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Abstract

In this paper, we propose a context-aware recommender system
that models students’ programming skills using embeddings of the
source code they submit throughout a course. These embeddings
predict students’ skills across multiple programming topics, pro-
ducing profiles that are matched to the skills required by unseen
homework problems. To generate recommendations, we compute
the cosine similarity between student profiles and problem skill
vectors, ranking exercises according to their alignment with each
student’s current abilities. We evaluated our approach using real
data from students and exercises in an introductory programming
course at our university. First, we assessed the effectiveness of
our source code embeddings for predicting skills, comparing them
with token-based and graph-based alternatives. Results showed
that Jina embeddings outperformed TF-IDF, CodeBERT-cpp, and
GraphCodeBERT across most skills. Additionally, we evaluated
the system’s ability to recommend exercises aligned with weekly
course content by analyzing student submissions collected over
seven course offerings. Our approach consistently produced more
suitable recommendations than baselines based on correctness or
solution time, indicating that predicted programming skills provide
a stronger signal for problem recommendation.
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1 Introduction

The growing interest in Computer Science (CS) programs has led
universities worldwide to expand the number of seats in related
courses, making it increasingly difficult to provide personalized
attention to students [5]. A key challenge arises in introductory
programming courses, which serve as foundational prerequisites
in the CS curriculum. These courses often enroll large cohorts of
students with diverse backgrounds. They also rely on sequential
programming assignments that build upon one another, making
it especially difficult for students who fall behind to catch up. The
lack of personalization in these large heterogeneous classes might
lead to high dropout rates, which are particularly harmful for public
universities funded by the government.

Personalized programming assignments can help address these
issues by accommodating students with varying levels of exper-
tise, allowing them to engage with the course more effectively
[4, 12]. However, designing enough programming problems and
assigning them individually remains a significant challenge for
instructors. Recommender systems offer a promising solution, mod-
eling individual students’ programming expertise and suggesting
customized assignments accordingly [15, 17]. Several programming
exercise recommender systems have been proposed in the literature
[16, 20, 22], with recent ones employing content-based approaches
based on neural network embeddings [13] to represent code sub-
mitted by students. Typically, these systems do not explicitly model
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learners’ knowledge during a course; instead, they recommend
problems based on simple similarity between problems not yet seen
by students and those they have already solved.

In this paper, we propose a context-aware recommendation sys-
tem [3] that directly models a student’s learning context, defined
as their programming skill, through the sequence of source code
submissions made during the course. Our objective is to generate
personalized programming assignments within a formal academic
course setting, improving personalized education and potentially
reducing dropout. Each student submission in our system is en-
coded using embeddings generated by a BERT-based source code
model, Jina [18], which supports 30 programming languages. To
capture the student’s current learning context, we select the embed-
ding closest to the centroid of all submissions in the most recent
lab. This vector provides a dynamic representation of the student’s
programming ability. The context vector is then used as input to
multiple multiclass classifiers, each trained to predict the student’s
proficiency in a specific programming topic (e.g., mathematics, con-
ditionals, repetition, arrays). The resulting set of predicted skills
forms a profile vector, which we compare via cosine similarity to
embeddings of unseen programming exercises labeled with the
same skill categories. By ranking exercises according to similarity,
we generate personalized programming assignments, presenting
the top-k exercises in descending order of match quality.

To train the skill classifiers and evaluate our method, we curated
a dataset of source code submissions from the last seven offerings
of the introductory programming course (INF110) in the CS cur-
riculum of the Universidade Federal de Vicosa, a public research
university in the state of Minas Gerais, Brazil. This dataset includes
12,912 C++ source code submissions from 253 students, covering
112 programming problems (= 53 per semester). The dataset is fully
anonymized and contains no personally identifying information.

