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ABSTRACT

AT AGENTS FOR KUBERNETES INCIDENT REMEDIATION: EVALUATING
THE REFLEXION FRAMEWORK

Mustafa Mert Stierkan
Master of Science, Computer Engineering
Supervisor: Assist. Prof. Dr. Emin Kugu

Co-Supervisor: Assist. Prof. Dr. Hakan Emekeci

January, 2026

Kubernetes has become a standard technology used in many infrastructures worldwide
for container orchestration. However, troubleshooting errors in a Kubernetes
environment requires expert knowledge. Existing solutions within Kubernetes, such as
Horizontal Pod Autoscaler and Vertical Pod Autoscaler, offer limited autonomous
correction capabilities. This thesis analyzes the effectiveness of the Reflexion
Framework, which uses a verbal reinforcement learning approach to autonomously
troubleshoot problems in a Kubernetes environment. During the experiment, 1,500
structured tests were completed with five Claude models, ten troubleshooting
scenarios, and three experimental configurations (baseline, two-attempt, and full
Reflexion). The results show that allowing the agents a second attempt increases the
success rate from 38.6% to 68.4%. The addition of the Reflexion component results in
a large increase of 12 percentage points for troubleshooting situations involving
several failures that need to be treated together but shows little improvement for
situations involving a single failure. The capacity of the models was also an important
determinant of the Reflexion results, with the strongest results for the medium-capacity
models; the low-capacity models were unable to make effective use of the Reflexion

content. Strong models show ceiling effects that achieve high success rates without



requiring reflection because high-capability models already succeeded on the second
attempt without explicit reflection. Considering speed, success, and cost, medium-
capacity models were observed as the optimal solution. These results show that
Reflexion is not always beneficial, but it provides significant value when used in

complex problems with appropriate model selection.

Keywords: Kubernetes, LLM Agents, Reflexion, Autonomous Operations, DevOps



OZET

YAPAY ZEKA ILE KUBERNETES ORTAMINDA HATA GIDERME:
REFLEXION CERCEVESININ DEGERLENDIRILMESI

Mustafa Mert Siierkan
Yiiksek Lisans Bilgisayar Miihendisligi
Tez Yoneticisi: Dr. Ogr. Uyesi Emin Kugu

Ortak Tez Yéneticisi: Dr. Ogr. Uyesi Hakan Emekci

Ocak, 2026

Kubernetes, diinya capinda bir¢ok altyapida konteyner yonetimi i¢in kullanilan
standart bir teknoloji haline gelmistir. Bununla birlikte, Kubernetes ortamindaki
hatalarin giderilmesi i¢in uzman bilgisi de gereklidir. Kubernetes i¢indeki mevcut
¢oziimler smirli otonom diizeltme yetenekleri sunmaktadir. Bu tez, Kubernetes
ortamindaki sorunlar1 otonom olarak gidermek i¢in sozel pekistirmeli 6grenme
yaklagimini  kullanan Reflexion Cercevesinin etkinligini analiz etmektedir.
Deneylerde, 5 Claude modeli, 10 sorun giderme senaryosu ve ii¢ farkli deney diizeni
(temel, iki denemeli, tam Reflexion) kullanilarak 1,500 ayr test yapilmistir. Sonuglar,
ajanlara ikinci bir deneme sansi verilmesinin basari oranini %38,6'dan %68,4'e
cikardigini1 gostermektedir. Reflexion mekanizmasi dahil edildiginde, teshis ve onarim
gerektiren ¢coklu problem oldugu durumlarda +%12'lik 6nemli bir iyilesme saglarken,
tek problem verilen senaryolarda ithmal edilebilir bir 1yilesme gdstermektedir. Model
kapasitesi de Reflexion etkisini belirleyen 6nemli bir faktordiir ve orta kapasiteli
modellerle kullanildiginda en biiyiik fayday1 saglarken, zayif modeller ise Reflexion
icerigini verimli bir sekilde kullanamadiklar1 gézlemlenmistir. Yapilan deneylerde

bircok durumda, giiclii modeller, Reflexion gerektirmeden yiiksek basar1 oranlarina

Vi



ulagarak en i1yi sonuglar1 elde etmistir, ¢iinkii yliksek kapasiteli modeller Reflexion
olmadan da ikinci denemede basarili olmaktadir. Hiz, basar1 ve maliyet g6z Oniine
alindiginda ise, orta kapasiteli modeller optimal ¢6ziim olarak goézlemlendi. Bu
sonuclar, Reflexion ¢ergevesinin her zaman faydali olmadigini, ancak uygun model
secimiyle karmagik problemlerde kullanildiginda onemli bir deger sagladigimi

gostermektedir.

