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ABSTRACT

Data-driven approaches for next-step hint generation in pro-
gramming suffer from a cold-start problem, meaning that
high-quality hints depend on the presence of sufficiently sim-
ilar student data — which is missing whenever systems are
deployed for new programming tasks. Pre-trained large lan-
guage models (LLMs) circumvent this cold-start problem.
However, because LLMs are not fine-tuned for specific tasks,
their hints may contain irrelevant information, or reveal the
solution outright. Further, LLMs require substantial re-
sources and long response times to generate hints. We pro-
pose to combine the strengths of both LLMs and data-driven
approaches: We harness the flexibility of LLMs to gener-
ate diverse artificial student solutions. Then we compare
methods for simulating student programming traces, thus
addressing the cold-start problem. Importantly, we synthe-
size traces subtractively, starting from the solution and re-
cursively removing elements, thus achieving a fine-grained
simulation of programming progress. From simulated traces,
state spaces can be constructed and used to generate hints.
Our results show that the simulated state spaces are similar
to the ones obtained from real student data. Additionally,
student step prediction using a simulated state space leads to
comparable results to step prediction via prompting LLMs
— while being substantially more efficient at inference time.

Keywords
programming traces, state space simulation, programming
hints, intelligent tutoring systems

1. INTRODUCTION

A lack of resources for personalized tutoring remains a ma-
jor challenge in introductory programming education [12].
Personalized hints provided by intelligent tutoring systems
during programming tasks can complement teaching and en-
hance the quality of programming education [23]. Al tools
are already used by many programming students for assis-
tance on homework tasks [28]. However, these tools can
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lead to over-reliance and an offloading of cognitive effort,
potentially hindering learning [26]. According to Vygots-
gyan pedagogy and scaffolding theory, teachers should give
only enough assistance to students such that they can pro-
ceed on the given task by themselves [7]. Next step hints
provide a framework for applying scaffolding theory in Al-
assisted learning environments [11]. Large Language Models
(LLMs) can be used to generate next step hints in program-
ming effectively [21] but consume significant resources and
even when prompted not to, they tend to give the students
access to multiple steps or even complete solutions [1]. On
the other hand, data-driven methods for generating next
step hints usually rely on a pool of pre-existing student and
hint data [11]. However, these approaches suffer from the
cold-start problem, meaning that they rely on the availabil-
ity of interaction data or teacher-generated data.

In this work, we aim to bridge the gap between LLM-driven
and data-driven hint-generation by simulating an initial set
of trace data for data-driven algorithms. We utilize LLMs
to generate diverse verified solutions across a variety of ap-
proaches and solution-complexity levels. We then employ
our subtractive trace-simulation approach, meaning that we
start from a (student-generated or LLM-synthesized) correct
solution to a task and recursively remove elements until the
empty program is reached. By analysing the state spaces
that arise from such simulated programming traces, we aim
to answer the main research question whether and under
which circumstances using simulated interaction data is a
feasible approach for programming hint-generation? We also
address the question whether the simulated student traces
resemble real student data and might be useful as synthetic
training data or for testing purposes. We approach these
questions with the following core contributions:

1. Novel methods for subtractively simulating program-
ming traces from correct solutions including a fine-
tuned LLM for reversing programming steps in Python.

2. An experimental comparison of simulated versus real
state spaces.

3. An investigation on the feasibility of applying the sim-
ulated traces for downstream hint generation methods.

2. RELATED WORK

Data-driven hint generation methods often rely on state
spaces to represent student behavior [18]. A state space
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consists of a directed graph where the nodes are student
states and the edges represent student steps between states.
Each state is hereby closely related to the current student
program (snapshot). Often, some form of canonicalization
or clustering is applied to group slightly different program
snapshots and thus achieve a more robust and concise state
space [19, 18, 17]. Next step hints can be generated from
state spaces using a two-step approach: First, the student’s
current snapshot is matched to an existing state in the state
space [17]. Second, an algorithm selects one of the outgo-
ing states as a prediction of the next state — which is then
provided as a hint [11]. One example of such an algorithm
would be the hint factory, which employs a Markov Decision
Process to select a next step that leads to a correct solution
on a short path [18].

