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ABSTRACT

Effective software testing relies on the quality and correctness of
test assertions. Recent Large Language Models (LLMs), such as
CodeT5+, have shown significant promise in automating assertion
generation tasks; however, their substantial computational resource
demands limit their practical deployment in common development
environments like laptops or local IDEs. To address this challenge,
this work explores knowledge distillation to derive smaller, more
efficient student models from a larger, pre-trained CodeT5+ teacher.
While knowledge distillation has been successfully applied to gen-
eral code models, its specific application to creating lightweight,
locally-deployable models for test assertion generation remains a
recognized research gap. Using a dataset that includes assertion
input-output pairs and teacher logits, we systematically investi-
gate the impact of different distillation loss components—soft logits
loss and hard target losses—on student performance. Our findings
demonstrate the practical viability of this approach: a distilled 220M
parameter student model can be nearly 3x faster and consume
over 40% less memory than its 770M teacher, while retaining
approximately 78% of the original’s assertion generation quality
as measured by CodeBLEU. These results offer practical insights
and a clear pathway for deploying efficient yet effective assertion-
generation models suitable for local developer workflows.
Keywords: Knowledge Distillation, Assertion Generation, Large
Language Models, Software Testing

1 INTRODUCTION

High-quality test assertions are fundamental to effective software
testing, directly influencing fault detection and software correct-
ness [15, 16]. However, manually crafting accurate and compre-
hensive assertions is often tedious and error-prone, motivating the
need for automated assertion generation.

Recent advancements in Large Language Models (LLMs), par-
ticularly CodeT5+ [24] and other code-specific transformer mod-
els [3, 5, 12], have demonstrated significant promise in automating
assertion generation tasks [22]. These models exhibit exceptional
understanding of code semantics, enabling accurate and contextu-
ally relevant assertion generation [2, 4]. Despite their effectiveness,
integrating these models into everyday development workflows re-
mains challenging due to high computational demands, substantial
memory usage, and slow inference speeds, especially in resource-
constrained environments such as laptops or local IDEs [10].

Knowledge distillation offers a compelling solution by enabling
the transfer of knowledge from powerful, computationally intensive
teacher models into smaller, more efficient student models [9, 19, 26].
However, while knowledge distillation has been applied broadly, its
specific application to the niche task of assertion generation—with
the explicit goal of creating resource-efficient models for local de-
velopment workflows—remains a gap in the literature that has
received limited attention. In this work, we address this gap by uti-
lizing a dataset generated by a pre-trained CodeT5+ teacher model,
comprising input source code snippets, generated assertions, and
associated logits (prediction probabilities). This dataset allows the
student models to effectively learn the teacher’s knowledge without
the need for local deployment of the computationally demanding
teacher model [7, 14].

We systematically distill knowledge into smaller student models,
evaluating them across multiple performance metrics, including
syntactic correctness, semantic similarity to teacher outputs (Code-
BLEU [18]), exact match accuracy against ground-truth assertions,
inference speed, and memory usage [21]. Preliminary findings sug-
gest that distilled student models significantly enhance inference
speed and reduce resource requirements while maintaining asser-
tion generation performance close to that of the teacher [10, 19].

This paper makes the following contributions:

o Empirical evaluation of how varying distillation loss weights
impact assertion generation accuracy, inference speed, and
model efficiency.

e Empirical evaluation of how model size impacts inference
speed, accuracy, and memory efficiency, offering insights
into practical trade-offs for deployment.

e A comprehensive and publicly archived replication pack-
age that includes our entire toolchain—from distillation and
evaluation scripts to the complete dataset and pre-computed
teacher logits—to ensure full and transparent reproducibility
of our findings.

o Practical recommendations for developers seeking to deploy
effective, resource-efficient assertion-generation models in
local development environments.

The remainder of this paper is structured as follows: Section 2
provides background information and related work on assertion
generation and knowledge distillation. Section 3 describes our distil-
lation methodology, and Section 4 outlines our experimental design.
We present our empirical results in Section 5 and interpret these
findings in Section 6. In Section 7, we discuss the threats to the
validity of our study. Finally, Section 8 concludes the paper with
a summary of our contributions and directions for future work,
followed by our data availability statement.

