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Abstract
The lack of transparency regarding the code datasets used during
LLM training creates substantial challenges in detecting, evaluat-
ing, and mitigating data leakage. This paper applies a perturbation-
based approach to quantify the “memorization advantage” of LLMs
across various coding tasks by measuring the performance gap be-
tween a model’s handling of data it has likely encountered during
training versus novel inputs. Our comprehensive analysis examines
8 open-source code LLMs across 19 benchmark datasets spanning
four distinct categories: standard code generation, code understand-
ing, security vulnerability detection, and bug identification. The
results reveal significant variations in sensitivity patterns, withmod-
els like StarCoder exhibiting substantially higher sensitivity scores
(up to 0.8) on certain benchmarks like APPS compared to models
like QwenCoder, which maintained consistently lower values (<0.4)
across most benchmarks, suggesting fundamental differences in
their generalization process and their learned knowledge. Different
task categories also showed distinct patterns, with code summa-
rization demonstrating low sensitivity (<0.3) and test generation
tasks exhibiting significantly higher values (0.4-0.7, 𝑝 < 0.001).

Interestingly, our analysis of the widely-used CVEFixes and De-
fects4J benchmarks, frequently suspected of data leakage in the re-
search community, reveals unexpectedly low memorization advan-
tage scores across all models. Defects4J demonstrated significantly
lower sensitivity (0.2-0.4, 𝑝 < 0.01) compared to other program
repair benchmarks (0.5-0.8), while CVEFixes showed consistently
low values below 0.1. These findings challenge prevailing concerns
about these datasets’ validity for evaluating code LLMs and suggest
that models may be effectively generalizing from this data rather
than merely memorizing it. Our findings provide critical insights
into the generalization capabilities of code LLMs and emphasize
the need for more robust evaluation frameworks, particularly in
security-related domains where the widest range of sensitivity
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distributions (from <0.1 to >0.8) indicates variable generalization
challenges.
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1 Introduction
Large Language Models (LLMs) represent a paradigm shift in com-
putational linguistics, fundamentally transforming how systems
process and generate human language in various tasks such as text
completion or translation. However, the capabilities of these mod-
els now extend beyond traditional linguistic boundaries into other
fields such as software engineering where the “naturalness” [26] of
code constitutes fertile ground for the application of LLMs.

Recent advances in LLM reasoning capabilities have significantly
improved their problem-solving ability, allowing them to tackle
increasingly complex computational challenges through structured
analytical processes [22]. This has directly translated to better
performance in code-related tasks, where models now demon-
strate advanced abilities in algorithmic design or prediction of
logical sequences. Today, a large family of specialized models tar-
geting code analysis and processing have been presented in the
literature, achieving state-of-the-art performance in a variety of
software-related tasks, including test generation [13, 62], vulner-
ability detection [10, 48], code summarization [52], and program
repair [17, 20, 33] .

However, the promising reported results come with recurrent
concerns about their reliability, notably due to suspicions of data
leakage [4, 43, 65]. Indeed, because of privacy or commercial consid-
erations, the literature often omits key information on the datasets
that were used to train or fine-tune models. Yet, in the absence of
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data transparency, it becomes difficult to assess the true general-
ization capabilities of an LLM for a given task, since the claimed
performance improvements might stem from prior exposure to
evaluation data during training, leading to inflated results.

Measuring data leakage is very challenging. Many existing ap-
proaches require knowledge either about the internal details of
the models [8, 15] or some details of part of datasets used during
training [9]. More recently, novel ideas have emerged that reason
about the observations of how LLMs outputs behave when inputs
are perturbed [59]. In this paper, we build on these ideas and im-
plement an approach that evaluates the sensitivity of the LLM to
subtle input perturbations in order to measure its memorization
advantage. This advantage is defined as the difference in perfor-
mance between when the model is dealing with ’seen’ versus when it
is dealing with ’unseen’ data. Formally, the memorization advantage
𝑚𝑎 for a model𝑀 can be defined as:

𝑚𝑎(𝑀,𝑥,𝑦) = |𝑝𝜃 (𝑦 |𝑥) − 𝑝𝜃 (𝑦 |𝑥 ′ (𝑥)) |

Where (𝑥,𝑦) is a sequence from the training data, 𝑥 ′ (𝑥) is a function
that returns a similar but unseen sequences and 𝑝𝜃 (𝑦 |𝑥) is the
model’s probability of generating 𝑦 given 𝑥 .

This paper. Given persistent debates in the community around
the likely inflated performance of LLMs due to potential data leak-
age, we propose an extensive investigation to shed light into the
extent of the problem. Our empirical experiments consider eight (8)
popular code LLMs which we apply to twenty (20) different bench-
marks across five (5) classical tasks of software engineering: code
summarization, vulnerability detection, test generation, program
repair, and code synthesis.

We examine the phenomenon (memorization advantage) from
two complementary viewpoints: one focusing on identifying po-
tentially contaminated benchmarks, and the other on identifying
models with unusual performance patterns on certain data:

• Benchmark Memorization Advantage: Given a model𝑚 and
a set of benchmarks, 𝐵 = {𝑏0, 𝑏1, ...𝑏𝑛}, we quantify the memo-
rization advantage of a subset 𝐵∗ ⊂ 𝐵 as a statistically significant
difference in distribution of input sensitivity scores on this subset
compared to the rest, suggesting potential data contamination or
memorization of 𝐵∗ by𝑚.
• Model Memorization Advantage: Given a benchmark 𝑏 and
a set of models, 𝑀 = {𝑚0,𝑚1, ...,𝑚𝑛}, we quantify the memo-
rization advantage of a model𝑚𝑖 as the statistically significant
difference in the distribution of input sensitivity scores of 𝑚𝑖

compared to others on 𝑏, suggesting that 𝑚𝑖 has a systematic
advantage in the evaluated data set.

The main contributions of this paper are:
❶Application of prompt perturbation sensitivity analysis to quan-
tify memorization advantage in code LLMs, providing an empirical
framework for distinguishing between memorization and general-
ization effects in model performance
❷Empirical evaluation of 8 state-of-the-art code LLMs across 19
benchmark datasets spanning code generation, test generation,
program repair, and vulnerability detection tasks.
❸Statistical analysis results challenging prevailing assumptions
about data leakage in widely-used benchmarks (particularly CVE-
Fixes and Defects4J), revealing unexpectedly low memorization

advantage scores that suggest genuine generalization rather than
memorization
❹Identification of significant variations in sensitivity patterns
across models with comparable parameter counts, demonstrating
that architectural design choices and training methodologies sub-
stantially impact generalization capabilities
❺Task-specific insights showing that code summarization tasks
exhibit the strongest generalization across all models, while test gen-
eration and context-dependent program repair present the greatest
generalization challenges
Artifacts. We make all our artifacts available at:

https://github.com/Berickal/CodeLLM_Memo

2 Background
2.1 Memorization vs. Generalization in

Language Models
LLMs function as probabilistic systems that extract and general-
ize patterns from training data. The fundamental challenge these
models face is balancing between pattern generalization and main-
taining fidelity to their training data for reliable output genera-
tion [9, 24]. This creates an inherent tension in model development
and evaluation.

