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ABSTRACT

Artificial students—models that simulate how learners act
and respond within educational systems—are a promising
tool for evaluating tutoring strategies and feedback mech-
anisms at scale. However, most existing approaches rely
on prompting large, proprietary language models, limiting
adaptability to specific courses and raising concerns around
privacy, cost, and dependence. In this work, we propose a
framework for training open-weight artificial programming
learners directly from authentic student process data. Our
approach serializes temporal log traces into a conversational
format, representing each student’s problem-solving process
as a dialogue between the learner and their automated as-
sessment, system. Student code submissions and environ-
ment feedback, such as test outcomes, grades, and error
traces, form alternating conversational turns, enabling mod-
els to learn from the iterative debugging process. We ad-
ditionally introduce a training pipeline combining super-
vised fine-tuning with preference optimization to align mod-
els with authentic student debugging behavior. We evalu-
ate our framework by training Qwen models at 4B and 8B
scales on a large-scale dataset of real student submissions to
Python programming assignments. Our results show that
incorporating environment feedback strengthens models’ abil-
ity to replicate student debugging behavior, improving over
both prior code-only approaches and prompted large lan-
guage models baselines in functional alignment and code
similarity. We release our code to support reproducibility.
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1. INTRODUCTION

To better support learners at scale, computing education re-
search has long relied on models of students built from the
rich log data collected as they solve programming assign-
ments |17} 46]. Much of this work focuses on capturing what
students know, such as estimating mastery over concepts
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through knowledge tracing |7} 18] 44], or identifying miscon-
ceptions that explain incorrect outcomes [40]. These mod-
els provide valuable insights into learning progress and have
informed the design of successful interventions [3]. How-
ever, while such approaches are effective for analyzing stu-
dent cognition and predicting outcomes, operationalizing in-
terventions based on these models remains challenging. In
many settings, what is needed is not only an estimate of
what a student knows, but a model of how a student be-
haves: how they act, react, and progress when interacting
with learning systems. This has motivated growing interest
in artificial students—models that act as stand-ins for real
learners by generating plausible sequences of actions [43,
206}, [5]. When realistic, artificial students could enable the
simulation of student—system interactions and support con-
trolled experimentation, such as comparing tutoring strate-
gies, evaluating feedback policies, or assessing the difficulty
of programming tasks, as already done in prior works [32,
12} |29], without requiring repeated classroom deployments.
Despite this promise, existing artificial student models re-
main limited, particularly in programming education. Re-
cent work using large language models has shown that it is
possible to generate student-like code |23} [25], but these ap-
proaches often rely on prompting alone and tend to repro-
duce surface-level error patterns rather than the dynamic
nature of real student debugging. In particular, existing
methods remain limited in their ability to realistically sim-
ulate how learners tackle programming assignments.

In this work, we leverage the rich process data already col-
lected by programming learning environments to train small
and medium size open-weight models for within-assignment
student simulation |27, |35]. Since student data is sensi-
tive and institutional, this offers a more practical path than
prompting proprietary systems [35], keeping data local while
learning the iterative debugging patterns that prompting
alone cannot reliably elicit. Our core innovation is to repre-
sent each problem-solving trajectory as a dialogue between a
student and their learning environment. Student code sub-
missions are encoded as assistant turns, while outputs from
automated assessment systems (e.g., unit-test outcomes, or
grader messages) form the corresponding user turns. By
adopting the conversational format commonly used to inter-
act with language models, we turn raw log traces into struc-
tured sequences that capture how a student’s code evolves
in response to feedback. This representation enables chat-
capable language models to learn from iterative debugging
sequences without requiring architectural modifications.



To train artificial students from this conversational repre-
sentation, we propose a pipeline combining supervised fine-
tuning with offline preference optimization via Direct Pref-
erence Optimization [33]. We additionally explore online
preference optimization methods based on Group Relative
Preference Optimization [50]. We evaluate our framework
on FalconCode [9], a large-scale dataset of student submis-
sions to Python programming assignment, training Qwen
models [41] at 4B and 8B scales. Our results show that in-
corporating environment feedback strengthens models’ abil-
ity to replicate student debugging behavior, improving over
both prior code-only baselines and prompted large language
models in functional alignment and code similarity.