2 BACKGROUND AND RELATED WORK
2.1 The Role of Assertions in Software Testing

Test assertions are conditional statements that validate the cor-
rectness of software behavior during execution. They typically ap-
pear within unit tests to check specific outcomes or states against
expected values. Effective assertions are crucial for quickly de-
tecting software faults, ensuring that code modifications do not
introduce regressions, and maintaining software quality over time.
Writing accurate and comprehensive test assertions is, however,
time-consuming and prone to human error, motivating the explo-
ration of automated methods [16].

2.2 Automated Assertion Generation
Techniques

Several paradigms have been explored to automate the generation
of test assertions, each with distinct strengths and limitations.
Search-Based Approaches. One prominent line of work in-
volves Search-Based Software Testing (SBST), which uses meta-
heuristic algorithms (e.g., genetic algorithms) to search for mean-
ingful assertions. Tools like EvoSuite [6] mutate source code and
guide the search towards assertions that fail on mutants but pass on
the original code. While effective at finding specific types of faults,



this approach is often computationally expensive and tends to gen-
erate assertions that are syntactically simple, frequently failing to
capture complex semantic properties or produce human-readable
expressions.

Early Deep Learning Approaches. Before the dominance of
large-scale transformers, researchers applied earlier deep neural
network (DNN) architectures, such as Recurrent Neural Networks
(RNNs) and LSTMs, to the problem. These models learned to predict
assertion statements by treating code as a sequence [8]. While a
significant step beyond pattern-based methods, these models were
often limited by their ability to capture long-range dependencies
and the deep semantic context of the code, resulting in assertions
that were plausible but not always accurate or relevant.

Large Language Models (LLMs).The recent advent of LLMs
specialized for code has marked a significant leap in performance
on automated code understanding and generation tasks. Models
like CodeT5+ [24], Codex [3], and AlphaCode [12] leverage the
transformer architecture to build a deep understanding of code
semantics. This enables them to generate highly accurate and con-
textually relevant assertions that closely mimic those written by
human developers [22]. However, this power comes at a cost. The
immense size and computational requirements of these state-of-
the-art models make them impractical for integration into local,
interactive development workflows on standard hardware like lap-
tops, creating a critical gap between their potential and practical
deployment.

2.3 Knowledge Distillation for Code Models

Knowledge distillation offers a promising solution to bridge this
deployment gap. It is a technique used to transfer knowledge from a
large, computationally expensive model (the teacher) into a smaller,
more efficient model (the student) [9]. This process involves training
the student to mimic the teacher’s behavior, often by using its
prediction probabilities (soft logits) as a rich supervisory signal
alongside traditional ground-truth labels. This allows the smaller
student model to achieve comparable performance to its teacher
while significantly reducing inference time and memory usage.

Relevant literature indicates the efficacy of knowledge distilla-
tion in various domains, including software engineering. Hinton et
al. [9] introduced the core concepts, while more recent surveys by
Yang et al. [26] have highlighted its effectiveness for code-related
tasks, underscoring the importance of carefully balancing different
loss components. Despite these foundational works, there remains
a clear gap in the literature addressing the unique challenges of
distilling state-of-the-art code models like CodeT5+ specifically
for assertion generation. To our knowledge, no prior work has
systematically evaluated the trade-offs between distillation loss
configurations and practical deployment metrics (speed, memory)
for this task. Our research aims to fill this niche, providing empiri-
cal evidence to guide the creation of efficient, locally-deployable
assertion generation tools.

3 METHODOLOGY

This section provides a comprehensive description of the knowl-
edge distillation pipeline used for Java test assertion generation,

clearly outlining the key steps and decisions involved. A high-level
overview of the pipeline is visualized in Figure 1.
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Figure 1: High-level overview of the knowledge distillation
pipeline. The student learns from teacher logits and ground-
truth labels. An additional AST-based syntactic penalty, not
pictured, is also incorporated into the final loss function.

