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Abstract. Reliable semantic error analysis of student codes can be used
to improve both the learning and teaching experience, through a better
understanding of students’ codes. We propose a novel approach that
integrates automatic semantic error detection in student codes with the
construction of a solution space for analyzing students’ programming
trajectories.
This paper addresses the challenge of automatically annotating codes
with predefined error tags and assisting the construction of a solution
space, leveraging generative AI based on Large Language Models (LLMs)
to streamline these processes and save time for experts. To achieve this,
we carried out two studies.
The first study is focused on annotating student erroneous codes with
error tags. Kappa analysis was employed to measure the agreement be-
tween human-annotated codes and AI-generated annotations, assessing
the relevance and accuracy of the LLMs in error detection. The results
revealed agreements upto a Cohen’s kappa coefficient of 0.39.
The second study examined the construction of a solution space by an-
alyzing the overlap between AI-generated and real student erroneous
codes. This evaluation aimed to determine the capacity of the LLMs in
generating erroneous codes used for constructing the solution space. The
results showed that, on average, 68% of the analyzed students’ erroneous
codes were covered by the AI-generated codes.
The results of the first study are mitigated compared to the second ones
but the combination of these two approaches could appear as positive to
compensate for each other and improvements are ongoing investigation.

Keywords: Error Diagnosis · Code Analysis · Code Generation · Solu-
tion Space · Generative AI

1 Introduction

In the world of online learning platforms, especially those designed for begin-
ner programmers, a key challenge is tailoring instructions to meet the needs of
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individual students [1, 23, 8]. The ability to automatically provide meaningful
and accurate understanding of student erroneous code is useful for adaptation.
This could potentially foster the expansion of large-scale programming educa-
tion initiatives, in particular, knowledge about students’ errors and their error
trajectories to the correct solution is useful for multiple reasons. For example, it
can be used to improve the teaching experience by providing teachers with in-
sights about the students’ errors and misconceptions [18, 21]. It can also improve
the learning experience by adapting instruction or feedback to each student [16].
Our long-term objectives are to provide teachers with insights into student er-
rors and misconceptions and to enable tailored automatic feedback rather than
just generic hints toward correct solutions [16, 3, 14].

In our research, we are interested in semantic errors in students’ codes which are
syntactically correct yet incorrect to the given programming task. Identifying
such errors often takes time, making it difficult for teachers to provide feedback
to students at scale [2, 25].

AI has been increasingly leveraged to detect errors in student-submitted code
on online programming learning platforms. Researchers such as [8, 14, 3] have
contributed to developing sophisticated systems that employ various AI tech-
niques. Common approaches include machine learning algorithms that analyze
code patterns, natural language processing (NLP) methods to understand code
semantics, and heuristic-based models for identifying common syntax and logical
errors. Techniques such as neural networks, decision trees, and clustering have
been used to provide personalized feedback and identify recurring mistakes.

There are many issues with AI-approaches for understanding programming tasks
which are open-ended tasks such as: the student codes are difficult and time-
consuming to label with fine-grained errors and we need to understand student
code even for the very first student, without using historical data of student’s
previous submissions. Instead of using experts’ annotated historical data, we
introduce a few-shot approach to automatically understand student-produced
erroneous codes and student error trajectories. This approach is based on a
framework that automatically assists the analysis of student codes and their
trajectories towards reaching a correct code through two complementary meth-
ods: first, leveraging on an error annotation method to identify errors within
students codes; and second assisting the construction of a solution space which
is a graph of erroneous codes as well as correct solutions. The codes are linked
by the repair distance. Positioning the student code in this space will allow us
to gauge a gap between the student submission and one correct code from the
solution space therefore by identifying the repair actions to reach this latter.
These two methods are generally expert-time consuming.