We conducted two experiments to evaluate our system. First, we
measured the effectiveness of Jina embeddings for skill prediction
compared to other approaches: TF-IDF, CodeBERT-cpp [23], and
GraphCodeBERT [7]. Results showed that Jina substantially outper-
forms TF-IDF and slightly outperforms the other BERT-based meth-
ods. While Jina’s performance improvement over other BERT-based
embeddings is modest, it is important to note that Jina natively
supports 30 programming languages, whereas GraphCodeBERT
supports 7 and CodeBERT-cpp supports only C++.

Our second experiment evaluated the effectiveness of our skill-
based recommendation system in suggesting suitable problems.
A problem is considered suitable if it requires only the skills in-
troduced between the student’s last submission and the current
class. We compared our skills-based ranking against two alternative
signals commonly available from online judges: solution time and
solution correctness. For each signal, we also tested two strategies
for representing students’ submissions: (1) the average of their em-
beddings and (2) the embedding of the submission closest to the
centroid. The second strategy is motivated by the observation that
averaging embeddings may produce vectors that do not correspond
to valid exercises, while selecting the closest embedding ensures
that students are represented by an actual code solution. Results
showed that recommendations based on skills outperform those
based on the alternative signals. Moreover, representing students

963

Silva, et al.

by the embedding closest to the centroid of their most recent lab
submissions outperforms all other representation strategies.

2 Related Work

Our work primarily concerns Educational Recommender Systems
and, consequently, Learner Modeling. This section briefly reviews
previous studies in these areas related to programming exercise
recommendation.

2.1 Programming Learning Modelling

Learner Modelling techniques are a key component of Educational
Recommender Systems, aiming to approximate a student’s knowl-
edge state, skills, or needs based on their past interactions with the
educational system [1]. Traditional learner modeling approaches in
the computer programming domain include the Elo Rating System
(ERS), Bayesian Knowledge Tracing (BKT), and Item Response The-
ory (IRT) [20]. For example, ForiSek [6] introduced an IRT-based
rating system tailored for programming competitions, modeling
both contestants’ abilities and task properties (difficulty and dis-
crimination) within a unified probabilistic framework. Mangaroska
et al. [11] presented an adaptive assessment framework for pro-
gramming courses based on a modified Elo rating algorithm, in
which learners and coding exercises are co-rated using non-binary
performance signals such as attempts and success ratios.

One major drawback of these traditional learner modeling tech-
niques is their heavy reliance on manual feature engineering and
hyperparameter tuning [10, 14]. Consequently, recent approaches
have explored deep learning methods to learn vector represen-
tations (embeddings), aiming to automatically capture complex
semantic features from both problem statements and students’ so-
lutions. For example, Azcona et al. [2] proposed a model called
user2code2vec to build profiles of programming students using em-
beddings of Python code submissions throughout a course, ex-
tracted by a simple MLP network. Similarly, Yoder et al. [21] adapted
the Code2Vec model, which uses paths in an Abstract Syntax Tree
(AST) to create vector representations, for predicting final grades
in a Java programming course.

Our recommender system also uses embeddings as a learner
modeling approach. However, the main difference from previous
work is that we use Jina [18], a multilingual transformer network,
to extract embeddings from source code submitted by students, and
we use these embeddings to predict students’ programming skills.

2.2 Programming Exercise Recommender
Systems

Several systems have been proposed for programming exercise
recommendation, with varying educational goals, learner models,
and recommendation techniques [16, 20, 22]. For example, Vesin et
al. [20] proposed a recommendation framework for programming
courses based on a modified Elo-rating algorithm, in which students
and exercises are co-rated using performance signals such as cor-
rectness, number of attempts, and time to solution. To recommend
an exercise, the system selects problems whose estimated difficulty
is close to the student’s current rating. Muepu et al. [13] proposed
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a purely content-based recommender that combines learned em-
beddings and AST features to represent problems, enabling recom-
mendations based on similarity to previous problems solved by the
students.

Our recommender system is similar to previous content-based
systems, as we also recommend problems based on the similarity
of learned source code embeddings. However, it differs from these
earlier methods because we do not simply recommend problems
similar to previously solved problems; instead, we compute a dy-
namic learning context for the student and recommend problems
similar to this context.