Summary contributions. Our main contributions are:

e Student-environment serialization. We introduce a con-
versational formulation of student—environment inter-
actions that enables language models to learn students
iterative debugging processes.

e A training methodology for artificial students. We pro-
pose a pipeline combining supervised fine-tuning and
preference optimization to align language models with
authentic student coding trajectories.

e Empirical evaluation on real student data. We vali-
date our framework on a large-scale dataset of stu-
dent programming submissions, showing that environ-
ment feedback and preference optimization yield com-
plementary gains in simulation realism. We also re-
lease our code: €) KoutchemeCharles/edm-conv-ser

2. RELATED WORK

A complementary line of work focuses on knowledge tracing
(KT), whose primary goal is to estimate a student’s mastery
of knowledge components across exercises. While early ap-
proaches focused exclusively on predicting success on future
assignments, more recent methods leverage language-model—
based architectures to predict students’ first submission to
following assignments and the associated outcomes [24] 13|
15]. While such methods may predict student programs, this
prediction serves mainly as an intermediate signal for updat-
ing knowledge estimates across programming tasks, not as
a goal in itself. In contrast, we aim to obtain models that
can be unrolled over multiple steps within a single assign-
ment to generate and simulate problem-solving trajectories.
Closer to our work in the educational domain is Miroyan et
al. [27], who train open-weight language models using super-
vised fine-tuning to predict a student’s next submission to
Python programming assignments given a limited context
of prior attempts. Their work shows that trained language
models perform better than prompted LLMs. Ross et al. [35)
go further by fine-tuning pre-trained language models on 3.8
million traces from a block-based educational programming
platform, showing that models trained on real edit sequences
yield richer representations of student behavior than those
trained on final programs alone. However, neither approach
incorporates the learning environment’s responses to student
submissions. Yet, serializing structured data into conversa-
tional format for language model training is well-established
in NLP, with extensive work on synthetic dialogue genera-
tion (28] |11}, 49] and math-informed dialogues [1].

Closest to our approach is OpenCodelnterpreter |51], which
fine-tunes open-weight language models on multi-turn code-
execution dialogues to improve code generation and refine-
ment abilities. While their approach also serializes execu-
tion feedback into multi-turn dialogs, our work differs in
two key aspects. First, our goal is to reproduce student
problem-solving behavior, not to improve code generation;
we train on authentic student trajectories rather than syn-
thetic expert-generated interactions refined through execu-
tion outputs. Second, we develop preference optimization
methods specifically adapted to student programming tra-
jectories, leveraging infrastructure tied to learning environ-
ments, in particular the autograder, to construct preference
pairs for training.

3. FROM LOGS TO DIALOGS

In this section, we introduce our approach for transforming
student log data into suitable data for student simulation.
Our work assumes that students interact with an automated
assessment system returning summative feedback [6].

3.1 Assumptions
We assume access to a deterministic grading function which,
for a submitted program a to a programming assignment

d, can return two observable components: vﬁd)(a) =7 and

v}d) (a) = 0. The numerical score r € [0, 1] measures the cor-
rectness of the executed program (e.g., proportion of passed
test cases). The textual feedback o contains the textual
outcome of executing that submission: summaries of passed
tests, numerical grades, and/or even runtime error traces,
depending on what each dataset provides. We do not as-
sume any internal structure of the (summative) feedback,
only that it is consistently produced and directly observable
in the logs. We also assume access to a dataset of institu-
tional log data containing sequences of graded submissions
and their outcomes: D = {(d%, s")},, where d’* denotes
an assignment textual description and s° = (u},u}, ... ,uiTi)
denotes the sequence of graded interactions for a single stu-
dent on that assignment. Each entry u} = (ai, o,’;) contains

the submitted program af and its outcome of = U}dz)(a,’;).
The trajectory length T; equals the number of graded sub-
missions recorded for assignment d".