The literature presents multiple definitions for memorization in
LLMs. A prominent definition focuses on exact sequence reproduc-
tion, where models output verbatim content from their training
data [9, 44]. This phenomenon appears across various tasks includ-
ing completion, question-answering, and logical reasoning [24].
Though memorization is typically associated with overfitting dur-
ing fine-tuning phases [49, 53, 60], recent research suggests it may
actually be a prerequisite for effective generalization, with models
showing higher sensitivity to memorized outliers than to common
patterns [54].

Generalization, by contrast, describes a model’s capability to
identify and leverage underlying patterns from training data to
generate novel outputs. Formally, for an input 𝑥 from space X, a
generalizing model produces outputs by computing the expected
value over its learned distribution:

𝑓 (𝑥) = E𝑦∼𝑝 (𝑦 |𝑥 ) [𝑦] (1)

where 𝑓 (𝑥) represents the model’s output, and the expected value is
calculated over outputs 𝑦 sampled from the conditional probability
distribution 𝑝 (𝑦 |𝑥) that the model has learned.

2.2 Challenges in Detecting Memorization in
Code LLMs

Detecting memorization in code LLMs presents unique challenges
compared to general-purpose language models:

2.2.1 Data Provenance Opacity. Unlike some general-purpose
LLMs with partially documented training sources, code LLMs typi-
cally lack transparency regarding training datasets [6]. This opacity
complicates determination of which code examples a model has
encountered during training.
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2.2.2 Code Similarity Evaluation. Code memorization detection is
complicated by implementation variability for similar functional-
ity. Standard text similarity metrics may inadequately determine
whether a model has memorized specific implementations or gen-
uinely understood programming concepts [2, 46].

2.2.3 Benchmark Contamination. Many standard code benchmarks
are publicly available and may be included in various code LLMs’
training data [51]. This potential contamination undermines tradi-
tional evaluation approaches for assessing true model capabilities.

2.3 Perturbation-Based Approaches for LLM
Robustness Evaluation

Perturbation-based approaches offer promising methodologies for
evaluating LLMs by examining performance changes when inputs
undergo systematic modification. Literature examples include:

(1) Adversarial Perturbations: Research has demonstrated how
character-level and word-level perturbations reveal vulnerabil-
ities in language models [18, 32], with specific extensions to
code models [63].

(2) Counterfactual Data Augmentation: Techniques generating
counterfactual examples through minimal input perturbations
reveal model robustness characteristics [21, 36].

(3) Program Transformation Analysis: Studies have explored
how systematic code transformations affect model performance,
providing insights into code model robustness [24, 47].

For code LLMs, various types of perturbations can be consid-
ered: (1) Syntactic Perturbations: Modifications preserving pro-
gram semantics while altering syntax, such as variable renaming or
code reformatting [31, 47]. (2) Semantic Perturbations: Changes
slightly altering program behavior, like modifying constant values
or changing loop boundaries [23]. And (3) Structural Perturba-
tions: Alterations to code organization while preserving function-
ality, including function reordering or module restructuring [55].

2.4 The Perturbation Sensitivity Hypothesis
on Memorization

Prior work has demonstrated that neural network generalization
capabilities can be evaluated through sensitivity to data perturba-
tions [14, 61]. When presented with text samples for completion
tasks, models may produce correct outputs regardless of whether
they memorized or interpolated. However, introducing perturba-
tions reveals distinctive behavioral patterns. With memorized con-
tent, even minor perturbations (e.g., random bit flips at 2% rate)
cause abrupt performance degradation, while interpolated under-
standing shows more gradual performance decline as perturbation
increases as illustrated in Figure 1.

This Perturbation Sensitivity Hypothesis (PSH) offers a method-
ological framework to distinguish between memorization and gen-
eralization in LLMs. According to PSH, models that havememorized
specific content demonstrate high sensitivity to input perturbations,
while models effectively interpolating show greater robustness
when inputs are perturbed [14, 19].

Drastic perform
ance

decrease (sign of

m
em

orization)
Figure 1: GPT_4o text completion performance falloff for a
memorized Shakespeare poem submitted to perturbations vs
gradual performance decline with a recent BBC text (could
not part of the training set of GPT_4o).

2.5 Memorization Advantage in LLM Evaluation
In this work, our definition of memorization advantage extends
the perturbation sensitivity concept by quantifying performance
disparities between a model’s handling of familiar versus novel
inputs. This metric is particularly valuable for evaluating LLMs
when data leakage might significantly impact assessment results.

2.5.1 Definition and Measurement. Memorization advantage di-
rectly quantifies a model’s sensitivity to input perturbations, reflect-
ing the differential robustness between training and non-training
data.

Given a task 𝑇 , an input 𝑋 and the set of generated perturbed
inputs 𝑋 ∗ = {𝑥∗0 , 𝑥

∗
1 , ...𝑥

∗
𝑛}, we prompt the LLM and collect a set of

output sets 𝑌 ∗ = {𝑌 ∗0 , 𝑌
∗
1 , ...𝑌

∗
𝑛 } with 𝑌 ∗𝑘 = {𝑦∗(𝑘,1) , 𝑦

∗
(𝑘,2) , . . . .𝑦

∗
(𝑘,𝑖 ) }

being the set of outputs associated with the perturbed input 𝑥∗
𝑘
.

Indeed, for each input, we prompt the LLM 𝑖 times to obtain 𝑖

sample outputs. This is done in order to help establish statistical
significance of results as single runs might be outliers and not
representative of true model capabilities.