To minimize the need for human intervention, our approach harnesses the capa-
bilities of generative AI based on Large Language Models (LLM) to aid in the
generation of erroneous solutions required for constructing the solution space.
We tested several LLM, including ChatGPT and Mistral AI. Additionally, we
tested these AI models to annotate student-produced erroneous codes with a
predefined set of error tags. Since their emergence, large language models are
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impacting the field of computing education with their code-generating capabili-
ties [15, 5]
In this paper, we aim to answer two research questions:

– In what ways, and to what degree, do generative AI and human error anno-
tation of student codes agree or disagree ? (RQ1 )

– To what extent generative AIs can be used to generate student like code for
assisting the automatic construction of the solution space ? (RQ2 )

For RQ1, We assessed generative AI’s ability to tag student code with errors
by comparing AI-generated annotations with expert-annotated ones. For RQ2,
we evaluated the overlap between AI-generated and student-produced erroneous
codes to gauge the AI’s capacity to generate student-like errors.

2 Related Work

There have been several research exploring means for error detection in student
codes and the construction of a graph of students solutions.

Research in programming tutors has focused on analyzing student code to
provide assistance, often by transforming erroneous and correct code into graph-
based representations like Abstract Syntax Trees (ASTs) for comparison and
applying edit transformations to convert student trees into correct ones [14, 7].
Singh et al. introduced an Error Model Language (EML) with correction rules,
providing a structured approach to code correction [20]. More recent research has
expanded to include a variety of techniques, ranging from conventional assembly
methods [19] to dynamic neural programming embedding [24] and the use of
Large Language Models (LLMs) [9].

In constructing solution spaces, approaches can be categorized into expert-
driven and data-driven methods. Data-driven approaches, such as those by Piech
et al.[13] and Rivers et al.[16], leverage student-produced erroneous code to gen-
erate solution spaces by applying transformations until the code matches ex-
pected correct solutions. This method aims to automate hint generation but
faces challenges such as the extensive nature of solution spaces and the need
for continual adjustment with each new student submission, especially given the
uniqueness of each code. Additionally, new exercises often require few-shot tech-
niques for effective adaptation [11]. An alternative approach involves creating a
Markovian Decision Process (MDP) based on available data to establish transi-
tion probabilities between different states, as proposed by Barnes et al. [3]. While
this method offers a degree of automation, it still requires human intervention
to define the solution space.
Conversely, expert-driven methods, such as those discussed by Gross et al.[6] and
Barnes et al.[22], involve constructing solution spaces with substantial input from
experts. These methods, while precise, are time-consuming and heavily reliant
on expert knowledge.
To address these challenges, our approach proposes a hybrid method that com-
bines local error detection within student code with its projection into a pre-
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constructed erroneous solution space. This integration aims to provide a com-
prehensive and precise perspective on errors, facilitating understanding even in
zero-shot or few-shot contexts. By leveraging both local and global perspectives
on error detection, our method could potentially be utilized for both inner loop
(within-exercise tutor guidance) and outer loop (between-exercise tutor guid-
ance) adaptation, enhancing the overall effectiveness of programming tutors [1].
The construction of solution spaces presents significant computational chal-
lenges. For instance, the approach described in [16] requires extensive computa-
tion time to calculate all possible power edits from a given student submission to
the correct solutions. A common challenge inherent to all solution space method-
ologies is their reliance on historical student data to generate these spaces. Con-
sequently, these approaches may face difficulties when applied to new exercises.
The methods proposed by [10, 13] are particularly intricate as they attempt to
infer the learner’s thought process, which presents precision issues. Retracing a
learner’s logical thought process solely based on the submitted code proves to
be a formidable task.
A prevalent challenge across all methods is that they aim to assist learners in
overcoming errors by identifying these errors at an algorithmic execution level.
We hypothesize that identifying and classifying student errors can lead to a
more nuanced understanding of these errors. This improved understanding could
facilitate the provision of more effective feedback and enhance error diagnosis,
ultimately contributing to a better comprehension of learner behavior.

3 Context of the studies

We carried out two studies on the online programming platform 3, which hosts
a diverse set of exercises organized in sections. We focused specifically on the
“for loop” section because loops have been identified as among language features
that are especially problematic for beginners, and could benefit from particular
attention [17]. We gathered 55924 student codes from 5246 students across 6
exercises. Sixty codes were used for the first study on annotations and the entire
dataset was used for the second study on AI erroneous code generation.
These data outline a curated set of six exercises designed to address distinct pro-
gramming challenges. The selection process was meticulous, covering a spectrum
of scenarios. The exercises encompass four console-display-oriented tasks (2,3
and 4) along with one factorial exercise necessitates mathematical proficiency,
potentially impacting students’ error patterns(5), one exercise in drawing figure
(1) and finally one exercise on guiding a robot’s movement from point A to point
B (6).