For a long time, simulating student behavior has been used
to model and understand student learning [24, 22]. The
focus used to be on modeling student’s cognitive proper-
ties and predict the outcome of student task attempts [27].
In programming, it is very difficult to obtain fine-grained
simulation data of student interactions, since the solution
spaces for programming tasks are vast (combinatorially ex-
ploding with the size of the program). Today, LLMs offer
a new paradigm for generating synthetic data in domains
with vast solution spaces [13]. Previous work has utilized
in-context learning and fine-tuning LLMs to generate realis-
tic student attempts based on a reference trace by the same
student [14]. Even more recent work is using LLM-Agents
that employ reasoning-LLMs and tool-calling in order to de-
rive each student step [6, 27]. In particular, CoderAgent
includes memory-retrieval and update steps as well as plan-
ning and reflection steps yielding higher Accuracy compared
to previous methods [27]. The resulting traces can be used
in downstream tasks such as learner modeling and train-
ing hint generation models taking student knowledge and
learning into account. Our proposed subtractive approach
sacrifices some versatility, but circumvents the complexity of
predicting a next state by simulating backwards, such that
a model merely has to decide which part of a program was
likely added last, requiring substantially fewer resources.

3. METHOD

We are approaching programming hint generation through
the use of simulated state spaces which are aggregated from
simulated programming traces. We can view a programming
trace as a sequence of program snapshots s; for ¢t € {1,...,T}.
For simulating traces, we need to predict the mapping from
St to si4+1, which is a difficult problem, as the number of
possible line steps is vast. Additionally, the mapping needs
to be applied recursively to obtain a complete trace with no
guarantee that a correct solution will be reached (and risk
of error accumulation). On the other hand, if s¢;4+1 is given,
estimating s; is significantly easier in many cases, as usu-
ally we just have to decide which line to delete. Therefore,
our strategy is to construct an approximate mapping f s.t.
f(st+1) = s¢. This mapping can be applied recursively to
yield a reverse trace st, sr—1,...,S0 with so = €, the empty
program. We call this a subtractive approach.

A state space for a task is traditionally build from a range of
example attempts, aggregated on a specific step-granularity
(programming traces). As outlined above, scaffolding theory
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provides a pedagogically inspired ideal for step-granularity.
A previous user-study indicates that the line-level might
be a good approximation of a reasonable scaffolding step-
granularity for introductory python tasks [3]. Therefore, we
build state spaces from simulated programming traces such
that transitioning between nodes is equivalent to applying
one line-level change to the current user program (see Fig-
ure 3). Below we describe the simulation-method in further
detail.
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Figure 1: Method: simulated line-based programming traces
are aggregated to state spaces

3.1 Generating solutions

For generating diverse correct solutions to a task we are ap-
plying a two-step prompting approach. We ask a reasoning-
LLM (Qwen3.5-397B) to generate a list of 15 approaches
to the task described in one or two sentences. Then, in
a second step, a LLM (Qwen3-235B) is prompted without
reasoning to implement different versions of each of the ap-
proaches. Specifically we first ask the LLM to provide a
baseline implementation for a student with medium python
skill. Then we repeatedly ask the LLM to make a simpler or
a more complex version of it, until the quota (61 solutions
total per task) is reached. If a generated solutions wasn’t
unique after up to four retries, we reduced the quota by one
and proceeded to the next attempt. The complete prompt
and all other prompts as well as the code for all analysis and
suppllementary analysis are accessible in our GitLab reposi-
tory".

3.2 Deleting from a random block (RBLL)

We evaluate a programmatic approach for step subtraction
which is to simply remove the last line from a random control
block. To achieve this, we use the Python abstract syntax
tree (AST)-module to list all control structures and obtain
the lines which their respective block spans (note that blocks
can be nested). Then, we sample one random control block
(uniform probability) and delete its last line as well as other
lines that might need to be deleted to retain a correct syn-
tax. We call this method RBLL (Random Block Last Line;
speak rebel). Note that correct syntax is needed to analyze
the block structure of Python code. Hence, some Python-
specific mechanisms are imposed to ensure that RBLL never
deletes lines in ways that would break the syntax (account-
ing for multi-line statements, except blocks, inserting pass
statements for empty blocks, resolving try blocks if their
except is deleted). While this code-processing procedure is
specific to Python, the reasoning of first standardizing the
syntax, then reversing a step and then fixing a few edge
cases of breaking syntax can be applied to other imperative

"https://gitlab.ub.uni-bielefeld.de/
publications-ag-kml/step-simulation



programming languages as well. We do not claim that our
approach addresses all possible edge-cases in Python. How-
ever, we could not observe any simulation error for RBLL
throughout our experiments.