3.2 Serialization

We represent student programming logs using the standard
conversational format used to train and interact with chat-
capable language models [31]. We structure each trajec-
tory as a dialogue where the user role represents the auto-
mated assessment system and the assistant role represents
a student learning how to program. The system prompt
establishes the context: the model is a novice student learn-
ing to program, solving assignments while interacting with
a learning environment that provides summative feedback.
The initial user message provides the assignment descrip-
tion d; and any relevant context. Each logged interaction
ul = (ai,oi) then maps to two conversational turns: the
student’s code submission ai appears as an assistant turn,
followed by the grading environment’s feedback o} as the
next user turn. This alternating structure naturally cap-
tures the iterative debugging process: students write code,
receive feedback, then revise based on that feedback. Below
is an illustration using a simple Python assignment:


https://github.com/KoutchemeCharles/edm-conv-ser

You are a first-year novice student learning

programming in Python. Solve the given programming
assignment(s). You will be interacting with a learning
environment which will provide you with summative feedback.

f

Write a Python function called "compute_average".
The function should take as argument a (non-empty) list of
integers and returns the mean over those elements.

def compute_average (nums) :
total = nums[0]
for i in nums:
total += i
return average / len(nums)

[ Runtime error: undefined variable "average".

i

Assistant
def compute_average (nums):

total = nums[0]
for i in nums:
total += i
return total / len(nums)

[ Tests passed: 1/8

Assistant

T

def compute_average (nums):
total = 0
for i in nums:
total += i
return total / len(nums)

i

[ Tests passed: 8/8

4. TRAINING ARTIFICIAL LEARNERS

In this section, we present our training pipeline for training a
language model 7y to simulate how programming students
solve assignments. Our core pipeline combines supervised
fine-tuning with offline preference optimization on a serial-
ized dataset D. We additionally explore online preference
optimization as an alternative to the offline stage.

4.1 Supervised Fine-tuning
The first method is to simply supervised finetune our model
o using the negative log likelihood (i.e., SF'T) objective:

T;
Lowr(0,D) = — > > logmo(ai | uly) .

steD t=1

Following prior work, we only backpropagate the loss on
assistant turns [10| containing student code submissions.
The supervised fine-tuning step enables models to quickly
learn patterns of student problem-solving.

4.2 Offline Preference Optimization

We use Direct Preference Optimization [33] (DPO), an of-
fline preference optimization algorithm that aligns language
models using pairwise preference datasets. This algorithm
has shown much success in applied Al in education |21} 48|
38]. In this work, we construct preference datasets by form-
ing contrastive pairs of candidate continuations from the
same student trajectory. Let u’, denote a sampled partial
trajectory of a student up to step t. The preferred continua-
tion is the student’s immediate next submission a§+1, while
the dispreferred continuation is the first following submis-
sion with a different grade. Formally, if we define:

k*(i,t) = min {k € 2,1 — 1] : v\ (aly) # v$d>(a§+1)}.

then the resulting preference dataset is :

D :{ui ,ai ,ai (i } .
pro ( St Bl Batk (’t>) i=1,...,N; t€T;
We believe a? 4k (s,¢)» the nearest semantically distinct code
the student actually wrote, provides a high-quality contrast
that teaches the model why students submit specific solu-
tions at each step, preventing models from jumping pre-
maturely to fully correct solutions, a pattern observed in
prior work [27]. Using the resulting dataset, we optimize
our model using the DPO loss [33]:

EDPO (9) = _]E(u7

4191419 ) ~PDPO

[10g U(Te(uigm ai+1) —Te (Uign ai+k*(i,t)))] (1)
where o is the sigmoid function and

mo(a | u)

ro(u,a) £ Blog m-

(2)

with 7y being the model being optimized and ¢ being the
reference policy (the model before the start of the optimiza-
tion (often 7srr)). In essence, Equation penalizes the
model based on how much more it prefers the dispreferred
generation over the preferred one using an implicit reward
(Equation ), defined by the model probabilities, with 3
controlling how much the trained model weights 6 can devi-
ate from their initialization point (e.g., the SFT weights).

