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RÉSUMÉ

Les modèles d’apprentissage automatique (ML) et les grands modèles de langage (LLMs) ont
démontré une grande efficacité dans l’automatisation de tâches traditionnellement effectuées
manuellement. Leur performance a favorisé leur intégration dans des applications critiques,
au point de constituer l’infrastructure de base de nombreux systèmes complexes basés sur
l’intelligence artificielle (IA). Pour gérer l’ensemble du cycle de vie de ces modèles, des cadres
opérationnels tels que le Machine Learning Operations (MLOps) et le Large Language Model
Operations (LLMOps) ont émergé, proposant des outils et des bonnes pratiques adaptés.

Les pipelines MLOps et LLMOps permettent le déploiement continu de modèles améliorés,
que ce soit par l’adoption de versions plus performantes ou par l’adaptation des modèles à
des environnements dynamiques en constante évolution, via l’entraînement continu (CT) sur
des données de production récentes. Ces pratiques visent à renforcer la fiabilité des systèmes
basés sur l’IA.

Cependant, malgré les outils et recommandations proposés pour améliorer la robustesse, les
pipelines MLOps et LLMOps ne garantissent pas, en eux-mêmes, la fiabilité ni la confiance
dans les modèles déployés. Par exemple, le déploiement d’un modèle sous-optimal peut
entraîner une dégradation des performances plutôt qu’une amélioration, compromettant ainsi
la fiabilité de l’ensemble du pipeline. De tels problèmes de fiabilité peuvent conduire à des
échecs coûteux, à une perte de confiance des parties prenantes, voire à des erreurs critiques
dans des contextes sensibles.

Dans ce mémoire, nous cherchons à contribuer à l’amélioration de la fiabilité et de la con-
fiance dans les pipelines MLOps et LLMOps. La première partie porte sur le MLOps et
vise à renforcer la fiabilité des modèles mis à jour à travers des workflows de CT. Bien que
le CT soit conçu pour améliorer les performances des systèmes d’IA, il peut introduire des
risques lorsque les données de production sont bruitées ou mal gérées, menant à des régres-
sions catastrophiques ou à une dégradation silencieuse des performances. En pratique, les
données de production peuvent présenter un décalage de distribution ou être automatique-
ment étiquetées avec une faible confiance, les rendant inappropriées pour un apprentissage
continu fiable. Pour répondre à ces défis et favoriser des pipelines de CT plus robustes, nous
proposons une approche de maintenance fiable reposant sur un mécanisme de filtrage des
données entrantes. Cette méthode écarte les instances à faible confiance, potentiellement
mal étiquetées, ainsi que les échantillons présentant une forte divergence par rapport à la dis-
tribution d’origine. Cette approche permet de sécuriser le processus d’apprentissage continu
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et de garantir des mises à jour de modèles plus fiables dans le temps.

La seconde partie de ce mémoire s’intéresse aux pipelines LLMOps, en particulier ceux des-
tinés aux tâches de génération de code. Avec l’évolution rapide des grands modèles de lan-
gage, de nouvelles versions sont régulièrement publiées, souvent accompagnées de promesses
d’améliorations significatives. Toutefois, ces mises à jour peuvent introduire involontairement
des régressions, et même les modèles les plus avancés sont susceptibles de générer du code
comportant des inefficacités. Cela complique le maintien d’une qualité constante et d’une
fiabilité durable au fil des versions.

Pour relever ces défis, nous proposons d’abord une taxonomie des inefficacités couramment
observées dans le code généré par les LLMs. Cette taxonomie offre une base structurée pour
évaluer systématiquement les sorties des modèles et identifier les défauts récurrents. Sur cette
base, nous introduisons ReCatcher, une suite de tests de régression conçue pour détecter à
la fois les régressions de capacités et les améliorations entre différentes versions de modèles
LLM. ReCatcher contribue ainsi à un processus de déploiement continu plus transparent,
plus fiable et mieux informé.

Ensemble, ces contributions visent à renforcer la fiabilité des systèmes basés sur l’IA en
traitant des défis clés dans les pipelines MLOps et LLMOps, et en fournissant des solutions
concrètes et des perspectives utiles pour un déploiement de modèles plus sûr.
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ABSTRACT

Machine Learning (ML) models and Large Language Models (LLMs) have demonstrated
strong capabilities in automating tasks traditionally performed manually. Their effectiveness
has led to their integration into critical applications, forming the backbone of complex AI-
based systems. To manage the full lifecycle of these models, operational frameworks such as
Machine Learning Operations (MLOps) and Large Language Model Operations (LLMOps)
have emerged, offering tailored tools and best practices. MLOps and LLMOps pipelines
enable the continuous deployment of improved models—either by updating to more capa-
ble versions or by adapting models to evolving, dynamic environments through Continuous
Training (CT) on fresh production data. These practices aim to enhance the dependability of
AI-based systems. However, despite offering best practices and tools to support robustness,
MLOps and LLMOps pipelines do not inherently guarantee reliability or trustworthiness.
For instance, deploying a sub-optimal model may lead to performance degradation instead of
improvement, ultimately compromising the reliability of the entire pipeline. Such reliability
issues can lead to costly failures, loss of stakeholder trust, and critical errors in high-stakes
applications.

In this thesis, we aim to contribute to improving the reliability and trustworthiness of both
MLOps and LLMOps pipelines. In the first part, we focus on MLOps and aim to enhance the
reliability of models updated through CT workflows. Although CT is designed to improve
AI-based system performance, it can also introduce risks when production data is noisy
and poorly managed, leading to catastrophic regressions or silent performance degradation.
In practice, production data may suffer from distribution drift or be automatically labeled
with low confidence, making it unsuitable for reliable CT. To address these challenges and
promote more robust CT pipelines, we propose a reliable maintenance approach based on a
filtering mechanism for incoming data. This method excludes low-confidence instances, which
are likely to be mislabeled, as well as samples that significantly deviate from the original
distribution. This approach helps safeguard the CT process and ensures more reliable model
updates over time.

The second part of this thesis focuses on LLMOps, particularly pipelines for code generation
tasks. With the rapid evolution of large language models, new versions are frequently re-
leased, often accompanied by promises of significant improvements. However, such updates
can inadvertently introduce regressions, and even the most advanced models may produce
code with inefficiencies. This makes it difficult to maintain consistent quality and long-term
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reliability across model versions.

To address these challenges, we first propose a taxonomy of inefficiencies commonly observed
in code generated by LLMs. This taxonomy provides a structured basis for systematically
evaluating model outputs and identifying recurring flaws. Building on this foundation, we
introduce ReCatcher, a regression testing suite designed to detect both capability regres-
sions and improvements between different LLM versions. ReCatcher thus contributes to a
more transparent, trustworthy, and well-informed continuous deployment process for lan-
guage models.

Together, these contributions aim to strengthen the reliability of AI-based systems by ad-
dressing key challenges in MLOps and LLMOps pipelines, while providing concrete solutions
and actionable insights for safer model deployment.
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CHAPTER 1 INTRODUCTION

Machine Learning (ML) has fundamentally transformed numerous domains by enabling the
automation of tasks traditionally requiring extensive manual effort, thereby enhancing ef-
ficiency and scalability across sectors [1, 2]. Early ML systems were predominantly based
on hand-crafted, rule-based approaches, wherein domain experts manually encoded logic to
reflect specific operational environments [3]. The emergence of Deep Learning (DL) marked a
significant paradigm shift by enabling models to autonomously learn complex representations
from large-scale data [2].
More recently, generative models, such as Large Language Models (LLMs), have further
pushed the boundaries of ML by generating human-like text and realistic images, and solving
highly complex tasks without explicit programming [4,5]. As ML-based systems are increas-
ingly adopted in critical applications such as autonomous driving, industrial inspection, and
automated code generation [2,6], their deployment introduces new challenges. These systems
often integrate multiple models and must meet demanding requirements related to scalability,
maintainability, operational reliability, and trustworthiness. In this context, trustworthiness
refers to the consistent and predictable performance of a system across varied conditions
and over time [7]. Addressing these needs has led to the development of Machine Learn-
ing Operations (MLOps), a set of principles, tools, and practices designed to manage the
full ML lifecycle, including development, training, deployment, and monitoring in dynamic
environments [7–10].
MLOps frameworks reduce manual effort, minimize errors, and enhance collaboration among
data scientists, software engineers, and operations teams by standardizing workflows and
providing reliable infrastructure. They enable continuous integration and deployment, sys-
tematic version control, and reproducibility, all of which are essential for operating ML sys-
tems at scale [11,12]. However, the growing adoption of foundation models such as LLMs has
introduced new operational demands that exceed the scope of conventional MLOps solutions.
Unlike traditional ML models—which are typically lightweight, operate on structured and
preprocessed features, and are trained for narrowly defined tasks—LLMs exhibit distinct
operational demands. These models are substantially larger, often consisting of billions
of parameters, and require specialized hardware and distributed computing environments
to support inference and fine-tuning [13]. Moreover, LLMs are driven by natural language
prompts rather than fixed input features, shifting the focus from data preprocessing to prompt
engineering and management [14]. The stochastic and opaque nature of LLM outputs further
complicates tasks such as evaluation, monitoring, and versioning [15]. To address these unique
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challenges, the concept of LLMOps has emerged as an extension of MLOps, specifically
tailored to the lifecycle and operational requirements of LLM-based systems [16].
By adopting MLOps and LLMOps practices, organizations can automate complex workflows,
reduce error-prone manual interventions, and ensure the reliable deployment of performant
and up-to-date models [10,17]. These practices also support model rollback and traceability,
facilitate reproducibility, and foster interdisciplinary collaboration by introducing a shared
operational vocabulary [11]. Such capabilities are especially important for systems composed
of multiple interacting components, where coordination, monitoring, and accountability are
critical [18].
Despite these advancements, MLOps and LLMOps pipelines remain vulnerable to silent per-
formance degradation, which can erode the reliability of deployed systems without immediate
detection [18, 19]. This degradation can result from various factors, including subtle imple-
mentation issues such as mismatched preprocessing logic across different components [20], or
from the continuous deployment of models trained on noisy or outdated data. In LLMOps
workflows, newer model versions may inadvertently reduce task-specific performance or intro-
duce unexpected behaviors, even when overall model capabilities appear to improve [21]. The
consequences of such degradation vary depending on the application. In industrial inspection,
an ML model may fail to detect newly emerging defect types due to data distribution shifts.
In software development workflows, an LLM-based code generator may produce syntactically
correct but inefficient or semantically incorrect code that fails to meet the expectations of
developers or downstream tools.

Thesis Objectives

This thesis addresses the reliability challenges posed by the deployment and evolution of
ML and LLM-based systems within MLOps and LLMOps pipelines. Its central objective is
to enhance the reliability, robustness, and trustworthiness of AI-based systems operating in
production environments. Through a combination of empirical analyses, tool development,
and automation strategies, the thesis presents practical contributions aimed at mitigating
performance degradation and supporting dependable AI lifecycle management.
Specifically, this thesis makes two main contributions:

• MLOps - Automated maintenance of industrial vision inspection systems ML is in-
creasingly utilized in industrial visual inspection to support automated quality control,
particularly in the context of Industry 4.0 [22]. These systems require frequent updates
via CT workflow to remain effective in dynamic production environments. However,
without rigorous validation, these updates may introduce performance regressions [19].
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This work investigates the root causes of such degradation and develops automated
solutions for preserving model reliability across the system lifecycle.

• LLMOps - Safe model update for LLM-based code generation systems The adoption of
LLMs for automated code generation is accelerating, with generated code increasingly
integrated into production systems [23]. However, the complexity and opacity of LLMs,
combined with rapid versioning cycles, introduce significant risks related to behavioral
regressions and quality degradation. This thesis proposes tools and methodologies to
systematically evaluate, test, and manage LLM updates in code generation pipelines,
ensuring safe and reliable deployment.

Ensuring reliability within both MLOps and LLMOps pipelines is critical, as failures can lead
to substantial financial loss, operational disruption, or safety hazards [24]. These challenges
highlight the need for rigorous techniques to prevent performance degradation as models
evolve within production environments.
In the following sections, we first examine MLOps by exploring the use of ML in industrial
visual inspection systems and identifying the reliability challenges that arise throughout their
lifecycle, such as data drift and automated labeling. We then turn to LLMOps, focusing on
the adoption of LLMs for code generation and the reliability issues they pose, including inef-
ficient outputs, challenges in evaluation, and the absence of structured testing and regression
techniques.

1.1 MLOps: Reliability Challenges in Visual Inspection Systems

With the advent of Industry 4.0, ML models are increasingly being deployed across a wide
range of industrial applications, including visual inspection systems [22]. These systems
often involve complex pipelines in which multiple ML models interact to perform tasks such
as defect detection and quality assessment [7]. However, maintaining the reliability of these
systems in dynamic production environments remains a significant challenge, as industrial
settings are frequently subject to change—for example, the introduction of new products or
the emergence of novel defect types [25].
To address these evolving conditions, MLOps guidelines recommend the use of CT workflows
that leverage newly collected production data. While CT can support ongoing adaptation
and help maintain model performance over time, its effectiveness depends heavily on the
integration of robust data validation mechanisms [26]. These mechanisms act as quality
control gates, ensuring that incoming data is suitable for retraining. Data validation typically
involves checks for distributional consistency and the correctness of automatically generated
labels [27]. When such checks are omitted or inadequately implemented, CT workflows can
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result in performance degradation [19]. The following subsections explore two key reliability
risks in CT workflows: data drift, where shifts in data distribution affect the model’s ability
to generalize, and automated labeling, where incorrect annotations can silently introduce
noise into the training data.

1.1.1 Data Drift

Data Drift refers to the phenomena where the distribution of production data, gradually or
drastically, deviates from originally training data [28]. CT workflows that incorporate drifted
data can pose a significant risk to the reliability of MLOps pipelines—namely, catastrophic
forgetting, where the model becomes overly tuned to recent data and loses its ability to gen-
eralize from previously learned patterns. Several techniques have been proposed to detect
and manage data drift in MLOps pipelines [19]. In computer vision applications, a common
approach involves encoding input images into feature representations before applying classi-
fiers to detect significantly different samples indicative of drift [29, 30]. Autoencoders (AEs)
are commonly used for this purpose because of their ability to capture semantic features.
However, they can overlook critical structural or spatial information, which may result in
incomplete or insufficient drift detection.

1.1.2 Automated Labeling

Supervised learning models require labeled data to support CT workflows. In automated
MLOps pipelines, relying on manual labeling for the large volumes of incoming production
data is impractical and undermines scalability [31]. As a result, automated labeling tech-
niques are commonly employed to annotate production data without human intervention.
These approaches often rely on pre-trained models, ensemble predictions, or weak super-
vision strategies to generate labels for new data [32–34]. While automated labeling plays
a crucial role in enabling end-to-end retraining pipelines, it introduces a new layer of risk.
Inaccurate or noisy labels can propagate errors into the training loop, especially if there is
no verification mechanism in place. Retraining on incorrectly labeled data can significantly
degrade model performance and result in catastrophic forgetting; a phenomenon in which
the model adapts to erroneous patterns while losing previously learned, valid knowledge [35].
This issue poses a critical threat to the reliability of MLOps pipelines.

1.2 LLMOps: Reliability Challenges in LLM-based Code Generation Systems

LLMs have demonstrated remarkable capabilities in various Software Engineering (SE) tasks,
particularly in automated code generation [36]. These models can generate code in multi-
ple programming languages, including Python, Java, and C/C++ [37], and are increasingly
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adopted in production codebases and multi-agent development workflows [38, 39]. Despite
the promising capabilities of LLMs, code generated by these models often exhibits inefficien-
cies that compromise essential software quality attributes, including correctness, readability,
maintainability, and performance [40–43]. These shortcomings are particularly concerning
when LLM-generated code is deployed at scale, where reliability, trustworthiness, and long-
term maintainability are paramount. Ensuring reliable code generation within LLMOps
pipelines necessitates the development and application of comprehensive evaluation meth-
ods. However, current evaluation practices are often limited in scope and fail to capture
the full spectrum of quality-related concerns in generated code. The following subsections
explore this gap in greater detail.

1.2.1 Limitations of Current Evaluation Practices

To evaluate the code generation capabilities of LLMs, researchers and practitioners primarily
rely on automated evaluation metrics such as CodeBLEU, which measures syntactic and
semantic similarity between generated and reference code, and Pass@k, which evaluates
functional correctness by testing whether a generated solution passes unit tests within k

attempts [23]. These metrics offer a high-level overview of LLM performance and enable
comparative analysis across different models.
However, these evaluation methods have notable limitations. In particular, they emphasize
functional correctness while largely neglecting non-functional attributes such as code read-
ability, maintainability, and runtime performance [44]. As a consequence, LLMs may achieve
high Pass@k scores while producing suboptimal or difficult-to-read code. When such code is
integrated into production systems, it can accumulate technical debt, introduce hidden per-
formance bottlenecks, and negatively impact long-term software quality and maintainability.

1.2.2 Emerging Need for Systematic Testing in LLMOps

Unlike traditional software development, where rigorous testing and debugging cycles are ap-
plied, LLM-generated code typically lacks systematic validation mechanisms beyond pass@k-
style evaluations [23]. Current evaluation methods do not account for regression testing - an
essential process for ensuring that model updates do not degrade previously correct behaviors
or introduce new inefficiencies. The absence of such structured testing increases the risk of
silent regressions, where newer model versions preserve functional correctness but produce
suboptimal, inefficient, or unnecessarily complex code [21]. Furthermore, as LLMs become in-
creasingly integrated into agent-based development workflows and production environments,
the need for reliable mechanisms to manage model updates, enforce consistency checks, and
apply quality gating becomes urgent. A well-structured code generation LLMOps pipeline
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should support the detection of LLM regressions not only in terms of functional correctness
but also with respect to non-functional properties such as code efficiency, readability, and
maintainability [45]. In the absence of such safeguards, LLM-assisted development risks in-
troducing low-quality artifacts into production codebase, potentially undermining confidence
in automated tools and increasing long-term maintenance costs.

1.3 Thesis Statement

Despite the increasing adoption of MLOps and LLMOps pipelines to support the maintenance
of AI-based systems in real-world environments, current practices often fall short in ensuring
reliability and trustworthiness in production settings. Specifically, existing approaches face
two major limitations: (i) in MLOps, there is insufficient support for robust CT workflow
on fresh production data, which may be affected by data drift or automated labeling errors;
and (ii) in LLMOps, current methods lack accurate evaluation and comparison mechanisms
for assessing the capabilities of large language models in code generation tasks.
These shortcomings undermine the dependability of AI systems, increasing the risk of unde-
tected silent regressions in critical production workflows.
This thesis addresses these gaps by proposing:

• A robust two-stage data filtering approach to support reliable MLOps of DL models
by filtering out drifted and incorrectly labeled data;

• Support for LLMOps through (i) a taxonomy of code inefficiencies to enable struc-
tured evaluation of LLM-generated code, and (ii) a regression testing framework to
systematically compare LLMs across multiple quality dimensions and ensure reliable
updates.

Together, these contributions advance the state of MLOps and LLMOps by promoting greater
reliability, efficiency, and maintainability of AI-based systems in real-world production envi-
ronments.

1.4 Thesis Overview

In this section, we provide an overview of the key studies that form the foundation of this
thesis.

• MLOps - We develop a robust CT workflow to support the reliable maintenance of
DL visual inspection systems. This approach includes a two-stage data filtering pro-
cess: the initial stage filters out low-confidence predictions and the second stage uses
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variational auto-encoders (VAE) and histograms-based embeddings to detect and re-
ject drifted inputs. Fine-tuning is subsequently conducted on the filtered data, with
validation performed on both the production and original datasets to detect and miti-
gate catastrophic forgetting. Evaluations on real-world inspection tasks (popsicle stick
prints and glass bottles) show that the approach retains less than 9% of erroneous self-
labeled data and improves production performance by up to 14% without compromising
validation accuracy.

• LLMOps - We construct a comprehensive taxonomy of inefficiencies in LLM-generated
code based on a manual analysis of 492 code samples generated by CodeLlama, DeepSeek-
Coder, and CodeGemma on the HumanEval+ benchmark. The taxonomy catego-
rizes inefficiencies into five major dimensions: General Logic, Performance, Readability,
Maintainability, and Errors, with 19 subcategories. Validation through a survey of 58
LLM practitioners and researchers confirms the taxonomy’s completeness, relevance,
and real-world applicability. Our qualitative findings indicate that inefficiencies are
diverse and interconnected, affecting multiple aspects of code quality, with logic and
performance-related inefficiencies being the most frequent and often co-occur while im-
pacting overall code quality.

• LLMOps - We propose ReCatcher, the first LLMs regression testing framework for
Python code generation. ReCatcher systematically assesses regression between two
models (i.e., a currently used model and a candidate for update) using proven software
testing tools, ensuring a reliable assessment. We use ReCatcher to evaluate regres-
sion across three model update scenarios — fine-tuning, merging, and model release
—on three state-of-the-art models, i.e., CodeLlama, DeepSeek-Coder, and GPT-4o.
Our findings reveal that fine-tuning on datasets from different programming languages
increases syntax errors by up to 12%. While merging with general-purpose LLMs (non-
optimized for code) can introduce regression across various aspects, such as logical
correctness, by up to 18%. Additionally, GPT-4o exhibits regressions of up to 50%
in handling missing imports compared to GPT-3.5-turbo, while GPT-4o-mini shows
performance regression in execution time compared to GPT-4o by up to 80%.

1.5 Thesis Contribution

This thesis makes the following key contributions toward enhancing the reliability and ro-
bustness of MLOps and LLMOps pipelines in production:

• Trimming the Risk: Towards Reliable Continuous Training for Deep Learning Inspec-
tion Systems
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We develop a CT-based maintenance approach that minimizes the risks of retraining on
drifted or incorrectly labeled data. The method employs a two-stage filtering pipeline:
confidence-based rejection of low-certainty predictions and distribution-based drift filter
using VAE and histogram embeddings. Applied to real-world industrial inspection
systems under critical scenarios, this approach retains less than 9% of mislabeled data
and improves production accuracy by up to 14% while preserving model stability on
original validation sets.

• A Taxonomy of Inefficiencies in LLM-Generated Code

We present a validated taxonomy that categorizes inefficiencies in LLM-generated code
across five main dimensions and 19 subcategories. Based on manual analysis of 492
code samples and supported by feedback from 58 practitioners, the taxonomy offers a
structured framework for evaluating non-functional aspects of LLM outputs, including
performance, maintainability, and readability. Our qualitative findings indicate that
inefficiencies are diverse and interconnected, affecting multiple aspects of code quality,
and that logic and performance-related issues are the most frequent and interdependent
inefficiencies.

• ReCatcher: Towards LLMs Regression Testing for Code Generation

We propose ReCatcher, the first LLMs regression testing framework for Python code
generation. ReCatcher systematically assesses regression between two models (i.e.,
a currently used model and a candidate for update) using proven software testing
tools, ensuring a reliable assessment. We use ReCatcher to evaluate regression across
three update scenarios for LLMs — fine-tuning, merging, and model release —on three
state-of-the-art models, i.e., CodeLlama, DeepSeek-Coder, and GPT-4o. Our findings
reveal that regression most frequently affects Errors (syntax error and missing declara-
tion/import), Performance, and Logical correctness of generated code. However other
code quality aspects such as Maintainability and Readability are overall stable across
updates.

1.6 Thesis Organization

The remainder of the thesis is organized as follows:

• Chapter 1: Provides an overview of the preliminary concepts and knowledge required
for comprehending the subsequent sections of the thesis.

• Chapter 3: Reviews the relevant literature on MLOps and LLMOps, with a focus on
existing challenges in CT, and inefficiencies in LLM-generated code.
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• Chapter 4: Presents a robust CT-based maintenance approach for DL visual inspection
systems, aiming to ensure reliability within MLOps pipelines.

• Chapter 5: Advances LLMOps by introducing a taxonomy of inefficiencies in LLM-
generated code.

• Chapter 6: Proposes ReCatcher, an LLM regression testing framework for code gener-
ation.

