.
There are many avenues for future work. First,
we can attempt to simulate debugging errors by
analyzing the changes across multiple student code
submissions to the same problem. Second, we can
explore post-training techniques to incorporate syn-
tax errors into LLM prediction. Third, we can ex-
plore the applicability of KASER in other domains

such as math and dialogues.
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Limitations

We identify several technical and practical limi-
tations of our work. First, our error annotation
pipeline relies on an LLM without access to test
case information. Incorporating test case results
could enable more accurate error annotations and
provide finer-grained error categorization, particu-
larly for edge cases. Second, our error evaluation
using the IoU metric relies on an automated LLM-
as-a-judge approach, as large-scale human annota-
tion would be costly and time-consuming. While
our human evaluation shows moderate agreement
between LLM-based and human-annotated error
labels, broader human evaluation could yield more
reliable and precise assessments.

Ethical Considerations

There are several potential societal benefits to our
work. Primarily, accurate student modeling with
error simulation can greatly benefit educational as-
sessment: it allows instructors to anticipate student
difficulties on open-ended programming tasks be-
fore deployment, it enable fine-grained analysis of
misconceptions in code, and it can support person-
alized student assistance and instructional analysis.
There are several potential risks to our work as well.
There is a concern that such systems could replace
human educator jobs, which is a shared concern
across most domains with Al applications. We em-
phasize that our approach is intended to support,
rather than replace, educators. As bias is common
in Al systems, simulated students may not suffi-
ciently represent minority groups, thus leading to
calibration errors for these populations. Future
work should study these effects before deploying
any simulation based system.
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A Additional Experimental Details

The CodeWorkout (DataShop, 2021) dataset was
introduced in the Second CSEDM Data Chal-
lenge (Challenge Organizers, 2021). It contains
actual open-ended code submissions from under-
graduate students in an introductory Java program-
ming course at a US university. The dataset con-
tains textual problem statements and corresponding
KC tags (estimated programming concepts) from a
fixed set of 50 KCs released in Duan et al. (2025b).
In total, 246 students attempt 50 problems covering
various concepts. In our work, we analyze students’
first submissions to each problem, leading to a total
of 10,834 submissions. The average code length
is 40.8 tokens and 15.8 lines, with an average of
2.35 errors per incorrect submission. The Falcon-
Code (de Freitas et al., 2023) dataset consists of
actual open-ended code submissions from under-
graduate students in an introductory Python pro-
gramming course at a US university. The dataset
contains textual problem statements and KC tags
from a predefined set of 60 KCs released in Duan
et al. (2025b). In total, 447 students attempt 84
problems in skill-based format. Similar to Code-
Workout, we analyze students’ first submission to
each problem, resulting in a total of 11,194 code
submissions with an average length of 20.3 tokens
and 5.03 lines, and an average of 1.83 errors per
incorrect submission.

We perform 5-fold cross-validation and report
the average across different test sets. We split both
datasets across students for per-student-problem
pair-level evaluation and across problems for per-
problem-level evaluation, to evaluate generaliza-
tion to unseen students and problems, respectively.
We use a 80%-10%-10% train-val-test split. For
a fair comparison, we use the same base LLM as
KASER, Qwen2.5-Coder 7B Instruct, for base-
lines that require finetuning, and a larger model,
Qwen2.5-Coder 32B Instruct, for prompting-only
baselines and we use vVLLM (Kwon et al., 2023)
for code generation. We load base LLMs with 8-bit
quantization and finetune via Low-Rank Adapta-
tion (LoRA) (Hu et al., 2022). We set LoRA’s
rank=16, alpha=32, and dropout=0.05. We per-

form a preliminary hyperparameter search for best
performance for all models that require further
training. For ParaStudent and Student SFT, we
train for 5 epochs, with learning rate=1e-5, lin-
ear warmup for 10% of steps, and batch size=32
using gradient accumulation. For KASER, we con-
tinue training after SFT and set learning rate=1e-6,
£ = 0.1, number of completions=5 for GRPO
training. We use AdamW (Loshchilov and Hut-
ter, 2019) optimizer for ParaStudent, Student SFT
and KASER. Training ParaStudent and Student
SFT models takes approximately 120 minutes on
FalconCode and 70 minutes on CodeWorkout for
one epoch and KASER training converges in 1 (1)
epochs on CodeWorkout (FalconCode) with each
epoch taking 1620 (960) minutes. All experiments
are conducted on a single NVIDIA L40S 48GB
GPU. At inference time, we set temperature=0.7,
p=1, and top_k=40 for code generation for all mod-
els.