4 Error annotation using Large-scale Language Models

For the first study aimed at addressing the research question 1 (RQ1), we enlisted
a group of annotators. We selected programming exercises and student erroneous

3 algopython.fr
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codes from the platform Algopython, providing them as a corpus to annotate
by both generative AI systems and human annotators. The objective was to
investigate and compare the error annotations of the generative AI against that
of human experts.

4.1 Context, LLMs and dataset

The study involved recruiting eight participants with diverse backgrounds, in-
cluding high school math teachers, informatics teachers in high school, and
university-level computer science instructors who all teach python. This diverse
range of profiles ensures varied perspectives on python teaching and program-
ming expertise. Recruitment was done through networks of computer science
teachers and computer science laboratory members. The study was conducted
online, providing a flexible and accessible environment for participants.
For this study, we aimed to utilize multiple large-scale language models (LLMs),
opting for industry-grade models: GPT-4 from OpenAI and Mixtral8x7b from
Mistral AI. We interfaced with these models via the OpenAI API and the Mistral
AI API to facilitate communication with the large-scale language models.
Prior to the annotation process, we collaborated with a group of experts to prede-
fined a set of errors applicable to all six programming exercises. These predefined
errors by experts (see A.1) were then utilized to annotate student-produced er-
roneous code. To collect annotations, we developed a web application4 to gather
the following information:

– Expert annotations: Annotations of errors for student-produced erroneous
codes and their comments on their annotation experience.

– Annotation Time: Annotation duration of each student-produced erroneous
code.

In the annotation process using generative AI, to avoid a high variance of
the models, we opted to generate multiple annotations for the same student-
produced erroneous code, with the aim of stabilizing the generation process and
ensuring consistency in the annotations. As input (See A.1), we provided the
description of the exercise, all possible correct solutions, the student-produced
erroneous code to annotate and finally the list of predefined error tags.
The human annotators conducted separate and independent annotations, while
the two LLMs were prompted to generate annotations. The agreements between
human annotators were evaluated by Fleiss’s Kappa and the agreements between
Generative AI models and experts were evaluated by Cohen’s Kappa.

4.2 Results and Discussion

The Cohen’s kappa calculated across all the student-produced erroneous codes
did not demonstrate any significant agreement between zero-shot generative AI
annotations and human experts (see Fig. 1). Consequently, we conducted a more

4 http://annotation.mocah.lip6.fr/
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detailed analysis of the annotations to explore potential reasons for this lack of
agreement.

Fig. 1: Cohen’s Kappa Coefficient across all exercises between experts and gen-
erative AI

For each exercise, we calculated the level of agreement among the experts. The
results indicated that exercises 1, 2, and 6 exhibited good agreement among
the experts. Exercise 4 also demonstrated good agreement among the experts,
except for one annotator. Consequently, we removed the outlier, resulting in four
exercises with good agreement among the experts. However, exercises 3 and 5
showed low agreement between experts. At first glance, exercises 3 and 5 appear
to be slightly more challenging than the others. Exercise 3 involves nested loops,
while exercise 5 requires prior understanding of mathematical concepts related
to factorials, which may have influenced the difficulty level of the programming
task. These complexities likely lead to the generation of more unique erroneous
codes that are significantly distant from the expected solution. This highlights
the lack of sufficient error tags to adequately address the complexity of these
exercises, which is reflected in the low agreement among the annotators. This
observation was also echoed by annotators through the platform.

Since the agreement between experts was acceptable only in these four ex-
ercises, we concentrated on calculating Cohen’s kappa coefficient specifically for
these exercises (see Table 1).