• Chapter 7: Presents the conclusion of the thesis and discusses limitations and future
work.
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CHAPTER 2 BACKGROUND

Chapter Overview. This chapter introduces the foundational concepts of MLOps (2.1),
highlighting key components such as continuous training (2.1.1), automated labeling (2.1.2),
and data drift (2.1.3). We also present the emerging field of LLMOps (2.1.4), which extends
MLOps practices to LLMs. In the second part of the chapter, we provide background on the
two primary application domains explored in this thesis: industrial visual inspection (2.2)
and LLMs with a focus on code generation (2.3).

2.1 Machine Learning Operations (MLOps)

MLOps is a set of principles, tools and best practices proposed to optimize the development,
deployment and maintenance of ML models in production environments [9, 10]. Inspired by
DevOps, MLOps aims to bridge the gap and ensure seamless collaboration between data
scientists, software engineers and IT operation team and ensure efficient model management
through ML life cycle [8]. MLOps is defined by 7 key principles:

• Continuous Integration and Continuous Deployment (CI/CD): automates the build-
ing, testing, and deployment of ML pipelines, ensuring rapid feedback and iterative
development.

• Workflow orchestration: manages task dependencies using directed acyclic graphs for
efficient pipeline execution.

• Reproducibility and Versioning: guarantee traceability and repeatability of experiments
by tracking data, code, and model artifacts.

• Collaboration: ensures alignment and shared responsibilities across interdisciplinary
teams.

• Continuous training and evaluation: keeps models up-to-date by periodically retraining
and validating them on fresh data.

• Continuous monitoring tracks both model performance (e.g., accuracy, drift) and sys-
tem metrics (e.g., latency, resource usage) in production.

• Feedback loops incorporates insights from production data and user behavior to inform
iterative model improvement and lifecycle governance.
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MLOps practices can be adopted at different levels of maturity, depending on the extent
of automation across different stages of the ML lifecycle. Several frameworks have been
proposed by industry and academia to characterize these maturity levels [16]. For instance
Google proposed a model with 3 maturity levels [46]:

• Level 0 : represents a fully manual workflow.

• Level 1 : automates the ML pipeline to support CT workflow. This level includes
mechanisms for automated data validation, model validation, and triggers for launching
training pipelines.

• Level 2 : proposes a fully automated CI/CD pipeline. It supports continuous integra-
tion of new code and pipeline components through automating testing building and
packaging and continuous delivery ensuring that new models and pipeline changes are
automatically deployed.

While MLOps is increasingly adopted in practice, it is often confused with related but distinct
concepts such as AutoML and AIOps. AutoML (Automated ML), refers to the automation of
model development tasks such as feature engineering, model selection and hyperparameters
tuning [47]. In contrast to MLOps which primary addresses operationalization and life cycle
of ML workflows. Regarding AIOps (Artificial Intelligence Operations), it stands for applying
AI to automate and enhance IT operations such as anomaly detection, root cause analysis
and incident prediction [48].
In the following, we delve into key MLOps concepts and associated risks, including continuous
training, automated labeling, and data drift. We then transition to LLMOps, an emerging
subfield of MLOps specifically tailored to the operationalization of LLMs.

2.1.1 Continuous Training (CT)

Continuous Training (CT) is an incremental learning practice that involves updating a model
with new data or tasks overtime, without forgetting previously learned knowledge [49]. CT
typically involves automatically launching retraining workflow for ML models to adapt to
changing environments on a regular basis [50]. There are different approaches implementing
the CT that can be categorized based on the trigger: periodic retraining, performance-based
retraining, or data-driven retraining and on demand retraining [50]. When it comes to the
retraining data used, two main approaches emerge: training the model from scratch on all
available data [51] or transfer learning, in which a previously trained model is fine-tuned
to adapt to new data [52]. Online learning, also known as stream learning, offers a cost-
effective alternative to offline CT by leveraging algorithms that incrementally learn from new
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data streams without requiring explicit triggers [53]. CT is often confused with Continual
Learning (CL). However, CL is a broader research practice area focused on enabling models
to accumulate knowledge across sequential tasks without catastrophic forgetting. Unlike CT,
CL does not require automation, is not necessarily tied to production environments, and is
not inherently part of MLOps workflows [54].

2.1.2 Automated Labeling

Manual data labeling is often criticized as laborious and time-consuming step in ML engineer-
ing pipeline, and it can also become costly if it necessitates subject-matter experts [31]. To
reduce costs, ML models can be used alongside humans in a semi-supervised approach [32],
where the model proposes annotation suggestions to humans to accelerate the labeling pro-
cess. Similarly, Active Learning (AL) is employed to optimize labeling efforts by selecting
only the most informative datapoints [33]. Despite reducing labor costs, these human-in-the-
loop approaches cannot be fully automated. Alternatively, the Snorkel framework enables
the programmatic creation of labeling functions to auto-label most of the data based on
heuristics and domain knowledge [34]. However, these functions are not trivial to design, are
prone to errors, and typically cover only a subset of the data—requiring humans to remain
partially in the loop to ensure complete dataset labeling. Another straightforward option is
to use an ML model trained on labeled data for labeling unseen data [55]. Yet, model errors
make this method prone to producing corrupted labels. For this reason, calibrated confidence
and uncertainty components are required to avoid relying on the supervised model when its
predictions are uncertain [56].

2.1.3 Data Drift

Data Drift refers to changes in production data distribution overtime, which can be gradual,
sudden or seasonal [57], affecting the statistical properties or characteristics of the model’s
input data [28]. The dynamic nature of production environment causes data to shift from the
original data distribution [58]. The shift may reveal the emergence of new defects (uncovered
by the training data) [59] or the rise of a new environment [60], which may include changes
such as new backgrounds, blur, noise, illumination, occlusion [61, 62]. Data drift adversely
affects model performance, though does not necessary invalidate its learned patterns and
inductive bias [63], contrary to concept drift which describes data evolution, invalidating the
current model [64]. There are closely related concepts to data drift that may cause confusion.
For example Out-of-Distribution (OOD), refers to to individual data points that fall outside
of the distribution [65], whereas data drift concerns a shift in the overall data distribution.
Similarly, training-serving skew describes a mismatch between the training data and the data
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observed during inference—even if the production data distribution remains unchanged [66].

2.1.4 Large Language Models Operations (LLMOps)

LLMOps is an emerging discipline that extends the traditional MLOps to address unique
challenges associated with deployment, monitoring, and maintenance of LLM-based applica-
tions [45]. While MLOps focuses on automating and streamlining the lifecycle of machine
learning models, LLMOps introduces specialized practices tailored to the complexities of
LLMs [16]. LLMs are large models, that consist of hundreds of billions of parameters, re-
quires substantial computational power for adapting (such as fine-tuning and inference) and
costs are dominated by GPU-infrastructure. LLMOps ensures efficient resource utilization,
cost efficiency and scalability [16]. Additionally, LLMs have specialized adaptation techniques
to tailor their behavior for specific applications different from standard ML model training.
One such technique is prompt engineering, which involves crafting specific prompts to guide
the model’s responses effectively. Also fine-tuning with domain-specific data can be used.
These adaptation methods are integral to LLMOps, which provides structured methodologies
to support their implementation [16]. Moreover, the textual output of LLMs makes evalu-
ation and monitoring harder posing unique challenges due to the inherent subjectivity and
variability of language [67]. Finally, LLMs present some unique risks such as hallucination
where the output appears plausible but is factually incorrect or nonsensical [68]. LLMOps
extends MLOps by addressing conventional ML lifecycle challenges and other specific to
LLMs [16].
LLMOps may be confused with FMOps (Foundational Models Operations) which focuses on
best practices and guidelines for developing, training, and evaluating foundation models. In
contrast, LLMOps specifically addresses the operationalization of applications powered by
large language models [69].

2.2 Industrial Visual Inspection

Industrial inspection is a quality control process used across industries to examine manu-
facturing products and equipment for visual appearance aiming to identify both functional
and cosmetic defects [70, 71]. It has been used across many industries such as automotive,
manufacturing, robotics, electronics and aerospace [70,72–74]. Visual inspection can be per-
formed using several approaches. Traditionally, it has been conducted by human inspectors
who identify defects using the naked eye, sometimes aided by tools such as flashlights or mag-
nifying glasses [71, 75]. However, relying on human inspectors can be costly and inefficient,
as human inspectors demand repetitive observation tasks that can lead to fatigue, reduced
attention, and variable performance across different inspectors [75]. These limitations result
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in inconsistent detection rates, reduced productivity, and increased production costs [71]. To
address these limitations and leverage technological advancements, automated visual inspec-
tion has emerged as an alternative. In automated visual inspection, manufacturing lines are
equipped with cameras strategically positioned to capture images of products moving along
the production line. Captured images are then automatically processed using computer
vision algorithms [76]. Initially, defects are detected using rule-based pattern recognition
approaches, where predefined rules by experts are used to identify deviations in the visual
characteristics of a product [3]. Although rule-based inspection systems significantly reduce
manual effort, they suffer from several limitations [77]. They require frequent manual updates
to adapt to changes in industrial conditions or product design, and developing comprehensive
rules can be particularly challenging for complex products with subtle defects. More recently,
the advancements in ML and DL techniques have effectively enhanced the effectiveness of
automated visual inspection [2]. ML-based visual inspection systems have proven highly effi-
cient in detecting and classifying defects due to their ability to autonomously learn complex
and subtle patterns from large datasets, thus reducing the dependency on manually crafted
inspection rules. With the advent of Industry 4.0, MLOps practices have been integrated into
industrial inspection workflows to automatically deploy, monitor, and continuously adapt to
the dynamic environment [22]. In the literature, several approaches have been proposed
for visual inspection tasks. Supervised methods, including object detection and semantic
segmentation, are widely adopted for accurately localizing defects within images [70, 78, 79].
Alternatively, unsupervised methods, notably one-class classification, have gained popularity
for scenarios characterized by limited or unavailable labeled defect data [80]. To facilitate
consistent evaluation and comparison among these approaches, standardized benchmarks
such as the MVTec Anomaly Detection dataset have been established [81].

2.3 Large Language Models (LLMs)

LLMs are advanced AI systems designed to understand, process, and generate human-like
text. As generative models, LLMs take a given input, a prompt, and generate a text as
output [82]. While their output is text, the applications of LLMs extend far beyond conver-
sational agents. They have demonstrated efficiency across various domains such as finance,
robotics, and software engineering [83–85]. LLMs are trained on massive amounts of textual
data, resulting in large models that may reach hundreds of billions of parameters [82]. De-
spite their powerful capabilities, LLMs are not devoid of limitations. One notable issue is
hallucinations, where the model generates information that is incorrect or nonsensical [86].
Additionally, LLMs are prone to biases present in their training data, which can impact the
quality and fairness of their outputs [87]. In the following, we explore the use of LLMs in code
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generation and discuss adaptation techniques such as merging and fine-tuning that enhance
the capabilities of LLMs.

2.3.1 LLMs for Code Generation

LLMs have demonstrated their capability to generate code across various programming lan-
guages, including Python, Java, and C/C++ [37]. This thesis explores the use of different
models for code generation, and in the following section, we provide a detailed description of
each of the models utilized in our study.

CodeLlama

CodeLlama is an open-source family of models based on Llama 2 [88] developed by Meta
for code-related tasks such as completion and infilling. It includes the foundation model
(CodeLlama), a Python-specialized model (CodeLlama-Python), and an instruction-following
model (CodeLlama-Instruct), available in different sizes (7B, 13B, 34B, and 70B parame-
ters). CodeLlama is trained on a near-deduplicated dataset of publicly available code, it
incorporates a small fraction of natural language data related to programming to enhance
comprehension [89].

DeepSeek-Coder

DeepSeek-Coder provides a range of open-source models trained from scratch on 2 trillion
tokens across 87 programming languages. The pretraining data is organized at the repository
level to enhance model capability [90]. The models employ two key techniques: fill-in-the-
middle and next-token prediction. Just like CodeLlama, DeepSeek-Coder is also available in
different sizes, ranging from 1.3B to 33B parameters, with both foundational and instruction-
tuned versions. These models leverage a 16K context window to improve code generation
and infilling [90].

CodeGemma

Code Gemma is a collection of specialized open-code models based on Google DeepMind’s
Gemma models [91], trained on 500 to 1000 billion tokens, primarily for code-related tasks.
The CodeGemma family includes: a 7B pre-trained model, a 7B instruction-tuned model,
and a specialized 2B model designed for code infilling and open-ended generation. The 2B
model is trained entirely on code, while the 7B models are trained on a mix of 80% code and
20% natural language, sourced from deduplicated publicly available code repositories. These
models are trained using a fill-in-the-middle task to enhance their coding capabilities [92].
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GPT-Family

OpenAI models have demonstrated strong code generation capability [93]. GPT-3.5, op-
timized for chat applications, includes the GPT-3.5-turbo model, which is fine-tuned for
enhanced language comprehension and text generation capabilities. The GPT-4 family in-
troduces GPT-4o, a multimodal model capable of processing and generating text, images,
and audio. GPT-4o-mini is a smaller, more cost-efficient version of GPT-4o, offering similar
capabilities at a reduced computational cost [94–96].

2.3.2 LLMs Adaptation Techniques

Model adaptation tailors LLMs for specific tasks or domains by leveraging their pre-existing
capabilities, reducing the need for extensive training from scratch [97]. In this thesis, we
study the impact of merging and fine-tuning techniques.

Merging

Model merging (or fusing) combines parameters from multiple LLMs to create a new model
with integrated capabilities without requiring access to the original training data [98]. This
technique preserves and enhances the strengths of each merged model. TIES (TrIm, Elect
Sign, and Merge) is a notable merging method that: (i) resets minimally changed parameters
during fine-tuning, (ii) resolves sign conflicts among parameters, and (iii) merges only aligned
parameters to retain their strengths [99]. Merging has been applied for different applications
[100] such as SE tasks [98].

Fine-tuning

Fine-tuning adjusts LLMs’ parameters through additional training on a smaller, domain-
specific dataset, enhancing its capability to addressing domain-specific tasks [101]. Fine-
tuning can be supervised and unsupervised, depending on data availability. Instruction
fine-tuning further refines models by exposing them to structured prompts and expected
outputs [102]. Fine-tuning has demonstrated its effectiveness in many domains [102]. For
example, in SE, LLMs have been fine-tuned to improve automated code review [103] and
code generation [104].

2.4 Chapter Summary

In this chapter, we introduced the foundational concepts of MLOps, with a particular focus
on LLMOps, and provided an overview of the two key application domains studied in this
thesis: industrial visual inspection and code generation using LLMs. In the next chapter, we
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review the literature on existing approaches and techniques aimed at ensuring the reliability
of MLOps and LLMOps pipelines, with a focus on challenges related to LLM-based code
generation.
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CHAPTER 3 RELATED WORK

Chapter Overview. This chapter reviews the state of the art in ensuring the reliability of
AI-based systems, focusing on two key applications: (i) MLOps pipelines for visual inspection,
and (ii) LLMOps pipelines for code generation.

3.1 Conventional MLOps challenges: Data drift and Continuous training

Over the last few years, with the wide adoption of ML models in dynamic environments,
extensive research has been conducted to ensure the reliability of MLOps pipelines. In this
section, we first review techniques for detecting data drift and then explore how MLOps
pipelines can automatically adapt to such drift, with a particular focus on continuous train-
ing. We follow by examining how MLOps practices are applied in the context of industrial
inspection systems to ensure reliability and robustness.

3.1.1 Data Drift Detection

Many drift detection approaches are proposed mainly employing either model certainty or
data distribution as indicators. Confidence metrics are often leveraged, operating on the
assumption that higher confidence implies more accurate predictions, indicating alignment
with the known environment settings. For instance, [105] compares confidence scores, i.e.,
softmax logits, to pre-defined thresholds, and [106] conducts tests that compare original
confidence distributions (i.e., softmax logits) with new distribution logits. Similarly, [28] per-
forms two tests on two distributions: confidence of the predicted class and confidence for all
other classes. To use calibrated confidences, [107] opts for Constraint Disagreement Classi-
fiers (CDCs) to estimate the aggregated cross-entropy, i.e., confidence, and [108,109] leverage
confidence calibration by data augmenting using generative models. These approaches use
model confidence scores as a proxy to model familiarity of data indicating drift, while other
approaches use data directly.
To identify potential drifts in imaging data, dimensionality reduction is necessary since distri-
butional analysis is more effective with a low-dimensional representation. Generative models
such as AEs and VAEs [29, 30] can be used to derive latent features, thereby encoding the
most relevant factors for reconstructing images. In addition to exploring geometric distances
within the dimensionally-reduced space, alternative strategies opt for statistical tests such
as Kolmogorov-Smirnov (KS), Chi-square, or Maximum Mean Discrepancy (MMD) [29], as
well as two-sample testing [30]. [110] performs statistical testing on the reconstruction loss
from VAE aggregated with a domain variable. Nevertheless, statistical tests often assume
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an underlying data distribution and can be sensitive to sample size and number of dimen-
sions. [111] also combines loss with domain variables, but feeds them into an OCC model to
capture the pertinent in-distribution characteristics, allowing the systematic elimination of
drifted inputs.

3.2 Continuous Training

Continuous Training (CT) refers to the automatic retraining of machine learning models as
new production data becomes available. Designing an effective CT strategy involves several
critical decisions [112]. One major consideration is when to retrain the models. While
periodic retraining is simple to implement, it may result in unnecessary resource usage [113].
In contrast, trigger-based retraining aims to launch training only when it is needed, based on
indicators such as distribution deviation. Although more efficient, it introduces the challenge
of defining accurate and reliable triggers, which can be difficult in practice [114]. Another
key aspect of a CT strategy is data selection. One approach is to use all historical data
during retraining to preserve learned patterns and maintain model stability [112]. To reduce
the computation cost associated, other strategies to select the training data include fixed and
adaptive window sizes, or the use of representative samples [115]. While these approaches can
be cost-effective, they add extra complexity. CT can also be implemented in offline or online
modes. Offline CT typically involves retraining in batches, whereas online or incremental CT
updates the model continuously as new data arrives. Online approaches offer adaptability and
faster integration of new data but can be more complex to manage and validate [116]. Finally,
transfer learning and continual learning are often leveraged in CT settings. Transfer learning
involves reusing pre-trained weights and fine-tuning them on new data, whereas continual
learning aims to adapt the model incrementally without catastrophic forgetting [117,118].
Each CT strategy has trade-offs in terms of performance stability, computational cost, and
implementation complexity. The ideal strategy depends on the dynamics of the production
environment and the availability of computational resources.

3.3 MLOps Pipelines for Visual Inspection Systems

Ensuring the reliability of visual inspection systems in dynamic industrial environments. As
manufacturing processes evolve, data distributions can introduce drift which poses risks to
the performance of deployed models. Various solutions have been proposed to detect and
adapt to such drifts, often leveraging continuous training. In this section, we review existing
approaches adopted in industry.
Samsung proposed an MLOps architecture for defect inspection, covering tasks such as



20

scratch detection, dent recognition, and missing part identification [7]. Their pipeline is
deployed across multiple edge devices and relies heavily on human annotators for labeling in-
coming data before model retraining. While this human-in-the-loop setup mitigates the risk
of incorporating drifted data into the CT process, it lacks automation and scalability in dy-
namic environments. Additionally, Fabforce [119] has proposed an unsupervised monitoring
approach to detect drift by analyzing the latent representation of the classifier embeddings
using one-class classification methods. Once a drift is detected, the system flags the input
for manual investigation [120]. This approach, while effective at identifying drift, does not
automate model adaptation to the dynamic environment as it requires manual intervention
and lacks an integrated continuous training mechanism. To enable the automated MLOps
pipeline adaptability, a continual learning approach is proposed [121]. The proposed ap-
proach starts by detecting new defect types (drift), which are then manually labeled and
incorporated into the training set. CT is then triggered using the enriched dataset to ensure
adaptability to the evolving defect patterns. Although this approach improves adaptability,
it depends on manual annotation to launch CT cycles. Finally, given the scarcity of labeled
data, active learning using weak partially labeled unsupervised data may be used [122]. Al-
though this approach addresses the labeling bottleneck,it does not address the risk of data
drift.

3.4 Identified Gap and Proposed Direction

Industrial production environments are inherently dynamic, leading to the continuous emer-
gence of drifted data. This poses significant challenges for MLOps pipelines, particularly
when automating CT workflows. Without appropriate safeguards, retraining models on
drifted or mislabeled data can result in performance degradation, ultimately compromising
the reliability and robustness of the deployed system. Although drift detection and adapta-
tion to changing environments have been extensively studied in the research community and
are beginning to gain traction among practitioners, current industrial solutions often remain
manual or only partially automated. Most existing approaches rely either on confidence-based
uncertainty measures or on distribution-based drift detection, but rarely combine both in a
cohesive pipeline [119]. To address this gap, we propose a fully automated model maintenance
approach that integrates both uncertainty and distributional signals to improve reliability.
Specifically, our method introduces a two-stage filtering pipeline:

• Confidence-based filtering is used as a first step to eliminate low-confidence predictions,
thereby reducing the risk of incorporating mislabeled data. This step assumes that
confident predictions are more likely to be correct and self-aware unreliable predictions
can be discarded.
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• Distribution-based filtering is then applied to identify inputs that are substantially
drifted from the in-distribution data. Unlike previous work that relies on loss or recon-
struction error, we propose using rich image embeddings that combine both semantic
and structural information to capture subtle and complex shifts.

We also propose a novel embedding strategy that merges latent representations (from a VAE
encoding) with histogram-based pixel profiles. While latent embeddings provide high-level
semantic features, the histogram encoding captures fine-grained, low-level pixel characteris-
tics—ensuring that both semantic and structural drifts are accounted for. Furthermore, to
ensure real-world applicability, we applied our approach to two industrial visual inspection
use cases: identifying defects in glass bottles and detecting printing anomalies on popsicle
sticks.

3.5 LLMOps for Code Generation: Output Validation, Evaluation and Testing
Challenges

Automated code generation, a long-standing dream in SE, has begun to materialize with the
emergence of LLMs capable of generating code across many programming languages such
as Python, Java, Rust, C/C++ [37]. In the following we will examine the lack of proper
validation in LLM-based application for code generation. We will review the inefficiencies in
LLM-generated code, followed by the existing evaluation methods and their limits. Finally
we will highlight the growing need for regression testing.

3.5.1 LLM-generated Code Inefficiencies

Prior research has explored various aspects of LLM-generated code, identifying multiple in-
efficiencies, including those related to performance and readability. Recent studies have
systematically assessed inefficiencies in LLM-generated code—spanning readability, main-
tainability, and performance—by leveraging automated tools such as static analysis, code
execution frameworks, and quantitative metrics like pass@k, code complexity, and lines of
code. In terms of readability, LLM-generated code often deviates from standard coding best
practices and conventions, leading to reduced clarity and long-term maintainability ineffi-
ciencies [40, 41]. Although LLMs can generate shorter solutions for complex tasks, their
generated code often exhibits higher structure complexity, making them more difficult to
read, maintain, and debug [123]. Additionally, LLM-generated code is susceptible to various
code smells, which may harden further maintenance [124]. Maintainability issues are also
reflected by the occurrence of improper documentation, unused or undefined variables, and
security vulnerabilities [43]. LLM-generated code further raises safety concerns, as they are
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prone to critical vulnerabilities, including several from the Common Weakness Enumeration
(CWE) Top 25, reinforcing concerns that LLM-generated code may introduce significant se-
curity flaws if not carefully reviewed [125]. Performance inefficiencies present an additional
challenge. Although LLMs can generate functionally correct solutions, the generated code
often lacks efficiency, leading to suboptimal execution times and increased resource consump-
tion [42,126].
Other related works opted for manual analysis for deeper investigation to identify existing
inefficiencies. Existing studies focusing exclusively on buggy code limiting their scope to
correctness issues. Tambon et al. [127] analyzed buggy open-source LLM-generated code and
introduced a taxonomy of bug patterns, while Dou et al. [123] categorized the root causes of
common bugs. A gap remains in comprehensively studying inefficiencies beyond correctness,
as even functionally accurate code may suffer from performance degradation, maintainability
issues, or security vulnerabilities [42].