For codeBLEU, we adopt the official implemen-
tation provided in the microsoft/CodeXGLUE. In
addition, we use scipy library to perform the hierar-
chical agglomerative clustering and the embedding
distance calculation. We use Qwen3-Embedding
8B to get the code embedding to calculate the co-
sine distance metric at problem level. To the best of
our knowledge, all software and models we build
our implementation on have open-source licenses
or no available license. Additionally, we are within
their intended terms of use of all software and with
OpenAl API. If we release code, we will ensure
the license and terms reflect the sources we build
on.

B Possible Use Cases in CS Education

We now discuss how knowledge-aligned student
code prediction with accurate error modeling can
support real-world CS educational practices. By
generating code that not only aligns with a stu-
dent’s estimated knowledge state but also repro-
duces the same types of errors observed in ground-
truth student submissions, our approach enables a
fine-grained understanding of how specific miscon-
ceptions manifest in code. For example, if a stu-
dent’s knowledge profile indicates partial mastery
of conditionals and the predicted code consistently
exhibits missing boundary checks or non-boolean
conditions, this suggests a systematic conceptual
gap rather than an incidental syntactic error. In-
structors can use such error-aligned predictions to
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Figure 2: Diversity visualization of student codes.
KASER predicts student codes with higher diversity
and alignment with ground-truth student codes com-
pared to StudentSFT.

interpret student understanding through the lens
of how errors occur, rather than only whether a
solution is correct.

Accurate error prediction also allows instruc-
tors to anticipate student difficulties on open-ended
programming tasks before deployment. Given a
new assignment and a cohort’s knowledge repre-
sentations, the model can simulate likely student
solutions and their associated errors. This enables
educators to proactively design instructional ma-
terials, such as targeted hints, scaffolding ques-
tions, or example walkthroughs, that directly ad-
dress the most probable misconceptions. Com-
pared to coarse correctness-based signals, error-
aligned code prediction provides more actionable
insight for adjusting problem difficulty, sequenc-
ing learning objectives, or introducing prerequisite
review content.

Finally, knowledge aligned error prediction can
support personalized student assistance and instruc-
tional analysis. Predicted code that reflects ground-
truth error patterns can be used to evaluate and
improve automatic feedback systems and exist-
ing error labeling schemes. For student support,
when a learner struggles with a problem, instruc-
tors can identify other students with similar knowl-
edge states and error patterns who later succeeded,
and examine how their errors were resolved over
time. These code trajectories can then be used to
provide more precise and pedagogically appropri-
ate guidance, supporting students while keeping
human educators in the loop.

C Additional Quantitative Evaluation

We report the performance at the per-student-
problem pair level across all student submissions.
We again compare our approach, KASER, to the
strongest baseline, Student SFT. We see similar
trends to the results from the first submission, with
KASER outperforming the best baseline on both
code similarity and error match across all metrics
from Table 5.

Model CodeBLEU@1 CodeBLEU@5 IoU@1 IoU@5
SFT 0.375 0.438 0.097 0.143
KASER 0.403 0.466 0.115 0.179

Table 5: Performance at the per-student-problem-pair
level across all student submissions.

D Additional Qualitative Evaluation
D.1 Predicted Code Diversity Visualization

We embed predicted student codes from
KASER and the best-performing baseline (Stu-
dent SFT) into 4, 096-dimensional code embed-
dings using the Qwen3-Embedding 8B (Zhang
et al., 2025) model. We visualize the embedding
space using t-SNE in Figure 2. We see that stu-
dent codes predicted by KASER occupy a greater
region of the embedding space compared to SFT,
showing that our method preserves diversity in stu-
dent code better than baselines. This advantage can
also be seen in side-by-side comparisons between
predicted code examples in Appendix D.3.

D.2 Error Analysis Examples

We conduct an analysis on specific error types that
KASER successfully simulates and those it strug-
gles to generate on the CodeWorkout dataset. We
identify the most successful simulations by examin-
ing the intersection of generated and ground-truth
errors, finding that the top three most frequently
matched errors are “incorrect comparison logic”,
“missing logic branch”, and “array index out of
bound”. In contrast, we analyze set difference to
uncover the errors KASER most frequently fails to
generate: “unbalanced brace”, “unreachable code”,
and “type mismatch”. This distinction suggests
that while our model effectively simulates logical
errors, it encounters difficulty generating syntax
errors, likely because the backbone models are pre-
trained on vast corpora to prioritize syntactically
valid code. Table 6 provides a qualitative example
illustrating this distinction. In both the ground-truth
and generated code, the model simulates a common
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Problem: Write a function in Java that implements the following logic: Your cell phone rings. Return true
if you should answer it. Normally you answer, except in the morning you only answer if it is your mom
calling. In all cases, if you are asleep, you do not answer.