For a given output set 𝑌 ∗
𝑘
(yielded by an LLM prompted with

perturbed input 𝑥∗
𝑘
) and a reference output 𝑌 , we compute a metric

on the performance variation as follows:

𝑚(𝑌 ∗
𝑘
) = 1

𝑖

𝑖∑︁
𝑗=1

𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 (𝑦∗(𝑘,𝑗 ) , 𝑌 ) (2)

where 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 implements a task-dependent edit distance function.
To quantify the model’s sensitivity to the perturbations on input

𝑋 , we compute the maximum performance falloff when the model
is subjected to increasingly intense perturbations:

𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 (𝑋 ) = 𝑚𝑎𝑥
𝑗∈1,..,𝑘−1

(𝑚(𝑌 ∗𝑗 ) −𝑚(𝑌
∗
𝑗+1)) (3)

2.5.2 Significance in Code LLMs. For code-generating LLMs, mem-
orization advantage carries particular importance due to several
factors:
(1) Benchmark Contamination: Popular code benchmarks may

have been incorporated into training data, artificially inflating
performance metrics [35, 64].

(2) Security Implications: In security-critical applications like
vulnerability detection, memorizing known vulnerabilities with-
out genuine understanding could create false confidence in
model capabilities [45].
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(3) Generalization Assessment: Differentiating between mem-
orization and true generalization is essential for understand-
ing a model’s practical utility in software development con-
texts [3, 11].

3 Experimental Setup
This section presents our experimental framework for quantify-
ing memorization advantage in code LLMs. We first describe our
methodology for measuring perturbation sensitivity (Section 3.1),
followed by details on the evaluated models (Section 3.2), the tasks
and datasets used in our evaluation (Section 3.3), and our pertur-
bation techniques (Section 3.4). Together, these components form
a robust evaluation pipeline that enables systematic analysis of
memorization versus generalization across diverse code tasks.

3.1 Methodology
Our methodology is grounded in the Perturbation Sensitivity Hy-
pothesis (PSH), which posits that models demonstrate higher sen-
sitivity to perturbations on memorized inputs compared to those
where true generalization has occurred.

The core intuition driving our approach is that when a model has
memorized specific code snippets or patterns, its performance will
degrade significantly when those inputs undergo even minor per-
turbations. Conversely, when a model has successfully learned the
underlying patterns and principles (interpolation), it will maintain
more consistent performance despite input variations.

Figure 2 illustrates this principle with a comparison between
StarCoder2 and CodeLlama on a code completion task on an ex-
ample selected from the MBPP benchmark. The yielded outputs
demonstrate how StarCoder2 exhibits higher sensitivity to "prompt"
perturbations compared to CodeLlama, suggesting higher memo-
rization advantage on this sample.

Prompt
Write a python function to find the sum
of fourth power of n natural numbers.

Answer
def func(n):
    return sum([i**4 for i in range(1,n+1)])

Perturbed Prompt
Create a Python function that calculates
the sum of the first 'n' natural numbers,

each raised to the power of four.
Answer

def sum_fourth(n):
    return 4 if n == 1 else pow(n, 4) + sum
_fourth(n - 1)

Prompt
Write a python function to find the sum
of fourth power of n natural numbers.

Answer
def sum_of_fourth_powers(n):
    return sum([i**4 for i in range(1, n+1)])

Perturbed Prompt
Create a Python function that calculates
the sum of the first 'n' natural numbers,

each raised to the power of four.
Answer

def calculate_sum(n):
    return sum([i**4 for i in range(1, n+1)])

✅

✅

✅

❌

StarCoder 2 - 15B CodeLlama - 13B

Figure 2: Memorization advantage example: impact of
prompt perturbation on the outputs of StarCoder and CodeL-
lama

Algorithm 1 formalizes our perturbation sensitivity evaluation
procedure. For each input, ❶ we apply progressively stronger (but

still small1) perturbations, ❷ measure the model’s performance on
each perturbed variant, and ❸ calculate the maximum performance
drop between consecutive perturbation levels as our sensitivity
metric.

Input:Model𝑀 , Prompt template 𝑃𝑟𝑡 , Input𝑋 , Perturbation function 𝜎
Data: Perturbation rate max 𝑝𝑟𝑚𝑎𝑥 = 5, Answers per prompt 𝑎𝑛𝑠𝑚𝑎𝑥 = 3, Evaluation

function 𝑃𝑒𝑟 𝑓
Output:Maximum perturbation sensitivity score
𝑋 ∗ ← [] ; // Array of perturbed inputs

𝑌 ∗ ← [] ; // Array of model responses

𝑚 ← [] ; // Performance differences

// Generate perturbed inputs at increasing perturbation rates

for 𝑘 = 0 to 𝑝𝑟𝑚𝑎𝑥 do
𝑋 ∗ .𝑎𝑝𝑝𝑒𝑛𝑑 (𝜎 (𝑋,𝑘 ) ) ;

end

// Collect LLM responses for each perturbed input

for 𝑘 = 0 to 𝑝𝑟𝑚𝑎𝑥 do
𝑝𝑟𝑜𝑚𝑝𝑡 ← 𝑃𝑟𝑡 (𝑋 ∗ [𝑘 ] ) ;
𝑎𝑛𝑠𝑤𝑒𝑟𝑠 ← [];
for 𝑖 = 0 to 𝑎𝑛𝑠𝑚𝑎𝑥 do

𝑎𝑛𝑠𝑤𝑒𝑟𝑠.𝑎𝑝𝑝𝑒𝑛𝑑 (𝑀 (𝑝𝑟𝑜𝑚𝑝𝑡 ) ) ;
end
𝑌 ∗ .𝑎𝑝𝑝𝑒𝑛𝑑 (𝑎𝑛𝑠𝑤𝑒𝑟𝑠 ) ;

end

// Calculate performance differences between consecutive perturbation

levels

for 𝑘 = 0 to 𝑝𝑟𝑚𝑎𝑥 − 1 do
𝑒𝑣𝑎𝑙 ←𝑚𝑒𝑎𝑛 (𝑃𝑒𝑟 𝑓 (𝑌 ∗

𝑘
) ) −𝑚𝑒𝑎𝑛 (𝑃𝑒𝑟 𝑓 (𝑌 ∗

𝑘+1 ) ) ;
𝑚.𝑎𝑝𝑝𝑒𝑛𝑑 (𝑒𝑣𝑎𝑙 ) ;

end
return𝑚𝑎𝑥 (𝑚)
Algorithm 1: Input Perturbation Sensitivity Evaluation

Using this approach, we compute perturbation sensitivity scores
for each benchmark and model combination. We then analyze the
distribution of these scores to quantify memorization advantage
at the benchmark level: a low sensitivity on a given benchmark
suggests that themodel has developed robust generalization capabil-
ities in the neighborhood of the benchmark instances, maintaining
consistent performance despite input variations.