3 Methodology

We propose a context-aware recommendation system with the goal
of producing personalized homework programming assignments
for students. For that, we assume a course structure organized
weekly, where each week consists of (1) a lecture, (2) a lab session,
and (3) a homework assignment. During the lecture, students are
introduced to programming topics, and in the labs, they are as-
signed a set of introductory programming problems to practice the
discussed techniques. In the homework assignments, they have a
new set of programming problems not seen in the lab, some with a
similar difficulty and some slightly harder, to support both students
who need more practice and those who need more challenge. Ta-
ble 1 illustrates three weeks of a course that follows our structure,
where each problem (P1, P2, P51, etc.) is annotated with difficulty
ratings 0 (topic not covered), 1 (easy), 2 (medium), and 3 (hard) for
different programming topics.

In this hypothetical course, students are exposed to Math, Condi-
tionals, and Repetition in lectures of weeks 2, 3, and 4, respectively.
The lab in week 2 presents two problems, P1 and P2, requiring only
Math with difficulty levels of 1 and 2. In week 3, the lab includes
three problems, P3, P4, and P5, combining Math and Conditionals.
Week 4 incorporates all three topics with varying levels of diffi-
culty. After each week’s lab, students are assigned two homework
problems: one at the same difficulty level as those seen in the lab
and one that is harder. Homework assignments are typically the
same for all students, regardless of their progress in the lab. This
fixed assignment becomes problematic as students diverge in un-
derstanding throughout the course, since their mastery of topics
differs substantially.

3.1 Context-aware Student Modeling

Our goal in this paper is to model students’ progress during lab
sessions to recommend personalized homework problems. Our
approach consists of modeling a student e’s programming skills,
which we also refer to as their learning context, by the following
sequence:

>

ste) = (M (el (e 2) | (e i) | felln] | fe)T)y

where s; represents the k-th submission of student e to

{e}[k]
J

problem j of lab i, m is the total number of lab sessions in the
course, n is the number of problems in the last lab, and T is the
number of submissions made to the last problem of the last lab. We

explicitly consider multiple submissions to the same problem (see
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215 above), since it is common for students to require
several attempts before solving correctly. Thus, this sequence differs
for students who solved the same set of problems in a different order
or with a different number of attempts.

Since each element sl.{je} L]
feature vector using a BERT-based embedding model. In particular,
we use jina-embeddings-v2-base-code', a state-of-the-art model that
supports 30 programming languages and a context size of 8192 to-
kens. This context size is sufficient to represent student programs in
general. Additionally, the model supports Matryoshka Representa-
tion Learning [9], which allows reducing the embedding dimension-
ality without compromising performance. By representing students’
solutions with jina-embeddings-v2-base-code, our recommender sys-
tem is effectively programming-language-agnostic, supporting the

same 30 languages.

sted1l fe}[2]
12

is source code, we convert it into a

3.2 Recommending Programming Problems

We formulate our recommendation problem as predicting the pro-
gramming skills students currently have from their submission
embeddings and selecting the kK homework problems most similar
in terms of required skills. We considered the eight programming
skills shown in Table 1, with categorical labels from 0 (topic not
covered), 1 (easy), 2 (medium), and 3 (hard). Formally, our problem
consists of finding a function §1¢} = £(${¢}) that predicts the skills
e} € {0,1,2,3} of a student e given their submission sequence
stet,

Since we are in a low-data regime, we do not consider sequential
models such as Recurrent Neural Networks or Transformers as
f. Instead, we summarize the sequence S {e} into a single context
vector xt€} by selecting the embedding of the submission closest
to the centroid of the last lab attended by the student. This assumes
that using a real submission is more representative than averaging
embeddings, which might yield a vector that does not correspond
to a valid exercise, and that recent code better reflects the student’s
current skills. Our skill prediction model is therefore defined as a
classification Multilayer Perceptron (MLP):

g1 = f(xleh) = MLPy (1)),

where 0 is the set of model parameters learned from data. Since
we have eight programming skills, each representing a separate
multiclass problem (labels {0, 1, 2, 3}), we train eight independent
MLPs, one per skill.