In the exercise 1, 2 and 6, despite good agreement between GPT and anno-
tators, upon inspecting the generative AI annotations, we observed that Mistral
annotated a “MISSING PRINT INSTRUCTION” error, whereas in the correct
solution, there was no expected print statement. This discrepancy raises ques-
tions about whether it reflects a lack of understanding of the provided error tags

4 * One Expert is not present in Exercise 1 as the expert did not annotate this given
exercise.
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Fig. 2: Fleiss Kappa on exercises 1,2,4 and 6 (top left to right bottom)*

and their descriptions, or an understanding of the error present in the student
code. It also demonstrates that between the two LLMs, the same prompt can
yield different outputs. Out of all the four exercises, GPT-4 annotations out-
perform Mistral across three exercises, but only in the exercise 6 does Mistral
outperforms GPT-4. This indicates that the understanding of the prompt as well
as the interpretation of code differs between GPT-4 and Mistral AI. To explore
these differences in detail, we investigated whether GPT and Mistral AI are in
agreement. As a result of this evaluation, we obtain a Fleiss Kappa of 0.27 which
is relatively low. Therefore, this indicates that the same prompt yields different
results. However, it remains to be identified whether the difference stems from
a lack of understanding of the student-produced erroneous code or from the
prompt provided for the error tags.

As part of this study, we collected annotator comments about the annota-
tion process, yielding several insights. Firstly, many annotators discussed the
ambiguity present in the annotation process. They encountered situations where
they were unsure if one error tag was sufficient or whether to include all relevant
error tags, as some error tags are encompassed within others. For instance, when
a student-produced erroneous code lacks instructions within the body of a for
loop, annotators questioned whether the “FOR LOOP BODY MISMATCH” tag
alone was adequate, or if “MISSING STATEMENTS” should also be included.
Another insight that could aid in understanding the low agreement observed
is that the annotation platform designed for this process allows annotators to
annotate codes across multiple sessions. Several annotators mentioned that they
couldn’t recall the logic they followed to annotate previously during different
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Table 1: Cohen’s Kappa on exercises 1,2,4 and 6 (top left to right bottom)

Expert
Exercise 1 Exercise 2 Exercise 4 Exercise 6

GPT-4 Mistral GPT-4 Mistral GPT-4 Mistral GPT-4 Mistral

1 0.30 0.19 0.21 -0.18 0.27 0.04 0.19 0.31
2 0.33 0.22 0.20 -0.14 0.27 0.06 0.21 0.33
3 - - 0.30 -0.07 0.31 0.06 0.16 0.32
4 0.33 0.22 0.24 -0.11 0.29 0.07 0.16 0.19
5 0.18 0.02 0.18 -0.14 -0.06 -0.06 0.19 0.30
6 0.38 0.28 0.24 -0.06 0.31 0.01 0.18 0.28
7 0.23 0.14 0.22 -0.12 0.01 0.01 0.18 0.28
8 0.39 0.14 0.12 -0.14 0.17 -0.11 0.19 0.24

sessions, even when working on the same exercise. This variation in annotator
behavior across sessions could potentially impact agreement between experts, as
there is a lack of consistency within annotations from the same annotator.

4.3 Perspectives

To enhance the agreement between experts and generative AI models, we are
studying three possible improvements:

– Provide examples of error tags: instead of relying solely on descriptions of
error tags, it could be useful to provide examples of annotations for each
tag. This approach will help verify whether the models truly understand the
error tags by offering concrete instances of their application.

– Rework precise error tags: as previously highlighted, there is a need to refine
and clarify the error tags to mitigate ambiguity. This involves revisiting and
possibly restructuring the error tag taxonomy to ensure that annotators have
clear guidelines for annotating student-produced erroneous code.

– Fine tune the LLMs on a few examples: training the models on student er-
roneous codes and their associated error tags can improve the prediction of
error tags. By fine-tuning the models on such data, they can better com-
prehend and annotate errors in student code, ultimately leading to more
accurate annotations.

5 Generating a solution space

We formalize a solution space as a weighted oriented graph consisting of student
erroneous solutions and correct solutions interconnected with each other via
edges. An edge is established between two nodes in the solution space if there
are at least two successive submissions from a student corresponding to these
nodes. The weight of an edge can be but not only the frequency of the edge
which is calculated from students’ historical data (see Fig 3). Depending on the
context, different functions can assign different types of values to edges. For
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example, the value of an edge can be a hint which allows the student to move
from one node to another closer to the correct solution [16, 27] or an expert
suggestion to encourage a student to make forward progress [13].