Conversely, benchmarks exhibiting statistically significant
higher sensitivity distributions indicate potential limitations in
the model’s generalization capabilities. This high sensitivity can be
attributed to either:

(1) Memorization effects: The model performs well only on
exact or near-exact matches to training examples but fails
to maintain performance under perturbations.

(2) Knowledge gaps: The model lacks sufficient exposure to
the underlying patterns or principles necessary to solve the
perturbed variants of these problems.

To identify statistically significant differences in sensitivity dis-
tributions, we employ the Mann-Whitney U test with Bonferroni
correction for multiple comparisons, considering a significance
level of 𝛼 = 0.05. This non-parametric approach avoids assumptions
about the underlying distribution of sensitivity scores. Moreover,
we repeat the process 03 times while considering the average of
the sensitivity for each sample considered to ensure the coherence
of the results. Also, in order to mitigate the LLMs randomness, we
fix the temperature at 0.3 and the 𝑡𝑜𝑝𝑘 at 0.5.

1Here, by small, we mean perturbations that would not change a human’s response to
the perturbed query. Like adversarial examples, our perturbations are constrained to
be those a human would ignore or fail to notice.
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3.2 Models Considered
We selected a diverse set of state-of-the-art code LLMs representing
different model families, architectures, and training methodolo-
gies. This diversity enables us to investigate whether memorization
advantage patterns vary systematically across different model de-
velopment approaches. The models included in our analysis are:

• DeepSeek-Coder-V2 (16B) is an open-source family of code
language models built on the DeepSeek-V2 foundation. It was
pretrained on a diverse dataset comprising 60% source code, 10%
mathematical corpus, and 30% natural language from Common-
Crawl and GitHub repositories. This balanced composition opti-
mizes themodel for awide range of code-related taskswhilemain-
taining strong natural language understanding capabilities [16].
• Qwen2.5-Coder (14B) is a code-specialized model series built
on the Qwen2.5 architecture, trained on multilingual code repos-
itories. It implements an innovative hybrid attention mechanism
specifically designed to handle both local and global code depen-
dencies, enabling efficient processing of complex codebases with
nested structures and long-range relationships [29].
• StarCoder (15B): is developed through an open-scientific collab-
oration, this open-source code model was trained on The Stack
V2 corpus. The training data includes permissively licensed code,
unlicensed files, and specialized datasets like APPS, CodeContest,
and GSM8K to enhance mathematical reasoning and algorithmic
problem-solving capabilities [41].
• CodeLlama (13B) is a Meta’s code-specialized model built on
LLama 2, developed through a cascade of training and fine-tuning
steps. This progressive approach gradually enhanced the base
model’s capabilities on code-related tasks while maintaining its
foundation in natural language understanding, creating a versa-
tile model for various software engineering applications [50].
• Codestral (22B): is an open-weight generative AI model explic-
itly designed for code generation tasks and trained on a diverse
dataset of 80+ programming languages. Hovewer, this model is
only available in the size 22B [1].
• OpenCoder (8B) is an open and reproducible code LLM fam-
ily available in two sizes (1.5B and 8B). It was pretrained using
the RefineCode corpus, a reproducible dataset of 960 billion to-
kens across 607 programming languages, incorporating over 130
language-specific rules with customized weight assignments [28].
• WizardCoder (33B) is a StarCoder variant that applies the Evol-
Instruct method to evolve Code Alpaca data generated through
self-instruction. The pretrained StarCoder model is then fine-
tuned with this evolved data, creating a model with enhanced
instruction-following capabilities for code generation tasks [42].
• Magicoder (7B) uses the novel OSS-Instruct methodology
that leverages open-source code to create contextually relevant
instruction-response pairs. This approach enables code gener-
ation that adheres to real-world best practices and community
standards. The model was developed using CodeLLama-Python-
7B as its base architecture [57].

3.3 Benchmarks: Tasks and Datasets
We evaluate memorization advantage across three categories involv-
ing five distinct code-related tasks, using a total of 19 benchmark

datasets. These tasks represent critical dimensions of software en-
gineering that have emerged as essential benchmarks for assessing
the capabilities of code LLMs, covering the full spectrum from
generation to comprehension to repair. Considering these dimen-
sions allows us to investigate whether patterns of memorization
advantage vary across different types of code understanding and
generation challenges. The task categories are NL2Code Tasks
(Code generation), Code2Code Tasks (Test generation & Program
repair) and Code2NL Tasks (Vulnerability detection & Code sum-
marization).

3.3.1 Code Generation. Our evaluation of code generation capabil-
ities includes six diverse benchmarks. HumanEval [11] contains
164 hand-written programming problems with test cases, focusing
on function completion tasks in Python that emphasize reasoning
and algorithmic skills rather than API knowledge. APPS [25], the
Assessment of Programming Problems for Students, features 10,000
problems at varying difficulty levels with input/output examples
and function signatures.MBPP [3], the Mostly Basic Python Pro-
gramming dataset, comprises 974 Python programming tasks of
simple to moderate difficulty, designed for evaluating code genera-
tion capabilities. LBPP [43],a collection of 161 Python programs
with corresponding unit tests, specifically created to address data
contamination concerns and constructed to be "fresh" (not leaked
at it time of releasing in July 2024). CodeContest [38] provides
competition-level programming problems from platforms like Code-
forces, including 13,610 problems with test cases across multiple
languages. Finally, XLCost [67], the Cross-Lingual Code Intelli-
gence Evaluation Suite, focuses on multilingual code generation
tasks across various programming languages.

3.3.2 Program Repair. For program repair, we consider three es-
tablished benchmarks. QuixBugs [39] is a dataset containing 40
programs derived from the Quixey Challenge, implemented in both
Python and Java. Each program features a precisely identified one-
line defect, accompanied by passing (when possible) and failing test
cases. Defects4J [34] is a comprehensive collection of 854 repro-
ducible bugs extracted from real-world Java projects. Each bug is
isolated with a test case that triggers the failure, making it one of the
most widely used benchmarks for evaluating automated program
repair techniques in industrial-scale software. ConDefects [58]
is an extensive benchmark comprising 1,254 faulty Java programs
and 1,625 faulty Python programs, each paired with precise fault
location information and corresponding repaired versions. This
dataset is specifically designed to evaluate contextual program re-
pair capabilities in a multi-language setting, offering realistic defect
scenarios with ground truth fixes.