Ground-Truth Student Code Submission

Predicted Student Code Submission

public boolean answerCell(boolean isMorning,
boolean isMom, boolean isAsleep){
boolean answer;
if(isMorning && isMom) {
return true;

else if(isMorning || isAsleep) {
return false;

else {
return true;

return answer;

public boolean answerCell(boolean isMorning,

boolean isMom,

}

boolean isAsleep){
boolean answer;
if(isMorning && isMom) {

answer = true;

return answer;

else if(isMorning || isAsleep) {
answer = false;
return answer;

}

else {

answer = true;
return answer;

}

Table 6: Example showing KASER is able to simulate the logical error in the ground-truth code, while less likely

to simulate the compilation error.

student coding habit by introducing a boolean vari-
able, and both implementations contain a logical
error that checks other input values before "isAs-
leep", leading to an unexpected output when all
three inputs are true. However, the ground-truth
code includes an additional return answer statement
even though all cases are already covered by the
conditional logic, resulting in an unreachable code
error. In contrast, KASER does not generate this
compilation error.

D.3 Qualitative Predicted Code Examples for
Diversity Visualization

In this section, we present side-by-side compar-
isons of code generated by KASER, Student SFT,
and ICL on a single problem, shown in Table 7
for CodeWorkout and Table 8 for FalconCode. As
shown in Table 7, the ground-truth student code
contains a logical error: the code immediately re-
turns 10 even if all three inputs are the same. In the
outputs generated by KASER, different comple-
tions exhibit varied implementations, yet all con-
sistently reproduce the same logical error as the
ground-truth code. This indicates that KASER is
able to generate more diverse code while remaining
aligned with the student’s knowledge level. In con-
trast, both Student SFT and ICL produce identical
code that correctly solves the problem, failing to
simulate the student error.

We further present an example from FalconCode
in Table 8. In the ground-truth code, the student
incorrectly treats body_aches and loss_of_smell as
boolean variables, although they are strings; conse-
quently, even the value 'no’ is evaluated as True in
Python. Additionally, the student forgets to print

the final result. In the KASER generations, two
completions successfully capture this logical error.
Student SFT also reproduces the same error, but
generates identical code across completions. In
contrast, ICL again fails to simulate the student
error and repeatedly produces the same correct so-
lution. Together, these examples demonstrate that
KASER is effective at simulating more diverse
code while aligning with student knowledge level.

E Prompts

E.1 Prompt for Ground-Truth Error Labeling
Pipeline
We show an example prompt used for the error

labeling in Table 9 and the prompt used for cluster
summarization in Table 10.

E.2 Prompt for Models

We show the prompt used for ICL baseline in 11,
the prompt used for persona generation in Table 12,
and prompt used for Persona Prompting baseline
in Table 13. We also show the prompt used for
Student SFT and KASER in Table 14

E.3 Prompt for LLM-as-a-Judge and Human
Evaluation

We show the prompt used for judge model to select
the errors in generated code during GRPO training,
which is also the prompt for IoU evaluation in Table
15.

F Attribution

Icons used in Figure 1 were made by uniconlabs,
smashicons, and freepik from www. flaticon.com.
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CodeWorkout Problem

You have a green lottery ticket, with ints a, b, and c on it. If the numbers are all different from each other,
return 0. If all of the numbers are the same, return 20. If two of the numbers are the same, return 10.