3.1 Teacher Model

The teacher model employed is a Salesforce/codet5p-770m[24]
fine-tuned specifically for Java assertion generation((®) in Figure 1).
We fine-tuned this model on the Methods2Test dataset[23], which
consists of 780,944 pairs of Java methods (focal methods) and cor-
responding JUnit test cases collected from 91,385 Java open-source
GitHub repositories. This comprehensive dataset is specifically de-
signed to support automated test generation tasks by providing
well-curated method-test pairs.

The fine-tuned teacher model generates two types of outputs for
each input method-test pair:

e Predicted assertions, which are the high-quality generated
test assertions.

o Compressed token-level logits, which represent the model’s
internal confidence distributions across vocabulary tokens.

These outputs serve as the supervision signals during the student
model’s distillation.

3.2 Distillation Procedure

The knowledge distillation process involves the following steps:

Data Preparation. All input code and assertion sequences are first
tokenized and padded to fixed lengths. During each training step,
the compressed logits provided by the teacher are decompressed
on-the-fly, ensuring the rich probabilistic information is available
for calculating the loss((2).

Composite Loss Function. The student model is optimized using
a composite loss function integrating multiple components:

o Soft-label distillation (KL Divergence)[9]: The student’s
logits are trained to match the decompressed teacher log-
its, using a dynamically decaying temperature to gradually
sharpen predictions((3)).

e Hard-label supervision (Cross-entropy loss): Losses com-
puted separately against teacher-generated assertions and
ground-truth assertions help stabilize the training process(®).



e AST-based penalty: Predictions are parsed with javalang,
and syntactic validity violations incur an additional penalty,
encouraging the student to produce syntactically valid Java
code([1, 27].

The relative weights of these loss components are experimentally
tuned to achieve optimal performance.

The total weighted loss from these components is then used to
update the student model’s parameters through backpropagation
(®), completing the learning cycle.

Optimization and Regularization. To improve training stability
and model generalization, we employ:

e Dropout[20]: Randomly deactivates units during training
to mitigate overfitting.

e Weight decay (L2 regularization)[13]: Encourages smaller
parameter magnitudes, controlling model complexity.

e Validation-driven learning rate scheduling: We use the
ReducelLROnPlateau scheduler to dynamically reduce the
learning rate when validation performance stagnates.

e Mixed-precision training: Accelerates computation and
reduces memory usage by using PyTorch’s Automatic Mixed
Precision (AMP).

3.3 Student Models

The main student model investigated is Salesforce/codet5p-220m,
a compact variant of CodeT5+ optimized for efficient local deploy-
ment((®). We also consider two smaller variants—CodeT5-base
and CodeT5-small—to examine trade-offs in performance and effi-
ciency across varying model sizes. All models are initialized with
pre-trained Hugging Face weights.

4 STUDY DESIGN

This section describes the experimental configurations and eval-
uation procedures used to assess the performance and practical
deployment capabilities of the distilled student models.

4.1 Research Questions
We specifically address the following research questions:

(1) How does student model size affect assertion generation
quality relative to the teacher model?

(2) How do different weighting strategies for teacher prediction
loss, ground truth loss, and soft logit loss affect assertion
generation performance?

(3) What practical trade-offs exist between inference speed,
memory usage, and assertion quality for local deployment?

4.2 Experimental Configurations

Training is executed on Google Colab using NVIDIA A100 GPUs,
while evaluation is conducted on Apple Silicon (M1 Pro) hardware
to assess deployment in realistic scenarios. Our experiments are de-
signed around two primary independent variables: student model
size (220M vs. Base vs. Small) and the distillation loss weighting
scheme. To analyze the latter, we define several named configura-
tions, including a ‘Gold(Ground Truth)-focused’, “Teacher-focused,
and ‘Balanced’ approach, which are systematically tested while all

other training hyperparameters (e.g., learning rate, epoch count,
dropout rate) are held constant.

4.3 Implementation Tools and Evaluation
Protocol

Evaluation is performed using a custom evaluation script executed
on M1 Pro hardware. The script computes the following compre-
hensive set of metrics to thoroughly evaluate model performance:

Precision, Recall, and F1-score. [17]: Standard metrics for asser-
tion correctness.