To recommend homework problems, we retrain our eight MLPy
models after each lab session [ and use them to predict the skills of
homework problems p. € C, where C is the set of recommendation
problems not used in any lab. Each candidate problem p, is repre-
sented by the Jina embedding of a reference source code provided
by the instructors. The final recommendation list is produced via
cosine similarity between the student’s predicted skill vector and
the predicted skill vectors of each homework problem p,. € C. Prob-
lems are presented in decreasing order of similarity, assuming that
higher similarity corresponds to easier and more suitable problems
for a given student.

!https://huggingface.co/jinaai/jina-embeddings-v2-base-code
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Table 1: Weekly structure of a programming course including Lectures, Labs, and Homework tasks. Each problem is annotated
with difficulty ratings from 0 to 3 for different programming topics.

Programming Topics

Math Cond. Rep. Array Matrix Func. String Struct

Lec X — - - - - - -

P1 0 0 0 0 0 0 0

w2 2P p 2 0 0 0 0 0 0 0
o D1 2 0 0 0 0 0 0 0

P52 3 0 0 0 0 0 0 0

Lec - X - - - - - -

P3 1 1 0 0 0 0 0 0

Lab P4 2 2 0 0 0 0 0 0

w3 P5 3 1 0 0 0 0 0 0
He P93 2 2 0 0 0 0 0 0

P54 3 3 0 0 0 0 0 0

Lec - - X - - -

P6 1 1 1 0 0 0 0 0

P7 1 2 2 0 0 0 0 0

wa 2P pg 3 3 1 0 0 0 0 0
P9 2 3 3 0 0 0 0 0

o P57 2 3 2 0 0 0 0 0

P58 3 2 3 0 0 0 0 0

The predicted skills are the only signal we use to rank program-
ming problems. For simplicity, we do not consider additional learn-
ing signals such as lecture attendance or extra practice submissions.
It is important to note that the auto-grader is used only for automa-
tion; our methodology does not rely on it.

3.3 Dataset

To train our MLP models, we collected a dataset of 12,912 stu-
dent submissions to problems from the introductory programming
course (INF110) in the CS curriculum of the Universidade Federal
de Vicosa, a public research university in the state of Minas Gerais,
Brazil. This course is offered once per year and follows a semester
calendar with a weekly structure similar to that shown in Table 1.
The dataset contains submissions to 112 different programming
problems from the last seven editions of the course: 2018, 2019,
2021, 2022, 2023, 2024, and 2025. The 2020 edition was excluded
due to disruptions caused by the COVID-19 pandemic.

The problems cover eight introductory programming topics:
Math, Conditionals, Repetition, Arrays, Matrices, Functions, Strings,
and Structures. Each submission is a tuple (e, i, p, s), where e is an
anonymous student ID, i is the lab index, p is the problem index, and
s is the source code. All submissions are in C++, since our course in-
troduces students to the fundamentals of procedural programming
in that language. Moreover, students’ solutions are graded by an
auto-grader using hand-crafted test cases to determine correctness.

All problems were specifically designed for this course by a team
of three professors who typically teach it. In general, problems fol-
low a structure commonly found in programming contest settings,
such as the International Collegiate Programming Contest (ICPC)
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[19]. Each problem begins with a title, followed by a descriptive
statement, and concludes with input/output specifications and con-
straints. On average, problem statements are 238.71 words long (+
108.47), and code solutions contain 140.08 (+ 75.01) tokens.

To evaluate our context representation based on source code
embeddings, we systematically labeled each problem in the dataset
with difficulty levels (0-3) across the eight programming topics in
Table 1. Labeling was performed consistently by a professor who has
taught the course for more than 10 years, including all seven years
of data collection. To illustrate the approach, the labeling criteria
for the Conditionals topic are as follows: 1 if the solution requires
a simple if statement, 2 if it requires a basic if-else statement, and
3 if it requires a nested if-else structure.