3.5.2 LLMs for Code Generation: Evaluation

To evaluate LLM-generated code, two components are essential: (i) a benchmark to generate
and test code, and (ii) appropriate metrics for assessment. This section first reviews existing
benchmarks used in LLM evaluation and then discusses the main classes of evaluation metrics.

Evaluation Benchmarks for LLMs in Code Generation

LLMs for code generation are assessed across a variety of benchmarks, each targeting different
levels of abstraction. For example, HumanEval [38] and MBPP [128] focus on programmatic
tasks, each accompanied by unit tests. Enhanced versions like HumanEvalPlus [37] extend
these with additional test cases to improve robustness. To assess model capabilities at the
class level, ClassEval was proposed [129], while CoderEval targets non-standalone evaluation
tasks [130]. Beyond algorithmic problem-solving, BigCodeBench [131] introduces a more
diverse set of tasks drawn from domains such as web development, machine learning, and
data analysis. Despite this diversity, all these benchmarks share a common focus: assessing
functional correctness by providing predefined tasks and corresponding unit tests. Recent
studies also introduce benchmarks that assess additional dimensions. For instance, Mercury
[132] focuses on the ability to solve competitive programming problems from LeetCode,
and EFFICHECH [133] proposes a set of tasks that are specifically designed to surface
performance inefficiencies in code.
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LLMs Evaluation Metrics for Code Generation

Evaluation metrics for LLM-generated code fall into three main categories: manual evalua-
tion, similarity-based metrics and execution-based metrics [134]. Regarding manual evalua-
tion, it involves experts who assess generated code quality via blind peer reviews, typically
based on criteria such as correctness, clarity, or overall quality. While these assessments are
detailed, they are inherently not scalable and subjective, limiting their use in large-scale stud-
ies [134, 135]. While similarity-based metrics compare generated code to a reference imple-
mentation [134]. Common examples include BLEU, ROUGE, and Exact Match derived from
natural language processing [23]. However, these metrics treat code as plain text, ignoring
its structural and semantic properties. To address this limitation, more specialized metrics
such as CodeBLEU [136] have been introduced to incorporate code structure and semantics
by leveraging features like ASTs (Abstract Syntax Trees), data-flow, and token alignment.
While these metrics are fully automated and scalable, they often fail to account for logically
equivalent implementations that differ syntactically. Execution-based metrics evaluate cor-
rectness by executing the code. For instance, pass@k measures the percentage of successful
test passes within the top-k generated completions. Compilation or interpretation success
rates are also used [2]. These metrics do not require reference code and are generally more
reliable for assessing functional correctness. However, focusing solely on execution-based cor-
rectness can be misleading, as passing tests does not necessarily reflect the overall quality of
the code [42]. Issues related to readability, maintainability, or performance may persist even
when the code is functionally correct. To assess these non-functional code aspects, an emerg-
ing studies rely on static analysis tools to identify security, maintainability and readability
issues and evaluate based on the occurrence of these issues [40, 41, 125]. Despite significant
advancements in code generation benchmarks, the evolution of evaluation metrics has not
kept pace. The existing metrics focus on code structure or functional correctness. Although
some studies have explored some non-functional code aspects, a comprehensive evaluation
framework spanning multiple code aspects is still lacking.

3.5.3 The need for LLMs Regression Testing

LLMs are evolving rapidly with emerging new capable models. However, more capable LLMs
do not always guarantee improvements; they may introduce unexpected regressions [21],
highlighting the need for systematic regression testing in LLMs. In traditional SE, regression
testing ensures that changes—such as feature updates or bug fixes—do not introduce unin-
tended behavior. This is typically achieved by re-executing unit tests [137]. However, unlike
traditional SE, LLMs are non-deterministic, making it difficult to define and apply unit tests
consistently [138]. To address regression risks in LLMs, RETAIN [139] was proposed as an
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interactive tool that supports LLM model update with regression testing. RETAIN includes
two key components: (i) an interactive interface tailored for detecting regression testing and
(ii) an error discovery module that provides textual descriptions of output differences be-
tween LLMs and suggests prompt modifications to reduce inconsistencies. While RETAIN is
effective for general-purpose LLM regression testing, it focuses solely on textual differences,
making it unsuitable for evaluating LLM-generated code. Code generation requires assess-
ment beyond text comparison, considering structural, semantic, and executional properties
that influence both functional correctness and non-functional aspects [44]. With the rapid
evolution of LLMs, the growing risk of capability regression, and the increasing integration of
LLM-generated code into production systems, regression testing has become an urgent need.
However, this challenge remains unexplored in the current literature.

3.5.4 Identified Gaps and Proposed Direction

Although some studies have examined the quality of generated code either systematically or
by proposing a taxonomy [127] of inefficiencies or root causes in buggy code. These works do
not offer a comprehensive view of the broader range of inefficiencies that can occur in LLM-
generated code. To address this gap, we propose a systematic categorization of inefficiencies
that goes beyond correctness to include other key aspects of code quality, such as performance,
readability, and maintainability 5. We observe that our proposed taxonomy intersects with
prior taxonomies [127] primarily in two categories, along with their respective subcategories:
General Logic and Errors, both of which contribute to buggy code. However, inefficiencies
related to Performance, Readability, and Maintainability have received less attention, as they
do not always result in bugs but can still degrade overall software quality. By addressing
these overlooked inefficiencies, our taxonomy provides a more comprehensive inefficiency
categorization, offering new insights into the challenges of integrating LLM-generated code
into real-world development.
Although the risk of capability regression in LLMs is well recognized, and various bench-
marks and metrics have emerged to evaluate their performance, most comparative studies
in code generation still focus primarily on correctness scores [140, 141]. This narrow focus
overlooks a wide range of inefficiencies—many of which are non-functional in nature, such as
performance, readability, and maintainability—that are critical when LLM-generated code
is used in production systems. To address this gap, we propose ReCatcher in Section 6.2, a
code-specific regression testing framework designed to go beyond correctness. ReCatcher en-
ables structured comparison of LLM-generated code across multiple quality dimensions and
systematically detects regressions that extend beyond surface-level or textual differences.
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3.6 Chapter Summary

In this chapter, we reviewed the literature on reliability assurance in MLOps. We began
by discussing the limitations of drift detection in visual industrial inspection systems, high-
lighting existing gaps and motivating our proposed direction. We then examined challenges
in LLMOps for code generation, reviewing relevant work, identifying open problems, and
outlining the rationale behind our research contributions.
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CHAPTER 4 TOWARDS RELIABLE CONTINUOUS TRAINING FOR
DEEP LEARNING INSPECTION SYSTEMS

Industries are increasingly adopting ML and DL algorithms for automated visual inspection
systems that can detect defects without relying on human inspectors or hand-crafted rule-
based designs [142–145]. MLOps practices have emerged to manage these visual inspection
systems to manage model life cycle [7]. Despite their promise, ensuring reliability in MLOps
pipelines remains a significant challenge—especially in dynamic environments where input
data can drift or change unpredictably. Statistically learned models, such as those used
in DL-based visual inspection, may struggle to generalize when confronted with production
inputs that differ from the in-distribution (ID) data seen during training [29, 146]. This
mismatch can lead to silent performance degradation that goes undetected unless proactive
maintenance strategies are in place. Production manufacturing environments are often dy-
namic and consequently prone to many variations, such as unexpected changes in luminosity,
which add further complexity [147]. However collecting a comprehensive training dataset
that covers all potential scenarios is not feasible, due to the inherent uncertainty of such
variations and their uniqueness [148]. To mitigate these gaps, CT has become a widely
adopted MLOps practice aiming to fine-tune models on recent production data to adapt
them to changing conditions [149]. Reliable CT workflow requires that fresh training sam-
ples to follow the original data distribution and to be accompanied with ground truth labels.
Although commonly practiced, using a model’s predictions as self-generated labels can result
in incorrect labels being incorporated to CT workflow, as even well-trained models may not
perform perfectly when faced with novel inputs in real-world settings [150]. Another MLOps
reliability issue stems from distribution drift, where novel inputs deviate from the ID. Drifted
inputs may result in erroneous model behaviors, such as false overconfidence [151], and CT
on drifted data—even with ground truth labels—does not guarantee that a retrained model
will be reliable, since all hyperparameters and engineering choices were originally optimized
for the ID setting. Therefore, CT should be conducted on novel datasets that are correctly
labeled and belong to the ID distribution or closely similar distributions [152]. Failure to
meet these CT prerequisites may compromise MLOps pipeline reliability and result in model
performance degradation over time [153]. To address these challenges and reinforce reliability
and trustworthiness within MLOps workflows, we develop a robust CT-based maintenance
approach that updates DL models using reliable data selections through a two-stage filtering
process. This aims to mitigate the risk of incorrectly labeled or drifted inputs being included
in the dataset used for CT. Specifically, the confidence filter rejects all inputs with weak



27

prediction confidence scores, as the model inherently discredits its self-generated labels for
them. At this initial filtering stage, our objective is to eliminate corner cases that may exist
on the boundaries of the ID and could still pose challenges for the model to generalize. The
selected inputs with reliable confidence scores then pass through a follow-up drift filter that
aims to filter out inputs that are substantially shifted from the ID data. Due to the com-
plexity and high dimensionality of imaging data, capturing these adverse shifts involves a
preliminary step of dimension reduction. To achieve this effectively, we combine two comple-
mentary embeddings to derive comprehensive and representative profiles for the images: (i)
a Variational Auto-Encoder (VAE) to extract the most relevant semantic features from the
images (i.e., retains what characterizes a given image from the other images within the data
distribution), and (ii) a pixel histogram to generate a pixel profile as a numerical vector rep-
resenting the image pixel-value characteristics, capturing tonal, color, and shade information.
Combining these semantic and pixel-value profiles into an image embedding creates a new
low-dimensional space. This space allows for computing distances between embeddings and
efficiently learning statistical models. Typically, the ID data is available during model engi-
neering, and data drift tends to occur after deployment in the production environment [154].
To simulate potential drifts, random data transformations with varying severity levels are
commonly used. However, there is no guarantee that these transformed data are representa-
tive of all possible data drifts [155]. Therefore, we train a one-class classifier on the ID image
embeddings to capture their patterns and distinguish them from out-of-distribution (OOD)
image embeddings. The transformed data are used to validate that the optimized one-class
classifier can indeed reject substantially shifted inputs based on their embeddings.
Subsequently, our proposed CT-based maintenance approach proceeds with a fine-tuning of
the DL model on the filtered inputs while validating on a combination of recent production
and original training datasets. This strategy mitigates catastrophic forgetting, i.e., degrada-
tion of performance on the original distribution data, and ensures the model adapts effectively
to new operational conditions.
Our proposed two-stage filtering approach minimizes the risk of retraining the model on
non-reliable data that are either incorrectly labeled or substantially shifted from the original
training data distribution enhancing reliability MLOps pipeline reliability. We evaluate our
approach on two real-world industrial use cases: the first examines potential defects in Pop-
sicle stick prints, and the second investigates defects that may occur during the production
of glass bottles. An assessment on critical real-world scenarios involving data drifts shows
that our CT-based maintenance retains only 8% of incorrectly auto-labeled instances for
fine-tuning the original model, and the updated model maintains its performance on produc-
tion data but also enhances it by up to 14%, without compromising its initial results on the
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original validation datasets.
The rest of this chapter is structured as follows: Section 4.1 delves into the details of our
two-stage filtering approach for production data and CT workflow. Evaluation results are
presented in Section 4.2. Section 4.3 presents potential threats to validity.

4.1 Proposed Approach

In this section, we describe the different steps required to co-design our proposed two-stage
filtering approach for reliable self-improving visual inspection system.

4.1.1 Characterization of Risky Data

Supervised ML models are commonly estimated via empirical risk minimization (ERM) [156],
a principle that considers minimizing the average loss on observed samples of data, as an
empirical estimate of the true risk, i.e., the expected true loss for the entire input distribution.
The average cost reduction leads to greedily absorbing the patterns that hold on the majority
of training instances, resulting in a biased model that is prone to outliers and unfair to
minorities [157]. Hence, the first category of risky data is the underrepresented inputs that
are most likely to be erroneously classified by the model due to their infrequent occurrences
in the ID data. Furthermore, ERM assumes that training and test data are identically and
independently distributed (a.k.a. i.i.d. assumption) [158], which explains the use of held-
out validation data as a proxy for unseen data points. However, data drifts often occur
in production environments for many reasons, such as naturally-occurring shifts (unfamiliar
background, motion blur, random noise, unexpected illumination, occlusion, etc.) [61,62,110],
new emerging defects, old defect pattern variations, or deviations in defect statistics [59]. As
the model may not generalize on drifted inputs, its overall predictive performance could
suffer [77, 159]. Thus, the second category of risky data consists of OOD inputs, i.e., data
that belong to the true distribution (i.e., operational domain of the inspection system), but
they are absent from the training and validation datasets due to selection bias. Finally, the
third category of risky inputs consists of anomalous data that may incidentally arise in real-
world production situations, but they do not fall under the inspection system’s foreseeable
operating conditions [160], and therefore, should be identified and excluded.

4.1.2 Confidence-based filtering stage

In ML, confidence scores represent the model’s estimated probability that a given input
belongs to a particular data class. In other words, these scores represent how confident the
model is in its predictions [161]. Higher confidence scores indicate a higher level of certainty in
determining the class of a given input, whereas lower scores suggest uncertainty [56]. However,
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the inherent complexity of neural networks, coupled with the main objective of ERM being
to maximize classification accuracy during training, contributes to the lack of calibration in
model confidence outputs [162]. The calibration aligns the predicted confidence scores with
the actual correctness rates, i.e., a model that is perfectly calibrated will predict a confidence
score of 0.8 for samples with a correctness rate of 80% [163]. In particular, calibrating con-
fidence scores is crucial to gauging the reliability of predictions and quantifying the model’s
uncertainty [164]. Confidence calibration techniques can be used at different stages: training,
post-training, and inference [165]. Regularization, during-training calibration, is insufficient
in dealing with overconfidence [162]. Ensemble approaches, during-inference calibration are
computationally expensive and time-consuming, as they involve multiple models [166]. Post-
training methods have been investigated with temperature scaling proving to be particularly
simple and effective [162]. Indeed, a temperature parameter, T > 0 is used to re-scale logits
before applying softmax, softmax = exp(z/T )∑

i
exp(zi/T ) . The T is adjusted on the validation logits

returned by the trained model by minimizing the Expected Calibration Error, which quan-
tifies difference between prediction probabilities and real probabilities. In our approach, we
used temperature scaling, which we found to be reliable and less prone to errors. It is also
aligned with our continuous improvement philosophy, as its effectiveness can be enhanced
with more validation data that helps in accurately estimating the temperature parameter
and further improving the model’s confidence scores. Overconfident situations, which are
common in modern neural networks [167], where probabilities frequently skew to 0 or 1,
can be mitigated by T > 1. Nonetheless, even calibrated confidence scores should be inter-
preted with caution, as they may fail to capture epistemic uncertainty in scenarios like data
drift [168] and may suffer from reliability degradation. Therefore, we develop our first stage
of data filtering based on confidence scores that targets the rejection of the underrepresented
inputs. As this particular category of risky data belongs to ID but with less frequency, we
believe that their corresponding calibrated scores would be relatively low due to the model’s
low accuracy on their input space regions [105]. Our confidence-based filter requires setting
a single parameter—a threshold—to segregate low-confidence predictions from unseen inputs
and prevent their inclusion in the self-labeled data. Tuning this threshold is crucial and
involves a tradeoff: a higher threshold reduces false positives (incorrectly classified inputs),
but increases false negatives (correctly classified inputs mistakenly rejected). Alternatively,
a lower threshold maximizes true positives (correctly classified inputs), lowering false nega-
tives but increasing false positives. Despite seeming counterintuitive, a lower threshold can
improve overall results by allowing more inputs to proceed to our subsequent filtering stage,
which can effectively remove the residual risky data while preserving enough correct samples
for continuous training. Therefore, we propose to address the acceptable performance level of
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the inspection system as a primary consideration. Then, we select the lowest threshold where
the achieved performance meets this criterion. This procedure enables us to tolerate false
predictions in order to mitigate the risk of rejecting correct predictions, all while ensuring
that we do not fall below our target performance level.

4.1.3 Distribution-based filtering stage

A major drawback of ML models, which is further accentuated by the rise of deep neural net-
works with superior learning capacity, lies in their propensity to always generate an output,
as long as the inputs are provided in proper numerical form, even if such input is meaningless
in the domain where the DNN is supposed to operate [29]. Likewise, we observe the inability
of the models to distinguish the ID inputs from the ODD ones. This has led to the emer-
gence of out of distribution/drift detection approaches that aim to complement the predictive
models and overcome their limitations regarding self-recognition of their valid input domains.
Following are the details of our proposed distribution-based filter that reveals OOD images
in the context of visual inspection, i.e., the inputs do not fall within its operational domain.

Rich image embeddings

In the context of visual inspection system, high-resolution images inherently present a chal-
lenge due to their high-dimensional nature, making it difficult to measure similarity and dis-
similarity between them [169]. As a solution, semantic feature extraction has gained traction
in practice, which involves employing diverse methods, ranging from statistical techniques
like Principal Component Analysis (PCA) to DL-based approaches like autoencoders [170].
The extraction of meaningful and condensed representations for the input images streamlines
the data analysis by capturing essential information while reducing the dimensionality [171].
In our approach, we leverage VAE [172] to derive image embeddings that retain semantic
variations across instances. As deep generative models, VAEs comprise two fundamental
components: the encoder and the decoder. The encoder takes an input image and maps it to
a latent representation distribution, then used by the decoder to reproduce the same image
as output [172]. The learned latent representation encapsulates a valuable and condensed
embedding for semantic image profiling because it encodes the images into a smooth, contin-
uous, lower-dimensional space while preserving essential information to differentiate between
them based on their semantic content [30]. Contrary to conventional autoencoders, VAEs
employ stochastic encoding representation that captures the underlying distribution of the
latent space [173], preserving the diverse aspects of the encoded images. Although this prob-
abilistic aspect improves robustness, VAE models do have limitations. These models may
suffer from posterior collapse, which occurs when the VAE encoder fails to generate accurate
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input embedding [174]. This leads to embedding overlap between ID and OOD inputs, and
in more severe cases, the latent space can become independent of the input data. To address
these limitations and enhance encoding capacity, we opted for fine-tuning VAE rather than
training from scratch. This approach facilitates the learning of robust, high-level embed-
ding representations. To create this pre-trained VAE, we opt for MVTec AD [81], which is
a dataset for benchmarking industrial inspection models. It includes 5354 high-resolution
images across fifteen object and texture categories, with each category containing defective
and defect-free images. By fine-tuning the VAE on this rich defect dataset first, high-level
domain patterns can be acquired, which are then transferred to the use-case-specific VAE,
reducing the risk of posterior collapse and improving its OOD representation. As we aim as
well, to distinguish the shifted data from ID data, VAE-generated image embeddings should
be sensitive to semantic shifts. To accomplish this, we systematically simulate both moderate
and significant shifts by applying diverse image transformations such as blurring, sharpening,
and brightening at varying intensity levels (more details in Section 4.1.3). Subsequently, we
measure the disparity between the embeddings of original images ("original embedding") and
the embeddings of synthetically-shifted images ("shifted embedding") in order to assess their
discriminative power. In fact, we calculate the average of the pairwise distances between
all the original and shifted embeddings. We use the L∞ as a distance measure that com-
putes the maximum absolute difference, while averaging offers an overall assessment of the
discrepancies between the two data distributions. As disparity levels increase, the derived
image embeddings become more accurate at separating ID instances from their synthetically-
shifted counterparts. While VAE embeddings are effective in capturing semantic differences
among images, they may overlook fine-grained pixel value distributions [175], as it can man-
ifest as random noise, color changes, and semantically-preserving variations. Nonetheless,
such pixel-level variations can negatively affect the neural network behavior and leads to
misclassification, as evidenced by the studies on adversarial attacks [176]. To consider pixel-
value variations in our image embeddings, we developed an histogram profiler to capture the
nuances of pixel value distributions. We start by calculating a condensed histogram that ag-
gregates pixel occurrences within different buckets (ranges of values) for each color channel.
Subsequently, the occurrences are normalized by dividing them by the total number of pixels
(i.e., height × width), then, concatenated them sequentially in the order of the red, green,
and blue channels. Therefore, our compact rich embedding is the concatenation of the VAE
encoding profile and the histogram-based image profile.
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Classification-based OOD detection

Once we construct the compact embedding space, the next step is to learn the patterns and
characteristics of the ID embeddings compared to OOD embeddings. The use of supervised
learning algorithm poses a significant challenge, arising from the necessity of explicitly identi-
fying unknown potential future forms of distribution drift [177]. As an alternative, statistical
testing can assess whether production data embeddings belong to the same distribution of
the training data embeddings [106] [28]. Our derived embeddings serve as condensed rep-
resentations of images, yet they may consist of hundreds of elements that do not conform
to any specific underlying distribution. Thus, multivariate statistical tests, known for their
sensitivity to slight changes [154], are rendered ineffective in our use case [178]. Another
avenue within the realm of unsupervised anomaly detection involves the utilization of one-
class classifiers (OCC), such as Isolation Forest (IF) or One-class Support Vector Machine
(OC-SVM) [179]. These ML algorithms are trained on samples belonging to a single class.
The resulting model is capable of delineating a boundary decision surrounding the training
data distribution. At the inference, the model predicts whether a new input belongs to the
learned data distribution or not [180]. These OCC models handle multi-dimensional data
well, and they do not require OOD training samples. Typically, anomalous or drifted in-
puts are reserved for testing to evaluate the model performance. These one-class classifiers
have shown their effectiveness at detecting anomalies and OOD instances [179, 181]. Our
research focuses on identifying risky data to filter them out because the model may produce
false (random) predictions, and even with correct predictions, their inclusion into training
samples may adversely alter the model’s inductive bias [152]. These risky data can man-
ifest as unexpected or OOD inputs, as well as instances that are under-represented in the
training data distribution. In conventional DL model engineering scenarios, all available
data is typically considered during the design process. Consequently, it becomes challenging
to anticipate drifted data, often requiring their collection post-deployment. To approximate
shifted production data, we employ synthetic data transformations outlined below to generate
shifted versions of the original samples. These transformations offer flexibility in introducing
varying degrees of shift.
Blurring is achieved through the application of a Gaussian filter. The degree of blurring,
reflecting the transformation’s intensity, is adjusted by tuning the standard deviation (σ)
within the Gaussian filter, thereby managing the spread of the underlying Gaussian func-
tion. A higher σ indicates a more aggressive transformation. A σ value of 0 renders the
original image, and there is no upper limit for this value.
Brightening is achieved through the utilization of a Brightness adjustment filter, employing
the brightness factor, denoted as β, as an intensity control. This ensures uniform brightness
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enhancements over the entire image. The higher β the more pronounced and aggressive the
transformation becomes. Notably, β value of 0 results in a black image, a β of 1 renders the
original image, and there is no upper limit for this value.
Sharpening is accomplished through the application of an Unsharp Masking transforma-
tion. This involves creating a degraded version of the image and then subtracting it from the
original to obtain a sharpened image. The degree of sharpness is controlled by a sharpening
factor, denoted as s , where a higher value corresponds to a more aggressive transformation.
A s value of 0 produces a blurred image, while a factor of 1 maintains the original image.
Identifying the maximum level of distortion tolerated by a given model poses a challenge,
as transformed inputs within a certain intensity range may either drift or remain accept-
able based on the original data. To simplify the task, we opt for categorizing the synthetic
data transformations into two distinct groups: moderate and harmful data shifts, relying on
their intensities. Indeed, moderate shifts closely resemble the conventional data augmenta-
tion techniques [182] employed to enrich training datasets with inputs derived within the
in-distribution, thereby increasing model generalizability. Conversely, harmful shifts produce
synthetic OOD data that are beyond the model’s limits, but may result from unfavorable
production conditions. They are prone to inducing erroneous predictions and instabilities
during retraining, ultimately resulting in deviations from the model’s intended behavior. To
determine the intensity level of each shift, we initiate by employing default intensities com-
monly used in data augmentations [182], then refining them through qualitative validation
(i.e., human-in-the-loop). Indeed, we manually examine the input semantics before and af-
ter each transformation w.r.t the data distribution in order to ensure the preservation of
relevant information necessary for the prediction task. This human-in-the-loop validation
process draws upon existing research on semantically-preserving transformations [183, 184].
To construct the distribution-based filter, we train an IF model on our compact embeddings
of original training samples. Then, we assess the trained IF model on the produced synthetic
dataset. The assessment reposes on estimating the acceptance and rejection rates for both
categories: moderately-shifted and harmfully-shifted inputs. The optimal IF model is one
that can simultaneously maximize the rejection rate for harmful shifts and the acceptance
rate for moderate shifts. Hence, our distribution-based filter can effectively reject all drifted
data (represented by harmful shifts), wherein the inspection system is prone to erroneous
predictions, while still accepting incoming inputs closely resembling the in-distribution data
(represented by moderate shifts).
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4.1.4 Continuous Training-driven Maintenance