Exact Match Accuracy. : Measures the proportion of assertions
that match ground truth exactly.

CodeBLEU. [18]: Assesses both semantic and syntactic quality
of generated assertions.

Token-level Accuracy. : Fine-grained token matching metric to
evaluate detailed correctness.

AST Validity. [27]: Measures the syntactic correctness of gener-
ated Java assertions.

Sequence Similarity. [11]: Measures the average character-level
similarity using the Levenshtein ratio.

Inference Speed and Memory Usage. : Practical metrics evaluating
resource efficiency on consumer-grade hardware.

Results are systematically logged and visualized using matplotlib
and seaborn to facilitate clear performance analysis across all mod-
els and configurations.

5 RESULTS

This section presents the empirical results of our knowledge distil-
lation experiments. We first provide a high-level overview of the
performance of the various student models compared to the teacher.
We then analyze these results in detail, structuring our discussion
around each of our three research questions to evaluate the impact
of model size, loss configurations, and the practical trade-offs for
local deployment.

5.1 Overall Performance Comparison

To establish a performance baseline, we evaluated the fine-tuned
teacher model against the three distilled student models. All student
models in this comparison were trained using a balanced distillation
configuration (0.4 ground-truth loss, 0.3 teacher prediction loss,
and 0.3 soft logits loss). The following tables summarize the results,
grouped by metric category.

Table 1: Core performance metrics (F1, Precision, Recall, and
Exact Match Accuracy).

Model F1  Prec. Recall Accuracy
Teacher (770M) 0.559 0.571 0.547 0.577
Student (220M) 0.298 0310  0.287 0.323
Student (Base)  0.297 0.309  0.286 0.324
Student (Small) 0.220 0.230  0.211 0.243




Table 2: Code-specific and similarity metrics.

Model CodeBLEU Token Acc. Seq. Sim.
Teacher (770M) 0.583 0.665 0.879
Student (220M) 0.453 0.430 0.782
Student (Base) 0.451 0.422 0.776
Student (Small) 0.403 0.345 0.731

Table 3: Structural metrics (AST Validity).

Model AST Validity (%)
Teacher (770M) 84.6
Student (220M) 87.0
Student (Base) 88.1
Student (Small) 89.5

5.2 RQ1: Impact of Model Size on Quality

As shown in Tables 1 and 2, student model size has a clear and
direct impact on assertion generation quality. There is a consistent
trend where larger models yield higher performance across nearly
all quality metrics. The 770M teacher model sets the performance
benchmark with a Precision of 0.571, an F1-score of 0.559, and a
CodeBLEU score of 0.583. The largest student, Student (220M),
retains a substantial portion of this quality, achieving a Precision of
0.310 and a CodeBLEU score of 0.453. As the model size decreases
to Student (Base) and Student (Small), all correctness and
similarity metrics decline accordingly.

An interesting counter-trend appears in AST validity (Table 3),
where the smallest models produce a higher percentage of syntacti-
cally valid assertions. The Student (Small) model achieves the
highest validity at 89.5%, surpassing even the teacher model (84.6%).
This suggests that smaller models, having less capacity, may be
less prone to generating overly complex or syntactically adven-
turous outputs, thereby adhering more reliably to basic language
structures.

5.3 RQ2: Impact of Distillation Loss Weights

To answer our second research question, we conducted two sets of
experiments on the Student (220M) model. First, we analyze the
overall effectiveness of our distillation process by comparing several
strategies against a non-distilled baseline. Second, we investigate
the optimal balance between the teacher’s hard and soft signals
when no ground-truth data is used.

5.3.1 The Effectiveness of Distillation vs. a Non-Distilled Baseline.
Our first experiment compares three distinct distillation config-
urations against the off-the-shelf, non-distilled Student (220M)
baseline. The results are presented across two figures: Figure 2
for core correctness metrics, and Figure 3 for code-specific quality
metrics.