4.3 Online Preference Optimization

We additionally explore whether online preference optimiza-
tion can exceed offline methods for student simulation. Specif-
ically, we use a variant of Group Relative Preference Opti-
mization (GRPO) |16], an online algorithm that iteratively
(1) samples multiple candidate next-step programs from the
current policy, (2) evaluates them through a reward func-
tion, and (3) updates the model according to their rela-
tive quality. At each iteration, given a trajectory prefix
ul,, we sample G = 4 candidate next-step programs us-
ing top_p sampling. Each candidate is scored using a dis-
crete reward that captures two complementary aspects [19]
of next-step program prediction: functional alignment and
syntactic similarity. Candidates whose abstract syntax tree
exactly matches the student’s actual next submission receive
the highest reward (42.0). Candidates that do not match
exactly but achieve the same grade as the student’s next at-
tempt receive a smaller reward (41.0). Candidates that fail
to compile are penalized (-1.0), while all remaining candi-
dates receive no reward. This tiered design prioritizes repro-
ducing the student’s specific solution while still rewarding
functionally equivalent behavior, and aligns with outcome-
based reward practices in code generation [22]. We update
model parameters using DAPO [50], a more stable version
of the original GRPO algorithm. Due to space constraints,
we refer the reader to the original paper and our code base
for the full loss formulation.

S. EXPERIMENTS

In this section, we detail the components of our experiments
aimed at evaluating the utility of our framework.



5.1 Dataset

We evaluate our framework using FalconCode [9], a large-
scale CS1 Python programming dataset from the United
States Air Force Academy. The dataset includes student
submissions, the associated grades, and the course auto-
grader, which we used to regenerate the same detailed sum-
mative feedback students received during the course, show-
ing pass/fail and expected outputs per test case. FalconCode
contains three assignment difficulty levels: “skill”, “lab”, and
“project”. We excluded project assignments (lacking au-
tomated tests) and skill assignments (1-10 lines of code).
Lab assignments represent medium-sized programs (10-50
lines). To manage the costs of running our experiments, we
arbitrarily selected the assignment with the highest num-
ber of submissions from each lesson regrouping assignments
targetting similar concepts. We retained trajectories where
students passed at least one test, as all-failing trajectories
often reflect non-serious attempts. We further removed non-
compiling submissions but retained runtime errors and traces
as environment feedback. We leave the handling of syntax
errors to future work. FalconCode spans three semesters. To
mimic realistic deployment, we use data from Spring 2021
for training, and evaluate on a randomly sampled susbet of
1000 trajectories from Spring 2022.

5.2 Models

We fine-tune two open-weight language models from the
Qwen family [41]: Qwen3-4B-Instruct and Qwen3-8B. We
selected these models for their strong performance on cod-
ing benchmarks and to study model size effects on student
simulation quality.

Model variants. We evaluate variants to isolate the con-
tribution of our framework components. As a baseline to
prior work [27], we train models without environment feed-
back (PARA). Within our framework, we compare SFT (su-
pervised fine-tuning), DPO (offline preference optimization),
and DAPO (online preference optimization). For both pref-
erence optimization, we start training from the SFT weights.

Training setup. We use unsloth [8] to enable long-context
fine-tuning on NVIDIA V100 GPUs with 32 GB of VRAM,
using triton, our institution research cluster. All models
are fine-tuned with QLoRA [10], following established hyper-
parameter recommendations [39, 42]: rank r = 8, a = 16.
Models are trained with a maximum context length of 4096
tokens. When trajectories exceed this limit, we remove ear-
lier assistant turns until the sequence fits, creating a dy-
namic sliding window over recent submissions. For PARA
models, unlike [27] who use a fixed window of k = 4 prior
submissions, we dynamically limit prior submissions based
on the context window size such that all trained models op-
erate under the same computational constraints. We use a
cosine learning rate of 1 x 10™* for SFT variants (including
PARA) (one epoch) and 1 x 107 for preference optimiza-
tion, with 8 = 0.5 for DPO following [38]. For SFT variants
and DPO, we select the best checkpoint based on validation
loss from 20% of training data. For DPO, we sample all posi-
tions from all available trajectory prefixes from the training
set. For GRPO, we sample two positions from each trajec-
tory due to computational costs, generating G = 4 possible
attempts per trajectory.

In-context learning baselines. To assess the value of fine-
tuning, we include in-context learning (ICL) baselines using
BASE model variants without training. We also evaluate
the proprietary GPT-5-mini [30] model under the minimal
reasoning configuration (see OpenAl model documentation).

5.3 Evaluation

For each test trajectory, we evaluate model predictions at
all possible starting positions ¢t > 2. Given a partial history
u’,, we autoregressively roll out the model for up to 5 steps
using greedy-decoding. At each rollout step j € {1,...,5},
the model generates a submission diﬂ- conditioned on the
original history and all previously generated rollout steps.
Each generated submission is evaluated by the grading en-

vironment to produce the outcome 6§+J~ = v}dl>(di+j), which
is then appended to the context for subsequent predictions.
Rollout terminates early if there is no corresponding ground
truth student generation or if the model generates a fully
correct solution.