Finally, the data collection process and the experiments pre-
sented in this paper were approved by the Ethics Committee of
the Universidade Federal de Vicosa under project number CAAE
75327023.0.0000.5153.

4 Experimental Results

We evaluate our context-aware recommendation system through
two experiments. First, we assess the effectiveness of our student
context representation xiel by measuring skill prediction accuracy
using a multilayer perceptron (MLP) model for each skill. Second,
we evaluate our skill-based recommender against other recom-
mendation signals, namely solution time and solution correctness.
These are alternative labels that can also be used to rank homework
problems and are relatively easy to retrieve from online judges. As
part of this experiment, we also consider multiple strategies to sum-
marize the student learning context from their code embeddings.
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Table 2: Average accuracies of MLP skill classifiers trained with different contextual representation methods across 11 lab

sessions.

Jina TF-IDF CodeBERT-cpp  GraphCodeBERT
Math 0.75 £ 0.29 0.66 £0.28 0.68 £ 0.36 0.61 £ 0.35
Conditional 0.64 + 0.18 0.52 +0.17 0.63 +£0.14 0.61 £ 0.16
Repetition 0.37+0.13 0.32+0.11 0.41 + 0.17 0.39+0.14
Array 0.52 £ 0.20 0.45+0.13 0.52 + 0.22 0.47 £0.19
Matrix 0.53 £ 0.37 0.46 £0.34 0.51 £ 0.35 0.51+0.33
Function 0.80 + 0.26 0.54 = 0.37 0.75+0.28 0.74 £ 0.29
String 0.89 +£0.23 0.86 £0.19 0.90 + 0.22 0.89 +0.23
Struct 0.98 £ 0.04 0.87 £0.25 0.90 £ 0.26 0.89 + 0.24
Mean 0.69 £ 0.19 0.59 £0.19 0.66 = 0.17 0.64 +£0.18

4.1 Student Context Representation

In the first experiment, we evaluate the effectiveness of Jina embed-
dings as predictors of student skills, comparing them with embed-
dings from other token-based methods, TF-IDF and CodeBERT-cpp,
as well as GraphCodeBERT, a graph-based approach. For all four
methods, we trained eight MLP multiclass classifiers with a single
hidden layer of 100 neurons, using gradient descent with consistent
hyperparameters: 200 epochs, a learning rate of 5 = 0.001, and
L2 regularization with A = 0.1. The embeddings from all BERT-
based methods (Jina, CodeBERT-cpp, and GraphCodeBERT) were
represented as 768-dimensional vectors. Additionally, Jina incor-
porates five LoRA (Low-Rank Adaptation) adapters [8] for specific
tasks: retrieval-query, retrieval-passage, separation, classification,
and text-matching. Given the nature of our recommendation task,
we used the text-matching adapter. As TF-IDF embeddings have
a dimensionality equal to the vocabulary size—i.e., the number of
unique words across all documents—we reduced this dimensionality
by selecting only the most frequent terms, matching the resulting
vectors to the 768-dimensional size of the BERT-based embeddings.

To simulate how the system would be used in practice, predicting
skills for unseen students and problems in the future, we adopted a
time-sensitive leave-one-out approach for dataset splitting. Specifi-
cally, we trained our models on the correct submissions from all
lab sessions from 2018 to 2024, and evaluated them on the 11 lab
sessions of 2025. Since each of the eight skills represents an indi-
vidual multiclass problem, to improve generalization we enforced a
balanced dataset when training each model by downsampling to
the size of the minority class. Table 2 reports the average accuracies
of each skill for each context representation method across the 11
lab sessions of 2025.

Table 2 shows that Jina embeddings consistently outperform
the other contextual representation methods, achieving the high-
est mean accuracy (0.69) and leading in six of the eight skills, in-
cluding Math (0.75), Conditional (0.64), Function (0.80), and Struct
(0.98). CodeBERT-cpp provides competitive results, surpassing Jina
on Repetition (0.41 vs. 0.37) and slightly on String (0.90 vs. 0.89),
while tying with Jina on Array (0.52). GraphCodeBERT does not
improve over CodeBERT-cpp, and TF-IDF lags behind all neural
methods, confirming the importance of contextual embeddings over
frequency-based representations. Overall, Jina not only achieves
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the best performance across most skills but also supports a broader
range of programming languages (30), compared to the more lim-
ited coverage of CodeBERT-cpp (C++ only) and GraphCodeBERT
(seven languages).