The most striking result, visible in both figures, is the signifi-
cant performance gap between the baseline model and all three
distillation strategies. The baseline fails to generate any correct

assertions, achieving an F1-score of 0.0, while all distillation config-
urations achieve F1-scores around 0.30. This confirms that general
pre-training is insufficient for this specialized task and that the
knowledge transfer process is essential for adapting the student
model effectively. When comparing the three distillation configu-
rations to each other, we observe remarkably similar performance.
For example, the CodeBLEU scores for the Gold-focused (0.458),
Balanced (0.453), and Teacher-focused (0.453) models are nearly
identical. This suggests that when a strong soft-target signal from
the teacher’s logits is present (fixed at a weight of 0.3), the model is
not highly sensitive to the specific source of the hard labels.

‘Comparison of Core Evaluation Metrics

Figure 2: Comparison of core metrics for different distillation
strategies against a non-distilled baseline.

Figure 3: Comparison of code-specific metrics for different
distillation strategies against a non-distilled baseline.

5.3.2  Balancing Hard vs. Soft Teacher Supervision. In the second
experiment, we removed the ground-truth loss entirely to isolate
the interplay between the two forms of teacher supervision: hard
labels (from predictions) and soft labels (from logits). We evalu-
ated four configurations by varying the weight between these two
components, as shown in Figure 4 and Figure 5.

Contrary to the common expectation that a blend of signals
would be optimal, our results reveal a different trend. The config-
uration relying exclusively on the teacher’s hard predictions (1.0
Teacher) achieved the highest performance across most metrics,
including an F1-score of 0.319 and a CodeBLEU score of 0.469. The
second-best performer was the model trained purely on soft log-
its (1.0 Soft), with a CodeBLEU score of 0.455. Interestingly, the
configurations that blended both signals produced slightly lower
scores. This suggests that for this specific distillation task, a sin-
gle, clear supervision signal—either imitating the teacher’s final,



fluent output (hard labels) or its pure underlying reasoning (soft
labels)—was more effective than a combination that may have in-
troduced conflicting optimization objectives for the student model.

Comparison of Core Evaluation Metrics

Figure 4: Effect on core metrics when varying the balance
between the teacher’s hard and soft losses.

Comparison of Code-Specific and Similarity Metrics

Figure 5: Effect on code-specific metrics when varying the
balance between the teacher’s hard and soft losses.

In summary, our findings for RQ2 are twofold. First and foremost,
the distillation process itself is critical, as any tested configuration
dramatically outperforms the non-distilled baseline. Second, when
relying solely on supervision from the teacher, our results indicate
that a direct imitation of the teacher’s final predictions (hard-label
loss) provides the most effective training signal, a noteworthy find-
ing that contrasts with some distillation literature.

5.4 RQ3: Trade-offs for Local Deployment

This research question assesses the practical balance between the
quality losses observed in RQ1 and the efficiency gains necessary
for local deployment. The data from all our tables, particularly
the quality metrics in Table 1 and the performance benchmarks in
Table 4, illustrates these trade-offs clearly.

The largest student model, Student (220M), provides a com-
pelling case for distillation. It is approximately 2.9 times faster per
method than the 770M teacher and reduces peak memory consump-
tion by ~41% (from 4.4GB to 2.6GB). A similar trend is observed in
the time per assertion, where the student is also nearly 2.9 times
faster, indicating that the models generate a comparable number
of assertions per method. This significant efficiency gain comes
with a measurable quality trade-off, as its CodeBLEU score drops
from 0.583 to 0.453 (retaining ~78% of the teacher’s score).

Table 4: Inference speed and memory usage on Apple M1
Pro.

Model Time / Time / Memory
Method (ms) Assertion (ms) Usage (MB)
Teacher (770M) 8216.2 5310.1 4418.89
Student (220M) 2795.9 1835.1 2604.33
Student (Base) 2965.9 1948.7 2658.30
Student (Small) 1225.4 813.4 2402.34

The smallest model, Student (Small), offers the most dramatic
performance improvement, being 6.7 times faster than the teacher
and consuming nearly 46% less memory. However, this efficiency
comes at a steep price. As shown in Tables 1 and 2, the Student
(Small) model consistently scores the lowest on all correctness
and similarity metrics. These findings highlight that the Student
(220M) model represents a strong compromise, offering a substan-
tial reduction in resource requirements while retaining a high level
of assertion generation quality, making it a viable candidate for
deployment on consumer-grade hardware.