Fig. 3: Illustration of a solution space

Recent research [3, 8] has showed that the construction of a solution space
is useful for multiple reasons. In our ongoing research, this space is useful to
position a student erroneous partial code relatively to other erroneous solutions
and to show possible trajectories to the corrects solutions. For each exercise, we
have to construct a space of student solutions.

The manual construction of this space by experts is highly complex and time-
consuming, while it is unbounded even for simple coding tasks and there is a
huge variability in students’ trajectories, and not all solutions including partial
solutions can be predicted in advance [12, 16]. In cases where we have a sufficient
number of student codes, we can use these to construct a solution space. But
this latter method won’t work in zero-shot or few-shot analysis with few student
codes or in the case of a new exercise without any historical data.

The approach we propose is to use Generative AI to assist the generation of
student-like erroneous solutions. We carried out a study to assess whether the
Generative AI can generate student like erroneous solutions, including partial
solutions.

5.1 Studied issues

In this second study, we aim to address the research question 2 (RQ2 ). In our
endeavor, we identify two major issues associated with using generative AI to
generate a solution space.
On the one hand, as the number of possible erroneous codes for one exercise
can be very big and therefore the solution space unbounded we limit it to a
reasonable-size space and propose a method to position each student solution
in the space as follows: if the student solution is a node in the space then it is
connected directly to this node. Otherwise, we connect the student solution to
the closest node by using a variant of the Zhang Shasha distance [26].
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On the other hand, Generative AI can suffer from hallucination, inferring er-
roneous codes that have nothing to do with codes written by students or fail
to cover the huge variability in student codes. To assess these two aspects, we
carried out a study whom the objective is to assess whether erroneous codes
generated by generative AI closely resemble those produced by beginner-level
programming students. We focused our investigation on codes originating from
the online programming learning platform Algopython mentioned previously.

5.2 Distance between codes

To compare between a student code and a AI-generated codes, we first trans-
formed them into abstract syntax trees (AST) and then calculating between
ASTs a distance which is a derivative of the Zang Shahsa distance [26]. In our
work, we focus on the structural and the algorithmic similarities between the
two compared codes rather than on the exact correspondence between the con-
stant values used in the statements. Thus, we have modified the original Zang
Shahsa distance to consider all edit operations (node deletions, insertions, and
replacements) except operations on constant values. For example, two codes are
considered as identical even if different constant values are used in an assign-
ment instruction or a different number of iterations in the case of the for loop.
In Fig 4, the AI-generative code (right most) is the closest to the student code
(left most) although the constants used are not identical but their structures are
identical.

def isPositive(t):

if t < 0:

return True

else:

return False

def isPositive(t):

if t == 0:

return True

else:

return False

def isPositive(t):

if t < 1:

return True

else:

return False

Fig. 4: Erroneous student code (left most) and 2 generated erroneous codes (mid-
dle and right most)

5.3 Context and LLM

Throughout this second study, we define an erroneous code as one that is syntac-
tically correct but contains semantic errors, deviating from the expected correct
solution. For example, if a student-produced erroneous code contains manually
repeated instructions instead of utilizing a for loop, it is considered syntactically
correct but fails to meet the contextual requirements of the exercise. Such code
differs entirely from the expected correct solution, which utilizes a for loop.

We employed an industry-grade code generation AI, ChatGPT (model gpt-4),
renowned for its success in generating code [4]. we utilized the OpenAI API to
directly access the GPT-4 model.
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We gathered 55924 student codes from 5246 students across 6 exercises. These
student-submitted codes served as the basis for assessing the overlap between
AI-generated codes and actual student submissions.

5.4 Evaluation metrics

To quantitatively evaluate the overlap between student-produced erroneous codes
and AI-generated erroneous codes, we defined two distinct metrics:

– Coverage (COV): this metric calculates the percentage of student-produced
erroneous codes that are covered by AI-generated erroneous codes.

– Precision of generation (PG): this metric measures the number of AI-
generated codes that match with student codes against the total number of
AI-generated codes. A precision close to 100% indicates that generative AI
is less prone to generating codes very distant from student codes, thereby
reducing the likelihood of hallucinations.