In this present research, we implement a reliable CT-driven maintenance approach for DL-
based inspection systems. For such systems, the vanilla CT with self-generated labels can
be effective when production data are aligned with the training samples’ distribution [152].
However, real-world industrial environments introduce dynamic variations such as changes in
luminosity, vibration patterns affecting object positions, and machinery depreciation-induced
behavioral shifts [147]. In response to these environmental variations, we expect DL-based
inspection systems to maintain a certain performance level due to their inherent robustness
to data distortions and noise that do not significantly compromise semantic information.
However, vanilla CT with self-generated labels fails to enhance and even maintain inspection
model performance amidst such environmental fluctuations, as the number of false predic-
tions increases and incoming inputs may substantially deviate from the in-distribution sam-
ples [152]. Therefore, a preliminary filtering step is crucial to exclude risky data points (i.e.,
false predictions or drifted inputs) from the auto-labeled datasets supplied to CT. Initiat-
ing CT can be prompted by meeting a specified condition, such as after a pre-defined time
period, performance degradation triggers, on-demand retraining, or a combination of these
conditions [50]. In our context of supervised industrial inspection, the monitoring of per-
formance degradation depends on groundtruth labels and the on-demand retraining requires
ML expert oversight. Hence, periodic CT can be streamlined by synchronizing the intervals
with production pauses and scheduling maintenance within a time window that allows for the
collection of an adequate number of production entries. In between CT cycles, the DL-based
inspection system logs all inputs alongside their model-generated predictions, i.e., labels and
calibrated confidence scores. Upon CT triggering, a confidence-based filter is employed to
discard inputs associated with low (calibrated) confidence scores, specifically those below a
predefined threshold carefully tuned on testing datasets. Subsequently, the remaining inputs
with adequate confidence levels undergo a distribution-based filter. This filter generates rich
embeddings of the inputs, which are then fed into an Isolation Forest (IF) model optimized to
reject any embedding substantially shifted from the in-distribution embeddings. As a result,
the final retained inputs are more likely to be correctly classified and sufficiently similar to
the original samples (i.e, no significant deviation from the in-distribution). Thanks to trans-
fer learning, the CT-driven maintenance of DL-based inspection system does not require the
retraining of the model from scratch on the entire dataset, i.e., combining the original and
production entries. Instead, it operates directly on the last production model, considering it
as the base (pretrained) model, and fine-tunes it exclusively on the filtered production data
using the same hyperparameters, except for decreasing the maximum number of epochs. This
reduction helps mitigating the risk of catastrophic forgetting phenomenon, where the model
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overfits to the new samples to the extent of losing its original performance. Furthermore, a
merged validation dataset that includes both of original and novel validation data (gathered
after deployment) also contributes to prevent catastrophic forgetting. Indeed, the resulting
comprehensive assessment ensures that the model adequately handles both new and past
entries, contributing to sustained performance across CT cycles. It is worth noting that the
new validation dataset was derived by partitioning the production data according to the
same training/validation split ratios utilized in the initial training process. This approach
ensures a proportional representation of the current and historical sources of training data
for continuous training (CT).

4.2 Evaluation

In this section, we detail our evaluation setup including use cases, models, metrics, and pro-
cedures. Next, we present the evaluation results through examining four research questions.

4.2.1 Experimental Setup

Use Cases

The datasets for our use cases consist of proprietary images from industrial partners, which we
cannot share due to non-disclosure agreements. Instead, we describe the use cases, datasets,
and data collection and preparation strategies.
Popsicle Stick Prints (POP). The task involves the quality inspection of logos and text
prints on Popsicle wood sticks based on a single top camera view. The inspection focus on
the precision and clarity in the logo and the overall readability of text, e.g., a pale-colored
logos or text prints should be considered as a defect in printing. An illustration of Popsicle
stick is presented in Figure 4.1.
POP Original Dataset. It includes 1212 images, of which 700 represent good stick prints,
and 512 exhibited defective stick prints. These images, captured at a resolution of 500x115
pixels, were obtained during the development phase and were divided into 80% training and
20% validation samples.

Figure 4.1 Good vs Decentralized Popsicle Stick Print
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POP Production Dataset. It represents a dataset collected in production environment (on-
site testing phase) within a critical window time, during which the model experiences a
severe degradation in its predictive performance. This critical production dataset contains
356 images.
Glass Bottles (GB). This task is concerned with the quality inspection in glass bottles
filled in packaging boxes based on a single top camera view. Depending on the packaging
strategy, bottles can be filled in two orientations: either upright, revealing the bottleneck,
or inverted, showcasing the bottom of the glass bottle. Whenever one bottle is the inverse
of what is expected, it is regarded as a defect. For bottle defects, we found the occurrence
of broken bottle finish when the bottle exposes its neck on the top, and the occurrence of
cracked bottom when the bottle is turned upside down. An illustration of these defects is
presented in 4.2. GB Original Dataset. It comprises 1195 images, wherein 597 depicted good
bottles without any defects, while 598 showcased bottles with defects either at the bottom or
the finish of the neck. The resolution of the images is on average of 224*224 pixels. Indeed,
these images of good/defected bottles are collected by cropping an original image of 6-glass
bottle packaging box, captured at a resolution of 1024*1024, into 6 sub-images containing
each a bottle.
GB Production Dataset. Similar to the POP use case, we collected at on-site testing phase,
a subset of critical dataset on which the model poorly behaves. We obtained a total of 455
images gathered within a specific window time.

Image Transformation Settings

We set the following factors after validating by experts for the image transformations de-
scribed in 4.1.3:
Moderate Shift. β: (1.5 and 1.8), s: (5 and 20) for both use cases, and for σ :(2 and 3) and
(0.8 and 1) for POP and GB use case respectively.
Harmful Shift. β: (2.5 and 3), s: (100 and 500) and σ: (5 and 10) and for both use cases.
We apply these transformation to generate two datasets: moderate and harmful synthetic
samples for VAE pre-training and OCC validation.

Models

Binary Classification. For both use cases, the inspection system relies on a binary classifier
leveraging ResNet [185] pretrained model sizes: 18, 50 and 101. Best results are given by
ResNet18. The optimal hyperparameters are the following: learning rate of 10−4 and a batch
size of 32, spanning 200 epochs with early-stopping, Adam as optimization algorithm and

https://huggingface.co/timm/resnet18.a1_in1k
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Figure 4.2 Defective vs Non-Defective Glass Bottle

Cross Entropy as loss function. For fine-tuning during CT, we reduce the epochs to 50 to
avoid catastrophic forgetting as only the entries from the last time window are used.
VAE. It comprises an encoder with three convolutional layers succeeded by max-pooling
layers, followed by a flatten and two hidden layers and a decoder mirroring the reverse
structure of the encoder. All layers employ the Rectified Linear Unit (ReLU) as neuron
activation. We use Adam as optimizer and Mean Squared Error as loss function, as well as a
learning rate of 10−4, a batch size of 32, and spanning 200 epochs. We explore various latent
space dimensions, namely 64, 128, 256, 512, and 1024.
OCC. We select Isolation Forest (IF) with tuning hyperparameters using: (i) proportion
samples used range from 0.1 to 0.9 with a step of 0.1; (ii) contamination proportion range
from 0.01 to 0.4 with a step of 0.05, maximum number of features range from 0.1 to 1.0 with
a step of 0.1.

Evaluation Procedure

We conduct multiple experiments, repeated at least 5 times to secure robust set of results.
Below are the the metrics and the procedure used.
F1-score (F1) is the harmonic mean of precision and recall to balance between these two
metrics.
%True Acceptance (TA) denotes the ratio of correctly-classified instances that success-
fully pass a given filter.
%False Acceptance (FA) represents the ratio of incorrectly-classified instances that suc-
cessfully pass a given filter.
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%True Rejection (TR) indicates the ratio of incorrectly-classified instances that are both
rejected a given filter.
%False Rejection (FR) indicates the ratio of correctly-classified instances that are rejected
by a given filter.
Dispersion. consists of the average of the maximum absolute differences between two vector
distribution, which can be formulated as follows: ∥U − V ∥ = avg(maxu(∑

v ∥u − v∥∞)).
Qualitative. Data were sampled randomly from the various groups based on their label
correctness and associated two-stage filter decisions: pass or reject. Then, we provide them
to two domain experts for qualitative analyses of the possible causes of false predictions or
rejections by filter. For both studied use cases, a summary of the analysis’ outcomes is added
to help understand the findings.

4.2.2 Production Environment

The engineering team targets a performance of 95% in terms of F1-score, but requires a
minimum of 90% of validation F1-score to deploy the model for testing in the production.
However, following the deployment, the system experienced performance decrease, during
which we collected production data. Table 4.1 summarizes model performance during the
development process and on (critical) production data.

4.2.3 Experimental Results

To evaluate our proposed approach, we studied the following research questions:

RQ.1: How effectively can confidence-based filtering be used to reject false pre-
dictions?

Motivation. Calibrated confidence scores can indicate how certain the model is in its
predictions. We aim to assess their effectiveness in filtering out the inputs associated with
unreliable model’s outcomes.
Method. Given the established performance of 95% F1-score, our procedure (Section 4.1.2)
is to select the lowest threshold for confidence scores, where the model achieved the target

Table 4.1 Binary Classifier Model Performance

Use case Validation F1 Production F1
POP 93.2% 45.7%
GB 93.3% 76.6%
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score on the validation dataset. Then, we compute the true and false acceptance rate (TA
and FA) as well as the true and false rejection rate (TR and FR) obtained by the designed
filters on production data collected for both use cases. The assessment of the confidence-
based filter effectiveness is conducted on the (critical) production dataset. This shows their
capabilities as they were deployed in production when these critical inputs occurred.
Results. Table 4.2 shows, on one hand, the results of confidence-based filter on validation
datasets after selecting the most adequate threshold. On the other hand, it reports the same
metrics on production datasets that are degraded, i.e., the true acceptance rate dropped
while the false acceptance increased by 5 times for POP and 10 times for GB. Nevertheless,
the rejection rates are relatively low and stable among the experiments. This reinforces the
overconfidence phenomenon where the model tends to assign high confidence scores even for
unusual, novel data. A follow-up filtering stage is needed to further remove the passed inputs
labeled by false predictions in order to prepare for a reliable CT.
Finding: Confidence-based filters tend to accept high proportion of inputs at production,
despite the increased risk of false acceptance.

RQ.2: Can the proposed embeddings serve as features to separate between shifted
and original data inputs?

Motivation. The aim is to ensure that the designed embeddings can distinguish the in-
coming inputs based on their degree of deviation from the in-distribution data, i.e., original
samples.
Method. First, we generate input samples form original dataset, moderately-shifted dataset,
harmfully-shifted dataset. Then, we compute their respective embeddings using the proposed
encoding techniques: VAE and Histogram. We vary the embedding space dimensions for VAE
and Histogram by changing the latent space size and the pixel bucket size, respectively. Once
the embeddings are computed, we estimate the dispersion between the original embeddings
and the moderately-shifted embeddings, denoted O.-vs-M., and the dispersion between the
original embeddings and the harmfully-shifted embeddings, denoted O.-vs-H., using the in-

Table 4.2 Confidence Filter Performance

Use case Thresh. Dataset TA FA TR FR

POP 0.79 Validation 87.5% 3.3% 2.1% 7.1%
Production 65.7% 16.6% 7.1% 10.6%

GB 0.58 Validation 91.9% 3.8% 2.6% 1.7%
Production 65.5% 30.5% 2.2% 1.8%
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troduced measure. The higher the dispersion between the originals and shifted ones, the
better the embedding method will be at capturing discriminative information.
Results. Table 4.3 reports the dispersion measurements for both VAE experiments: O.-vs-
M. and O.-vs-H., with increasing latent space dimension, namely, 1024, 512, 256, 128, and
64. In similar manner, Table 4.4 shows the results of Histogram experiments with increasing
bucket size, explicitly, 10, 20, and 30. As expected, both encoding techniques show a disper-
sion between the original and the moderately-shifted embeddings higher than the dispersion
between the original and the harmfully-shifted embeddings. As a result, this demonstrates
their ability to retain relevant information in order to capture potential distribution shifts.
While all the proposed encodings can differ originals from the shifted versions, we found
that the increasing of the space size, i.e., latent features or bucket size, causes the reduction
of dispersion measures, which reflects a negative impact on the discriminative power of the
created embeddings for both use cases. Therefore, we decided to proceed with the reduced
dimensional size of both VAE and Histogram, 64 latent features and 10 bucket size, that
showed the maximum dispersion between the two use cases. In addition, we will merge them
into a concatenated feature vector to enrich the information for the one-class classification.
Finding: The proposed VAE and Histogram encoding methods produce dimensionally-
reduced image embeddings, capturing distribution shifts effectively.

RQ.3: To which extent can the proposed distribution-based filter complement
the confidence-based filter for more reliable input selection?

Motivation. Even after calibration, confidence-based filters do not perform as well on vali-
dation datasets as they do on production datasets. By examining a follow-up filtering stage
based on distribution, we aim to determine whether data drift is responsible for this reliabil-
ity degradation.

Table 4.3 VAE Encoding Dispersion

Latent Dimension
Use case

POP GB
O.-vs-M O.-vs-H O.-vs-M O.-vs-H

1024 1.45 1.73 2.43 2.82
512 1.38 1.67 2.13 2.43
256 1.44 1.85 2.74 3.08
128 1.56 1.81 2.8 2.98
64 1.64 1.95 4.013 4.49
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Table 4.4 Histogram Encoding Dispersion

Bucket Size
Use case

POP GB
O.-vs-M O.-vs-H O.-vs-M O.-vs-H

10 0.51 0.82 0.33 0.56
20 0.36 0.55 0.26 0.38
30 0.28 0.43 0.21 0.29

Method. We follow the same method performed for the confidence-based filter evaluation.
We assess the performance of the filter on the production dataset in terms of true and false
acceptance rate (TA and FA), as well as true and false rejection rates (TR and FR). As
both encoding techniques have shown promising results, we train the IF model on differ-
ent image embeddings: VAE, Histogram, and VAE + Histogram (a vector concatenation),
and we compare their respective performances as input features for the distribution-based
filter. Training the IF model is carried out using the original samples but the validation is
conducted on the transformed inputs, simulating moderate and harmful data shifts. After
the assessment of distribution-based filter (alone) on the production dataset, we assess the
performance of the end-to-end filter, sequentially applying the confidence-based filter first on
the production dataset and then the distribution-based filter on solely the passed inputs. We
can therefore study the complementarity of both filters.
Results. Table 4.5 reports the performance results of distribution-based filter on the entire
production data using different image embeddings for both use cases. As expected, the con-
catenation of the embeddings from the proposed two encoding techniques (VAE + Histogram)
yields the best performance rates, as the one-class classifier has access to more discriminative
and diverse information about the images to capture the in-distribution data characteristics.
The VAE or Histogram encoding yields lower true and false acceptance rates when used alone
for the POP use case. For the GB use case, they result in higher false acceptance rates and
lower true acceptance rates. The concatenation of their embeddings, however, shows their
complementarity and provides the highest true acceptance rates with relatively low false ac-
ceptance rates. If we compare the results of distribution-based filter in Table 4.5 with the
results of confidence-based filter in Table 4.2, we found that the distribution-based filter tends
to reject higher number of inputs than the confidence-based filter. As a result, both true and
false acceptance rates are modestly reduced for POP use case, indicating that the data shifts
are not pronounced in production data. In contrast, both true and false acceptance rates are
substantially decreased for GB use case, suggesting that production data are indeed shifting.
It is worth noting that despite the data shifts, true and false rejection rates are comparable,
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respectively, 25% and 34%, for GB use case. This demonstrates that the distribution shift
does not induce systematically a false prediction, and the model tends to produce as many
correct predictions as incorrect ones for inputs rejected based on their deviation from original
data. Nevertheless, correctly-labeled, drifted data are considered unreliable for continuous
training because they alter model patterns and cause catastrophic forgetting.
Finding: The VAE and Histogram methods can be combined to produce a rich, merged
embedding that can serve as feature to learn a OCC effective in distinguishing between ID
and OOD instances.
Table 4.6 reports the performance results of the proposed two-stage filter, which combines
both confidence-based and distribution-based filters, in order to pass only the inputs with
confident predictions and likely belonging to the in-distribution. For both use cases, the
true and false acceptance rates (TA, FA) are further reduced, resulting in (50%, 8.85%) and
(31.42%, 5.49%) for, respectively, POP and GB. This means that the false labels, 8.85%
and 5.49%, represent almost 15% of the entire passed proportion data, 58.85% and 36.91%
for, respectively, POP and GB. However, the two-stage filter manages to pass over half of
the production data for the POP use case, but almost a third for the GB use case. The
proportion of passed data is relevant because the data size has effect on the effectiveness
of the subsequent model training iterations. In fact, the confidence-based filter passes more
production data for GB than for POP use case, but the false acceptance rate was the half of
the true acceptance rate, which shows a pronounced overconfidence issue (see Table 4.2).The
distribution-based filter alone leads to a low acceptance rate in the GB use case (see Table
4.5). The two-stage filter is affected directly by this reduction in acceptance rate (see Table
4.6). We can conclude that the critical production data collected for GB use case was severely
drifted.
Finding: The distribution-based filter successfully complements the confidence-based fil-
ter to lower false acceptances by up to six times, since it targets all accepted inputs with
overconfident scores.

Table 4.5 Distribution-based Filter Results

Use case Encoding TA FA TR FR

POP
VAE Enc 18.6% 3.4% 20.3% 57.7%

(VAE + Hist) Enc 57.7% 13.4% 10.3% 18.6%
Hist Enc 25.4% 8.0% 15.7% 50.9%

GB
VAE Enc 32.7% 14.1% 18.7% 34.5%

(VAE + Hist) Enc 33.2% 7.7% 25.1% 34.1%
Hist Enc 13.0% 16.5% 16.3% 54.3%
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Table 4.6 Two-stage Filter Results

Use case Encoding TA FA TR FR

POP
VAE Enc 16.3% 2.0% 21.7% 60.0%

(VAE + Hist) Enc 50.3% 8.9% 14.9% 26.0%
Hist Enc 21.4% 5.4% 18.3% 54.9%

GB
VAE Enc 31.2% 12.1% 20.7% 36.0%

(VAE + Hist) Enc 31.4% 5.5% 27.3% 35.9%
Hist Enc 11.9% 14.5% 18.2% 55.4%

RQ.4: Can CT on filtered data outperform vanilla CT in terms of F1-score
enhancement after degradation?

Motivation. The main objective of the two-stage filter is to retain a valid subset of inputs
that can be used to do CT-driven maintenance of the inspection system after performance
degradation. Thus, we compare the performance improvement of the fine-tuned model with
our proposed reliable CT to conventional (vanilla) CT.
Method. To perform CT, we propose to fine-tune the model in production using the novel
data with self-generated labels, which can be divided into training (80%) and validation (20%)
datasets. The difference between our proposed reliable CT and vanilla CT is the definition
of novel data. A vanilla CT considers the production dataset collected within the last time
window, i.e., since the last CT cycle. The reliable CT we propose uses a two-stage filtering
strategy to remove risky instances from the production data, and feeds only a subset of the
data into the model for fine-tuning. To compare the effectiveness of both CT approaches, we
assess the performance of the fine-tuned in terms of F1-score based on two datasets: the first
is the original validation set, which assesses the degree of induced catastrophic forgetting,
and the second is the entire production set, which assesses the fine-tuned model’s ability
to cope with the latest conditions in the production environment that may remain for the
foreseeable future.
Results. Table 4.7 shows the results of validation F1 and production F1, which represent
the F1 obtained by the fine-tuned model on the original validation dataset and the entire
production dataset, respectively. The F1 scores are reported by CT approach, either vanilla
or our proposal, and by industrial inspection use case. Table 4.7 also includes the initial
performance obtained by the original model as baseline for each use case. For POP use case,
the original model has experienced a drastic decline in its F1 in production. According to
CT results, vanilla approach slightly increased production F1 while almost decreasing vali-
dation F1 by the same percentage. Our proposed approach was able to increase production
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F1 more than it decreased validation F1. The analyses we made on our filtering results led
us to conclude that the confidence scores have been diminished for POP, indicating that
the model faces challenging inputs because most of the risky data has been discarded at
the first filtering stage. Based on this, it is likely that the original model overfits the initial
data and that its learned patterns won’t hold up against the incoming inputs. Unfiltered
self-generated labels may include a high number of false predictions, so Vanilla CT cannot
fix the overfitting issue. In contrast, our reliable approach reduces the overfitting problem
by selecting half of the production data with correct labels and high confidence to reinforce
the model patterns at the deployment environment. In the GB case, vanilla CT not only
failed to improve the fine-tuned model’s performance but also caused a catastrophic forget-
ting with more than 13% decay in the validation F1 data. In contrast, our proposed reliable
CT succeeded to enhance both F1-score for original validation and production datasets. As
we discussed during our analysis of filtering strategy assessment, the production data for GB
shows severe drifts, leading to almost two-thirds of production inputs being rejected. Conse-
quently, vanilla CT absorbs all production data associated with self-generated labels, leading
to performance degradation on both original and novel distributions. As an alternative, our
proposed approach relies only on a subset of data that remain close to the distribution and
is confident that the self-generated labels will hold up, making the fine-tuned model more
resilient against forgetting the original inductive bias and more capable of capturing the pat-
terns required to cope with potential drifted inputs.
Expert Feedback.
POP Use Case Discussion: Domain experts analyzed the images that the model could not
handle. Based on the defects collected during the model development, pale-colored prints,
decentralised texts, and erased logo parts are the most common issues. It is all related to
incomplete or missing parts of the object of interest, which is the wood stick’s logo or text.
Model degradation occurred in production when the ink dispatcher of the printer machine
was slightly damaged, resulting in smudged prints. This results in a new challenging type
of defect (illustrated by Figure 4.3) that is correlated with wrongly highlighted text or logo
in a non appropriate way. This uncovered type of defect causes the model to behave poorly.
Most of the images that were classified correctly have a mix of issues, as the prints were
decentralised or there was uneven ink distribution between letters, which the original model
can spot as defected. Despite correctly classified data being available, the volume was not
sufficient to achieve acceptable performance through CT. Nevertheless, The fine-tuned model
outperforms the original model on recent production data at the cost of performance degra-
dation on the original validation data. Deploying the fine-tuned model is still advisable, as
future data will likely match the recent distribution, ensuring the model adapts to current
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operational conditions. Meanwhile, alerting the maintenance team about the degradation
allows them to investigate and address the root cause, maintaining overall model reliability.

GB Use Case Discussion: Domain experts noticed two changes in the production envi-
ronment. First, ambient lighting on-premises led to data shifts due to inadequate camera
settings in terms of exposure. Second, a new defect was introduced in the production line,
which resulted in a dramatic drift in input data. It is characterized by an open mark in the
bottle’s body, as shown in Figure 4.4. The model predictions on these images are almost
random due to the shifted location and form of defects, resulting in almost equal chances
of correct and incorrect classifications. Thus, vanilla CT degrades both validation and pro-
duction scores due to the prevalence of corrupted labels. The proposed approach, however,
manages to discard the majority of these new defected products and fine-tune the model
based on images that are shifted in brightness, resulting in an increased model robustness.
In this use case, it outperforms the vanilla CT with a modest improvement. Importantly,
by trimming the risky data, we prevent the catastrophic forgetting that causes substantial
degradation in the fine-tuned model’s performance on the original validation data when using
vanilla CT. This careful data filtering strategy ensures more stable and reliable performance
over time.

