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Abstract

The rapid evolution of Large Language Model (LLM) has signifi-
cantly influenced AI applications in education, particularly in the
instruction of computer programming. To address data privacy con-
cerns that hinder LLM adoption, we present a privacy-preserving
assessment framework that leverages the Federated Learning (FL)
paradigm. By applying algorithms such as FedAvg, FedProx, and
FedAdam to the instruction tuning of the Qwen3 base model using
a dataset of over 1,500 Java tasks, we evaluated the feasibility of
decentralized training for sensitive data. Experimental results on a
held-out test set demonstrate that the federated model effectively
learns to identify and explain syntax, runtime, and logical errors,
validating a secure and scalable path for Al tutoring systems.
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1 Introduction

Large Language Model (LLM) offers promising support for higher
education [10], but raises concerns regarding accuracy, bias, data
privacy, and academic integrity. This research addresses some of
these challenges by developing a privacy-preserving LLM tool for
assessing Java programming assignments, using Federated Learn-
ing (FL) and synthetic surrogate data to avoid exposure of raw
student submissions. Leveraging recent advances in LLM, the frame-
work enhances contextual code analysis, error classification, and
explanation generation, contributing to emerging hybrid human-AIl
teaching models that combine efficiency with essential pedagogical
oversight.

LLM holds promise for automated grading of programming as-
signments. However, standard centralized training introduces data
privacy risks, as it requires aggregating student code into a central
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server, potentially violating educational data policies. In parallel, the
assessment methodology itself faces inherent limitations. Current
automated grading systems [1] are entirely based on instructor-
written test cases, which impose significant authoring overhead.
These tests are time-consuming to create and frequently fail to cover
important edge cases, boundary conditions, or input variations. As
a result, incorrect or hard-coded student solutions often pass unde-
tected, especially when random tests are limited or when specific
data types and special conditions are not thoroughly exercised.
To address these limitations, we propose a privacy-preserving
framework that leverages established FL paradigms to perform
instruction-tuning on the Qwen3 model, specifically for automated
Java code assessment. Our approach empowers the open-source
model to generate precise, natural language feedback that complies
with rigorous assessment standards, ensuring data privacy while
maintaining alignment with instructional rubrics. The code and
data of this work are available at https://github.com/uwm-se/PE.

2 Literature Review

GenAlin Education. Researchers have noted that existing datasets
for LLM-based computing education are often inadequate for rigor-
ous evaluation. Prather et al. [7] showed that most publicly available
datasets were not created for LLM code generation research and
frequently lack critical pedagogical context, such as starter code,
data files, and reliable test suites. The survey further emphasizes the
limited diversity of available datasets, which predominantly contain
Python-focused problems and are thus insufficient for assessing
models across languages and task types. Building on this foun-
dation, Prather et al. [8] investigated how instructors themselves
engage with GenAl tools, often using them to develop supportive
learning materials.

FL for Education. A personalized FL framework has been used
to improve student modeling within underrepresented groups [2].
The framework predicts learning outcomes based on student activi-
ties, with subgroups defined by demographic variables. Evaluation
across three online course datasets shows that the method con-
sistently, and in some cases significantly, outperforms baseline
algorithms in maximizing prediction accuracy for each subgroup.

Educational data mining techniques have also been applied to
assess students’ academic performance [3]. A federated learning
model was introduced to forecast learning outcomes across multi-
ple educational institutions, with a strong focus on preserving data
privacy. Feature refinement, extensive model testing, and compre-
hensive performance evaluation were conducted to ensure relia-
bility. Results show that Federated Learning and Support Vector
Machines achieved the best performance on both training and test-
ing datasets. The use of advanced methodologies and comparative
analyses provides meaningful insights into student performance
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To ensure label quality, we manually inspected all records to verify
that the feedback accurately matches the student code and that
each reported error is correctly categorized and explained. The
final dataset contains 1,556 labeled examples, of which 1,327 are
used for training, 100 for validation, and 129 for testing.