Code Error Labels

Human Student

public int greenTicket(int a, int b, int c) [incorrect conditional IOgIC]
{

if(a == b || b==c){
return 10;

Yelse if(a ==b && b ==c){
return 20;

Yelse{
return 0;

KASER

;{)ublic int greenTicket(int a, int b, int c) [incorrect conditional 10gIC]

if(a == b || b==c){
return 10;

Yelse if(a ==b && b ==c){
return 20;

Yelse{
return 0;

3
}
?ublic int greenTicket(int a, int b, int c) [incorrect conditional IOgIC]

if(a == b && b==c) {
return 20;

} else if (a!=b && b!=c) {
return 0;

} else {
return 10;

3

}

Student SFT

public int greenTicket(int a, int b, int c) [

if(a == b & b == ¢)
return 20;
if((a == b || a==c) || b==c)
return 10;
else
return 0;

}
public int greenTicket(int a, int b, int c) [

if(a == b & b == ¢)
return 20;
if((a == b || a==c) || b==c)
return 10;
else
return 0;

ICL

public int greenTicket(int a, int b, int c¢) { [
if (a == b & b == ¢) {
return 20;
} else if (a ==b || b ==c || a == ¢) {
return 10;
} else {
return 0;
3
}

public int greenTicket(int a, int b, int c) { [
if (a == b && b == ¢) {
return 20;
} else if (a == b || b == ¢ || a == ¢) {
return 10;
} else {
return 0;
3
}

Table 7: Example code from different models for a problem from CodeWorkout dataset
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FalconCode Problem

Get the following values from the user: Body temperature (in Fahrenheit), Body aches (a string, which
will be either "yes" or "no"), Loss of smell (a string, which will be either "yes" or "no")

Using the following rules as a guide, have your program determine a person’s risk of having an infectious
disease: If the person’s temperature is above 100.4 degrees, print "High Risk". If the person is experiencing
both body aches and loss of smell, print "High Risk". For all other situations, print "Low Risk".

Code Error Labels

Human Student
temperature = float(input("What is your temperature in degrees F?\n")) ] 111 1
body_aches = input(”Have you had body aches?\n") [lIICOITCCt COIldlthIlal IOglC,
loss_of_smell = input("Have you experienced a loss of smell?\n")

if temperature> 100.4:
status=("High Risk")

elif body_aches and loss_of_smell:
status=("High Risk")

else:
status=("Low Risk")

output missing]

KASER
temperature = float(input(”What is your temperature in degrees F?\n")) 1 111 1
body_aches = input(”"Have you had body aches?\n") [IHCOITCCt conditional 10gIC]
loss_of_smell = input("Have you experienced a loss of smell?\n")
if temperature > 100.4 :
print ("High Risk")
elif body_aches == yes & loss_of_smell:
print ("High Risk")
else :
print ("Low Risk")
temperature = float(input(”"What is your temperature in degrees F?\n")) 3 111 3
body_aches = input(”"Have you had body aches?\n") [lnCOITeCt COIldlthIlal IOgIC]
loss_of_smell = input(”"Have you experienced a loss of smell?\n")
if temperature > 100.4 and body_aches == 'yes' and loss_of_smell == 'yes':
print('High Risk"')
lse:
print('Low Risk")
Student SFT
temperature = float(input(”"What is your temperature in degrees F?\n")) 1 1t 1
body_aches = input("Have you had body aches?\n") [lnCOITeCt COIldlthIlal IOgIC]
loss_of_smell = input("Have you experienced a loss of smell?\n")
if temperature > 100.4 :
print ("High Risk")
elif body_aches == yes and loss_of_smell == yes
print ("High Risk")
else :
print ("Low Risk")
temperature = float(input("What is your temperature in degrees F?\n")) 1 1t 1
body_aches = input("Have you had body aches?\n") [IHCOHCCt COIldlthIlal 10g1C]
loss_of_smell = input("Have you experienced a loss of smell?\n")
if temperature > 100.4 :
print ("High Risk")
elif body_aches == yes and loss_of_smell == yes
print ("High Risk")
else :
print ("Low Risk")
ICL
temperature = float(input(”What is your temperature in degrees F?\n")) [
body_aches = input("Have you had body aches?\n")
loss_of_smell = input("Have you experienced a loss of smell?\n")
if temperature>100.4:
print('High Risk")
elif body_aches == 'yes' and loss_of_smell == 'yes':
print('High Risk"')
else:
print('Low Risk"')
temperature = float(input(”What is your temperature in degrees F?\n")) [
body_aches = input(”"Have you had body aches?\n")
loss_of_smell = input("Have you experienced a loss of smell?\n")
if temperature>100.4:
print('High Risk')
elif body_aches == 'yes' and loss_of_smell == 'yes':

print('High Risk"')

lse:
print('Low Risk"')

Table 8: Example code from different mgglglssfor a problem from FalconCode dataset



System Message:

You are an expert Java programming instructor and automated code reviewer.