Finding: Our proposed CT-driven maintenance approach strengthens the positive impact of
vanilla CT, while reducing the risk of performance degradation caused by high false prediction
rates.

4.3 Threats to Validity

In this paper, we proposed an approach to enhance the automated selection of relevant
production data for CT purposes. Our approach demonstrated its efficiency across two use
cases in critical scenarios. Despite the promising results, several threats to validity exist.
External Threats. Our experiments are limited to visual inspection, which limits the
generalizability of results. To address this, we opted for two different use cases POP and GB
that are different in terms of task complexity, product, texture, dimension and defect types
and we repeated each execution at least 5 times.

Figure 4.3 Smudged Stick Text Print
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Figure 4.4 Glass Bottle: Open Mark Defect

Table 4.7 Continuous Training Results

Use case Validation F1 Production F1

POP
Original Model 93.2% 45.8%
Vanilla CT 91.7% 48.8%
Our Approach 88.0% 59.7%

GB
Original Model 93.3% 76.6%
Vanilla CT 80.2% 71.4%
Our Approach 93.8% 79.1%

Internal threats. Confidence filter design involves the use of softmax despite the existence of
multiple confidence scores such as entropy, perplexity score etc. This choice is being motivated
by the wide use and proven performance of softmax in classification tasks [186], and to address
its limits regarding overconfidence, we opted for calibration. Since the absence of drifted
data by design and to enhance models generalization we opted for image transformation
augmentation known for being unrealistic [187], to address this we relied on domain experts
to define transformations and respective parameters. Finally, although our approach requires
domain-expert involvement during approach setup, this involvement is not frequently needed
and it ensures setup reliability.

4.4 Chapter Summary

This chapter addressed a key challenge in ensuring reliability within MLOps pipelines: main-
taining deep learning-based visual inspection systems in dynamic and unpredictable produc-
tion environments. We proposed a novel two-stage data filtering strategy to mitigate the
risks associated with CT on auto-labeled fresh production data. First, we use calibrated
confidence scores to eliminate risky data with high uncertain predictions. Second, we employ
VAE and Histogram to encode rich image embeddings serving for OOD model optimization to
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filter significantly shifted risky data. The accepted subset is suitable for reliable maintenance
of inspection system models. Our evaluation on two industrial inspection systems demon-
strates that our approach passes less than 9% of false predictions, leading to an increase of
F1-score up to 14% on critical production data. We discover limitations of supervised learn-
ing algorithms such as their inability to self-learn new defects and their reliance on human
verification. Even if our reliable CT approach is applied for successive cycles, the model
could not capture new defect patterns that are not similar to the ones from in-distribution.
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CHAPTER 5 TOWARDS RELIABLE LLMOPS PIPELINE FOR CODE
GENERATION: A TAXONOMY OF INEFFICIENCIES

While LLMs demonstrated promising results in code generation across various programming
languages [37, 188–190], their generated code, similar to human-written code, exhibit var-
ious quality issues [191, 192], raising concerns about the reliability and trustworthiness of
LLMOps pipelines, which are expected to integrate and deliver high-quality model outputs
in production environments.
For instance, LLM-generated code has shown to suffer from redundancies, unnecessary com-
putations, and suboptimal implementations [42], resulting in increased execution time, higher
memory consumption, maintainability challenges, and import errors [43,193]. Previous stud-
ies have also shown that LLMs may generate incorrect logic, misinterpret task requirements,
and struggle to handle corner cases, leading to critical issues [127]. Even when functionally
correct, LLM-generated code can face quality issues [123]. It may be difficult to maintain [43],
unnecessarily complex [42], prone to security vulnerabilities, and require manual intervention
before deployment. These issues pose significant risks to software quality, particularly for
developers adopting LLMs in real-world settings [194].
While prior research has examined specific quality aspects, such as correctness, security,
and maintainability in LLM-generated code [40, 41, 123], inefficiencies as a broader concept
remain largely unexplored. Existing studies focus only on buggy-generated code [123, 127]
to categorize bugs and identify root causes. However, this narrow focus overlooks a critical
issue: even functionally correct code can exhibit inefficiencies that degrade software quality,
such as performance bottlenecks [42], limiting real-world adoption of LLM-generated code.
In this study, we aim to bridge this gap by identifying, categorizing, and analyzing overall
inefficiency patterns, regardless of correctness, in LLM-generated code from three leading
open-source LLMs for code generation. In this work, we define inefficiencies as any issues in
LLM-generated code that degrade its quality, hinder integration into larger systems, or even
affect functionality in isolation. Understanding inefficiencies guides the development of more
efficient LLMs and helps practitioners and researchers improve LLM-generated code. Our
investigation is guided by the following Research Questions (RQs):

• RQ1 What inefficiency patterns occur in LLM-generated code?

• RQ2 How relevant are these inefficiencies to software practitioners and researchers?

We conduct our study using HumanEval+ a widely used benchmark for code generation com-
posed of 164 human-crafted Python tasks [37]. We selected three leading open-source LLM
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models -CodeLlama, DeepSeek-Coder, and CodeGemma- to generate code for the different
tasks, resulting in 492 generated code snippets. To evaluate the quality and requirements
conformity of the LLM-generated code, we employed the higher-capacity GPT-4o-mini model
as a judge. The judgments provided initial guidelines for our manual exploratory and qual-
itative analysis to identify inefficiency patterns in LLM-generated code. We adopted open
coding [195] to iteratively derive categories of inefficiencies. Our study results in a taxon-
omy spanning five categories: General Logic, Performance, Readability, Maintainability, and
Errors, comprising 19 subcategories. We validate this taxonomy through a survey with 58
software practitioners and researchers who use LLMs for coding assistance.
Our findings indicate that 33.54% of the studied sample exhibited multiple inefficiencies,
indicating that inefficiencies in LLM-generated code are diverse and interconnected. Gen-
eral Logic and Performance inefficiencies are the most frequent and often co-occurring with
Maintainability, and Readability inefficiencies. This co-occurrence suggests that limitations
in LLMs’ ability to generate correct and efficient code contribute to broader inefficiencies
affecting code quality. The surveyed participants largely validated the relevance and preva-
lence of identified inefficiencies, confirming that it is aligned with real-world inefficiencies in
LLM-generated code regardless of the model used. Additionally, while participants acknowl-
edged these inefficiencies, they emphasized that in practice, they prioritize correctness over
other code aspects. Our findings highlight a critical gap in LLMs’ capability to generate
correct, optimized, and high-quality code.
These results expose a critical limitation in current LLMOps workflows: a lack of mechanisms
to robustly evaluate and assure pipeline-level reliability across LLM model updates, especially
in terms of non-functional quality dimensions like efficiency.
By offering a structured taxonomy of inefficiencies and validating it through practitioner
input, this study provides the necessary foundation for systematic quality assessment of
LLM-generated code. This, in turn, enables LLMOps pipelines to incorporate more tar-
geted, comprehensive evaluation strategies—making them more robust and reliable. It sup-
ports the development of quality gates, automated inefficiency detection, and more informed
model versioning decisions, thereby directly enhancing the operational reliability of LLMOps
pipelines.
To summarize, in this chapter we make the following contributions:

• We study inefficiencies observed in LLM-generated code and their prevalence.

• We propose a taxonomy of inefficiencies in LLM-generated code based on their charac-
teristics.

• We validate our findings using an online survey and provide insights for researchers and
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practitioners.

• We make our data and results publicly available in our replication package [196].

The rest of this section is organized as follows: In Section 5.1 we detail the methodology
used to construct and validate the taxonomy of inefficiencies. In Section 5.2, we report our
empirical findings, presenting our taxonomy. Then, we discuss threats to the validity of our
results in Section 5.3 we we conclude the study takeaways in 5.4.

5.1 Methodology

{B: #492}

{A: #164} LLMs specialized in 
code completion

{B: #492}
Generated Code

{'inefficiencies': [{
'code smell': 'Inefficient Prime Factorization Logic', 
'description and explanation': "..... factorization logic 
uses a while loop that increments 'i' by 1 for each 
iteration …… unnecessary iterations, …… increment 
'i' by 2 after checking for 2 ……
]}

Sample 40%
#196

{C: #492}

Labeling Pilot Study

#296

Figure 5.1 The methodology we followed for our study.

This section presents the methodology used in this study to construct and validate the
taxonomy of inefficiencies in LLM-generated code. The process consists of five steps, as
illustrated in Figure 5.1. First, we generated code using the HumanEval+ benchmark [37]
and collected data from three open-source LLM4Code models: CodeLlama [89], DeepSeek-
Coder [90], and CodeGemma [92]. Second, we leveraged a higher-capacity model (GPT-
4o-mini) to judge the generated code and identify existing inefficiencies. In the third and
fourth steps, we manually analyzed the code samples and the model’s judgments to develop a
comprehensive taxonomy. Finally, in the fifth step, we conducted a survey with practitioners
and researchers to validate the LLM-generated code inefficiencies identified in our taxonomy.
The details of each step are presented in the remainder of this section.

5.1.1 Step 1: Data Selection and Collection

Regarding the data collection, considering the popularity and wide adoption of Python as a
programming language [197], this study focused on Python-generated LLM code. Given the
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focus on Python, we selected HumanEval+ [37] (denoted as A in Figure 5.1), a widely recog-
nized and extensively employed benchmark for code generation [23, 198–200]. HumanEval+
enhances the original HumanEval [38] dataset by augmenting it with additional test cases,
enabling a more rigorous and reliable assessment of the functional correctness of the gener-
ated code [37]. HumanEval+ comprises 146 Python programming tasks, each accompanied
by (i) a task description provided as a doc string and (ii) associated unit tests to rigorously
evaluate the correctness of the code snippets. Regarding the LLMs, we aimed to select those
trained or fine-tuned for code generation tasks to enable a more meaningful and targeted
analysis of inefficiencies. To ensure accessibility and feasibility, we established two selec-
tion criteria: (i) the models must be open source and (ii) have fewer than 8B parameters.
Based on these criteria, we selected the three highest-performing models according to the
HumanEval+ leaderboard [93]: CodeLlama-7B [201], GodeGemma-7B [202], and DeepSeek
Coder-6.7B [203]. These models, beyond ranking among the top-performing models [93],
are also widely adopted for code generation tasks [23]. Although our selection focuses on
small open-source models, these models demonstrate performance comparable to proprietary
ones, surpassing GPT-3.5 [90] and approaching GPT-4 [204], ensuring representativeness in
our study. After defining the setup for our study, we proceeded with generating the code
snippets. For the hyperparameters, we adopted a conservative approach by setting the tem-
perature to 0, ensuring deterministic outputs and minimizing randomness in code generation.
For prompt construction, we followed the default configuration recommended in the official
Hugging Face documentation [201–203]. This approach ensured a fair assessment of inherent
inefficiencies in LLM-generated code rather than artifacts caused by inadequate prompts. As
a result of this step, we have a dataset of 164 generated code snippets for each LLM, resulting
in 492 code snippets (B), from the initial dataset of tasks (A).

5.1.2 Step 2: Judging LLM-generated Code

LLMs have been effectively used to assess code or tests [205,206], proposing a paradigm where
LLMs serve as judges (LaaJ). Prior studies have also leveraged LLMs to assist in identifying
a generated-code bug’s root causes [123]. In this context, we propose to leverage LLMs to
assess the quality of generated code. Specifically, we employ the GPT-4o-mini model, which
offers performance comparable to GPT-4 while being more cost-effective [95]. Regarding the
hyperparameters, we considered a temperature of 0 aiming to achieve a more conservative
generation and max_tokens set to 5120 to ensure sufficient space for detailed output.
Knowing that GPT-4 models can be shaped and optimized by setting system prompts, which
define the model’s persona [207], we adopted the persona of an expert in code quality analysis
with a focus on identifying specific inefficiencies in machine-generated code. Such a persona
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guides the model to prioritize practical and significant code inefficiencies rather than minor
or irrelevant inefficiencies.
Finally, we defined a fixed user prompt used as input when asking for judgment support
(judger). In this prompt, we input the generated code snippet and its task description,
providing a context to aid the judger in identifying logical inefficiencies in the generated
code. As a result of this step, we enriched the dataset B with GPT-generated judgments,
creating dataset C , as denoted in Figure 5.1. Specifically, C consists of 492 generated code
samples, each paired with its corresponding LLM-generated judgment.

5.1.3 Step 3 and 4: Manual Labeling

Step 3: Manual Labeling - Pilot Study With no predefined categories from previous studies,
our objective is to construct a taxonomy of inefficiencies using an inductive, bottom-up
approach through manual analysis of LLM-generated code snippets. To initiate this process,
we randomly selected 196 samples C (40%, pilot set), ensuring an equal proportion of cases
from each model. The first two authors, a senior Master’s student and a Postdoctoral Fellow
with experience in Python and SE research, collaboratively analyzed and labeled the pilot set
(40% of samples) using open coding [195], a method widely used for taxonomy construction
in SE [208–210]. The analysis involved examining the task description, the generated code,
code quality judgment, and the execution and testing status (from the unit tests available
in HumanEval+). Without predefined assumptions, inefficiencies were iteratively identified
and grouped into categories and subcategories. Since LaaJ may hallucinate [206], we treated
their judgments as a starting point and independently verified and expanded on the identified
inefficiencies. During this process, the labelers assigned brief, descriptive labels to each
inefficiency observed in the pilot set. These initial labels were then categorized, forming
a hierarchical taxonomy of inefficiency types. This iterative process involved continuously
refining the categories as they moved back and forth between individual samples and emerging
patterns, ensuring that the taxonomy accurately reflected the inefficiencies underlying the
generated code. All tasks in the pilot set were thoroughly discussed, and the labelers reached
a consensus on both categories and subcategories, resulting in a taxonomy comprising 5
inefficiency categories and 18 subcategories and a fully labeled pilot set. This step resulted
in a codebook of inefficiency patterns, with multi-labeling allowed, since a single code snippet
can exhibit multiple types of inefficiencies [127].
Step 4: Taxonomy Refinement & Full Dataset Labeling After labeling the pilot set and
constructing the initial codebook of inefficiencies, the labelers independently labeled the re-
maining 60% samples, following the same procedure. If any generated code could not be
categorized within the existing taxonomy, they were marked as Pending and reviewed to
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determine whether new categories or subcategories were needed. Through these discussions,
Syntax Error was added as a subcategory under Errors, leading to a refined taxonomy com-
prising five categories and 19 subcategories, providing a more comprehensive representation
of inefficiencies in LLM-generated code.
Once all samples were labeled, we assessed inter-rater agreement to evaluate the consistency
between the two labelers. Following similar studies [127,208], we used Cohen’s Kappa [211],
calculated at category and subcategory levels. Inter-rater agreement (Cohen’s Kappa) reached
0.846 (for category) and 0.735 (for subcategory), aligning with prior SE studies [127,208].

5.1.4 Step 5: Participants’ feedback and survey analysis

To evaluate the relevance and gather insights into the perceived popularity of the identified
inefficiencies in real-world settings, we conducted a survey targeting software practitioners
and researchers using LLMs in their code generation tasks. Following prior studies [125,127],
we collected the email addresses of GitHub users who collaborated on repositories containing
LLM-generated code. To identify relevant repositories, we searched GitHub for repositories
where at least one file contained code generated by LLM-based tools or models, including
Copilot, ChatGPT, Codex, CodeLlama, Llama, and Llama-2. Specifically, we used the follow-
ing keyword-based queries: association between by/with and Copilot, ChatGPT, Codex,
CodeLlama, Llama, Llama-2. This process yielded 411 repositories. Next, we extracted
publicly available email addresses of contributors from these repositories using PyDriller [212].
This resulted in 835 unique email addresses, of which 51 were unreachable, leaving us with
784 successfully delivered emails (mined on November 18, 2024).
To ensure clear communication and maximize participant engagement, we structured the
survey to clearly outline its objectives, structure, and expectations. First, the survey outlined
a detailed message about its purpose, scope, and estimated completion time. The survey
questionnaire is divided into two main parts. The first part consists of demographic and open-
ended questions regarding the LLMs participants have used, as well as the inefficiencies they
encountered based on their experiences. The second part assessed the frequency and relevance
of inefficiencies in LLM-generated code, as defined in Step 4. For each inefficiency category,
we provided a general description, followed by its specific subcategories, each accompanied
by a description and an example code snippet. Participants were then asked two questions
per subcategory, rated on a 5-point Likert scale: (i) how frequently they encountered the
inefficiency reported and (ii) how important they believed it was to address it. Additionally,
the survey included an optional question, allowing participants to report any inefficiency
categories or subcategories not covered in the taxonomy, based on their experience. The
survey remained open for 4 weeks, and we sent a reminder email two weeks after the first
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call. Once the results for each inefficiency pattern were collected, we processed the results to
evaluate their popularity and relevance. This was achieved by aggregating the results using
weighted averages of Likert scale values, following methodologies from similar studies [127].
Additionally, we analyzed participants’ feedback to gain deeper insights into their experiences
with LLM-generated code. Their comments provided context for interpreting the results and
helped identify potential gaps or overlooked aspects in the taxonomy.

5.2 Results

In this section, we present the findings for our two RQs explored in this study. We first
introduce our taxonomy of inefficiencies in LLM-generated code, followed by an analysis
of the perceptions of practitioners and researchers on the proposed taxonomy, as gathered
through our online survey.

5.2.1 RQ1: Patterns of Inefficiencies in LLM-generated Code

Taxonomy

We organized our observations as a taxonomy of five categories with 19 subcategories. The
complete taxonomy is shown in Figure 5.2. In the following, we explain each of the five
categories with their respective subcategories. Examples of each inefficiency subcategory
(i.e., code snippets) can be found in our replication package.
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Figure 5.2 LLM-generated Code Inefficiencies: A comprehensive Taxonomy

A. General Logic. This category encompasses inefficiencies related to the general logic of a
given task, including inefficiencies in understanding requirements and translating them into
code.

• Wrong Logic. It occurs when the generated code lacks meaningful logic, containing
only comments, hard-coded values, returning method inputs, or using a simple pass
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statement. It also includes case-by-case implementations that do not follow a coherent
logic. Additionally, it encompasses situations where all requirements are implemented
incorrectly, with none being addressed properly.

• Partially Wrong Logic Different from Wrong Logic, this subcategory occurs when
some requirements requested in the prompt are implemented correctly while others are
either implemented incorrectly or not implemented at all.

• Wrong Method Input. It occurs when the LLM generates a statement that is gen-
erally coherent with the logic but uses incorrect or inappropriate inputs. For example,
passing a single element to the sorted method instead of a list may lead to an unin-
tended behavior.

• Exception/Corner Case Handling. This occurs when the generated code lacks ex-
ception handling or fails to address corner cases. Initially, this subcategory was merged
with Partially Wrong. However, following the suggestions of the survey participants, it
was detached as a standalone subcategory.

B. Performance. This category encompasses inefficiencies that degrade the efficiency of
the generated code, affecting aspects such as memory management and execution time.

• Sub-Optimal Solution Exists (Memory) This subcategory captures cases where
the same logic can be implemented in a more memory-efficient way. For example, recur-
sion may be avoided when intermediate results are stored on the call stack, potentially
leading to memory overflow for deep recursions. Similarly, list comprehensions, which
store all results in memory, can be replaced with generator expressions to enable lazy
evaluation and reduce memory usage.

• Sub-Optimal Solution Exists (Time) It identifies the cases where there is an equiv-
alent, more time-efficient algorithm compared to the LLM-generated one. In this sub-
category, we report four additional subcategories:

– Sub-Optimal Solution (Time Complexity): It occurs when the implemented logic
can be replaced with another algorithm with lower time complexity. For instance,
using Quick Sort, with a time complexity of O(n log n) on average, is generally
more efficient than Insertion Sort, which has a time complexity of O(n2) in the
average and worst cases —particularly when sorting large lists.

– Unnecessary Steps. It refers to instructions in the code that do not affect or
contribute to the final output. Eliminating such steps enhances the code’s overall
efficiency without altering its functionality, such as unnecessary type conversion.
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– Redundant Steps. This occurs when an essential instruction to the logic is repeated
unnecessarily. To avoid such cases, the given instruction could be executed once,
and its output could be stored in a local variable instead of re-executing the same
instruction.

– Inefficient Iterative Block. This category focuses on inefficiencies within repetitive
structures, such as loops and iteration management.
+ Iterative Block (Initialization Condition). It occurs when the initialization con-
dition of a loop is too broad and can be narrowed without affecting the correctness
of the method. For example, when determining whether a number is prime, we
can stop checking the divisibility at

√
n rather than iterating all the way up to n.

+ Iterative Block (Stopping Condition). It occurs when the stopping condition for
a repetitive block is very broad and can be optimized without changing the in-
tended functionality or when it lacks an early stopping condition when applicable.
For instance, when searching for an element in a sorted ascending list, instead of
iterating through the entire list, we can stop early if the current element exceeds
the target value.

C. Readability This category encompasses inefficiencies related to the overall readability,
clarity, and ease of comprehensibility of LLM-generated code snippets.

• Confusing Variable Naming. It refers to variable names that may confuse the
developer, even if they do not result in runtime errors. It includes inefficiencies such
as using existing identifiers to define new variables (e.g., using dict as a variable or
method name) or variable shadowing, where the same variable name is used in different
scopes.

• Sub-readable method exists. This refers to cases where the code is difficult to un-
derstand or does not adhere to conventions. For example, the combination of list com-
prehension, map, and lambda functions, along with a for loop and multiple method calls,
such as the use of this statement: return reduce(lambda x, y: x * y, [int(i)
for i in str(n) if int(i) % 2 == 1]).

D. Maintainability. This category highlights inefficiencies in LLM-generated code that
may negatively impact the maintainability of the code, possibly intended to be integrated
into larger systems.

• Code Duplication. This occurs when identical or similar blocks of code appear in
multiple places without contributing to the main logic, essentially resembling code
cloning [213].
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• Comment Duplication. It occurs when repetitive comments are used excessively,
identical, or similar, without providing additional insight or explanations about the
logic.

• Conditional Block. It groups inefficiencies related to conditional blocks, i.e., if
blocks. Although it does not affect the functionality, it is important to be addressed
for better code clarity and easier testing/debugging [214]. While in our studied sample
we did not observe foreach blocks, this subcategory may also be extended to cover
them.

– Unnecessary Else. It takes place when an else statement is used unnecessarily
within an if block and can be removed without affecting the logic. It usually
happens when the preceding if or elif statements already contain a return or
break, making the else unnecessary.

– Unnecessary Conditional Block. It refers to cases where using a conditional block
adds unnecessary complexity, and the code can be simplified by directly using the
output of a given condition in a return statement.

E. Errors Inefficiencies falling under Erros are related to the fundamental correctness of the
code regardless of the logic being implemented, like runtime errors, unexpected behavior, or
failure to execute the code properly.

• Missing Import. It occurs when methods or constants from external modules/libraries
are used without being properly imported. Missing imports can lead to errors or failures
when the code attempts to use the functionality provided by those modules.

• Missing Variable Declaration. It occurs when a variable is used without being
properly declared, initialized, or passed as an argument for a method, which may result
in runtime errors.

• Syntax Error. This occurs when the code contains a syntax error preventing it from
being executed, such as improper use of keywords or incorrect indentations in Python.

Overall, LLM-generated code exhibits similar inefficiencies to human-written code. While
LLMs often pass more test cases than human developers, they struggle with tasks requir-
ing domain expertise [41]. Regarding performance, although LLMs can generate efficient
solutions for certain tasks, they often under-perform compared to human-optimized imple-
mentations [126]. In terms of readability, LLM-generated code is generally comparable to
human-written code but may deviate from coding standards [40,215]. However, its increased
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complexity can elevate maintenance effort [41]. While LLMs can address maintainability is-
sues, their fixes frequently introduce new errors at a higher rate than human corrections [216].