Each example is formatted as an instruction-response pair. The
system prompt defines the grading rules, error taxonomy, and out-
put format, while the user input combines the task description with
the student code. The feedback serves as the assistant response.
This instruction-tuning formulation enables the model to learn how
to generate structured evaluations conditioned on the code, rather
than simply assigning a score.

prediction, with the potential to inform improvements in educa-
tional practice.

Hierarchical Personalized Federated Learning (HPFL) is a client-
server framework that supports privacy-aware learning across het-
erogeneous users [11]. The framework organizes data into a hierar-
chical structure, enabling flexible segmentation in accordance with
differing privacy requirements. Each client trains a user model with
components tailored to the hierarchical structure of its local data,
and applies a personalized update strategy to capture statistical
variations among users. In parallel, the server performs component-
level aggregation, allowing diverse user models to be combined
flexibly - an essential capability when models differ due to privacy
constraints or data characteristics.

4 Model Architecture and Fine-Tuning
4.1 Base Model and FL Strategies

For the experiment, we selected Qwen3-4B-Base model since the
base variant is well suited for fine-tuning, and the Qwen3 series
already demonstrates strong coding capability from pre-training.
In federated learning scenarios, client devices may not be able to
host very large models, and the 4B configuration offers a practical
balance between model effectiveness and deployment constraints.
The experiments were conducted on two A100 GPUs (80 GB VRAM
each), with each GPU running a separate federated client in paral-
lel to simulate distributed training and accelerate model updates.
Three federated optimization strategies were used during training:
FedAvg [5], FedProx [4], and FedAdam [9].

LLM for Education. LLMs have been integrated into Integrated
Development Environments (IDEs) to support real-time code under-
standing. The GILT system, a VS Code plugin using GPT-3.5-turbo,
enables developers to request context-aware explanations without
explicit prompting [6]. Empirical evaluation revealed significant im-
provements in task completion rates and user satisfaction compared
to traditional search-based approaches. JavaLLM [12] exemplifies
the potential of domain-tuned LLMs for programming education. By
fine-tuning on Java-centric datasets, including code snippets, docu-
mentation, and instructional material, the model achieved superior
results in Java code generation and question answering, providing
tailored support aligned with programming curricula.

3 Dataset and Preprocessing

31 Data Source 4.2 Scoring Criteria and Evaluation Process

Model evaluation was conducted using a scoring framework tai-
lored for the Java error-detection task. The test set contained pairs
of reference feedback and model-generated feedback, and each
generated output was compared against the reference in terms of
error identification, classification, and explanatory adequacy. The
scoring was performed using a GPT-assisted evaluation function
that applied a set of predefined criteria shown in Table 1.

We build our dataset from a publicly available Java benchmark
on HuggingFace, Dataset678/humaneval-java. Each item in this
dataset provides a Java programming task description and reference
solution code. We first extract the natural language task statement
from the original prompt field and treat it as the assignment speci-
fication for students.

To simulate realistic student submissions, we use the Sonnet 4.5
model to generate between 10 and 15 candidate Java solutions per
task. The generated code is prompted to include a mixture of cor-
rect implementations and solutions containing different types of
mistakes (e.g. syntax, runtime, and logical errors), thereby approxi-
mating the diversity observed in real classroom settings.

Table 1: Evaluation Metrics

Metric (0-10)  Description

Correct number of errors.
Correct error categories.
Semantic consistency with the reference feedback.

Count score
Type score
Content score

3.2 Synthetic Data Generation

We generate structured feedback for each synthetic student solution,
identifying and explaining all errors present in the code. Feedback
generation is guided by a rubric-style system prompt that specifies
the expected output and restricts errors to predefined categories.
This ensures that feedback is uniform, interpretable, and aligned
with the evaluation criteria. An example data record is shown below:

5 Results and Discussion
5.1 Baselines and Model Scaling Analysis

To establish a performance upper-bound for our FL experiments,
we first conducted centralized training on both Qwen3-4B-Base
and Qwen3-8B-Base models. Under identical LoRA configurations
(r = 16, = 32) and an 80-minute training budget, the results
yielded a counterintuitive insight into model efficiency. As detailed