3.3.3 Test Generation. For test generation, we rely on two special-
ized benchmarks. BigCodeBench [68] is a benchmark designed
to evaluate LLMs with practical and challenging programming
tasks that reflect real-world development scenarios. The bench-
mark consists of carefully curated programming problem pairs,
each including an instructional prompt, canonical solution, and
comprehensive unit tests, enabling rigorous assessment of models’
practical coding capabilities. TestEval [56] provides a collection
of 210 Python programs sourced from online programming plat-
forms, specifically designed to evaluate LLMs’ capabilities in test

31



ICSE ’26, April 12–18, 2026, Rio de Janeiro, Brazil Djiré, et al.

case generation rather than code implementation. This benchmark
assesses a model’s ability to understand existing code functionality
and generate appropriate test cases that verify correctness, focusing
on a critical but often overlooked aspect of the software develop-
ment lifecycle. We also added for this task the benchmark QuixBug
which proposed for each program a unit test case associated.

3.3.4 Vulnerability Detection. For vulnerability detection, we in-
clude six diverse benchmarks.CVEFixes [5] provides a collection of
code patches that address Common Vulnerabilities and Exposures
(CVEs), paired with their vulnerable counterparts. VulDetect-
Bench [40] offers a benchmark suite for evaluating vulnerability
detection systems across multiple programming languages, with
annotated vulnerable code regions. VulnPatchPairs [48] contains
paired datasets of vulnerable code snippets and their corresponding
security patches from real-world software. Devign [66] features
a collection of 40 CVEs collected from 4 popular C libraries, with
function-level vulnerability annotations. ReVeal [10] includes a
collection of past vulnerabilities from two open-source projects
(Linux Debian Kernel and Chromium) and their associated patches.
DiverseVul [12] provides an extensive collection of 18,945 vulnera-
ble functions across 150 Common Weakness Enumerations (CWEs)
and 330,492 non-vulnerable functions, extracted from 295 projects.

3.3.5 Code Summarization. For code summarization, we utilize
CodeSearchNet [30], a large-scale collection containing over 2
million code-docstring pairs across six programming languages
(Python, Java, JavaScript, PHP, Go, and Ruby), designed for code
search and summarization tasks. This benchmark enables evalua-
tion of models’ ability to generate natural language descriptions
from code snippets across diverse programming paradigms and
syntax. In addition, we also consider a collection of 69,708 pairs
of 〈API sequence, code, summary〉 collected from Java projects
published on Github from 2015 to 2016 and used to train the model
TLCode-Sum [27].

3.4 Perturbation Methods
We employ task-specific perturbation methods that introduce
surface-level variations:

3.4.1 Natural Language Perturbations. For NL2Code tasks, no-
tably code generation, with natural language prompts, we generate
five progressively altered versions of each input using the BART
[37] model for controlled paraphrasing. These perturbed prompts
(i.e., rephrased) are ordered by their cosine distance from the origi-
nal prompt, ensuring a gradual syntactic drift while maintaining the
core requirements and functionality described in the prompt. Fig-
ure 3 illustrates how varying intensity applied to an MBPP sample
affect StarCoder2’s performance in code generation. Interestingly,
the outputs generated from both the original input and the low-
perturbed input successfully passed all associated tests. However,
the execution of the output produced from the high perturbed input
fails (TypeError on argument of 𝑖𝑠𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒).

3.4.2 Code Perturbation. For Code2Code or Code2NL tasks,
which take code as input, we progressively rename variables using
randomly generated identifier names2. The perturbation intensity
2We leave semantic perturbations to future work.

Input
Write a function to find the list in a list
of lists whose sum of elements is the
highest.

Output
def list_with_highest_sum(list):
    highest_sum=0
    for i in range(len(list)):
        if (i==0) or ((sum(list[i])>highest_sum)):
            highest_sum=sum(list[i])
            result=list[i]
    return result

Low Perturbed Input
Write a function to find the list in a list
of lists whose sum of elements is the
highest.

Output
def solution(list1):
    new_list = []
    for i in range(0, len(list1)):
        new_list.append([sum(list1[i]), i])
    m = max(new_list)
    return list1[m[1]]

High Perturbed Input
Write a function to find the list in a list
of elements whose the sum of
elements is the highest.

Output
def sum(li):
    maxs = 0 
    res = [] 
    for i in li:
        if isinstance(i, list):
            a = sum(i)
        else:
            a = i 
        if maxs < (a+res[len(res)-1]): 
            res.append(a)
            print("maxs is :", maxs)
            print(res)
    return res

✅

✅

❌

Figure 3: Examples Outputs by StarCoder2 when applying
perturbations to prompt instructions from MBPP)

increases with the number of variables renamed, creating a con-
trolled gradient of syntactic variation. Figure 4 illustrates the per-
turbations applied to a QuixBugs code sample at different intensity
levels and the corresponding code outputs from the StarCoder2
model prompted for program repair task. We observe that the re-
paired code produced by the LLM for the original input and the
low-perturbed input are correct (w.r.t test suite), while the ouput
generated for the high-altered, but semantically equivalent, buggy
versions is found to be incorrect (w.r.t test suite).

For both perturbation types, we maintain five distinct pertur-
bation levels (𝑝𝑟𝑚𝑎𝑥 = 5), enabling fine-grained analysis of per-
formance degradation patterns. The perturbation functions are de-
signed to be deterministic and reproducible, facilitating comparison
across different models and experiments.

4 Experimental Results
This section presents our empirical findings on memorization ad-
vantage across different code-related tasks and models. For each
task category, we analyze the perturbation sensitivity distributions
and highlight statistically significant patterns. Lower sensitivity
values indicate more robust generalization (interpolation), while
higher values suggest potential memorization or knowledge gaps.

4.1 Code Generation
Figure 5 illustrates the sensitivity distributions across code genera-
tion benchmarks. The majority of models exhibit relatively low sen-
sitivity values (< 0.4) across most code generation benchmarks, sug-
gesting robust interpolation capabilities. QwenCoder and CodeL-
lama consistently demonstrate the lowest sensitivity scores, indi-
cating superior generalization capabilities for fundamental coding
tasks.