5.5 Process, results and Insights

During the study, we iteratively queried the GPT-4 API with different prompts.
The objective of the first queries was to assess the overlap between GPT-4 gen-
erated codes and student erroneous codes via the metrics COV and PG. We
asked GPT-4 to generate 20 erroneous codes for each of the studied exercises.
Following this first queries, the value of COV (respectively PG) was on average
22.02% (respectively on average 62.34%). The value of COV is relatively low
considering our objectives . However, the high (PG) suggests that GPT-4 is not
hallucinating and is effectively generating student-like erroneous code.

In response to the observed low values of COV, a more thorough analysis of
student-produced erroneous codes revealed that several factors may have con-
tributed to this low value. Primarily, discrepancies in prompts could result in
inconsistencies within the generated codes. Additionally, the co-presence of mul-
tiple errors of diverse nature within student-produced erroneous codes while the
first prompt didn’t ask for generating code with multiples errors. Finally, the
students’ codes often manifested as partial, incomplete solutions, lacking the an-
ticipated structural coherence and algorithmic consistency. To take into account
these different characteristics in the generated codes, we designed another more
complete prompt that takes into account all the mentioned factors.
Despite these improvements, the values of COV remained quite low whereas PG
has increased(COV =26.46%, PG=98.3%) across all 6 exercises.

In an effort to improve the coverage (COV), we conducted two additional
evaluations. Firstly, we gradually increased the number of AI-generated codes
and monitored the evolution of COV and PG values (see Fig.5). Secondly, we
fine-tuned the GPT-4 model using the dataset pertaining to exercise 2 and
prompted generations on the fine-tuned model.
During the process of generating erroneous codes through multiple requests, as
hypothesized, we observed a significant improvement in the similarity rate when
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Table 2: Evaluation Metrics

Exercise Number Percentage of Coverage Precision of generation

1 29.96% 47.02%
2 67.21% 76.31%
3 48.16% 88%
4 41.78% 65.5%
5 11.57% 82.8%
6 53.99% 41.96%

increasing the number of AI-generated codes (see Table.2). However, an issue
arose concerning the consistency of the output format across multiple genera-
tions. Despite specifying the desired output format in the prompt, inconsistencies
persisted.

In some instances, we encountered variations in the output format, including the
addition of comments and extraneous text. These inconsistencies hindered the
standardization of the output, making it challenging to compare and analyze the
generated codes effectively.

To address this issue and ensure consistency in the output format, we may
need to refine our prompt and provide clearer instructions to the AI model.
Additionally, further experimentation and adjustments to the generation process
may be necessary to achieve more uniform results across multiple requests.

Fig. 5: Evolution of the COV values upon increasing number of AI-generated
erroneous codes for exercises 1 to 6 (top left to right bottom)
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Notably, Exercise 5, which pertains to factorial calculations, exhibited par-
ticularly low similarity compared to other exercises. Upon closer examination
of student-produced erroneous codes, we discovered a prevalent misconception
among students who mistakenly assumed that factorial was an integrated func-
tion in Python. While imprecise exercise descriptions may contribute to this
confusion, many students also demonstrated a lack of knowledge regarding fac-
torial calculations, resulting in incorrect formula applications.
Upon examining the results across six different exercises, two main conclusions
can be drawn. Firstly, the PG is quite satisfactory, indicating that GPT is not
entirely producing hallucinating. Secondly, the COV varies significantly across
exercises. An interesting observation is that Exercise 6, which involves nested
loops and is relatively more complex compared to Exercise 1 involving a single
loop, exhibits better COV despite its complexity. It is noteworthy that the
generated codes differ not only between different generations but also within the
same generation. Throughout the experiment, approximately 200 codes were
generated for each exercise to ensure an adequate representation within our
solution space. However, it is plausible to induce creativity in generative AI by
analyzing the generated graphs ( Fig. 5). Increasing the number of generated
codes tends to enhance the value of COV. Nevertheless, due to the inherent
limitations of language model algorithms, particularly GPT-4, there may exist
a saturation point in creativity that warrants further exploration. But in order
to achieve this coverage with fewer generations, we fine-tuned the GPT-4 model
specifically for our use case. In particular, we fine-tuned the model using few
data from Exercise 2.
While our primary objective was to achieve a betterCOV between the generated
codes and student-produced erroneous codes, we also aimed to standardize the
output of the generated codes. Thus, through fine-tuning, we aimed to streamline
the output format and ensure consistency in the generated codes. Fine-tuning
the model with Exercise 2 data led to a notable increase in COV to 93.8% and
PG to 91.42% between AI-generated and student-produced erroneous codes for
that exercise. However, this improvement was accompanied by reduced the COV
rates for other exercises, attributed to overfitting, where the model becomes too
specialized in Exercise 2’s patterns. Future studies aim to explore alternative
approaches using open-source multi-models such as Mistral AI and Code Llama
3 to mitigate overfitting risks and enhance generalizability across all exercises.

