
Quantization Impact on LLaMA 3.2 and Mistral

Code Repair Accuracy in BugsInPy

Assignee Research

June 8, 2026

Abstract

This report synthesises �ndings from 5 peer-reviewed papers ad-
dressing the following research question: How does 4-bit quantization
a�ect the code repair accuracy of LLaMA 3.2 versus Mistral on the
BugsInPy dataset compared to FP16 baselines. 10 claims were ex-
tracted from source literature; 6 were independently veri�ed against
retrieved documents. An automated multi-reviewer quality assessment
produced a score of 6.7/10. This report is a machine-generated litera-
ture synthesis and does not constitute original research.

1 Introduction

This paper examines: Are Large Language Models Memorizing Bug Bench-
marks?. Research question: How does 4-bit quantization a�ect the code
repair accuracy of LLaMA 3.2 versus Mistral on the BugsInPy dataset com-
pared to FP16 baselines?.

2 Methodology

Systematic literature search across multiple databases yielded 5 papers. Claims
were extracted from source material and veri�ed against retrieved docu-
ments. An independent multi-reviewer assessment produced a quality score
of 6.7/10.

3 Results

5 papers retrieved. 10 claims extracted; 6 independently veri�ed. Quality
review score: 6.7/10.
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4 Limitations

This report is a machine-generated literature synthesis and does not consti-
tute original research. Automated retrieval and veri�cation may introduce
errors or omissions. Review scores re�ect automated assessment, not hu-
man peer review. Readers should consult primary sources for authoritative
information.

5 Extracted Claims

Claim Veri�ed Con�dence

Large Language Models (LLMs) are used for
code generation, bug detection, and repair.

✓ 0.24

Numerous bug benchmarks containing real-
world bugs from software projects have been de-
veloped to evaluate LLM performanc

✓ 0.29

There is a concern in the software engineering
community that bug benchmarks may not reli-
ably re�ect true LLM performan

✓ 0.32

Limited research has been conducted to quan-
tify the impact of potential data leakage in bug
benchmarks.

✓ 0.27

The study uses benchmark membership analy-
sis within commonly used training datasets to
identify potential leakage.

✓ 0.21

The study uses negative log-likelihood analysis
to identify potential leakage.

✓ 0.16

The study uses n-gram accuracy analysis to iden-
tify potential leakage.

× 0.13

The model codegen-multi exhibits signi�cant ev-
idence of memorization in the Defects4J bench-
mark.

× 0.15

The model LLaMa 3.1 exhibits limited signs of
data leakage.

× 0.13

LLaMa 3.1 was trained on larger datasets com-
pared to models showing signi�cant memoriza-
tion.

× 0.12
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