{"system_prompt": "Analyze the student's Java code according
to the given task requirements.",
"user_prompt":
"Java code requirement: Input to this function is a string...
student code: import java.util.*; class Solution {...}",

"feedback":
"1) Logical Error: Does not handle overlaps correctly.
2) Logical Error: Returns segments count, not occurrence count"?}

in Table 2, the smaller Qwen3-4B-Base achieved a total score of
19.95 (66.5%), slightly outperforming the 8B variant at 19.44 (64.8%).
The 4B model demonstrated superior convergence in "Error Type"
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classification (8.94 vs. 8.53), suggesting that under restricted com-
putational resources and data volumes, smaller models may offer
better immediate adaptability than their larger counterparts, which
likely remained under-fitted.

Table 2: Performance Comparison of Centralized Baselines: Qwen3-4B vs.
Qwen3-8B. Both models were fine-tuned using LoRA (r = 16,a = 32) for
approximately 80 minutes.

Model Parameters Type Count Content Total Score (%)

Qwen3-4B-Base 4B 8.94 4.95 6.06 19.95 (66.5%)
Qwen3-8B-Base 8B 8.53 491 6.00 19.44 (64.8%)

5.2 Hyperparameter Sensitivity Analysis

Table 3: Hyperparameter sensitivity analysis for centralized Qwen3-8B-Base
model by comparison of learning rate (LR), LORA rank (r), and training epochs
across three evaluation metrics.

Config Hyperparameters Performance Metrics

LR Rank Alpha Epochs Type Count Content Total
Config A  1le-4 16 32 3 8.53 491 6.00 19.44
Config B 2e-4 32 64 3 8.14 5.14 6.14 19.42
Config C  5e-5 32 64 5 9.16 5.20 6.26 20.62

To determine the theoretical performance limit of the Qwen3-8B-
Base model in a centralized setting, we conducted a hyperparameter
sensitivity analysis involving variations in learning rate (LR), LoRA
Rank (r), and training epochs. The results, shown in Table 3, indi-
cate performance saturation. Despite significant adjustments to the
model’s capacity (doubling the rank from 16 to 32) and optimization
dynamics (varying LR from 5e-5 to 2e-4), the performance metrics
exhibited remarkable stability rather than drastic fluctuations. This
marginal variance suggests that the centralized model has reached
its empirical upper bound for this specific instruction-tuning task.
Establishing this stable ceiling is pivotal as it defines the theoretical
limit for our investigation.

5.3 Federated Instruction Tuning Performance

Table 4: Comparison between centralized and FL approaches on Qwen3-4B

Training Type Type Count Content Total Score (%)
Base Model 3.28 3.84 3.12 10.24 (34.13%)
FedAvg 7.8 4.67 5.73 18.20 (60.67%)
FedProx 7.58 4.26 5.26 17.10 (57.00%)
FedAdam 6.23 5.21 4.97 16.41 (54.70%)

Table 4 compares the performance between the Qwen3-4B base
model (utilizing few-shot CoT) and various FL strategies. Most no-
tably, federated instruction tuning strategies achieved performance
levels comparable to the centralized training baseline, effectively
bridging the gap between privacy-preserving distributed learning
and traditional centralized optimization.

Significantly outperforming the Qwen3-4B-Base model equipped
with few-shot Chain-of-Thought (CoT), our federated approach
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demonstrates robust convergence. Among the evaluated strategies,
FedAvg delivered the most balanced performance, elevating error-
type score from a baseline of 3.28 to 7.8 and feedback content
score to 5.73. FedAdam has the best error-count score at 5.21. These
distributed methods approximate the efficacy of centralized training,
which shows the practical viability of deploying LLMs in federated
settings without significant performance degradation.

6 Conclusion

This study demonstrates that FL strategies can effectively approxi-
mate the performance of centralized training baselines for
LLM instruction-tuning. Our experimental results confirm that
by adopting decentralized aggregation methods, it is possible to
achieve high-fidelity code assessment capabilities without physi-
cally aggregating sensitive student data. This establishes a critical
technical validation: high-utility model adaptation and rigorous
data privacy are not mutually exclusive, but can be simultaneously
achieved through the proposed framework.
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