Anahtar Kelimeler: Kubernetes, LLM Ajanlari, Reflexion, Otonom Operasyonlar,

DevOps
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CHAPTER 1
INTRODUCTION

Cloud technologies have spread widely across various business sectors and core
infrastructure systems. In these systems, container-based applications are generally
maintained using container orchestration tools. However, the management of the
containers in such complex systems has become a crucial task. As Cloud Native
Computing Foundation research indicates, Kubernetes reached industry-wide
recognition by 2023 and has been widely adopted since then. Also, the adoption or
investigation level of cloud organizations to use Kubernetes now remains at 84%
(Cloud Native Computing Foundation, 2023). This application allows for the
distribution of the containers across clusters consisting of many machines using
flexible and secured processes. But the complexity involved in the architecture of the
Kubernetes platform has made the administration of the system challenging. DevOps
practitioners engaged in such an environment are often left with difficulties to quickly
recognize the relevant Kubernetes component contributing to the problem, thereby
requiring manual intervention. Mean Time to Recovery (MTTR), an essential measure
to evaluate the time to fix any issues occurring within the Kubernetes environment,
takes considerably longer, with 82% of organizations taking over an hour to fix issues
in 2024 (CNCF, 2024). Currently available solutions for the Kubernetes platform work
to decrease MTTR. But they possess limited self-correcting properties. For example,
built-in components such as Horizontal Pod Autoscaler (HPA), and Vertical Pod
Autoscaler (VPA), work to automate scaling and are responsible for monitoring the
cluster in real time. There are various other systems such as Prometheus (Prometheus
- Monitoring System and Time Series Database, n.d.) and Grafana (Grafana - The
Open Observability Platform, n.d.) which assist DevOps practitioners in monitoring
the cluster. Recently, large language models (LLMs) and their agents are being broadly
considered for such purposes because of their code-generation, reasoning, problem-

solving skills (Wang et al., 2024).



1.1 Problem Definition

System administrators and developers struggle with troubleshooting and debugging
because of the complexity of the Kubernetes architecture. The components within the
Kubernetes platform, such as pods, services, deployments, and configmaps, are a
major cause of this difficulty. Therefore, a problem in one component can trigger a
chain reaction. When resolving these issues, developers typically first check the logs
using kubectl commands and the cluster's resource status. They also check general
configuration settings, which require significant manual effort and increase MTTR.
Finally, they implement and verify the solution they have found. Mechanisms exist
within Kubernetes that can automatically resolve some scaling issues; for example,
HPA and VPA only provide resource scaling. K8sGPT (Jones, Alex, 2023), which
offers an Al-powered solution, provides problem detection support, and Kubelntellect
(Ardebili & Bartolini, 2025) provides solutions to problems with the help of multi-
agent orchestration but does not include a self-reflection mechanism for learning from
failures. Today, ensuring 24/7 uninterrupted operation in production environments is
critical; this increases the need for autonomous systems that are capable not only of

fault detection but also of correction and learning from past experiences.

1.2 Research Question

This thesis examines the effectiveness of LLM-based autonomous agents in
troubleshooting tasks in a Kubernetes environment, and in particular, the contribution
of the Reflexion framework (Shinn et al., 2023) to this process. The Reflexion
framework is a verbal reinforcement learning technique that provides learning through
natural language feedback without updating model weights, unlike traditional
reinforcement learning. The Reflexion framework can utilize ReAct (Yao, Zhao, et al.,
2023) as its Actor component and this approach allows agents to reason before acting

and learn from their failed attempts.
The research questions in this thesis are defined as follows:

RQI1: To what extent does the Reflexion framework increase the success rate in

Kubernetes troubleshooting tasks?



