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In recent years, Large Language Models have rapidly become an important tool

in education. Many users increasingly rely on these systems to solve problems

and analyze questions, resulting in models being exposed to a wider variety of

tasks with increasing complexity.

This research proposes an approach that introduces distractors into problem

statements, such as logically conflicting conditions or misleading information, in

order to evaluate the accuracy and comprehension ability of language models.

The experimental results can provide insights for AI developers to improve

model robustness and enhance their ability to handle the complexity of natural

language more effectively.
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model robustness and enhance their ability to handle the complexity of natural
language more effectively.
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LLMs can ignore irrelevant information, they
remain vulnerable to conflicting instructions in
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AbstractAbstract
This study investigates the robustness of large language models (LLMs) in coding

tasks under various types of distractions. Using a dataset of 9 fundamental

coding problems, a controlled experimental framework is used to compare five

LLMs under several prompt perturbation conditions. Model performance is

evaluated using automated test cases, while code characteristics are examined

through cyclomatic complexity (CC) and source lines of code (SLOC).

The result indicate that most models remain robust to irrelevant contextual

distractions, maintaining high accuracy. However, prompts containing conflicting

information significantly reduce model accuracy and tend to produce more

complex and longer code.

This study investigates the robustness of large language models (LLMs) in coding
tasks under various types of distractions. Using a dataset of 9 fundamental
coding problems, a controlled experimental framework is used to compare five
LLMs under several prompt perturbation conditions. Model performance is
evaluated using automated test cases, while code characteristics are examined
through cyclomatic complexity (CC) and source lines of code (SLOC).
The result indicate that most models remain robust to irrelevant contextual
distractions, maintaining high accuracy. However, prompts containing conflicting
information significantly reduce model accuracy and tend to produce more
complex and longer code.
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The results indicate that most models maintain high accuracy under the Normal condition and remain robust against

irrelevant distractors such as Random Trivia, CatFact, and Storytelling. In this research, Average Accuracy refers to the

average percentage of generated code that correctly pass test cases and produce the expected outputs. This metric is

used to examine how different types of distractors influence the correctness of generated code. However, the Conflict

distractor significantly reduces model accuracy across all evaluated models. In addition to performance degradation, the

Conflict condition also leads to higher cyclomatic complexity (CC) and longer source lines of code (SLOC) in the

generated code. Meanwhile, MissVar and WrongEx introduce moderate effects on accuracy and code characteristics.

The results indicate that most models maintain high accuracy under the Normal condition and remain robust against
irrelevant distractors such as Random Trivia, CatFact, and Storytelling. In this research, Average Accuracy refers to the
average percentage of generated code that correctly pass test cases and produce the expected outputs. This metric is
used to examine how different types of distractors influence the correctness of generated code. However, the Conflict
distractor significantly reduces model accuracy across all evaluated models. In addition to performance degradation, the
Conflict condition also leads to higher cyclomatic complexity (CC) and longer source lines of code (SLOC) in the
generated code. Meanwhile, MissVar and WrongEx introduce moderate effects on accuracy and code characteristics.
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Cat Fact : Random factual statements

about cats 
Story : The problem is rewritten in a

narrative form.
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