4.2 Ranking Metrics

In our second experiment, we evaluate predicted programming
skills as a ranking metric for recommending programming prob-
lems. Since our recommendation problem has a temporal compo-
nent, the solution time MLP model is retrained after each lab session.
The goal of this experiment is to assess how our recommendation
algorithm, guided by skill predictions from source code embed-
dings, learns to suggest suitable homework problems for students,
where suitable is defined as problems that only require skills in the
interval between the student’s last submission and the current class.
To this end, we compare our categorical skill predictions against
two other ranking metrics: solution time and solution correctness.
The solution time is the time in seconds a student takes to solve
a problem, which can normally be recorded by online judges and
used as a proxy for problem difficulty. Solution correctness, on the
other hand, is a binary label indicating whether a given submission
is correct—this is the main feature tracked by most online judges.

As part of this experiment, we also evaluate two strategies for
summarizing student submissions into a single embedding vector:
(1) the average of the student’s submission embeddings, and (2)
the embedding of the solution closest to the student centroid, as
represented by Jina embeddings. Since our recommendation prob-
lem has a temporal component, for both strategies, we compare
summarizing across all submissions versus only submissions from
the most recent lab.

Figure 1 shows the percentage of suitable recommended exercises
produced by our system when guided by the three different ranking
metrics: solution time, solution correctness, and skills. In this figure,
the higher the percentage, the better. Each ranking metric was
evaluated under the four summarization strategies. For comparison,
we also report the percentage of suitable recommended exercises a
theoretical random method would achieve, in order to evaluate how
much the recommendation systems are actually learning from the
data. For the variations with solution time and solution correctness,
we trained MLP predictors with the same size and configuration as
those used for skill prediction.
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Figure 1: Average percentage of suitable exercises (the higher, the better) of different ranking metrics (Skills, Solution Time,
and Solution Correctness) with varying strategies for summarizing the submissions into a single embedding vector.

The results show that solution time and correctness as ranking
metrics are not strongly affected by the summarization strategy.
This is likely due to the low variance of solution time and correct-
ness across labs. Since each lab introduces new content, problems
become more complex in terms of the number of skills required,
but the difficulty of each individual skill remains relatively similar
across labs. Moreover, students have the same allotted lab time (1
hour and 40 minutes) in all sessions, which limits the variance of so-
lution time and correctness throughout the course. Our skill-based
metric, on the other hand, consistently performs better when using
only the solution closest to the last lab centroid, especially in the
second half of the course. These results suggest that predicted skills
are a stronger recommendation signal for programming problems,
as they better capture differences in students’ learning contexts,
particularly as the number of required programming skills increases.
Overall, our skill-based ranking metric—when combined with a
student context based solely on the solution closest to the last lab
centroid—outperformed all other methods.
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5 Conclusion and Future Work

This paper introduced a context-aware recommender system for
programming assignments designed for formal academic courses.
By modeling students’ skills from their code submissions and using
embeddings for skill prediction, the system recommends exercises
that align with each student’s learning trajectory. Experiments
on a new multi-year dataset show that skill-based recommenda-
tions outperform those based on correctness or completion time,
and that Jina embeddings provide consistent improvements while
supporting a broader range of programming languages.

The contributions of this paper represent an initial step toward
personalized programming assignments via recommender systems
based on source code embeddings. As future work, we plan to con-
duct user studies to assess the perceived adequacy and difficulty of
recommendations and to measure their impact on student learning
outcomes. These studies will be conducted with a new cohort of
students arriving next year. We also intend to extend the approach
to other courses and disciplines, exploring the generalizability of
embedding-based skill modeling for personalized education.
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