Metrics. We report three complementary metrics averaged
across all predictions. First, coverage measures the propor-
tion of ground-truth student submissions with model predic-
tions. Coverage is less than 1.0 when models prematurely

submit a correct solution (at step k& where vﬁdz)(dak) =1)

while the student has not yet finished (v,(ﬂdi)(ai+k) <1),a
known challenge in student simulation [27]. For matched
pairs where models did generate, we evaluate generation
quality using two metrics: (1) CodeBLEU [34], measuring
token-level syntactic and semantic similarity [15,|13},/24]; and
(2) grade proximity, computed as 1—|v$d> (diﬂ)—vf«d) (aiyj)l,
where higher values indicate closer functional alignment.
These quality metrics are computed only on matched pairs
where models did generate, to avoid biasing results against
models that correctly stop at perfect grades. Conversely,
this means models with different coverage levels have their
quality metrics computed on different susbet of predictions,
which should be kept in mind when comparing across meth-
ods. To assess robustness over rollouts, we also report av-
erage degradation A for each metric, which we compute as
Am = Zszz (my —ma1), where my denotes metric per-
formance at rollout step k and K = 5. More negative values
indicate faster degradation from the first step.

6. RESULTS

Table [I] summarizes our training and test split statistics.
Table [2] reports coverage and generation quality metrics av-
eraged across all rollout steps. Figure[1| details performance
at each rollout step, and Figure [ illustrates how model-
generated grades evolve compared to students ground truth
grades. We highlight several key findings below.

Table 1: FalconCode dataset statistics. Summary of train-
ing and test splits. #Traj: total trajectories; #Stud:
unique students; #Succ/#Fail: trajectories with final grade
100%/below 100%; #Asg: unique programming assignments;
Avg. Len: mean submissions per trajectorys;

Split  #Traj #Stud #Succ #Fail #Asg Avg.Len

Train 1762 448 1712 50 17 22.4
Test 1000 384 981 19 15 20.1




Table 2: Rollout performance metrics. Legend: Cov (Cov-
erage), GP (Grade Proximity), CB (CodeBLEU). Metrics
averaged across k=1 to k=5 steps ahead, with degradation
(A) showing the average drop from k=1 to k=2..5. Negative
A values indicate performance worsens over longer rollouts.
Bold: best performance within each model.

Average Degradation
Model Method | Cov GP CB | ACov AGP ACB

Qwen3-4B BASE 0.528 0.690 0.491 | -0.640  0.278  -0.063
PARA | 0918 0.763 0.695 | -0.118 -0.071 -0.137
SFT 0.922 0.782 0.704 | -0.107 -0.060 -0.138
DPO 0.982 0.797 0.700 | -0.024 -0.079 -0.137
DAPO | 0.859 0.781 0.700 | -0.203 -0.068 -0.138
Qwen3-8B BASE 0.570 0.733 0.581 | -0.581  0.287 -0.046
PARA | 0921 0.785 0.714 | -0.112 -0.059 -0.121
SFT 0.921 0.793 0.718 | -0.110 -0.062 -0.126
DPO 0.957 0.796 0.714 | -0.061 -0.074 -0.129
DAPO | 0919 0.796 0.709 | -0.116 -0.078 -0.133
GPT-5-mini BASE 0.340 0.549 0.433 | -0.910 0.184 -0.078

Prompted baselines cannot simulate realistic student behav-
ior. BASE Qwen models achieve substantially lower cov-
erage (0.528 for 4B, 0.570 for 8B), grade proximity (0.690,
0.733), and CodeBLEU (0.491, 0.581) than any fine-tuned
model. GPT-5-mini performs worst overall, with a coverage
of only 0.340 and grade proximity of 0.549. Its low coverage
indicates that it frequently generates fully correct solutions
that terminate trajectories after one or two steps, while its
low CodeBLEU (0.433) confirms that the code it does pro-
duce has little resemblance to student submissions. Interest-
ingly, BASE Qwen models outperform GPT-5-mini, possibly
because their smaller capacity leads to genuine mistakes that
incidentally resemble student errors, whereas GPT-5-mini’s
stronger coding ability defaults to expert-like solutions de-
spite the explicit personification prompt.