Analysis of Inefficiency Patterns

Table 5.1 (1) Frequency of inefficiencies in the studied sample of LLM-generated code, and
(2) Survey-based taxonomy validation Results

(1)Frequency in of ineffeciencies in LLM-generated code(%) (2) Survey-based Validation
(Weighted average)

Codellama Deeepseek-Coder CodeGemma Overall Popularity Relevance
1- General Logic 60.37 70.73 74.39 68.5 — 4.03

Wrong Logic 9.76 39.63 57.93 35.77 2.22 3.64
Partially Wrong Logic 47.56 27.44 15.24 30.08 3.17 3.88
Wrong Method Input 4.27 3.66 1.22 3.05 2.76 3.53

2- Performance 48.78 30.49 23.17 34.15 — 3.52
Sub-Optimal Solution (Memory) 26.83 17.07 12.2 18.7 3.07 3.12

Iterative Block (Initialization Condition) 0.61 0.61 0.61 0.61 2.69 3.19Iterative Block (Stopping Condition) 3.66 1.22 2.44 2.44
Redundant Steps 9.76 3.05 3.05 5.28 2.64 3.05

Unnecessary Steps 4.27 2.44 0.61 2.44 3.03 3.03
Sub-Optimal Time Complexity 23.78 17.68 14.02 18.5 2.93 3.12

3-Readability 6.71 6.1 1.22 4.67 — 3.22
Confusing Variable Naming 1.22 1.22 0.61 1.02 2.17 3
Sub-Readable Code Exists 5.49 4.88 0.61 3.66 2.79 3.05

4-Maintainability 29.88 12.8 20.73 21.14 — 3.31
Unnecessary Else 21.95 10.98 19.51 17.48 2.29 2.59

Unnecessary Conditional Block 3.66 1.83 3.66 3.05 2.62 2.78
Code Duplication 4.88 1.83 0.61 2.44 2.46 3.02

Comment Duplication 3.05 0 0.61 1.22 1.86 2.10
5-Errors 7.32 6.1 3.66 5.69 — 3.93

Syntax Error 0 2.44 2.44 1.63 2.29 3.79
Missing Variable Declaration 0.61 0 0.61 0.41 2.17 3.60

Missing Module Import 6.1 3.66 1.22 3.66 2.86 3.26

Most samples were labeled with a single category (56.5%), followed by those with two
(24.59%) and 9.96% were not labeled, as raters found no inefficiencies and considered them
efficient. A similar distribution appeared at the subcategory level with 54.07% of samples
assigned one subcategory followed by 18.29% with two and 11.38% with three. Notably,
33.54% of the samples spanned multiple categories, highlighting the interconnected nature
of inefficiency patterns across different code quality aspects.
Table 5.1 presents the frequency of inefficiency categories and subcategories (since multi-
labeling is allowed, totals may exceed 100%). General Logic emerges as the most frequent
category across all models (68.5% of samples). Among the selected models, CodeGemma,
the least efficient, based on Top@k (leaderboard [93]), exhibited the highest rate of logic-
related inefficiencies (74.39%), often generating code without a meaningful logic (57.93%).
While the most efficient model based on Top@K, CodeLlama, showed fewer critical logic
errors (60.37%), though it also frequently generated partially correct solutions (47.56%),
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suggesting that even advanced models may misinterpret requirements, which is aligned with
findings of other research works [217].
Performance inefficiencies ranked second (34.15%), with CodeLlama exhibiting the highest
frequency within this category. Sub-Optimal (Memory) (18.7%), Sub-Optimal (Time Com-
plexity) (18.5%) and Redundant Steps (5.28%) were the most prevalent performance-related
inefficiencies. These inefficiencies are not exclusive to smaller or open-source models; prior
studies have reported similar performance issues in GPT-4-generated code [133], reinforcing
the broader challenge of optimizing LLM-generated code across different model architectures.
Maintainability inefficiencies varied significantly between models. DeepSeek-Coder, trained
exclusively on code, exhibited the lowest Maintainability issues (12.8%), whereas CodeLlama
and CodeGemma (trained on mixed code/natural language data) have higher rates (29.88%
and 20.73%, respectively). This discrepancy suggests that code-specific training may improve
structural quality, while incorporating natural language data in training may dilute the fo-
cus on maintainability. The prevalence of Unnecessary Else blocks (21.95% in CodeLlama)
underscores a broader challenge: LLMs often generate unnecessarily complex control flows,
which complicate long-term maintenance [218].
Readability (4.67%) and Errors (5.69%) were less frequent but non-trivial. Syntax Errors
were rare (< 2.44%), confirming the strong syntactic grasp of code LLMs. However, Missing
Imports (6.1% in CodeLlama) reveal persistent gaps in dependency resolution, a known
limitation even in highly-efficient models like GPT-4 [219].
To gain deeper insights into inefficiency relationships, we analyze how different categories
co-occur across models. Figure 5.3 presents the normalized category co-occurrence heatmap
across all models. The co-occurrence values are normalized row-wise by dividing each oc-
currence by the frequency of the corresponding category. Our results reveal strong inter-
dependencies between inefficiency patterns in LLM-generated code. General Logic inefficien-
cies exhibit the highest co-occurrence rates with other categories, particularly Readability
(0.74), Errors (0.64), and Maintainability (0.58). This suggests that flawed logic not only
impacts correctness but also contributes to inefficiencies in clarity, structure, and long-term
maintainability of the generated code. Similarly, Performance inefficiencies frequently co-
occur with Readability (0.48) and Maintainability (0.46), highlighting that performance in-
efficiencies are often tied to code complexity and structure, rather than isolated algorithmic
inefficiencies. Interestingly, Errors demonstrate weaker co-occurrences with other inefficien-
cies, with their strongest link being to Maintainability (0.36), indicating that while syntax and
dependency errors are less common, they may still hinder maintainability efforts by requiring
additional debugging and refactoring. Meanwhile, Readability and Maintainability are closely
related (0.35), reinforcing the idea that clear code structures contribute to long-term main-
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Figure 5.3 Normalized Category Co-occurrence

tainability. These findings suggest that improving LLM-generated logic and performance
could lead to broader improvements across multiple inefficiency categories, reducing the need
for manual corrections and enhancing code usability in real-world development.

5.2.2 RQ2: Relevance of Identified Inefficiencies for Practitioners and Researchers

The survey remained open for four weeks, reaching 58 responses, resulting in a response rate
of 7.39%, which is in line with rates observed in similar surveys in Software Engineering
[208, 220–222]. First, we present the demographic information about the participants and
their experience with LLM-assisted coding. Then, we provide a detailed analysis of the
popularity and perceived relevance of inefficiencies in LLM-generated code reported by the
participants.

Demographic Information and Experience with Coding using LLMs

All participants answered the demographic questions. We had participants from both academia
(60%) and industry (40%). The academic participants consisted of graduate students (29),
undergraduate students (3), and postdoctoral researchers/lecturers (3). Industry participants
included 11 software developers, 7 ML/data science developers, 4 senior executives, and 1
cybersecurity developer. About coding experience, 37 participants had more than 5 years of
experience, while 11 had between 3-5 years, and 10 had between 1-3 years. LLM-assisted
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coding is widely adopted, with 98% of the participants using LLMs for coding. Among them,
68% rely exclusively on proprietary models, with ChatGPT and Copilot being the most pop-
ular (89.66% and 29.31%, respectively). Regarding open-source, the most popular models
are Mistral, the Phi model family, and Qwen-Coder (5.17%, 3.45%, and 3.45%, respectively).
Participants reported using a variety of programming languages, with the top five being
Python, C/C++, JavaScript, Java, and Go (91.38%, 18.97%, 18.97%, 8.62%, and 3.45%,
respectively).
Before the questions about our taxonomy, we asked participants about their general expe-
riences and challenges with LLM-generated code. Reported challenges can be categorized
into two main groups: user experience (outside the scope of our taxonomy) and code-related,
which are directly aligned with our research. We discuss the inefficiencies encountered by the
participants based on their experiences before seeing the taxonomy.

User Experience-Related Inefficiencies These inefficiencies focus on the challenges and
difficulties that users face when interacting with LLMs, rather than the generated code itself.
6 participants reported that LLMs struggle with debugging or modifying specific parts of
code, a finding consistent with previous studies [223]. In the same way, programming lan-
guage and library popularity also play a significant role in the efficiency of LLM-generated
code. 5 participants noted that LLMs generate more efficient code for popular languages
and libraries like Python and NumPy compared to less common ones like DHL and Tinkter.
This difference is likely because LLMs are trained on more examples of popular languages
and libraries, making them more familiar with their syntax and usage. Programming lan-
guage paradigms also play a role—P121 observed that LLMs handle interpreted languages
better than compiled ones. Finally, participants expressed varying preferences for chat-based
LLMs (e.g., ChatGPT) versus inline code assistants (e.g., Copilot). While P41 found Copi-
lot suggestions as “stupid suggestions and distracted”, P11 preferred inline assistance over
chat-based interactions.

Code-Related Inefficiencies Participants also reported various inefficiencies in the gener-
ated code that align with the focus of our taxonomy. 19 participants stated that LLMs often
struggle to produce the correct logic on the first attempt, even for simple tasks with detailed
descriptions, requiring multiple further iterations. P22 specifically noted that LLMs may
generate “unnecessarily long or complex code (for simple tasks)” However, P15 found that
for more complex tasks such as building a Flask application, LLMs tend to perform “over-
simplification to the point of uselessness”, where generation is limited to high-level steps or

1We refer to survey participants using the notation Px, where x is an assigned participant ID.
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generalized code that lack specificity, performance efficiency, and functionality. Additionally,
3 participants reported that handling exceptions and corner cases is often overlooked. These
reported inefficiencies fall under the General Logic category of our taxonomy.
Another notable challenge reported by the participants is the misalignment between LLMs’
advancements and technological progress. 13 participants reported that LLMs struggle with
version tracking, frequently generating code that uses deprecated methods, mixes library
versions, or is incompatible with specified APIs (also mentioned by previous works [219]).
These inefficiencies align with Wrong Method Input (General Logic) and Missing Import
(Errors) subcategories of our taxonomy.
Readability inefficiencies were also reported by 7 respondents spanning various programming
languages, like Python, C/C++, Java, JavaScript, Go, and Bash. They highlighted poor
formatting, failure to adhere to coding conventions, inconsistent variable names, and reliance
on outdated practices as reported by Zhang et al. [40].
Additionally, 6 participants highlighted performance issues. Others pointed to a lack of
robust, modular, object-oriented architecture and insufficient documentation and comments
as well. The inefficiencies reported by the participants align with the literature [40, 40, 123]
and fall under Readability, Performance, and Maintainability categories of our taxonomy.
Besides inefficiencies, 7 participants identified context limitations as a key issue. 2 partici-
pants found that LLMs had a limited context window and frequently forgot past interactions,
as mentioned in related work [126]. Meanwhile, P5 reported that LLMs tended to retain out-
dated context, stating that they needed to “start a new chat to get rid of hallucinations.”

Popularity and Relevance of Code Inefficiencies: Survey Perception

Table 5.1 (6th and 7th columns) summarizes the aggregated results of popularity and rele-
vance of the subcategories of code inefficiency patterns on a scale of 1 to 5. The popularity
score reflects how frequently participants faced each type of inefficiency, while relevance aims
to indicate whether the participants consider that such an inefficiency should be prioritized.
Results show that the frequency of inefficiencies in the studied sample set is aligned with
popularity scores reported by participants.
General Logic inefficiencies were rated as the most relevant category (4.03/5). In particular,
Partially Wrong Logic stands out as the most relevant and popular subcategory encoun-
tered by participants (3.88/5 and 3.17/5, respectively) and is highly frequent in our studied
sample set (30.08%). This observation suggests that while LLMs generate code that often
aligns with task descriptions, they frequently miss certain requirements, requiring manual
effort to refine the logic. Similar observations were also reported in other studies, particu-
larly those analyzing Copilot-generated code [42]. Although Wrong Logic was reported as
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the most frequent subcategory in our studied sample (35.77%), it receives a relatively low
popularity score (2.22/5), which can be explained by the fact that participants mostly use
proprietary models, with 98% relying on at least one such model. Since proprietary models
generally perform better than open-sourced ones, participants may encounter Wrong Logic
less frequently in their own experience.
Performance inefficiencies, with a frequency of 34.15% in our studied sample, were also
considered highly relevant (3.52/5) and widely encountered by participants with a popularity
score ( 3.0/5). The most concerning inefficiencies were Sub-Optimal (Memory) and Sub-
Optimal (Time Complexity) ( 3.0/5 for popularity, 3.12/5 for relevance), as well as Inefficient
Iterative Blocks, which directly impact execution time.
This finding suggests that while correctness is prioritized, performance inefficiencies in LLM-
generated code can still add to developers’ workload, as highlighted by other researchers [42].
For Maintainability, participants reported a moderate popularity (2.3/5) but a high relevance
score (3.31/5), indicating that while maintainability inefficiencies are encountered less fre-
quently, respondents still considered them important. Unnecessary Else, the most frequently
observed maintainability inefficiency in our studied sample (17.48%), had the lowest relevance
score (2.59/5), as many developers considered it a minor issue that does not affect correct-
ness. In contrast, Code Duplication, despite being the least frequent inefficiency (2.44%) and
less popular (2.46/5), was rated more relevant (3.02/5) due to its impact on maintenance
effort and complexity of refactoring. This suggests that developers prioritize maintainability
inefficiencies that directly increase long-term maintenance costs, even if they occur less often.
Readability inefficiencies were relatively rare (4.67% frequency) but still perceived as moder-
ately relevant (3.22/5.0) despite low popularity scores. This observation highlights that even
infrequent readability inefficiencies are critical to be addressed, as developers typically re-
solve them manually rather than relying fully on automated fixes [224]. Finally, while Errors
were the least frequent (5.69%) and the least popular ( 2.25/5) inefficiencies encountered by
participants, they had a high relevance score (3.93/5.0). The participants emphasized that,
although rare, these errors must be addressed, as they prevent the code from being compiled
or executed.
Our findings suggest that the inefficiencies identified in our analysis accurately reflect the
challenges practitioners and researchers encounter when dealing with LLM-generated code.

LLM-generated Code Inefficiencies Taxonomy: Feedback and Completeness

We gathered participants’ feedback through open questions for this part. Regarding General
Logic, participants noted that Wrong Logic often occurs when tasks are complex or involve
new/unfamiliar technologies. For Partially Wrong Logic, participants acknowledged that
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they often correct these inefficiencies but emphasized that LLMs sometimes “generate buggy
solutions, and debugging takes longer than writing the code from scratch”(P41) Additionally,
some participants pointed out that partially correct logic can be difficult to detect, increasing
the risk of unnoticed errors at runtime. P2 was concerned that: “A junior coder who uses
this could cause issues if pushed to production code without proper review”. For Performance,
participants from both academia and industry noted that they do not rely on LLMs for
generating highly optimized code. Instead, they prioritize correctness, ensuring the code is
bug-free, and manually optimize performance only when necessary. Regarding Readability,
participants were indifferent to the clarity and structure as long as the code functioned
correctly and could be manually refined if needed. For Maintainability, participants noted
that inefficiencies like “code and comment duplication” are less noticeable when using tools
such as Copilot [225] and Cursor AI [226]. Unnecessary Else statements were considered
low-impact, and participants showed little interest in addressing them. For Errors, while
they can lead to runtime failures, participants found them easy to detect using IDEs and
correct.
Participants acknowledged that prompting can help mitigate inefficiencies related to General
Logic, Performance, and Readability. However, certain inefficiencies, such as Wrong Method
Input, still require developer expertise to resolve effectively. Overall, participants agreed that
the proposed taxonomy effectively captures inefficiencies in LLM-generated code, evidenced
by its high popularity and relevance scores. Many of these inefficiencies were already men-
tioned by participants before they were introduced to our taxonomy (5.2.2), demonstrating
a strong coverage. However, three participants suggested introducing a new subcategory for
Exception and Corner Case Handling, as these inefficiencies were not explicitly included in
our taxonomy.

5.3 Threats to Validity

Construct Validity. The process of collecting and labeling generated code may influence our
study’s results and findings. While our methodology aligns with existing works proposing
taxonomies in SE [127, 208], we mitigate such a risk by clearly explaining our approach in
this paper to ensure external validation. The use of LaaJ introduces a potential threat, as
LLMs may produce incorrect or inconsistent judgments. To address this risk, we treated the
LLM’s judgments as an initial reference rather than a definitive verdict. The two labelers
independently reviewed and verified all judgments to minimize inaccuracies and mitigate hal-
lucinations. In the absence of LLM-generated code inefficiency categorization, we recognized
the risk of introducing bias into our classification. To address this, we adopted an open
coding procedure and utilized different LLM models to enhance the robustness and reliabil-



65

ity of our findings. Additionally, we surveyed practitioners and researchers to validate the
completeness of our taxonomy.
Internal Validity. A key internal threat to validity is the potential bias in the manual labeling
of LLM-generated code. To mitigate such a threat, the first two authors independently
labeled the generated code snippets. The inter-rater agreement at the category level is
0.846, which aligns with similar studies in software engineering [127, 208]. Additionally, to
further validate our findings, we surveyed 58 participants from both academia and industry,
ensuring a broader perspective on the identified inefficiencies. Additionally, we leveraged
an LaaJ to assess generated code snippets, providing an additional layer of validation and
reducing potential human bias in the labeling process. However, we recognize that LaaJ
judgments may have missed certain inefficiencies or introduced biases that could influence
human labeling. To mitigate this risk, the two labelers independently reviewed, refined,
and expanded upon the LLM’s judgments, ensuring that inefficiencies were identified beyond
those initially flagged by the model.
External Validity. One external threat to validity concerns the selection of LLMs used to gen-
erate code. In this study, we utilize three open-source LLMs: CodeLlama, DeepSeek-Coder,
and CodeGemma, all of which have demonstrated efficiency and have been employed in prior
studies to leverage the capabilities of LLMs for code generation [227–229] Another potential
threat stems from the complexity of the benchmark tasks, as they may not fully represent
real-world programming scenarios, which could limit the generalizability of the inefficien-
cies identified. To mitigate this threat, we use the HumanEval+ dataset, a widely adopted
benchmark for evaluating LLM-generated code [198–200]. Such a benchmark consists of
human-crafted algorithmic tasks, which, while not encompassing the full breadth of software
development tasks, represent a fundamental component of real-world programming. Fur-
thermore, our study focuses exclusively on Python code, the most widely used programming
language. However, this scope introduces a limitation, as we may have overlooked inefficien-
cies that are specific to other programming languages. Future work could extend our analysis
to additional programming languages to enhance generalizability. Another critical threat is
the long-term relevance of our proposed taxonomy, given the rapid evolution of LLMs. As
these models continue to improve, some inefficiencies may become less prevalent while new
ones may emerge. To address this threat, future research should periodically reassess and
refine the taxonomy to ensure its continuous applicability in evaluating LLM-generated code.
Conclusion Validity. Some types of inefficiencies may have been overlooked, potentially
affecting the conclusions of this paper. To mitigate this threat, we manually inspected 492
code samples generated by three different LLM models. To minimize errors, two annotators
independently labeled each sample, followed by a discussion to resolve discrepancies. Finally,



66

the results were validated through a survey. We also provide a replication package to support
the reproducibility of our findings [196].

5.4 Chapter Summary

In this chapter, we systematically investigated inefficiencies in LLM-generated code and in-
troduced a taxonomy that organizes these issues into five categories: General Logic, Per-
formance, Readability, Maintainability, and Errors, encompassing 19 specific subcategories.
We validated the taxonomy through a survey involving 58 practitioners and researchers, who
largely affirmed its completeness and the real-world relevance of the identified inefficiencies.
Our findings reveal a critical gap in the ability of LLMs to consistently generate efficient
and high-quality code. General Logic and Performance inefficiencies emerged as the most
prevalent, often appearing alongside Maintainability and Readability issues—highlighting the
interconnected nature of quality concerns in LLM-generated code. By offering a structured
understanding of these inefficiencies, the proposed taxonomy supports more trustworthy eval-
uation of LLM outputs and enables targeted model improvements. More importantly, it con-
tributes to enhancing the reliability and trustworthiness of LLMOps pipelines by laying the
groundwork for systematic, efficiency-aware code assessments—ensuring that code deployed
through these pipelines meets not only correctness requirements but also broader software
quality standards.
In the following chapter, we build on this taxonomy to design and implement a regres-
sion testing framework aimed at detecting quality regressions in LLM-generated code. This
framework operationalizes the identified inefficiencies, allowing for automated and repeat-
able assessments of code quality across LLM versions—further strengthening the reliability
of LLMOps workflows.
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CHAPTER 6 TOWARDS RELIABLE LLMOPS PIPELINE FOR CODE
GENERATION: A REGRESSION TESTING APPROACH

With the increasing capabilities of LLMs in code generation [37], new models are rapidly
emerging—from proprietary models like GPT-4 to open-source alternatives such as CodeL-
lama [88] and DeepSeek-Coder [90]. These models are also frequently adapted using tech-
niques like fine-tuning and model merging. Fine-tuning enhances model specialization by
training on domain-specific data [230], as demonstrated by Li et al., who fine-tuned GPT-J
to improve C/C++ proficiency. Model merging, on the other hand, integrates complementary
capabilities, such as mathematical reasoning and logical coherence, to boost code generation
performance [141].
However, as these models evolve, the reliability and trustworthiness of LLM-generated code
remain a critical concern in LLMOps. Although LLM-generated code often passes functional
tests, it frequently suffers from inefficiencies related to maintainability, performance, read-
ability, and security [40,42,124,125,231]. Yet, most existing evaluation frameworks prioritize
functional correctness [23], neglecting broader quality attributes essential for real-world de-
ployment [40].
As LLMs continue to be released, ensuring that newer versions do not introduce or exacerbate
such inefficiencies becomes an urgent need for reliable and trustworthy LLMOps pipeline
underlining the need for robust regression testing. Unlike traditional regression testing in
SE—which relies on re-executing deterministic unit tests [137]—LLM regression testing faces
challenges due to the models’ nondeterminism. A single prompt may yield varied outputs,
complicating expected result definitions and regression detection [138].
While efforts in LLMs regression testing are limited, RETAIN [139] was designed as a general-
purpose LLM regression testing framework, focusing primarily on textual differences between
LLMs outputs. However, textual differences alone cannot effectively assess code generation
because code is not just text; it has structural, semantic, and executional properties that
impact both functional and non-functional aspects [44]. This limitation makes RETAIN a
non-suitable regression testing framework for code generation.
To address this gap, we propose ReCatcher, to the best of our knowledge, the first LLM
regression testing framework for code generation. ReCatcher systematically compares the
code generation capability of two LLMs—the current model in use and a potential model for
update—and generates a comprehensive regression report. Our framework tests regression
across three key aspects: logical correctness, performance, and static code issues (including
readability, maintainability, and errors), leveraging a taxonomy of inefficiencies in LLM-
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generated code [232] reinforcing trustworthiness and reliability of within LLMOps pipelines
for code generation. ReCatcher integrates widely validated software testing tools: unit tests
for correctness [233], static analysis for static code issues [234, 235], and profiling tools for
performance [236]. By systematically applying these established methods and comparing
LLM-generated code snippets across models, ReCatcher provides a robust and reproducible
assessment of regressions in LLM-generated code. ReCatcher supports specifically Python,
considering its popularity and wide adoption [197].
We used ReCatcher to assess the impact of three common model update scenarios on LLMs
code generation capability: fine-tuning [104], merging [98], and model release which involves
introducing a new version within a model family (e.g., the release of GPT-4o-mini [95]).
Our assessment covers both open-source and proprietary LLMs. For open-source models, we
tested regression when updating to the fine-tuned and merged variants of the widely used
CodeLlama [89] and DeepSeek-Coder [90]. The selected variants were retrieved from Hug-
ging Face [237], prioritizing those with the highest number of downloads. For proprietary
models, we assessed regression when updating from GPT-3.5-turbo to GPT-4o and from
GPT-4o to GPT-4o-mini. The GPT family is among the most widely used model families for
code generation [23]. To ensure a comprehensive evaluation, we used two benchmarks: Hu-
manEval+ [37] (which consists of algorithmic problem-solving tasks) and BigCodeBench [131]
(which covers real-world software development tasks).
Across all tested scenarios, the most prevalent regressions occurred in logical correctness,
errors (syntax error and missing declaration/import), and performance, while readability
and maintainability were relatively stable. Based on our results, we recommend prioritizing
testing theses prevalent aspects before model adoption. Regarding the different adapta-
tion techniques, we observe that fine-tuning models on datasets from different programming
languages led to syntax errors, resulting in a regression of up to 12%. We observe that
LLMs merging can either mitigate or amplify regressions depending on the merged model
specialization and training objective. For instance, merging with general-purpose LLM (a
non-coding optimized LLM such as Llama2 [88]) introduced regression across various code
quality aspects, such as logical correctness, by up to 18%. Finally, regarding model releases,
GPT-4o exhibited regression in handling missing declaration/import compared to GPT-3.5-
turbo up to 50%. Additionally, GPT-4o-mini showed performance regressions compared to
GPT-4o; specifically, it regressed by 80% for execution time. For merging, selecting models
with coding capabilities helps mitigate regressions. Fine-tuning on datasets from different
programming languages increases syntax errors. These findings highlight the importance of
systematic regression testing to ensure reliable, high-quality updates in LLMOps workflows.
We recommend prioritizing evaluations of logical correctness, performance, and static errors
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before deploying updated models in production environments.
To summarize, in this study, we make the following contributions towards enhancing reliable
and trustworthy LLMOps pipelines::

• We propose ReCatcher, the first systematic LLM regression testing framework for
Python code generation across multiple code quality aspects.