6 DISCUSSION

Our empirical evaluation confirms that knowledge distillation is
a highly effective strategy for creating computationally efficient
yet powerful models for Java test assertion generation. The results
demonstrate a clear and practical trade-off between model size,
inference performance, and generation quality. In this section, we
interpret these findings in the context of our research questions
and discuss their broader implications for practitioners.

6.1 Interpretation of Findings

The experimental results provide clear answers to our initial re-
search questions.

For RQ1 (Impact of Model Size), our findings align with the
established principle that model quality scales with size. The larger
770M teacher model consistently outperformed all student models
on correctness and similarity metrics like F1-score and CodeBLEU.
This confirms that larger parameter counts allow for a more nu-
anced understanding of code semantics. However, we observed a
noteworthy counter-trend in AST validity, where smaller models
produced a higher percentage of syntactically correct code. A pos-
sible explanation is that models with less capacity are less prone
to generating overly complex or creative outputs, forcing them
to adhere more strictly to the fundamental grammatical patterns
present in the training data.

For RQ2 (Impact of Loss Weights), our experiments reveal
two key insights. First, the most significant performance gain comes
from the distillation process itself. All distillation strategies dramat-
ically outperformed the non-distilled baseline, proving that general
pre-training is insufficient and that knowledge transfer is essential
for specializing the model for this task. Second, when relying solely
on the teacher for supervision, our results indicate that direct imita-
tion of the teacher’s final predictions (hard-label loss) provides the
most effective training signal, a noteworthy finding that contrasts
with some distillation literature.



For RQ3 (Practical Trade-offs), the results highlight a clear
"sweet spot" for local deployment. The Student (220M) model
emerges as the most compelling candidate. It achieves a nearly
3x speedup and a 41% reduction in memory usage compared
to the teacher model. While this efficiency comes at the cost of
reduced quality (retaining 78% of the teacher’s CodeBLEU score), it
represents a powerful and practical compromise, making it a viable
candidate for deployment on consumer-grade hardware.

6.2 Implications for Practitioners

Our findings have direct implications for developers and teams look-
ing to integrate Al-powered code generation into local development
environments. The primary takeaway is that it is not necessary to
rely on large, cloud-hosted models for effective assertion genera-
tion. A well-distilled medium-sized model, like our 220M student,
can provide a significant productivity boost directly within an IDE
without prohibitive resource requirements. This demonstrates that
distillation is a viable pathway to creating developer tools that are
both powerful and practical. Furthermore, the high syntactic va-
lidity of smaller models suggests they can be trusted to produce
usable code snippets that require minimal correction.

7 THREATS TO VALIDITY

This section outlines the primary threats to the validity of our
findings and the scope of our study.

A key threat to external validity is the study’s focus on a single
domain (Java assertion generation) and a single teacher architecture
(CodeT5+). The generalizability of our findings regarding optimal
distillation weights and performance trade-offs may be limited
when applied to other programming languages, code generation
tasks, or different model architectures.

Regarding internal validity, our study relies on a pre-generated
dataset with compressed teacher logits. The truncation of logits to
the top-4 probabilities constitutes an information loss that may have
impacted the fidelity of the soft-target supervision signal compared
to an experiment with the full, uncompressed distributions.

The construct validity of our evaluation is constrained by two
main factors. First, since the training and validation sets were pro-
vided to us, there is a potential risk of semantic overlap between
them, which we mitigated through automated duplicate checks.
Second, the task of assertion generation is inherently ambiguous,
as multiple correct assertions can exist for a given test. This chal-
lenges metrics like Exact Match, which we addressed by reporting
a diverse suite of metrics, including CodeBLEU, to form a more
holistic assessment.