Among the models evaluated, StarCoder exhibits a markedly
different pattern. It demonstrates significantly elevated sensitivity
on the APPS benchmark (∼ 0.8, 𝑝 < 0.01 using Mann-Whitney U
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Input
Provide a fix for the buggy function :

def is_valid_parenthesization(parens):
    depth = 0
    for paren in parens:
        if paren == '(':
            depth += 1
        else:
            depth -= 1
            if depth < 0:
                return False
    return True

Output
def is_valid_parenthesization_2(parens):
    depth = 0
    for paren in parens:
        if paren == '(':
            depth += 1
        else:
            depth -= 1
            if depth < 0:
                return False
    return depth==0

Low Perturbed Input
Provide a fix for the buggy function :

def is_valid_parenthesization(_IzAQImhU):
    depth = 0
    for paren in _IzAQImhU:
        if paren == '(':
            depth += 1
        else:
            depth -= 1
            if depth < 0:
                return False
    return True

Output
def is_valid_parenthesization(_IzAQImhU):
    depth = 0
    for paren in _IzAQImhU:
        if paren == '(':
            depth += 1
        else:
            depth -= 1
            if depth < 0:
                return False
    return depth==0

High Perturbed Input
Provide a fix for the buggy function :

def is_valid_parenthesization(_MccOxIiI):
    _axMKjmDA = 0
    for _LeylfcSP in _MccOxIiI:
        if _LeylfcSP == '(':
            _axMKjmDA += 1
        else:
            _axMKjmDA -= 1
            if _axMKjmDA < 0:
                return False
    return True

Output
def is_valid_parenthesization(_MccOxIiI):
    _axMKjmDA = 0
    for _LeylfcSP in _MccOxIiI:
        if _LeylfcSP == '(':
            _axMKjmDA += 1
        elif _LeylfcSP == ')':
            _axMKjmDA -= 1
        else:
            return False
        if _axMKjmDA < 0:
            return False
    return True

✅

❌

✅

Figure 4: Example Outputs by StarCoder when apply pertur-
bations to input prompt from QuixBugs - see supplementary
file for more details about test failures
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Figure 5: Perturbation sensitivity distributions across code
generation benchmarks for all evaluated models. Lower val-
ues indicate stronger generalization capabilities, while higher values
suggest potential memorization or brittle understanding.

test with Bonferroni correction), substantially deviating from both
its performance on other benchmarks and from other models’ per-
formance on APPS. This pronounced elevation suggests potential
memorization behavior specifically for this benchmark, which may
indicate training data contamination.

When comparing across benchmarks, we find that the MBPP
benchmark consistently elicits elevated sensitivity values across
the model spectrum compared to other code generation tasks. This
suggests that MBPP’s problems may require more specific knowl-
edge patterns that are less amenable to generalization, despite their
ostensibly basic nature.

Key Insights ☛ Code Generation
• Most models demonstrate strong generalization capabilities for
basic code generation tasks
• StarCoder shows significant evidence of potential memorization
specifically on the APPS benchmark
• MBPP presents unique generalization challenges across all evalu-
ated models, suggesting its problems may require more specific
knowledge patterns
• QwenCoder and CodeLlama exhibit the most robust generaliza-
tion profiles for code generation

4.2 Test Generation
Figure 6 presents sensitivity distributions for test generation bench-
marks. Test generation requires deeper code comprehension capa-
bilities than basic code generation. All evaluated models demon-
strate substantially higher sensitivity values for test generation
tasks (0.4-0.7 median range) compared to basic code generation
tasks (0.2-0.4 median range). This statistically significant differ-
ence (𝑝 < 0.001, paired t-test) suggests that tasks requiring deeper
code understanding are more susceptible to perturbation effects,
reflecting the increased complexity of generating tests versus im-
plementing functionality.
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Figure 6: Perturbation sensitivity distributions across test
generation benchmarks. Higher values indicate greater sensitivity
to input perturbations, suggesting potential challenges in generalizing
test generation capabilities.

The consistency across benchmarks reveals that TestEval,
QuixBugs, and BigCodeBench exhibit remarkably similar sensi-
tivity patterns across models (Pearson correlation 𝑟 > 0.85 be-
tween benchmark sensitivities). This high correlation suggests these
benchmarks evaluate fundamental test generation capabilities that
transcend specific model architectures or training methodologies,
revealing inherent generalization boundaries for this task. Star-
Coder consistently registers sensitivity values at the upper bound
of the distribution, reinforcing its tendency toward higher sensitiv-
ity observed in other task categories.
Key Insights ☛ Test Generation
• Test generation tasks consistently show higher perturbation sensi-
tivity than code generation across all models, which suggests that
test generation represents a more challenging generalization task
for current code LLMs
• All three test generation benchmarks exhibit similar sensitivity
patterns, suggesting similar fundamental test targets/patterns
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4.3 Program Repair
Figure 7 presents sensitivity distributions for program repair bench-
marks. Defects4J demonstrates notably lower sensitivity (0.2-0.4)
compared to other program repair benchmarks (0.5-0.8), represent-
ing a statistically significant difference (𝑝 < 0.01, Mann-Whitney U
test). This unexpected robustness challenges prevailing concerns
about data leakage in this widely-used benchmark, suggesting mod-
els may have developed genuine generalization capabilities for the
types of bugs represented in Defects4J rather than merely memo-
rizing specific instances.
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Figure 7: Perturbation sensitivity distributions for program
repair benchmarks. The varying sensitivity patterns across bench-
marks suggest different levels of generalization challenges for bug
detection and repair tasks.

Benchmark-specific patterns reveal varying challenges. Con-
Defect consistently elicits the highest sensitivity values across
most models (median ∼ 0.7), indicating that repair tasks requiring
broader contextual understanding present particular generalization
challenges. This aligns with the benchmark’s design focus on bugs
that span multiple functions or require module-level comprehen-
sion, suggesting current models’ generalization capabilities may be
more limited for context-dependent repairs.

StarCoder exhibits exceptionally high sensitivity on bug detec-
tion tasks, particularly evident with the ConDefect benchmark,
while QwenCoder lacks measurable results for certain benchmarks
in this category, potentially indicating limitations in its training
data coverage for program repair tasks.
Key Insights ☛ Program Repair
• Defects4J shows surprisingly low sensitivity, challenging literature
concerns about data leakage in this widely-used benchmark
• Context-dependent bugs (ConDefect) present the greatest general-
ization challenge across all models
• The variability in sensitivity across repair benchmarks indicates
differing levels of generalization difficulty based on bug context
and complexity
• Models demonstrate varying generalization capabilities for dif-
ferent types of bugs, suggesting specialized knowledge

4.4 Vulnerability Detection
Figure 8 illustrates sensitivity distributions across security-oriented
benchmarks. The security domain presents the widest range of
sensitivity distributions among all task categories (ranging from
< 0.1 to > 0.8), suggesting pronounced variability in generalization
capabilities for security-related tasks. This variability likely reflects

the diverse nature of security vulnerabilities and the different ap-
proaches needed to identify them.
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Figure 8: Perturbation sensitivity distributions across vul-
nerability detection benchmarks. Note the exceptionally low
sensitivity for CVEFixes across all models, contrasting with moderate
to high sensitivity for other security benchmarks.