Environment feedback improves student simulation. SFT
performs as well as or better than PARA on all three metrics
for both models (Table[2). The margins are modest but the
pattern is consistent. This is notable because PARA has a
structural advantage: without environment feedback in the
context, it can fit more prior student submissions within
the same token budget. Despite this, environment feed-
back proves more informative than additional code history.
We hypothesize that earlier submissions, particularly from
already-passed test stages, carry diminishing signal about
the student’s current debugging strategy, whereas grader
feedback directly conditions the next revision.

Offline preference optimization yields the strongest results.
DPO achieves the highest coverage across both model sizes
(0.982 for 4B, 0.957 for 8B), producing valid code at more
rollout steps than any other method. It also achieves the
highest grade proximity for 4B (0.797 vs. 0.782 for SFT).
SFT achieves slightly higher CodeBLEU (0.704 vs. 0.700 for
4B; 0.718 vs. 0.714), although this gap may partly reflect
DPO’s higher coverage: by generating at more rollout steps,
DPO is evaluated on a broader and likely harder subset of
predictions. DAPO shows mixed results: it matches DPO
on grade proximity for 8B but achieves the lowest cover-
age among fine-tuned models on 4B (0.859), and does not
consistently improve over SFT.
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Figure 1: Performance across rollout steps. Coverage (top),
Grade Proximity (middle) and CodeBLEU (bottom) as a
function of autoregressive steps ahead (k=1 to k=5).

Performance over steps and trajectory position. Looking at
Figure BASE model coverage drops sharply (A = —0.640
for 4B, —0.581 for 8B), as they frequently generate solutions
that terminate the trajectory prematurely. Trained models
degrade less, with DPO maintaining the highest coverage
throughout (—0.024 for 4B, —0.061 for 8B), while DAPO
coverage reduces more substantially over time (—0.203 for
4B). All fine-tuned models exhibit similar grade proxim-
ity degradation across rollout steps, with drops of approxi-
mately 0.06-0.08 from k=1 to k=5. The pattern over size is
nuanced: for the 4B model, PARA degrades faster than SF'T
on grade proximity (—0.071 vs. —0.060), but for 8B, PARA
degrades the least (—0.059) while preference-optimized mod-
els degrade the most (DPO: —0.074, DAPO: —0.078). De-
spite this, DPO maintains a higher absolute grade proxim-
ity compared to PARA at every rollout depth. Figure
shows that DPO-trained models most closely follow real
student grade progression throughout normalized trajecto-
ries. DAPO models in contrast struggle to track students
progressions. BASE models exhibit the opposite pattern:
their grade proximity improves over rollout steps (+0.278
for 4B, 40.287 for 8B), and GPT-5-mini shows the same
trend (40.184). Figurereveals an interesting pattern: un-
trained models generate solutions that achieve similar grades
independently of trajectory position. We hypothesize that
these models attempt to generate correct solutions, rather
than adapting to the student’s current progress. The differ-
ence is that GPT-5-mini largely succeeds, producing near-
perfect grades throughout, while BASE Qwen models fail
enough test cases that the corresponding grades happen to
align with students grades at later trajectory positions. Nei-
ther reproduces the progressive improvement characteristic
of real students. CodeBLEU shows more uniform downward
trends across all trained models (= —0.13), suggesting that
syntactic divergence accumulates at a similar rate regard-
less of training method. BASE model CodeBLEU remains
comparatively stable (—0.063 for 4B, —0.046 for 8B).
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Figure 2: Grade progression across normalized trajectory po-
sition. Comparison of predicted grades between artificial stu-
dent models and real students (black dashed, the average).
The x-axis represents normalized position (by length) within
a student’s problem-solving trajectory (0 = start, 1 = end).
Shaded regions indicate 95% confidence intervals. The ground
truth line does not reach 1.0 as some students failed. The
abrupt jump reflects the proportion of students who resolve
multiple failing test cases in a single revision.