Finally, we acknowledge the limitations in scope. Our investiga-
tion is focused on a specific set of student models and distillation
weight configurations. While our results indicate clear trends, a
broader hyperparameter sweep or the inclusion of different model
architectures could yield different results, presenting important
avenues for future research.

8 CONCLUSION AND FUTURE WORK

The increasing size and resource demands of state-of-the-art lan-
guage models for code present a significant barrier to their practical
use in local development environments. In this paper, we addressed

this challenge by demonstrating that knowledge distillation is a
highly effective technique for compressing a large CodeT5+ model
for the specific task of Java test assertion generation.

Our key contribution is the empirical validation of a distilla-
tion pipeline that produces smaller, more efficient student models.
We found that a distilled 220M parameter model can be nearly 3x
faster and consume over 40% less memory than its 770M pa-
rameter teacher, while retaining a substantial portion (~78%) of
its generative quality as measured by CodeBLEU. Our analysis of
distillation loss components provides actionable insights, show-
ing that while any distillation strategy dramatically outperforms a
non-distilled baseline, a balanced approach including ground-truth
labels offers robust performance. These findings provide a clear
pathway for creating powerful and practical code generation tools
that can run efficiently on developers’ local machines.

For future work, several promising directions exist. More ad-
vanced distillation techniques, such as matching intermediate layer
representations from the teacher, could be explored to further close
the quality gap. Additionally, reinforcement learning strategies that
use compiler feedback or test execution results as a reward signal
could be integrated to optimize for functional correctness directly.
Finally, extending and evaluating this distillation approach across
a broader range of programming languages and code generation
tasks would be a valuable next step in assessing its generalizability.

DATA AVAILABILITY

The complete replication package for this study is publicly and
permanently archived on Zenodo [25]. The package contains all
scripts used for model distillation, evaluation, and performance
benchmarking. Furthermore, it includes the full dataset of method-
test pairs, along with the pre-computed assertions and compressed
logits from the teacher model, ensuring full reproducibility of our
experimental results.
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A EXPERIMENTAL DETAILS

This section provides supplementary details regarding the hyper-
parameters, software environment, and qualitative examples from
our experiments to ensure full reproducibility.

A.1 Training Hyperparameters

Unless otherwise specified for a particular experiment, the dis-
tillation training for all student models was conducted using the
constant hyperparameter values listed in Table 5.

A.2 Software Environment

All experiments were conducted using Python 3.11. The key li-
braries and their versions used in our training and evaluation
pipelines are listed in Table 6.



Table 5: Constant hyperparameters used for all distillation
training runs.

Hyperparameter Value

Optimizer AdamW

Learning Rate 3e-5

Max Epochs 10

Batch Size 4

Gradient Accumulation Steps 1

Weight Decay 0.01

Dropout Rate 0.1

LR Scheduler ReduceLROnPlateau
LR Scheduler Patience 1 epoch

Initial Temperature (KL Loss) 4.0

Table 6: Key software library versions used in the experimen-
tal environment.

Library Version
CodeBLEU 0.7.1
Javalang 0.13.0
NumPy 2.0.2
PyTorch 2.6.0+cul24

SacreBLEU 2.5.1
Transformers 4.52.4

A.3 Example Model Outputs

To provide a qualitative understanding of the models’ performance,
Table 7 shows a sample output from the teacher and the distilled
student model for a given input focal method.
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Table 7: Example of generated assertions from the Teacher and various distilled Student models.

Component Code

Focal Method public static void commentOrUncommentSQL(JTextArea scriptPanel) { commentOrUncom-
ocal Metho ment(scriptPanel, SQL_COMMENT_CHARACTER); }

Ground Truth assertEquals(TEXT, scriptPanel.getText());

Teacher (CodeT5+ 770M) Output

assertEquals(TEXT, scriptPanel.getText());

Student (CodeT5+ 220M) Output

assertEquals(TEXT, scriptPanel.getText());

Student (CodeT5 Base) Output

Assert.assertEquals(TEXT.length, scriptPanel.getText().length);

Student (CodeT5 Small) Output

assertEquals(226, scriptPanel.getText().length());
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