• We use our proposed framework to assess the impact of model updates across three key
scenarios: fine-tuning, merging, and new model release.

• We open-source ReCatcher, providing a reusable and extensible regression testing frame-
work to support informed LLM updating decisions [238].

The remainder of this chapter is organized as follows: Section 6.1 introduces the efficiency
tests used for assessing LLM-generated Python code. Section 6.3 details how ReCatcher
integrates these tests to systematically assess regressions; presenting its main concepts and
workflow. Section 6.3 describes the experimental setup and analyzes the results. Section 6.5
discusses threats to validity.

6.1 Automating LLMs Code Generation Capability Assessment

To assess LLMs’ code generation capability, we focus on the generated code, as a more capa-
ble LLM should generate more efficient code. This approach aligns with existing methods,
such as CodeBLEU and pass@k [23], which also evaluate LLMs based on generated code. Di-
rectly assessing code efficiency is challenging due to its multi-faceted nature. To address this,
we take an inverse approach, identifying inefficiencies as a proxy for efficiency, mirroring two
sides of the same coin relationship between correctness and incorrectness [239]. By system-
atically detecting inefficiencies, we provide a structured way to assess LLM-generated code
beyond functional correctness, uncovering critical quality aspects that traditional evaluating
approaches overlook.
Prior studies have attempted to categorize LLM-generated code inefficiencies. For instance, [123,
127] focused on buggy code, grouping inefficiencies as underlying bug causes. However, in-
efficiencies are not limited to correctness errors. Moradi et al. [42] highlighted that even
syntactically and semantically correct code can still suffer from inefficiencies affecting read-
ability, maintainability, and performance. Building on this, our study takes a broader per-
spective on inefficiencies in LLM-generated code, considering issues regardless of correctness.
To systematically assess these inefficiencies, we rely on a structured taxonomy [232] serving
as foundation for developing dedicated efficiency tests, enabling a comprehensive evaluation
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of LLM-generated code quality. The used taxonomy groups inefficiencies into five main cat-
egories General Logic, Performance, Maintainability, Readability, and Errors further divided
into 19 sub-categories [232]. To ensure a structured assessment, we group these inefficiencies
into three key aspects: logical correctness, static code issues, and performance. Specifi-
cally, logical correctness is mapped to the General Logic (Wrong Logic, Partially Wrong
Logic, Wrong Method Input, and Exception/Corner Case Handling) category. Performance is
mapped to the Performance subcategories (Sub-optimal (Memory) and Sub-optimal (Time)).
Static code issues include Errors (Syntax Error, Missing Declaration/Import), Readability
(Confusing Variable Naming, Sub-readable Code), and Maintainability (Code Duplication,
Comment Duplication, Unnecessary Else, Unnecessary Conditional Block).
Inefficiencies are not unique to LLM-generated code, as human-written code is also susceptible
to them [240, 241]. Consequently, significant efforts have been made to develop tests for
inefficiency detection. Below, we outline existing methods and discuss how we leveraged
them to detect inefficiencies in LLM-generated code.

6.1.1 Logical correctness

According to the taxonomy of inefficiencies [232], General Logic subcategories share a com-
mon characteristic—their impact on logical correctness. The automation of logical correct-
ness assessment has been widely studied, with various approaches proposed in the literature.
Formal verification-based methods are particularly notable, employing concepts such as state
machines and symbolic execution [242]. However, such methods are inherently complex [243]
and involve substantial computational overhead [244]. With the emergence of LLMs, re-
searchers have also leveraged LLMs themselves as automated judges to evaluate code cor-
rectness. However, an LLM’s ability to generate correct code does not necessarily mean it
can accurately assess the correctness of other code [205].
Given these limitations, we opt for a more practical, stable and scalable approach: leveraging
unit tests to automate logical correctness assessment. Unit tests execute the code with pre-
defined inputs and compare the actual outputs to expected results. If a given code snippet
passes all tests associated with its initial task, it is considered logically correct; otherwise,
failures indicate inefficiencies in logic [245]. Despite potential challenges, such as incomplete
coverage and weak test suites, unit tests remain an effective tool for validating code cor-
rectness, as they can be complemented by generated-tests using tools like EvoSuite [233] or
by leveraging LLMs to enhance coverage [233, 246, 247]. In our approach, we do not explic-
itly automate the detection of all inefficiency subcategories within General Logic. Instead,
we focus on detecting their consequences—namely through test failures. This proxy-based
approach offers a practical solution for assessing logical correctness at a category level in



71

LLM-generated code.

6.1.2 Static Code Issues

Static code issues are patterns or structures in code that negatively impact software qual-
ity across various aspects, including readability, maintainability, and performance [234,248].
Static analysis offers an effective approach for identifying and detecting such inefficiencies
without requiring code execution [249]. This approach is fully automated, scalable, while
helping developers catch issues in the development process and significantly reducing the
time and effort needed for manual code review [250]. Several static analysis tools are avail-
able, ranging from general-purpose tools, that address common code issues, to specialized
tools focused on specific aspect of code such as security vulnerability detection. These tools
can be tailored to specific or support multiple programming languages. For instance, Sonar-
Qube [251] provides seamless integration with CI/CD pipelines and supports a wide range of
programming languages. Additionally PMD, as a cross programming language tool, includes
Copy-Paste Detector (PMD-CPD) for identifying code duplication using configurable rule
sets [252]. However, such tools often introduce significant overhead compared to more spe-
cialized solutions, such as linters [253]. Linters, typically designed for a single programming
language, are easier to integrate into IDEs and allow for custom rule extensions [254]. To
ensure scalability and effectiveness, we employ linters for detecting static code issues in LLM-
generated code. Specifically, we use Pylint [235], which is regarded as the most popular [255]
and efficient Python linter [256]. Pylint analyzes code by constructing an Abstract Syntax
Tree (AST) and applying a set of predefined, extensible rules. Detected issues are reported
and mapped to specific unique predefined messages [235]. To automate the detection of
static inefficiencies from the taxonomy [232], we mapped each inefficiency subcategory to its
corresponding Pylint messages by systematically running Pylint on a labeled inefficient code
dataset [232] and collecting its outputs. Most inefficiencies were mapped on a one-to-one
or one-to-many basis with Pylint messages, where violations of these messages indicate in-
efficiencies. However, certain inefficiencies required custom handling. For example, Missing
Import and Missing Variable Declaration subcategories from the Error category could not be
distinguished as Pylint reports both under the same messages for undefined symbols. Con-
sequently, we combined these two subcategories into a single test. Additionally, Pylint does
not natively detect Unnecessary Conditional Block inefficiency. To address this limitation,
we extended Pylint by defining a custom rule that flags patterns matching if condition:
return True|False. Pylint also lacks native support for code duplication detection. Rather
than extending Pylint for such a goal, we opted for an established external tool to ensure ac-
curacy and reliability. PMD-CPD detects structural similarities using token-based approach
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allowing it to detect duplications even if they slightly differ in terms of variable names or
formatting. Given its effectiveness and reliability, we utilized PMD-CPD to automate the
detection of code duplication and comment duplication, key subcategories in the taxonomy
of inefficiencies [257,258].

6.1.3 Performance

The Performance category in the used taxonomy is organized into several subcategories at
multiple levels [232]. In our study, we focus on detecting inefficiencies at top level, with-
out further subdividing them into finer-grained subcategories. Several methods exist for
automatically evaluating code performance. Static analysis, while applicable to performance
assessment, occasionally yields in incorrect results as performance inefficiencies are difficult
to detect without execution, potentially leading to unnecessary code changes [259]. Calotoiu
et al. [260] proposed a scalability bug detection approach, while various profiling techniques
have emerged [261]. However, these methods are limited to assessing performance at the scal-
ability level. AST-based approaches, such as those used in LeetCode [262], are common in
educational settings, though they are less effective for real-world code assessment. Assessing
the performance of LLM-generated code is challenging, as it requires determining whether a
given solution is optimal in terms of execution time and memory usage. Since our primary
goal is to compare the performance of generated-code from two models and detect potential
regressions, we adopt a direct performance efficiency comparison approach rather than eval-
uating a single solution in isolation. Specifically, we execute the LLM-generated code from
both models and profile their execution time and memory usage. We measure execution
time by recording the start and end times. For memory usage, we leverage tarcemalloc from
Python [263], allowing us to track the memory usage through execution. By leveraging this
direct comparison approach, we can effectively detect regressions, improvements, or stability
in LLM-generated code snippets across execution time and memory usage.

6.2 ReCatcher: LLMs Regression Testing Framework for Code Generation

In this section, we introduce ReCatcher, our LLMs regression testing framework for Python
code generation. We begin with an overview of the framework, then we provide a detailed
breakdown of its architecture.

6.2.1 Overview

ReCatcher takes as input two LLMs: a deployed actively used model (LLM) and a potential
replacement (LLM’), compares and generates a detailed regression report across various code
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aspects. The framework evaluates the code generation based on a benchmark of programming
tasks. ReCatcher follows a three-step process:

• Code Generation, where code snippets are generated for the code tasks reported in
the benchmarks, using both LLMs with repeated generation (m times) to mitigate
randomness;

• Test Execution, where efficiency tests are executed to assess logical correctness, static
issues, and performance. To ensure statistical robustness, performance tests are re-
peated n times; and

• Analysis, where test outputs are used to generate a comprehensive comparative report
comparing code generation capability between LLM and LLM’, highlighting improve-
ment and regression.

6.2.2 Architecture

Figure 6.1 illustrates ReCatcher’s architecture, which follows a modular, plugin-based ar-
chitecture providing flexibility and customization for testing LLMs. ReCatcher consists of
three main components: Code Generator, Test Suite, and Analyzer. Below, we describe each
component in detail.

LLM

LLM’

Plug-in 
benchmark

LLM’ generations

LLM generations

Code Generator

Logical 
Correctness

Static 
Analysis Performance

Test Suite Analyzer
Regression Report

LLM vs LLM’

Figure 6.1 ReCatcher Architecture: LLM Regression Testing Framework for Code Generation

Code Generator

This component is responsible for generating code using the two LLMs under test (LLM and
LLM’) based on a specified evaluation benchmark consisting of programming tasks. Since
LLM-generated code can be non-deterministic, the generation process is repeated m times
to mitigate randomness and ensure result consistency. The default repetition number is 10,
however, users can adjust according to their available resources and evaluation needs.
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ReCatcher allows users to integrate different code generation benchmarks. To ensure com-
patibility, the evaluation benchmark must meet two conditions: (i) be specifically designed
for Python code generation tasks, as the framework currently focuses exclusively on Python;
and (ii) include unit tests for each task, which are crucial for verifying logical correctness
and assessing performance. To extend ReCatcher with a new benchmark, users must imple-
ment an interface that allows the framework to interact with the benchmark and extract unit
tests. This integration ensures that ReCatcher can evaluate code generation against the newly
added benchmark. ReCatcher currently supports HumanEval+ [37] and BigCodeBench [131],
but additional benchmarks can be integrated. By supporting diverse evaluation scenarios,
ReCatcher ensures meaningful, actionable results across various use cases, making it a flexible
and extensible regression testing framework for LLM-generated code.

Test Suite

This component is the core of ReCatcher, responsible for assessing LLMs’ code generation
capability using the tests defined in Subsection 6.1. The Test Suite runs the tests on the code
generated by Code Generator across three code aspects: logical correctness, static code issues,
and performance. The collected test outputs are then passed to the component, Analyzer.
For logical correctness and static code issues, each test is conducted independently on every
generated code snippet for each LLM, task, and repetition.
Although unit tests, which assess logical correctness, can sometimes exhibit flaky behavior,
we did not observe flakiness in our experiments. Therefore, each unit test is executed once per
generated code snippet. As output, Test Suite outputs a labeled dataset, where each snippet
is annotated with detected inefficiencies. These results are aggregated to track inefficiency
occurrences across repetitions and LLMs for further analysis by the Analyzer component.
For performance testing, only functionally correct code is considered. If a generated code is
incorrect, its execution time or memory usage is irrelevant, as it does not fulfill the intended
task and could introduce misleading conclusions; for example, an LLM generating a faster
yet incorrect solution would not be a meaningful improvement. To ensure fair and reliable
comparisons, performance tests are conducted only when both LLMs generate correct code
for a given benchmark task. To mitigate execution randomness, each test is repeated n
times. The default test repetition is 5, however users can adjust according to their available
resources. Performance evaluation, supports two types of input data. If available, users can
provide large inputs in JSONL format to test LLMs’ performance under more demanding
conditions. The Test Suite executes the generated codes with large inputs, enabling perfor-
mance assessment under more demanding conditions. If large inputs are not available, Test
Suite utilizes all inputs from existing unit tests to conduct performance testing. In our study,
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large inputs were not available, so we conducted performance testing using inputs from unit
tests provided with the code generation benchmark. Test Suite generates a labeled dataset
associating each task with correct outputs from both LLMs with the distribution of execution
time and memory usage per LLM.
Test Suite is highly customizable to accommodate different user needs: tests can be enabled
or disabled based on the user’s evaluation priorities or resource constraints. Additionally,
Test Suite is easily extensible, allowing users to integrate custom tests by providing a simple
interface, ensuring smooth and consistent functionality within the ReCatcher framework.

Analyzer

This component processes the detailed outputs from Test Suite component and generates
a comprehensive report comparing the code generation capability of the two models under
evaluation (LLM and LLM’).
For logical correctness and static code issues, the Analyzer takes as input the number of
inefficiencies detected per repetition for each model.
The analysis begins by calculating the average number of detected inefficiencies per LLM,
then quantifying the impact using the percentage:

Percentage Difference = InefficienciesLLM−InefficienciesLLM’
Total Tasks in Benchmark × 100

A positive value indicates that LLM’ improves over LLM, whereas a negative value sug-
gests that LLM’ introduces regressions. The percentage differences are calculated per tested
code efficiency, providing fine-grained insights into areas where improvements or regressions
occur. For performance testing, the Analyzer evaluates the execution time and memory us-
age distributions for each task to determine whether one LLM-generated code significantly
outperforms the other. The task performance distribution is obtained from the Test Suite
component.
Since we consider only functionally correct code snippets for a given task, the resulting sam-
ples are independent non-paired. Under this condition, we apply Mann-Whitney U test,
a non-parametric statistical method designed for comparing two independent distributions.
Unlike parametric tests, Mann-Whitney U does not assume normality, making it more ap-
propriate for assessing differences in execution time and memory usage distributions between
LLM-generated code. The Mann-Whitney U test evaluates the statistical significance of per-
formance differences, determining whether an observed change indicates an improvement,
regression, or no significant difference. To ensure meaningful comparisons, we compute the
ratio of tasks where LLM’ exhibits improvements or regressions by normalizing against the
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total number of tasks in the benchmark. This normalization ensures that results remain
interpretable across different benchmarks and task distributions.
ReCatcher’s final report includes two key metrics: (i) the inefficiency difference rate of ineffi-
ciency differences observed for logical correctness and static code analysis between LLM and
LLM’ per test; and (ii) the ratio of tasks exhibiting performance regressions or improvements
based on execution time and memory usage. For users requiring more detailed and advanced
analysis beyond aggregated metrics, the Test Suite logs allow deeper investigation.

6.3 Experimental Setup and Results

In this section, we present how we use ReCatcher (see Subsection 6.2) to assess regression in
LLMs-based code generation. We evaluate three update scenarios for models:

• Scenario 1: Fine-tuning Impact – Examining how fine-tuning affects code genera-
tion capabilities of LLMs.

• Scenario 2: Merging Impact – Examining how merging affects LLMs-based code
generation.

• Scenario 3: Model Release Impact – Evaluating regressions introduced by new
versions of a model within a family of LLMs.

Initially, we detail the model and benchmark selection, then the experiments setup and
potential regression in code generation capability.

6.3.1 Model Selection

In this work, we study regression across three update scenarios for models: fine-tuning,
merging, and family model releases, for both open-source and proprietary models. For open-
source models, we selected CodeLlama-7B and DeepSeek-Coder-6.7B as base models due
to their widespread adoption and strong code generation capability on leaderboards among
7B-parameter models [93]. To effectively assess the influence of each scenario, we examined
them separately. Specifically, to isolate the impact of fine-tuning and merging, we choose two
variants per model (one fine-tuned and the other merged) from the HuggingFace Hub [237].
We prioritized variants that resulted from a single adaptation technique (either fine-tuning
or merging) and we reviewed their details (e.g., fine-tuning datasets, and merging methods)
through model cards. Selection was based on the highest number of downloads in Nov 2025
(last checked on Nov 27, 2024), with likes as a tiebreaker. The fine-tuned variants were
adapted using the Kotlin Exercises dataset [264], while the merged variants included: (i)
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CodeLlama-7B merged with Llama2-7B, and (ii) DeepSeek-Coder-7B merged with DeepSeek-
Coder Instruct and OpenCodeInterpreter-7B, both merged using the TIES technique [99]. For
proprietary models, we selected GPT family models: GPT-3.5-turbo, GPT-4o, and GPT-4o-
mini. When conducting this study, GPT-3.5 and GPT-4 represent the latest major releases,
while GPT-4o-mini was included for its cost-efficiency and comparable performance to GPT-
4o [93].

6.3.2 Benchmark Selection

We selected HumanEval+ [37] and BigCodeBench [131] as benchmarks to configure the Code
Generator component in ReCatcher. HumanEval+ is a widely used benchmark consisting of
164 manually crafted algorithmic tasks, each with unit tests for correctness assessment. While
effective in evaluating code generation [23], HumanEval+ is limited to algorithmic tasks and
does not include real-world software development challenges. To address this limitation, we
included BigCodeBench [131], which features 1,140 fine-grained tasks. The tasks require
LLMs to invoke functions from 139 libraries across 7 different domains. Each task includes
test cases, making it well-suited for effective evaluation of code generation. By combining
HumanEval+ and BigCodeBench, we ensure a robust evaluation across both algorithmic and
real-world programming tasks.

6.3.3 Experimental Setup

To systematically evaluate LLM capabilities through code inefficiencies, we designed a struc-
tured experimental setup covering code generation, test execution, and hardware configura-
tions.

Code-Generation Setup

When using the models to generate code for the benchmarks’ tasks, we consider the following
configurations:

• temperature = 0.1, to provide more accurate and deterministic outputs with minimal
randomness [199];

• max tokens = 2048, aiming to accommodate sufficiently long code generations;

• top-p = 0.95, to balance diversity and coherence in generated outputs;

• default prompt, the method signature and task description from the benchmarks
serve as input for the LLMs;

• model access, GPT models were queried on January 18, 2025.
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ReCatcher Setup

Aiming to support the reproducibility of our results and accounting for variations in gener-
ation and execution, we applied multiple trials:

• Code Generation Repetitions (n=10), each prompt (task) is generated 10 times
per model;

• Performance Test Repetition (m=5), each generated code snippet is executed 5
times.

Hardware Setup

To run our experiments, while aiming to reduce costs, we adopted different strategies, specif-
ically for the tasks in BigCodeBench, as they require more powerful computational resources.
Below, we detail the hardware setup in our study:

• Code Generation: NVIDIA A100 (32GB);

• Static Tests: 12 vCPUs with 32GB RAM;

• General Logic and Performance Tests: NVIDIA V100 (32GB).

6.3.4 Results

Table 6.1 summarizes the regression test results across the three update scenarios: fine-
tuning, merging, and model release. In the following, we analyze the results for each scenario,
highlighting key trends, regressions, and improvements in code generation capability.

Scenario 1: Fine-tuning Impact

For evaluating the impact of fine-tuning, we used (i) a fine-tuned variant of CodeLlama and
(ii) a fine-tuned variant of DeepSeek-Coder, both fine-tuned on the same dataset, Kotlin
Exercises [264]. The most significant regression between the original and fine-tuned vari-
ant is observed in Syntax Error. For example, the fine-tuned variant of CodeLlama, when
tested on HumanEval+, showed 12.93% regression in Syntax Error indicating a declined
capability to generate syntactically correct Python code. This regression, although varying
in intensity, is present across the two used benchmarks and also on the fine-tuned variant
of DeepSeek-Coder. A possible explanation is the nature of the fine-tuning dataset, which
consists of Kotlin code, whereas the evaluation is performed on Python code. Given the
significant syntactic differences between Kotlin and Python, fine-tuning may have disrupted
the model’s learned syntax, leading to more frequent syntax errors. However, for Missing
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Table 6.1 Regression Testing Results Across Model Update Scenarios

CodeLlama DeepSeek-Coder GPT Family
Fintuned vs

Original
Merged vs
Original

Fintuned vs
Original

Merged vs
Original

GPT
3.5 vs 4o

GPT
4o vs 4o-mini

HumanEval+

General Logic Incorrect Code 1.95% -18.72% 14.94% 25.98% 4.15% 3.48%

Errros Syntax Error -12.93% -9.02% -1.04% 1.22% -0.12% 0.55%
Missing

Declaration/Import -1.89% 3.54% 1.16% 0.79% -10.73% 10.55%

Maintainability

Code Duplication 2.07% -2.87% 1.16% 1.65% 5.06% -0.61%
Comment Duplication 4.51% -4.45% 2.44% 2.50% 0.00% 0.00%

Unnecessary Else 16.22% 7.80% 7.87% 7.44% 4.39% -0.24%
Unnecessary

Coditional Block 0.98% 1.89% 0.67% 1.10% 0.85% 0.18%

Readability
Confusing

Variable Naming 1.22% -0.18% 0.55% -1.28% 2.87% 0.00%

Sub-readable
Code 1.59% 1.22% 2.93% 2.38% 0.67% 0.00%

Performance

Memory Usage:
Improvement 0.61% 0.00% 0.61% 0.00% 0.61% 0.00%

Memory Usage:
Regression 0.00% 0.00% 1.83% 1.22% 0.00% 0.61%

Execution Time
Improvement 26.22% 10.98% 46.34% 48.17% 65.24% 0.61%

Execution Time
Regression 0.61% 0.00% 0.61% 1.22% 0.00% 80.49%

BigCodeBench

General Logic Incorrect Code 3.41% 6.71% 9.32% 1.95% -12.19% 11.39%

Errros Syntax Error -0.69% -30.77% -3.44% 0.26% -2.62% -0.25%
Missing

Declaration/Import 3.38% 2.55% 1.65% 1.54% -51.64% 28.31%

Maintainability

Code Duplication 3.47% -20.36% 1.49% 0.72% 1.13% -1.18%
Comment Duplication 10.16% 1.39% 0.39% 0.40% 0.03% 0.00%

Unnecessary Else 1.90% -1.90% 0.10% 0.08% 1.07% 0.78%
Unnecessary

Conditional Block -0.69% -0.21% -0.59% 0.01% 0.15% -0.01%

Readability
Confusing

Variable Naming -1.24% 3.60% 0.40% 0.31% 0.88% -0.23%

Sub-readable
Code -0.07% -0.14% 0.44% 0.30% 0.57% -0.02%

Performance

Memory Usage:
Improvement 0.35% 2.28% 1.23% 2.72% 0.96% 0.61%

Memory Usage:
Regression 0.61% 1.49% 0.61% 9.04% 0.88% 1.32%

Execution Time
Improvement 9.74% 26.84% 32.54% 34.82% 10.44% 21.14%

Execution Time
Regression 11.93% 1.32% 8.16% 5.53% 20.00% 15.35%
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Declaration/Import, although related to programming language, we did not notice regres-
sion (only fine-tuned CodeLlama on HumanEval+, which showed only 1.89% regression),
instead, we noticed a minor improvement in handling missing imports with a maximum of
3.38%. These results suggest that while Syntax Error were heavily impacted by language
differences, Missing Declaration/Import remained relatively stable, likely because such errors
are linked to semantic understanding rather than strict syntax rules.
Despite the regression in Syntax Error, we observed an overall improvement in General Logic.
The improvement regarding General Logic may be greater than the reported values since some
logically correct implementations could not be evaluated due to syntax-related execution
failures. Regarding Maintainability, fine-tuned variants showed improvement particularly in
Comment Duplication. The CodeLlama variant improved by 10.16% in Comment Duplica-
tion on BigCodeBench, while DeepSeek-Coder showed an improvement, though to a lesser
extent. One possible reason for this improvement is that DeepSeek-Coder was trained from
scratch on a large-scale code dataset, making it better at handling redundancy and duplica-
tion. Additionally, we observed an improvement in Unnecessary Else statements, by 16.22%
and 7.87%, for the fine-tuned variant of CodeLlama and DeepSeek-Coder, respectively. Such
an improvement suggests that fine-tuning, even on a different programming language, may
help LLMs generate more concise and structured conditional statements, improving main-
tainability.
The impact of fine-tuning on Readability was limited, with percentage difference ranging be-
tween -1.24% and 2.93% across models. In terms of memory usage, we observed no significant
difference across models. However, for execution time, fine-tuning had mixed effects. The
DeepSeek-Coder fine-tuned model on BigCodeBench showed a 46.34% improvement in exe-
cution time, whereas the fine-tuned CodeLlama model exhibited a slight 2% net regression
(+9.74% and -11.93%, for improvement and regression, respectively). Our results suggest
that the impact of fine-tuning remains consistent when the same dataset is used for fine-
tuning. However, when fine-tuning is performed on coding tasks from different programming
languages, it can enhance logical reasoning but may also introduce syntax errors.