3.3 Prompting LLMs for reversed steps

We compare RBLL with a step-subtraction method based
on pretrained LLMs. We utilize an iteratively developed
prompt format which is structured into system prompt, con-
text and query. The prompt context contains three ele-
ments, starting with a description of how the outputted re-
versed line steps should be structured. Then, we give the
model the correct solution it is deducting steps from. Fi-
nally, we embed the first three snapshots and the three most
recent snapshots in the model context. In the query we then
continue to prompt the model to delete a single line from the
current snapshot. Alternatively, we sometimes prompt the
model to introduce an error or a misconception into one ex-
isting line of the current snapshot. We sample the query such
that the model is asked to introduce errors or misconceptions
30% of the time. We did find that this value yields a signif-
icant increase in trace diversity while maintaining plausibil-
ity. Generally, this method relies on the LLM to branch off
into different directions on repeated simulation runs, while
RBLL explicitly employs random branching. The complete
prompt is available in GitLab. Since LLMs will sometimes
fail to produce a reverse step, we are validating the success
of the step reversion. When the LLM was unsuccessful (i.e.,
leaving code unchanged, manipulating more than a single
line, or breaking the syntax), we fall back to RBLL.

3.4 Fine-tuning LLMs for reversed steps

Finding that in many cases the LLM was incapable of re-
versing a line step correctly (see Section 4.2), we concluded
fine-tuning might be a viable strategy to improve perfor-
mance. We used the described prompting format to create
a dataset of real reverse traces. In addition to our dataset
(Section 4), we used a second keystroke-level dataset from
Utah State University (2019) for additional training exam-
ples [5]. Then we employed supervised fine-tuning utilising
unsloth [2] with the real reverse steps as a target. 50% of
the tasks of each of both datasets (20 tasks in total) were
selected randomly for training, resulting in 16465 training
examples. We trained a 16-bit LoRA [8] with rank 128 for
one epoch (Ir le-4) on a single A40 GPU. The model was
inferenced in 8-bit. We used Qwen3-8B [25] as a base model
without reasoning traces or thinking mode. We reference the
fine-tuned model as Qwen3-8B-SR (SR for Step Reversion).

4. EXPERIMENTS

We evaluate the state space simulations on a real-world
dataset. The dataset was collected at a Mid-European uni-
versity and consists of programming traces from 29 Python
tasks recorded via an intelligent tutoring system [4]. In to-
tal, 209 students donated 1400 programming traces across
Python Introduction sessions between 2023 to 2025. From
these traces, which are recorded on a keystroke level, 7370
Line steps could be inferred. After randomly selecting 50%
of tasks for fine-tuning, 14 tasks remained for computing
the below experiments. For obtaining line steps, We also re-
move all complete detours from student traces. "Complete”
refers to the kind of detours that lead to the exact same
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Table 1: Fallback rates for step reversion by LLM
Qwen3-8B  Qwen3-30B  Qwen3-235B  Qwen3-8B-sr
76.9% 74.1% 55.0% 35.8%

state later on. The tasks are about basic python concepts
and NumPy as well as Data Mining methods. For evalu-
ation, we used pretrained LLMs of different sizes from the
Qwen3 model family, namely Qwen3-8B, Qwen3-coder-30B-
A3B (short Qwen3-30b) and Qwen3-235B [25]. Addition-
ally, we utilized RBLL as a baseline and Qwen3-8B-SR as
our own fine-tuned model based on Qwen3-8B (Section 3.4).
The 8B models were both used in 8-bit quantization on a
single NVIDIA RTX 5060 Ti with 16GB of VRAM. Qwen3-
30B and Qwen3-235B were used in 16-bit quantization using
the scaleway-API. We use three traces per solution for the
simulation of state spaces.

4.1 Metrics

We compare state spaces of the real student traces (from
tasks in the test set) with simulated state spaces. All metrics
are based on a matching of states between the real and the
simulated state spaces. For matching, we canonicalize all
programs using their AST, normalizing variable, function,
and class names, and standardizing strings (programmati-
cally formatted parts of strings are kept). To compare states,
our metrics are precision, meaning the fraction of states in
the simulated state space that also occur in the real state
space, and recall, meaning the fraction of states in the real
state space that also occur in the simulated state space. We
also report recall-5, where we relax the state matching and
allow up to five tokens edit-distance (e.g. single function call
with one argument; NLTK wordPunctTokenizer). Recall-5
aims to yield a more realistic estimate of a classroom-setting,
where one would usually allow relaxed matching to be able
to deliver hints to more students. To compare steps in the
state space (i.e. edges from one state to another), we search
for matches of real states in the simulated state space and
compute the number of the available outgoing edges of these
matches (0 if the real state does not exist in the simulated
state space). We call this metric average outgoing score.
The outgoing score aims to estimate how many candidate
hints we can expect for a randomly selected state (without
accounting for state likelihood). All metrics are averaged
across tasks.