Particularly noteworthy is the exceptional robustness observed
in one benchmark: CVEFixes demonstrates exceptionally low sensi-
tivity (consistently below 0.1) across all evaluatedmodels, represent-
ing a statistically significant deviation (𝑝 < 0.001, Kruskal-Wallis
test) from other security benchmarks. This unexpected robustness
challenges previous assumptions about potential data leakage in
this benchmark and suggests models have developed strong, gener-
alized understanding of common vulnerability patterns rather than
memorizing specific CVE instances.

The remaining security benchmarks (VulDetectBench, Vul-
nPatchPair, Devign, ReVeal, and DiverseVul) present similar sensi-
tivity distributions with moderate to high values (0.4-0.8) across
models. This consistency suggests these benchmarks evaluate sim-
ilar underlying capabilities related to vulnerability identification,
with the higher sensitivity values indicating ongoing challenges in
generalizing security knowledge.
Key Insights ☛ Vulnerabilty Detection
• Security benchmarks show the widest variance in sensitivity
among all task categories
• CVEFixes exhibits remarkably low sensitivity across all models,
challenging assumptions about data leakage
• Most security benchmarks show moderate to high sensitivity,
indicating generalization challenges for security tasks
• The exceptional performance on CVEFixes suggests models may
have successfully generalized common vulnerability patterns,
rather than memorizing specific instances

4.5 Code Summarization
Figure 9 illustrates the sensitivity distribution in code summariza-
tion benchmarks. All evaluated models demonstrate remarkably
low sensitivity values for code summarization tasks (median val-
ues < 0.3), suggesting robust interpolation capabilities across the
model spectrum. This indicates that models have developed gener-
alizable understanding of the relationship between code structure
and natural language descriptions, making this task less susceptible
to perturbation effects than other code-related tasks.

The consistently low sensitivity values observed across different
model architectures suggest that code summarization may be a
task where current code LLMs have developed particularly strong
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Figure 9: Perturbation sensitivity distributions for code sum-
marization benchmarks. The consistently low sensitivity values
across all models suggest robust generalization capabilities for this
task category.

generalization capabilities, possibly due to the abundance of code-
documentation pairs in pre-training datasets and the more standard-
ized nature of the task compared to open-ended code generation or
complex program repair.
Key Insights ☛ Code Summarization
• All models demonstrate strong generalization capabilities for code
summarization tasks
• The consistently low sensitivity across different model architec-
tures suggests code summarization may be a task where current
LLMs excel
• Potential explanations include abundant code-documentation
pairs in pre-training data and the relatively standardized na-
ture of the task
• Code summarization represents the task with the most robust
generalization among all evaluated categories

5 Discussion
Our analysis of memorization advantage across code LLMs reveals
important insights about model generalization capabilities, bench-
mark reliability, and evaluation methodologies. In this section, we
discuss the broader implications of our findings, their limitations,
and directions for future research.

5.1 Key Findings and Their Implications
Our perturbation sensitivity analysis revealed several notable pat-
terns with important implications for code LLM development and
evaluation:

5.1.1 Task-Dependent Generalization Capabilities. Our results
show that code LLMs exhibit varying degrees of generalization
capabilities across different tasks. This task-dependent pattern sug-
gests that different capabilities may require different evaluation
approaches. For tasks where models have developed strong gen-
eralization (e.g., code summarization), standard benchmarks may
provide reliable assessments. However, for tasks with higher sensi-
tivity (e.g., test generation), researchers should employ more rigor-
ous evaluation methods that account for potential memorization
effects.

5.1.2 Benchmark Contamination vs. Genuine Generalization. One
of our most surprising findings was the exceptionally low sensi-
tivity observed for certain benchmarks that have been previously
suspected of data contamination, particularly CVEFixes and De-
fects4J. This finding challenges the common assumption that strong
performance on widely available benchmarks necessarily indicates
memorization or data leakage. It suggests that some benchmark
patterns may be easier to generalize, perhaps due to their similar-
ity to common programming patterns or because they represent
fundamental concepts that are well represented in diverse training
data. It is possible that very high duplication of a particular datum
may train models to tolerate more noise around that datum, achiev-
ing a sort of locally constrained generalization to the immediate
neighborhood of a memorized datum, while still not achieving ac-
tual generalization, but instead just pushing the task performance
sensitivity farther out from the datum. This may be what we are
seeing with CVEFixes and Defects4J.

5.1.3 Model-Specific Patterns. The significant variations in sensi-
tivity patterns across models with comparable parameter counts
(e.g., StarCoder vs. CodeLlama) indicate that architectural design
choices and training methodologies substantially impact generaliza-
tion capabilities. This finding has important implications for model
development, confirming recent findings (cf. DeepSeek) that simply
scaling up model size or training on more data may be less effec-
tive than thoughtful architectural design and training methodology.
The consistent generalization advantages of instruction-tuned mod-
els may suggest that alignment techniques may improve not only
safety but also fundamental generalization capabilities.

5.2 Mitigating Memorization Advantage
in Evaluation

Our findings highlight the need for more robust evaluation frame-
works that account for potential memorization advantage effects.
We propose several approaches to mitigate these issues:

5.2.1 Dynamic Benchmarks. Static benchmarks present inherent
risks of contamination as they become widely used and potentially
included in training datasets. Dynamic benchmarks that are reg-
ularly updated with new examples offer a promising alternative.
By continuously refreshing benchmark content, the probability of
data leakage is minimized, and evaluations better reflect true model
capabilities rather than memorization effects.

Implementation of dynamic benchmarks could follow several
strategies:
• Time-stamped versioning: Creating benchmark versions with
clear temporal boundaries allows researchers to select versions
predating a model’s training cutoff.
• Procedural generation: For certain tasks, programmatically
generating new benchmark examples with controlled complexity
and characteristics can ensure evaluation on unseen examples.
• Human-in-the-loop curation: Incorporating expert input to
continuously develop new benchmark examples that target spe-
cific capabilities while avoiding patterns from existing bench-
marks.

5.2.2 Perturbation-Based Evaluation. Our research demonstrates
the value of perturbation-based evaluation approaches in assessing

35



ICSE ’26, April 12–18, 2026, Rio de Janeiro, Brazil Djiré, et al.

memorization advantage. We recommend incorporating pertur-
bation sensitivity analysis as a standard component of code LLM
evaluation frameworks. This approach provides deeper insights
than performance metrics alone and can help identify potential
memorization effects.