Scenario 2: Merging Impact

For evaluating the merging adaptation, we considered two merged variants: (i) CodeLlama
merged with Llama2 and (ii) DeepSeek-Coder merged with OpenCodeInterpreter [204].
The CodeLlama merged variant exhibited a regression of 30.77% in Syntax Error on Big-
CodeBench and 18.72% on HumanEval+. This regression may be due to the merging process
incorporating a general-purpose model (Llama2) not optimized for code generation, leading to
syntax inconsistencies. The regression on Syntax Error may explain the regression of 18.72%
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in logical correctness on HumanEval+. However General Logic improved by 6.71% on Big-
CodeBench. The actual improvement might be higher but we cannot precisely quantify it,
because of syntax errors. The merging impact difference between benchmarks may indicate
that General Logic is more affected in algorithmic-style tasks (as seen in HumanEval+) rather
than in real-world programming tasks spanning diverse domains such as machine learning
and data analytics (as covered by BigCodeBench). Regarding Missing Declaration/Import,
we observe an improvement of 3.54% when tested on HumanEval+, suggesting that merging
impact on Syntax Error is more pronounced than on Missing Declaration/Import.
For Maintainability, we observed a significant regression of 20.36% in Code Duplication on
BigCodeBench. This regression suggests that merging with general-purpose LLM, which lacks
code-specific optimization, may lead to inconsistent coding patterns, increasing redundancy.
Regarding Readability, the impact remained minimal with differences rates ranging from
3.60% to -0.18%, highlighting that merging influences the syntax structure more than the
overall readability. For Performance, memory usage remained unchanged, while execution
time improved by 26.84% on BigCodeBench and 10.98% on HumanEval+.
Regarding the DeepSeek-Coder merged model, we observed overall improvements across all
code aspects except for a minor minor exception regression regression of 1.28% in Confus-
ing Variable Naming on HumanEval+. The improvements were overall more pronounced
on HumanEval+, while BigCodeBench shows overall marginal improvements, possibly be-
cause the merged model (OpenCodeInterpreter) was trained on LeetCode-style programmatic
tasks [204], which resembles HumanEval+. General Logic showed improvement of 25.98% on
HumanEval+ and only 2% on BigCodeBench. Performance showed a notable improvement
of 48.18% on HumanEval+ and 34.82% on BigCodeBench regarding execution time. This
improvement may suggest that merging with a model trained on LeetCode-style tasks em-
phasizes performance optimization, as these tasks prioritize algorithmic efficiency, minimal
computation, and optimized execution paths. However, memory usage showed a net regres-
sion of approximately 6% on BigCodeBench and only 1% HumanEval+. For Unnecessary
Else, we observed an improvement of 7.87% when tested on HumanEval+, while results re-
main stable on BigCodeBench. For the other code aspects, Readability, Maintainability and
Errors, we have seen minimal variations with differences in rates lower than 2%.
These findings emphasize that model selection plays a crucial role in merging, as it can either
mitigate or amplify regressions in code generation capabilities.

Scenario 3: Model Release Impact

To assess the impact of model release, we studied two release scenarios: (i) migration from
GPT-3.5-turbo to GPT-4o and (ii) migration from GPT-4o to GPT-4o-mini.
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Experiment 1: Migration from GPT-3.5-turbo to GPT-4o GPT-4o exhibited a sig-
nificant regression in Missing Declaration/Import of 10.73% on HumanEval+ and 51.64%
on BigCodeBench. The regression is more pronounced in BigCodeBench, which can be at-
tributed to its greater diversity across tasks beyond algorithmic problem-solving, requiring a
wider range of libraries. Prior studies have also highlighted GPT models’ challenges in han-
dling external libraries and issues with deprecated or incorrectly referenced methods, further
reinforcing this observation [219]. We also observed a small regression in Syntax Errors of
2.62% on BigCodeBench. Both Missing Declaration/Import and Syntax Error directly im-
pact the assessment of General Logic by preventing the execution of test cases, as these errors
cause the program to fail during runtime. The combined effect of these regressions in Missing
Declaration/Import and Syntax Error contributed to the 12.19% regression in General Logic
on BigCodeBench. Interestingly, although HumanEval+ exhibited a 10.73% regression in
Missing Declaration/Import, it still showed a 4.15% improvement in General Logic. Regard-
ing Performance, we observed a notable improvement in execution time efficiency by 65.24%
on HumanEval+ and a net regression of approximately 10% on BigCodeBench. Finally,
GPT-4o demonstrated a slight improvement in Maintainability, of 5.06% in Code Duplica-
tion, suggesting a minor structural improvement in generated code despite other regressions.
Although GPT-4o exhibited regressions across multiple aspects, it is still widely considered
more capable than GPT-3.5-turbo. These findings highlight the importance of a compre-
hensive regression testing framework that evaluates models beyond predefined correctness
benchmarks, ensuring a well-rounded assessment of code quality and performance.

Experiment 2: Migration from GPT-4o to GPT-4o-mini GPT-4o-mini demon-
strated minimal variations when compared with GPT-4o. Readability, Maintainability, and
Syntax Error remained largely unchanged, indicating that the smaller model preserved many
of GPT-4o’s code generation capabilities. Despite being a smaller and more cost-effective,
GPT-4o-mini outperforms GPT-4o showing an 11.39% improvement in General Logic on
BigCodeBench. Additionally, its handling of Missing Declaration/Import improved by up to
28.31% on BigCodeBench. However, the most significant regression was observed in execu-
tion time. GPT-4o-mini exhibited an 80.49% regression on HumanEval+, while showing a
slight improvement of 5% on BigCodeBench. This regression indicates that the execution
time of code snippets generated by GPT-4o-mini increased significantly for algorithmic tasks
that require optimization, such as those in HumanEval+.
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6.4 Key Takeaways

This study highlights that while LLMs’ code generation capability is continuously evolving,
improvements and regressions occur across various code aspects. Trade-offs are common,
where gains in one aspect may come at the expense of regressions in another. The most
volatile code aspects we observed are General Logic, Errors (Syntax Error, Missing Declara-
tion/Import) and Execution Time. Based on our findings, we recommend prioritizing these
aspects in regression testing before migration. However, memory usage remained relatively
stable across most model updates. Comprehensive testing is essential before adopting a new
model, as higher capability claims do not always translate to improvements in all code as-
pects. For instance, GPT-4o exhibited regressions compared to GPT-3.5-turbo, underscoring
the need for empirical validation over assumed superiority.
Regarding the model adaptations, for fine-tuning, selecting a training dataset that aligns with
the target programming language is crucial. Mismatches between the fine-tuning dataset
and the intended use case can introduce syntax errors and logic inconsistencies. For model
merging, reviewing the training process of the merged models is essential, as the choice of
merged models directly impacts code generation capability. To preserve code quality and
minimize regressions, merging should prioritize models trained specifically for coding tasks,
ideally within a domain relevant to the user’s needs.
Regarding the applicability of ReCatcher, we advocate that it provides a structured frame-
work for practitioners and model maintainers to assess trade-offs introduced by model up-
dates. By systematically analyzing regressions across multiple code aspects, ReCatcher can
serve as a benchmarking tool or integrated into a leaderboard enabling continuous tracking
of model performance over time.

6.5 Threats to Validity

Construct Validity. The proposed test for detecting static code inefficiencies may introduce
faults, potentially affecting the results. To address this, we relied on proved and widely used
tools: Pylint [235] for static analysis and CPD [252] for duplication detection which has
been validated in previous research [255–258]. For performance testing, we acknowledge that
executing unit tests alone does not fully capture performance bottlenecks. To address this,
ReCatcher also supports testing using large inputs. For logical correctness, we recognize
that unit tests may have limited coverage. However, this can be improved by generating
additional tests using tools such as EvoSuite [233]. Finally, ReCatcher builds its tests on a
taxonomy of inefficiencies, which covers a broad range of issues but may still overlook certain
aspects. To address this, we designed ReCatcher to be easily extensible, allowing users to
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integrate additional tests as needed.
Internal Validity. Non-determinism in LLM-generated outputs may introduce bias in our re-
sults. To mitigate this, we repeated the generation process 10 times. Additionally, we set the
temperature to 0.1 to limit randomness and reduce variability in outputs. For performance
evaluation, each execution was repeated 5 times to minimize fluctuations. To ensure that
performance measurements were not affected by external system interference, we conducted
the assessments in an isolated environment with no other running processes. Instead of rely-
ing solely on average comparisons, we used Mann-Whitney U test to ensure the reliability of
our findings. This approach provides a more robust assessment of regression between mod-
els, accounting for variations beyond simple mean comparisons. Another potential threat is
the interdependence of test results. Certain inefficiencies, such as syntax errors and missing
declarations/imports, directly impact logical correctness. This interdependency could mis-
estimate logical correctness issues, as some logically correct code may not reach execution.
Automatically assessing logical correctness in the presence of syntax errors and missing decla-
rations is inherently challenging. However, if a code snippet requires manual intervention for
basic fixes before execution, it is not fully reliable, making its logical correctness evaluation
less relevant in practical scenarios.
External Validity. Our study focuses on a specific set of models, analyzing their behavior
under fine-tuning, merging, and new model releases. While these insights are valuable for
understanding model regression, our findings may not generalize to LLMs with different ar-
chitectures, training strategies, or fine-tuning datasets. To evaluate fine-tuning and merging,
we selected one fine-tuned and one merged variant per model. Selection was based on the
highest number of downloads and well-documented model cards available on Hugging Face.
While this ensures that the chosen models are widely used and sufficiently documented,
other fine-tuned or merged variants may exhibit different behaviors. Our findings are also
influenced by the chosen benchmarks, which may limit generalizability. To mitigate this,
we used two complementary benchmarks: HumanEval+ [37], a widely adopted benchmark
for assessing LLM code generation performance, and BigCodeBench [131], which includes a
diverse set of real-world programming tasks beyond algorithmic problem-solving. To enhance
reproducibility and support research, we provide a replication package [238] containing the
generated code snippets, test results, and the ReCatcher source code.
Conclusion Validity. Our conclusions are based on quantitative analysis using automated
tools, relying on Hugging Face model cards for information about model fine-tuning and
merging. However, since not all model cards provide complete details, this could influence
the interpretation of certain results. To mitigate this, we selected only highly downloaded
Hugging Face models with comprehensive model cards that included details on fine-tuning
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datasets, merged models, and applied techniques. For OpenAI models, we conducted a
thorough review of their website and research papers to gather the necessary information.

6.6 Chapter Summary

In this chapter, we introduced ReCatcher, the first systematic LLMs regression testing frame-
work for python code generation. ReCatcher enables a comprehensive regression testing
between LLMs by assessing logical correctness, static code quality, and performance effi-
ciency. We used ReCatcher to test regression across three scenarios: fine-tuning, merging,
and model release on CodeLlama, DeepSeek-Coder and GPT-family models. Our findings
highlight key trends: (i) the dataset used for fine-tuning can introduce syntax regression, (ii)
model merging with general purpose LLM may amplify overall regression, and (iii) GPT-4o
exhibits regressions in handling missing imports compared to GPT-3.5-turbo, while GPT-4o-
mini shows performance regressions in execution time. By detecting regressions, ReCatcher
enables practitioners to detect reliability risks before model deployment—making LLMOps
pipelines more robust and trustworthy. It allows developers and teams to track regressions
beyond correctness and empowers them to make informed decisions when updating or inte-
grating LLMs in real-world systems.
ReCatcher is open-sourced to encourage adoption and further research, and we envision future
enhancements including distribution-aware regression detection and task-difficulty–sensitive
analysis. These directions aim to provide even deeper insights into LLM evolution and
strengthen the reliability of LLMOps pipelines for code generation tasks.
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CHAPTER 7 CONCLUSION

In this chapter, we conclude the thesis and summarize our findings. In addition, we will
discuss the limitations of our studies and the directions for future work

7.1 Summary

ML models and LLMs have demonstrated their ability to automate a wide range of tasks,
from industrial inspection to code generation. With their growing capabilities, these models
are increasingly integrated into larger AI-based systems. To ensure reliable and trustworthy
systems in dynamic production environments, it is essential that the underlying models
are continuously delivered and updated with more capable or better-adapted models to the
production environment. Managing the lifecycle of ML models and LLMs has given rise to
the fields of MLOps and LLMOps, which provide a set of tools and best practices to automate
various stages of model development, deployment, and monitoring. These practices include
CT to adapt to evolving data, automated models evaluation on production data to ensure
that newly deployed models do not degrade in performance. While MLOps and LLMOps offer
significant benefits in terms of automation and scalability, they also introduce limitations that
can compromise the reliability of AI-based systems if not carefully managed. For instance,
incorporating noisy, drifted, or incorrectly auto-labeled data into a CT workflow can lead to
catastrophic forgetting. Inadequate validation of newly trained models before deployment
may result in misleading evaluations and ultimately lead to performance degradation.
This thesis aims to enhance the reliability and trustworthiness of MLOps and LLMOps
pipelines. More specifically, it introduces: (i) MLOps - a CT-based MLOps pipeline main-
tenance approach, which leverages a two-stage filtering mechanism to automatically label
data and eliminate drifted or noisy inputs, ensuring stable model updates in dynamic envi-
ronments; and (ii) LLMOps - a comprehensive taxonomy of inefficiencies in LLM-generated
code, along with a regression testing framework that enables more reliable model evaluation
and safer model updates, ultimately supporting dependable LLMOps workflows
In the following we provide an overview of the studies and approaches presented in the thesis.

• Trimming the Risk: Towards Reliable Continuous Training for Deep Learning Inspec-
tion Systems

We introduce a novel two-stage filter to trim the risks in CT using self-generated labels
in dynamic production environment. First, we use calibrated confidence scores to elim-
inate risky data. Second, we employ Variational Auto Encoder (VAE) and Histogram
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to encode rich image embeddings to filter significantly shifted risky data. The accepted
subset is suitable for reliable maintenance of inspection system models. Our evaluation
on two industrial inspection systems demonstrates that our approach passes less than
9% of false predictions, leading to an increase of F1-score up to 14% on critical pro-
duction data. We discover limitations of supervised learning algorithms such as their
inability to self-learn new defects and their reliance on human verification. Even if our
reliable CT approach is applied for successive cycles, the model could not capture new
defect patterns that are not similar to the ones from in-distribution.

• A Taxonomy of Inefficiencies in LLM-Generated Code

We systematically investigated inefficiencies in LLM-generated code and introduced a
taxonomy categorizing them into 5 categories: General Logic, Performance, Readability,
Maintainability, and Errors, with 19 specific subcategories. We validated the taxon-
omy through a survey of 58 practitioners and researchers, who largely confirmed its
completeness and affirmed the relevance and prevalence of the identified inefficiencies
in real-world scenarios. Our findings reveal a critical gap in the ability of LLMs to gen-
erate efficient code. General Logic and Performance inefficiencies emerged as the most
frequent and relevant inefficiencies, often co-occurring with Maintainability and Read-
ability highlighting their impact on overall LLM-generated code quality. This study
provides a structured basis for evaluating LLM-generated code, facilitating efficiency
comparisons, and guiding future improvements in LLMs for code generation.

• ReCatcher: Towards LLMs Regression Testing for Code Generation

We propose ReCatcher, the first systematic LLMs regression testing framework for
python code generation. ReCatcher enables a comprehensive regression testing between
LLMs by assessing logical correctness, static code quality, and performance efficiency.
We used ReCatcher to test regression across three scenarios: fine-tuning, merging,
and model release on CodeLlama, DeepSeek-Coder and GPT-family models. Our find-
ings highlight key trends: (i) the dataset used for fine-tuning can introduce syntax
regression, (ii) model merging with general purpose LLM may amplify overall regres-
sion, and (iii) GPT-4o exhibits regressions in handling missing imports compared to
GPT-3.5-turbo, while GPT-4o-mini shows performance regressions in execution time.
We believe ReCatcher can promote further research and real-world adoption, assisting
users in making informed decisions about model updates.

The research studies presented in this thesis jointly work toward strengthening the reliability
and trustworthiness of AI-based systems by addressing key gaps in both MLOps and LLMOps
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practices. In the context of MLOps, our proposed CT-based maintenance approach mitigates
the risks of performance degradation due to noisy or shifted data in dynamic environments.
By introducing a robust two-stage filtering mechanism, this work ensures that only reliable
and relevant samples are used for model updates—thereby supporting safer and more stable
deployment cycles in industrial systems. On the LLMOps side, the taxonomy of inefficiencies
in LLM-generated code provides a foundational framework for understanding and categoriz-
ing reliability concerns in code outputs. It offers actionable insights for both researchers and
practitioners to evaluate LLM performance beyond accuracy. Furthermore, the ReCatcher
framework introduces the much-needed ability to perform systematic regression testing across
LLM variants and versions. This allows for safer model updates by detecting regressions in
logic, performance, or code quality—paving the way for more robust LLMOps pipelines. To-
gether, these contributions represent meaningful steps toward building dependable pipelines
for developing, deploying, and evolving ML and LLM models. They advocate for structured
evaluation, continuous monitoring, and safe adaptation—cornerstones for trustworthy and
reliable AI-based systems.

7.2 Limitations and Future Work

In this section, we discuss the limitations of our studies and potential directions for future
research.

Limitations

In the MLOps context, our CT pipeline was evaluated exclusively on visual inspection sys-
tems. While these systems are representative of real-world industrial deployments, the gen-
eralizability of the approach to other domains remains untested. Furthermore, although our
two-stage filtering approach was shown to effectively reduce the risks of performance degra-
dation by eliminating noisy or drifted data, we did not benchmark it against existing drift
mitigation strategies. This limits our ability to quantify the exact improvements introduced
by our pipeline. Another limitation is the manual calibration of confidence and distribution
thresholds used during filtering. These thresholds were tuned empirically for our datasets,
but such manual processes may not scale across different environments or adapt dynamically
as data evolves.
In the LLMOps part of this thesis, the inefficiency taxonomy and ReCatcher framework
were developed and validated using only Python code. While Python is widely used, the
conclusions may not hold for other languages or domains. Additionally, the regression testing
framework was evaluated in isolation from real-world software development workflows. We
did not assess how developers interact with the tool in iterative code generation settings
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or how it integrates into their day-to-day LLMOps pipelines. As such, the usability and
adoption potential of ReCatcher in practice remains to be validated.

Future Work

There are several promising directions for future research building on this work. In the
context of MLOps, our continuous training (CT) pipeline could be extended to additional
domains such as medical imaging and remote sensing, which are also affected by distribu-
tion shifts and evolving data conditions. Evaluating the approach in these settings would
offer deeper insights into its robustness, adaptability, and generalizability beyond indus-
trial inspection. To broaden the applicability of the pipeline, future work may explore its
adaptation to unsupervised learning models, which are increasingly adopted in visual inspec-
tion and other domains. Supporting unsupervised settings would require rethinking both
drift detection and data selection strategies in the absence of labels. The current pipeline’s
reliance on manually calibrated thresholds presents a scalability challenge. Integrating adap-
tive or data-driven thresholding techniques—such as Bayesian optimization, reinforcement
learning, or meta-learning—could improve automation by dynamically adjusting thresholds
based on observed drift severity or model feedback. Further improvements may stem from
investigating advanced auto-labeling strategies. Rather than relying solely on confidence cal-
ibration, future approaches could integrate drift detection, mislabeled sample identification,
and self-supervised or semi-supervised labeling to enhance labeling accuracy and coverage.
Integrating online or continual learning algorithms also represents a key opportunity. These
would enable the system to incrementally adapt to incoming data streams, reducing depen-
dence on periodic retraining and improving responsiveness in production environments. To
optimize training efficiency, smarter data selection methods could be adopted. Techniques
like data distillation, core-set selection, or importance-based sampling can help prioritize the
most informative samples, avoiding redundant or low-impact retraining. Finally, extending
the pipeline with rigorous model validation under real-world deployment constraints—such as
A/B testing, canary releases, or shadow deployments—can provide controlled, empirical com-
parisons between retrained and baseline models. These strategies help ensure performance
and reliability prior to full-scale rollout.
Regarding LLMOps, several research avenues emerge from our findings. One direction in-
volves expanding the inefficiency taxonomy to cover a broader set of programming languages
and code generation tasks, including those related to web development, machine learning
pipelines, and security-sensitive applications. This expansion would improve the taxonomy’s
generalizability and practical value. Another opportunity lies in comparing inefficiencies
in human-written versus LLM-generated code, which may uncover whether LLMs intro-
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duce novel inefficiencies or merely reproduce patterns found in human code. Our ReCatcher
framework could also be extended to support more programming languages and incorporate
evaluations of non-functional aspects such as readability, maintainability, and performance.
Enhancing the tool with a graphical user interface could further facilitate adoption by devel-
opers. To encourage broader model assessment, a public leaderboard could be introduced to
benchmark LLMs across a range of inefficiency metrics—beyond correctness—enabling more
informed model selection by practitioners and researchers. Deeper investigation into the
root causes of regressions in LLM variants, including the roles of training data, fine-tuning
strategies, and architectural changes, could help illuminate model reliability. Integrating
regression testing into development workflows and incorporating user feedback would also
provide practical insights into tool usability and effectiveness.
Finally, expanding the reliability evaluation scope to include additional dimensions—such as
fairness, explainability, or adversarial robustness—would support a more holistic understand-
ing of trustworthiness in MLOps and LLMOps pipelines. Combining our CT strategy with
complementary retraining methods or alternative drift detection techniques may further lead
to resilient hybrid systems.
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