7. CONCLUDING DISCUSSION

Our experiments show that conversational serialization of
student—environment interactions, combined with preference
optimization, produces artificial students that more closely
track real learners’ debugging behavior than prompted base-
lines and models trained without feedback. Performance
improvements compared to baselines are consistent in direc-
tion across both model sizes and all rollout steps. We believe
coverage and grade proximity are particularly important di-
mensions for student simulation: models that generate code
at every trajectory step, passing and failing the same tests
at the same stages as real students, capture the incremental
nature of real problem-solving more faithfully than models
optimizing for surface-level code similarity alone. Among
our findings, offline preference optimization via DPO pro-
vides the largest gains on these dimensions, achieving the
highest coverage and grade proximity across both model
sizes. Online preference optimization (DAPO) on the other
hand does not consistently improve over SFT. We hypoth-
esize that DAPQO’s weaker results may stem from (a) our
computational constraint of sampling only 2 prefixes per tra-
jectory compared to DPQ’s exhaustive coverage, and (b) the
absence of chain-of-thought reasoning [47] prior to code gen-
eration, which online methods typically rely on for effective
optimization. Our results thus suggest that without explicit
reasoning traces, offline methods may remain more practical
than recent online alternatives for student simulation.

While our experiments focus on within-assignment simula-
tion, we hope the proposed framework will support several
existing research directions.

Bridge with knowledge tracing and tutoring. Knowledge trac-
ing (KT) models estimate a learner’s latent proficiency across
assignments, often predicting whether a student will solve a
future task on the first attempt. Our framework operates at
a complementary granularity: modeling the fine-grained de-
bugging steps and intermediate attempts that precede suc-
cess within a single task. We envision connecting these two
levels by using cross-problem KC estimates as conditioning
inputs to our simulation prompt [14], allowing our artificial
students to exhibit more realistic learner behavior.

Bridge with tutoring. Moreover, our conversational serializa-
tion treats the automated assessment system as a dialogue
partner that provides summative feedback. This is struc-
turally identical to how a tutor agent would interact with
a student. By representing student—environment interac-
tions in this format, we could seamlessly extend sequences
to include student—tutor exchanges, combining debugging
traces with tutoring interactions [2| in a single sequence.
This opens several directions: our models could be adapted
to predict student success conditioned jointly on debugging
attempts and tutor exchanges [37], or integrated into conver-
sational knowledge tracing frameworks [36]. More broadly,
artificial students trained with our approach could serve as
scalable simulators for reinforcement-learning—based tutor
training [12], where student success provides a training sig-
nal of tutoring strategy effectiveness.

Limitations. Our work is not free of limitations. We ex-
perimented with a single Python programming dataset and
one model family across two sizes. Validation on additional
datasets from different institutional contexts (with different
autograder feedback styles) and programming languages is
needed. Our evaluation data is heavily skewed toward suc-
cessful students: 95% of trajectories end with a perfect score,
meaning our results primarily reflect simulation quality for
learners who ultimately succeed. This skew is partly inher-
ent to programming courses, where most students eventually
pass [45] and those who do not often abandon the course
entirely [4, 20]. However, struggling students are precisely
those most in need of intervention; modeling their behav-
ior, including trajectory abandonment, remains important
future work. We also report results using greedy decoding
on a single semester of test data without statistical test-
ing; evaluating under varied sampling strategies and data
splits would strengthen confidence in our findings. Finally,
while our metrics demonstrate that models replicate student
grade trajectories and code similarity, one needs to validate
whether these new artificial students will be effectively use-
ful for the downstream applications we motivate, such as
tutor training or intervention testing. Establishing this ed-
ucational validity is important future work.

Future work. Beyond addressing the highlighted limitations,
there are three direct next steps for student simulation.
First, we will explore agent-based artificial students equipped
with execution, submission, and editing tools, mirroring the
interactive environments real students use when program-
ming. Second, we will improve our online preference opti-
mization method. GRPO-style methods are known to im-
prove model performance when elicited to produce chain-
of-thought reasoning. By prompting models to generate
explicit student-like thought traces in between tool oper-
ations, we hope to improve such models’ ability to follow
students’ processes while potentially yielding post-analysis
insights into why students code the way they do. Lastly, we
will explore methods to address the challenge of efficiently
integrating students’ prior history (i.e., their attempts at
prior assignments) to enable better personalization.
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