Given a Java programming problem and a student’s buggy code solution, your task is to identify
all errors present in the code. There is at least one error in the code. Use concise and standardized
label/taxonomy for each error. Make sure the error label is generalizable without problem specific
description.

Take the following error label examples as reference:

Syntax Error (Examples): Confusing assignment with equality, Unbalanced parentheses, Semicolon
errors

Runtime Error (Examples): Uninitialized Variables, Parameter confusion, NullPointerExceptions
Logical Error (Examples): Off-by-one errors, Integer Division, Infinite Loops

Return a JSON object with this template:
"errors": [ "Reasoning": "<one sentence explanation of the error in the code>", "Category":
"Syntax | Runtime | Logical", "Label": "<error label>" ] }

User prompt:

Problem: A sandwich is two pieces of bread with something in between. Write a Java method that
takes in a string str and returns the string that is between the first and last appearance of "bread” in
str. Return the empty string "" if there are not two pieces of bread.

Code:
public String getSandwich(String str){
String bread = "bread”;

if (str.contains(bread) && str.length() >= 10){
int first = str.indexOf (bread);
int last = str.lastIndexOf(bread);
String between = str.substring(first + 5, last);
return between;

Table 9: Example prompt for Error Labeling with In-Context Examples for different error categories

System Message:

You are an experienced computer science teacher.

You will be provided with a list of errors from student code that refer to the same underlying errors
but may vary in wording.

Your task is to: 1. Carefully examine all the errors in the list to ensure none are overlooked. 2.
Reason explicitly the error refer to the same underlying concept or if they are related but represent
distinct or complementary aspects of a broader theme. 3. Based on your reasoning: select one
error from the list that best represents the group — choose the one that is most clearly worded,
generalizable, and inclusive of the others. Remove all problem specific description from the selected
erTor.

Return output strictly in the following JSON format:

{ "Reasoning": "<Exactly one sentence explaining your reasoning on the majority error>", "Repre-
sentative_error": "<Error name>" }

User prompt:
The error list is: ["incorrect conditional structure"”, "conditional logic error", "missing conditional

non

logic", "incorrect conditional logic"]

Now follow the instructions in system message and perform the task.

Table 10: Example prompt for Error cluster summarization
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System Message:

You are a student code simulator.

Given a Java programming problem and the student’s past code submissions, simulate the code the
student would write for the given problem. Output only the code, with no explanations or comments.

User prompt:
Past Submissions:

{Past Code Submissions}

Problem:
{Problem Statement}

Simulate the student written code:

Table 11: Prompt for ICL Baseline

System Message:

Given a student’s past code submissions, generate a persona that describes the student’s overall
programming skills and style but not specifically to any particular problem. Output the persona
description in 3-5 sentences.

User prompt:
Past Submissions:

{Past Code Submissions}

Generate the student’s programming persona:

Table 12: Prompt for persona generation

System Message:

You are a student code simulator.

Given a Java programming problem and the student’s persona on their programming skills, simulate
the code that student would write for the given problem. Output only the code, with no explanations
or comments.

User prompt:
Student Persona:

{Persona Description}

Problem:
{Problem Statement}

Simulate the student written code:

Table 13: Prompt for Persona prompting baseline
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System Message:

You are a student code simulator.

Given a programming problem and the student’s mastery levels for specific knowledge components
(KCs), generate {language} code that reflects the understanding, including plausible student errors.
Output only the code, with no explanations or comments.

User prompt:
Problem:
{Problem Statement }

Student information:
KC 1: {KC 1 name}. The student’s mastery level on {KC 1 name} is {KC 1 mastery level}.
KC 2: {KC 2 name}. The student’s mastery level on {KC 2 name} is {KC 2 mastery level}.

Simulate the student written code:

Table 14: Prompt for Student SFT and KASER training

System Message:

You are an experienced code reviewer.

Given a programming problem along with a code and a list of errors, your task is to: 1. Examine
the code and all the errors in the list. 2. Reason which errors from the list are included in the code
and return all that apply based on your reasoning. 3. Return an empty list if none of the errors are
present in the code or the code is correct.

The output MUST match this exact schema:
"errors": ["error 1", "error 2", ...]}

User prompt:
Problem: {Problem Statement}

Code: {Code}

Error list: {Error list}

Table 15: Prompt for LLM-as-a-Judge during the GRPO training loop and for human annotators during evaluation,
ensuring consistent criteria across GRPO training and human assessment.
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