4.2 Fallback-rates

We found that, in many cases, the pretrained LLMs were not
able to follow the prompt of deleting a single line. Instead,
the LLMs often returned the exact same snapshot as before,
edited multiple lines, or added lines to the current snapshot.
On occasions where the LLM fails to reverse a line-step, we
simply fallback to RBLL. Throughout all traces simulated
for the experiments in this paper, we observe that failure
rates decrease with model size, with 76.9% for the Qwen3-
8B and 55% for Qwen3-235B (Table 1). Still, fine-tuning
is even more effective than model size with merely 35.8%
failure rate for the fine-tuned Qwen3-8B-SR.

4.3 Simulation based on existing solutions
In order to evaluate the step-reversion performance in isola-
tion, we examine the performance of the simulation meth-



Table 2: Mean and SD of state space metrics

Method Precision  Recall  Recall-5 Outgoing
RBLL 43 (.19) .29 (.09) .52 (.16) .46 (.14)
Qwen3-8B .38 (.15) .32 (.08) .55 (.15) .56 (.16)
Qwen3-30B .32 (.13) .31 (.1) .55 (.17) .61 (.19)
Qwen3-235B .24 (.11) .32 (.11) .55 (.16) .75 (.26)
Qwen3-8B-SR .31 (.14) .33 (.09) .57 (.16) .63 (.15)

Table 3: Mean and SD of state space metrics for AI-generated
solutions

Method Precision  Recall Recall-5  Outgoing
RBLL .06 (.05) .1(.06) .31(.17) .36 (.21)
Qwen3-8B .05 (.03) .11 (.07) .3 (.14) .47 (.31)
Qwen3-30B .05 (.03) .11 (.07) .31 (.16) .5(.31)
Qwen3-235B .03 (.02) .12 (.07) .32 (.17) .67 (.43)
Qwen3-8B-SR .05 (.05) .11 (.07) .29 (.13) .53 (.36)

ods for recovering state spaces from corresponding real stu-
dent solutions (Table 2). The results show that, while the
control-block based simulation method has the highest pre-
cision (.43), it is slightly outperformed by the LLM-based
simulation methods on recall and recall-5. In terms of outgo-
ing score, the LLM-based methods outperform the program-
matic method by a larger margin, with the Qwen3-235B
performing best (.75). For the use-case of synthetic trace-
dataset generation for testing or model training, one would
have to decide between using RBLL for maximum precision
or using the LLM-based approach for more variability and
slightly improved recall. Also, while being sufficient on our
introductory dataset, the performance of all methods might
decrease for longer tasks (See Section 5 and Appendix A).

4.4 Simulation with generated solutions

In many scenarios such as introducing a completely new
task, it is reasonable to assume that little to no correct so-
lutions to the task are available. In this section, we inves-
tigate how well we can recover real state spaces using only
LLM-generated solutions to tasks. LLM-generated solutions
are verified using unit tests (therefore, two tasks without
unit tests had to be excluded). Table 3 shows the metrics
based on up to 61 generated solutions per task (A task might
have fewer as described in Section 3.1). In fact, the num-
ber of unique solutions that could be generated per task
varies between 10 and 61 with a mean of 50.0. The rel-
ative performance between the different methods remains
similar compared to using the real student solutions: RBLL
achieves highest precision, LLMs better recall and more vari-
ability. For all methods, overall performance is lower com-
pared to having real student solutions available. Interest-
ingly, the outgoing metric degrades only slightly, whereas
precision and recall decrease by a factor of 3. Recall-5 re-
mains more stable between the two scenarios decreasing only
by approximately 1/3. We expect that an increased number
of generated solutions will generally lead to a higher number
of recovered states. In further experiments we can observe
that the recall indeed increases for all methods up to 61
generated solutions but the increase diminishes significantly
(Figure 2).
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Figure 2: Avg. Outgoing states by number of generated so-
lutions

Table 4: Comparing direct-LLM and state space based step
prediction

Method Tree-edit dist. chrF Acc  Acc-5
direct-LLM (8B) 6.88 0.76 0.2 043
direct-LLM (235B) 7.27 0.76 0.2 041
Sim RBLL 7.03 0.76 0.10 0.37
Sim 235B 7.37 0.76 0.06 0.32
Sim 8B-SR 7.55 0.77 0.07 0.33

4.5 Predicting steps

Deriving next step hints using simulated state spaces is not a
trivial task. First, a student’s new state needs to be matched
against an existing state in the simulated state space. We do
so by using the closest state according to tree edit distance
(TED) on AST [15]. To select a next-step hint we consider
the successor of the matched state in the simulated state
space closest to the student’s state (in terms of TED). If the
successor differs in exactly one line from the student’s state,
this is defined as the next-step hint. Otherwise, we compute
the line edit between the matched state and the successor
and apply them to the student state, inspired by [10]. If
this does not yield correct syntax, we attempt syntax repair
by fixing indentation-levels; and if this does not succeed, we
predict the successor directly (even if it differs by more than
one line). As a baseline, we compare with an LLM prompted
to predict the next line step. The prompt contains informa-
tion on the expected format and step-granularity (line-steps)
as well as the task description and current student step and
is also available in the linked repository.