6 Conclusion

In this paper, we present a few-shot framework to automatically understand stu-
dent erroneous codes and student error trajectories. The ongoing research aims
to automatically analyze student codes and their trajectories towards reaching
a correct code through two complementary methods: annotating student codes
with error tags and assisting the construction of a solution space. Two studies
were carried out to explore the generative capabilities of large language models
(LLM) in automating these two methods and saving expert time.
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The study examining the ability of LLMs to annotate errors akin to human ex-
perts reveals that the agreement rate between LLM-generated annotations and
expert annotations is slightly below the acceptance threshold. This indicates a
need for fine-tuning the LLMs to better align with our specific use case. Further-
more, as previously noted, expert annotations should undergo multiple iterations
to achieve high inter-expert agreement before comparing them with LLM out-
puts. Nonetheless, it can be concluded that LLMs do not exhibit hallucination
behaviors, such as inventing new error tags or annotating non-existent errors.
The primary limitation is that LLMs fail to annotate all errors identified by
human experts.
The study on generating student-like code submissions using generative AI demon-
strates success in both zero-shot and few-shot scenarios (with fine-tuning). The
LLMs effectively produce code that closely resembles typical student submis-
sions. However, achieving 100% resemblance is inherently challenging due to the
presence of unique cases. Additionally, the platform’s design for code submission
and execution may introduce a bias, distinguishing between interactions with the
machine and actual student submissions. This could account for the presence of
multiple partial solutions.
As previously discussed, the objective of our novel approach is to develop a
semantic error analysis of student codes that can operate effectively with minimal
student data, specifically in zero-shot or few-shot scenarios. This first study
shows that AI generative methods could be a reasonable solution in few-shot
contexts through fine-tuning a pretrained foundation models. Our perspective is
to study how this novel approach could be utilized for automatic code grading,
feedback provision, and various applications in learning analytics.
Despite the potential commercial implications, alternatives such as Llama 3,
Mistral AI, and Gemini could be considered. However, two major constraints
exist: the need for annotated erroneous codes for fine-tuning, as open-source
models do not achieve the precision of industrial models in zero-shot scenarios,
and the computational resources required for model installation and fine-tuning,
with models like Mistral AI necessitating significant GPU resources.
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A Appendix

A.1 Prompt Annotation

As an incorrect Python code classifier, your task is to analyze provided incorrect
Python code snippet and corresponding correct code, along with a description of
the exercise. Identify all relevant tags from the list of error tags given below. Do
not use any other tag. Once tags are identified, return an array of tags without
anything else. If no tags, then return NONE.

List of error tags (each tag has its explanation, but return only the
tags and nothing else; example: [’tag1’, ’tag2’, ...]):

– FOR LOOP MISSING: A for loop is missing in the student’s code.

– FOR LOOP INCORRECT NUMBER OF ITERATION: The num-
ber of iterations in a for loop is not correct.

– FOR LOOP BODY MISMATCH: The code inside the body of a for
loop is incorrect.

– INCORRECT ORDER OF STATEMENTS: The order of statements
in the student’s code is incorrect compared to the correct code.

– UNNECESSARY STATEMENTS: There are one or more instructions
in the student’s code that are not in the correct code.

– MISSING STATEMENTS: There are missing instructions in the stu-
dent’s code compared to the correct code.
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– CONSTANT VALUE MISMATCH: All instructions are present, but
constant values such as numbers or strings are different from the correct
code.

– MISSING PRINT INSTRUCTION: The print() function is missing in
the student’s code.

– INVALID USE CASE OF FUNCTION: The usage of predefined func-
tions is incorrect.
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