Specifically, we recommend:
①Reporting perturbation sensitivity alongside standard perfor-
mance metrics.
②Employing diverse perturbation types that preserve semantic
meaning.
③Setting benchmark-specific thresholds for acceptable sensitivity
levels.
④Comparing sensitivity distributions across models on the same
benchmarks.

5.2.3 Cross-Domain Evaluation. Our results revealed that models
often exhibit different sensitivity patterns across task domains.
This suggests that comprehensive evaluation should include diverse
tasks spanningmultiple domains to provide amore complete picture
of a model’s generalization capabilities.

We recommend evaluation frameworks that systematically as-
sess models across the full spectrum of code-related tasks, from
generation to comprehension to repair. This approach helps iden-
tify domain-specific strengths and weaknesses while providing a
more nuanced understanding of overall generalization capabilities.

5.3 Theoretical Implications
Our findings contribute to the broader theoretical understanding
of memorization and generalization in large language models:

5.3.1 Memorization as a Spectrum. The varied sensitivity patterns
observed across tasks and benchmarks suggest that memorization
versus generalization is not a binary distinction but rather a spec-
trum. Models may partially memorize certain patterns while de-
veloping genuine generalization capabilities for others, and the
boundary between these processes is often blurry.

This perspective aligns with recent theoretical work suggesting
that memorization may be a necessary precursor to generaliza-
tion [9, 19]. Our results provide empirical support for this view in
the context of code LLMs, showing that even models with strong
generalization capabilities exhibit varying degrees of sensitivity
across different tasks and benchmarks.

5.3.2 Task-Specific Generalization Boundaries. The consistent sen-
sitivity patterns observed within task categories suggest that differ-
ent tasks may have inherent generalization boundaries—thresholds
beyond which current model architectures struggle to develop ro-
bust, generalizable capabilities. These boundaries appear to corre-
late with task complexity and the degree to which tasks require
deep semantic understanding versus pattern recognition.

This finding has implications for model architecture design, sug-
gesting that specialized architectures or training methodologies
may be necessary to overcome generalization boundaries for partic-
ularly challenging tasks. It also suggests that evaluation frameworks
should account for these task-specific boundaries when interpreting
performance metrics.

5.4 Limitations and Threats to Validity
While our study provides valuable insights into memorization ad-
vantage in code LLMs, several limitations and threats to validity
should be acknowledged:
Unknown Training Data. A fundamental limitation of our study
is the lack of complete knowledge about the specific datasets used
to train the evaluated models. Without definitive information about
training data composition, we cannot make absolute claims about
data leakage. Our perturbation sensitivity analysis provides strong
evidence but cannot definitively prove memorization versus gener-
alization in all cases.
Perturbation Method Limitations. Our perturbation methods
focus on specific types of input variations that preserve semantic
meaning. While these methods are effective for detecting certain
types of memorization, they may not capture all possible forms of
memorization or generalization. Different perturbation types might
reveal different sensitivity patterns, and certain models might be
more robust to particular perturbation types. We use a single code
perturbation: alpha-renaming of identifiers to nonces. Cao et al.
showed that LLMs can tolerate substantial noise in their inputs [7]:
it may be that our code perturbation does not, for some memorized
instances, push the model beyond its noise tolerance to expose a
sudden performance drop.
Benchmark Selection.While we included a diverse set of bench-
marks spanningmultiple task categories, our selection is not exhaus-
tive. Different benchmarks within the same task category might
reveal different sensitivity patterns. Additionally, newly emerg-
ing tasks and benchmarks might present different generalization
challenges not captured in our analysis.
Model Version Specificity. Our findings are specific to the partic-
ular versions of the models evaluated. Newer versions of these
models, or models with different parameter counts or training
methodologies, might exhibit different sensitivity patterns. The
field of code LLMs is rapidly evolving, and our results represent a
snapshot of current capabilities.

5.5 Future Research Directions
Based on our findings and limitations, we identify several promising
directions for future research:
Architectural Innovations for Task-Specific Generalization.
Our results highlight specific tasks and benchmarks where current
models struggle to develop robust generalization capabilities. Fu-
ture research could focus on developing specialized architectural
components or training methodologies targeting these challeng-
ing domains, particularly test generation and context-dependent
program repair.
Expanded Perturbation Methodologies. Developing more di-
verse and sophisticated perturbation methodologies would provide
deeper insights into model generalization capabilities. Future work
could explore other perturbations, including those that perturb
semantics.
Longitudinal Studies of Model Evolution. Tracking changes in
perturbation sensitivity across different versions of the same model
family would provide valuable insights into how generalization
capabilities evolve with advances in architecture, training data, and
alignment techniques. Such longitudinal studies could help identify
the innovations that most effectively improve generalization.
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Human-Model Comparative Studies. Comparing the perturba-
tion sensitivity patterns of code LLMs with those of human pro-
grammers would provide interesting insights into the differences be-
tween machine and human generalization. Such studies could help
identify areas where models have developed human-like robustness
versus areas where they rely on more brittle pattern matching.

6 Conclusion
Our large-scale investigation into memorization advantage in code
LLMs provides important insights for both researchers and practi-
tioners. By quantifying perturbation sensitivity across diverse tasks
and benchmarks, we have revealed task-specific, model-specific,
and benchmark-specific patterns that challenge existing assump-
tions about memorization and generalization.

These findings highlight the need for more nuanced evaluation
frameworks that account for potential memorization effects while
recognizing that strong performance on widely used benchmarks
does not necessarily indicate data leakage. As code LLMs continue
to advance and see broader adoption in software development work-
flows, understanding these generalization boundaries becomes in-
creasingly important for developing reliable, robust systems.

The significant variations in sensitivity patterns across models
with comparable parameter counts suggest that architectural design
choices and training methodologies substantially impact general-
ization capabilities—a finding that has important implications for
future model development. By focusing not just on absolute perfor-
mance metrics but also on perturbation robustness, the field can
develop more genuinely capable models that generalize effectively
across the full spectrum of code-related tasks. Moreover,
Open Science. To promote transparency and facilitate repro-
ducibility, we make our artifacts available to the community at:

https://github.com/Berickal/CodeLLM_Memo.git
The repository includes the experiment scripts and the results. In
addition, A supplementary file containing complementary analysis
has been included to provide further details about this work.
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