Since step prediction is a different task compared to the
above evaluations, we employ different metrics. In particu-
lar, we report the TED to the actual next step of a student
(lower is better), the character-level F-score (chrF; higher is
better), which has been shown to align well with human as-
sessment on code generation tasks [16], and the accuracy,
meaning the rate of exact matches after canonicalization
(higher is better). We also report Accuracy-5, where we
mark a prediction as correct based on a relaxed matching
up to an token edit-distance of 5 (similar to recall-5). Ta-
ble 4 shows the results for predicting the next student step
on the test-dataset. Among the simulation-based step pre-
dictors, RBLL performs best in terms of accuracy and TED.
The LLM next step hints perform best in terms of accuracy
but are slightly outperformed in terms of chrF. TED is com-
parable between RBLL simulation and LLMs.



S. CONCLUSIONS

In this work, we investigated the potential of simulating pro-
gramming traces and state spaces using a subtractive ap-
proach based on LLMs and/or programmatic line removal.
Such simulation has two major purposes: creating synthetic
datasets and providing data for generating next step hints.
Our experiments confirm that we can recover real inter-
mediate student states if realistic solutions are available.
The recall and precision vary by the employed simulation
method: random block last line (RBLL) provides gener-
ally higher precision compared to LLMs; and larger LLMs
generally achieve lower precision but higher average num-
ber of matched outgoing states. This is likely explained by
larger LLMs generating more diverse programming traces.
Throughout all experiments, the fine-tuned LLM Qwen3-
8B-SR performs mostly on par with the much larger 235B
model while also retaining a bit more precision. Addition-
ally, the fine-tuned model has a much lower fallback rate, in-
dicating that the task of removing lines from existing code is
beyond the scope of the model’s pre-training procedure. Us-
ing the simulated state spaces for step prediction shows that
the LLM-based approaches do not have a benefit compared
to RBLL. Given that RBLL is also much more efficient, it
is currently the most advisable method for next step hint
generation with simulated state spaces.

We also believe that the potential of the selection in state
spaces is not fully realized in this work yet, as we didn’t in-
vestigate more advanced methods of predicting steps within
the simulated state spaces. Future work could investigate
this and might also find ways to take advantage of the more
diverse traces that LLM-based step simulation produces.
Also, we did not investigate the effect of combining the sim-
ulated state spaces with student or teacher-provided trace
data, as might be the case in real-world deployment. Some
caution is advised for applying the presented methods for
more complex tasks since our dataset only consists of easy
introductory python tasks. Our supplementary experiments
show decreased performance for state space reconstruction
with real solutions on the Utah State keystroke-level pro-
gramming dataset from 2019 [5], which consists of print
statement heavy longer tasks like turtle tasks or CLI based
games (see Appendix A). These tasks are considerably longer
compared to the ones in our own dataset, but unfortunately
lack unit tests and therefore could not be tested for state
space reconstruction with LLM-generated solutions and step
prediction. Generally, there is a lack of openly available line
level or sub-line level python-trace datasets that could be
used for evaluating the performance of our method for a
larger variety of tasks [9].

Future work should also investigate whether the generated
hints from simulated state spaces are effective in a pedagog-
ical sense. This could also be supported by additional effort
for personalizing the retrieved simulated states to the stu-
dents current snapshot, like proposed in [20]. Finally, the
large difference in performance between Table 2 and Table 3
suggest that future approaches might be able to improve the
quality of simulated state spaces by focusing on the genera-
tion of more realistic student solutions. Still, RBLL provides
a cheap and effective baseline for future work on simulated
state spaces.
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APPENDIX
A. UTAH STATE 2019 DATASET RESULTS

Table 5: Utah 2019 - Mean and SD of state space metrics

Method Precision  Recall outgong
RBLL .1 (.05) 1(.03) .15 (.04)
Qwen3-8B 09 (.04) .1(.03) .16 (.04)
Qwen3-30B 09 (.04) .11 (.03) .16 (.04)
Qwen3-235B .07 (.03) .11 (.03) .21 (.05)
Qwen3-8B-SR .07 (.03) .11 (.03) .18 (.04)
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