RQ2: How does the effectiveness of Reflexion vary depending on the complexity of

the problem (single failure vs. multiple failure scenarios)?
RQ3: How does model capacity affect the effectiveness of the Reflexion mechanism?

RQ4: How should the optimal model and configuration be selected in terms of cost,

speed, and success rate?

1.3 Contributions

The main contributions of this thesis are the first application of the Reflexion
framework to Kubernetes troubleshooting and the design of an autonomous agent
system equipped with an episodic memory mechanism. 1,500 controlled experiments
were conducted using five different Claude models, ten different troubleshooting
scenarios, and three experimental configurations. In addition, an ablation study was
designed to isolate the effects of the two-try and Reflexion mechanisms separately and
identify the component responsible for performance improvement. Finally, it was
shown that the Reflexion framework does not always work for all Kubernetes
problems, that it provides conditional benefits depending on problem complexity and
model capacity, and that practical suggestions were offered for model selection that

balance cost, speed, and success rate.

1.4 Structure of Thesis

This thesis consists of eight chapters. Chapter 1 presents the study's motivation,
problem definition, research questions, and contributions. Chapter 2 reviews relevant
studies in the fields of Kubernetes automation, AIOps, and LLM-based agents. Chapter
3 provides background information on Kubernetes fundamentals, LLM-based agents,
and the Reflexion framework. Chapter 4 details the architecture, agent components,
and Reflexion cycle of the proposed system. Chapter 5 describes experimental setup,
test scenarios, models used, and evaluation metrics. Chapter 6 presents experimental
results with tables and graphs. Chapter 7 discusses the findings, addresses validity
threats, and limitations. Chapter 8 summarizes the results, presents the implications,

and suggests future work.



CHAPTER 2
LITERATURE REVIEW

2.1 Kubernetes and Cloud-Native Technologies

With the transition to cloud-native technologies, organizations have begun migrating
their applications to the cloud and rethinking design, deployment, and application
management. Container orchestration has emerged as one of the key challenges in
managing distributed applications at scale (Casalicchio & lannucci, 2020). Kubernetes
is one of the most important platforms used in this transformation. Building upon the
experience gained from Borg (Burns et al., 2016), Google's previously developed
cluster management system, it was released by Google as open source in 2014
(Kubernetes Documentation, n.d.). According to the CNCF Survey, 84% of
organizations are using or evaluating Kubernetes (Cloud Native Computing
Foundation, 2023). For example, features such as automatic scaling, self-healing, and
service discovery are critical when managing applications. Developers who build
applications on the Kubernetes architecture adopt a declarative approach when
preparing their applications. However, while this approach simplifies application
deployment, it creates operational difficulties in diagnosing differences between the
expected and actual situations. Due to the complexity of the application layers (Pod,
Service, Deployment) in the Kubernetes environment, finding the root cause of errors
becomes time-consuming and complicates problem diagnosis. Studies have shown that
troubleshooting remains a significant challenge in Kubernetes environments (CNCEF,
2024). Therefore, this need for intelligent automation tools has led to the emergence
of Al-powered solutions such as K8sGPT (Jones, Alex, 2023) and Kubelntellect
(Ardebili & Bartolini, 2025), which are developed to help engineers solve problems.



2.2 AIOps and Autonomous Operations

Today, the use of machine learning and artificial intelligence tools in managing IT
systems used by large-scale companies is often referred to as AIOps (Zhang et al.,
2024). The research shows that AIOps error management typically involves failure
perception, root cause analysis, and automated remediation (Zhang et al., 2024). When
errors occurred in systems, developers would manually review error logs and then
define rule engines for proactive solutions. However, as the prevalence of cloud-native
environments increases, the scale of applications is also growing, rendering these
approaches insufficient for distributed applications. Developers can use modern
AlOps platforms to detect anomalies from telemetry data and enable systems to take
automated action before problems arise. With tools like Prometheus (Prometheus -
Monitoring System and Time Series Database, n.d.) and Grafana (Grafana - The Open
Observability Platform, n.d.), metrics can be collected in one place with real-time
telemetry data, and visualization and modern dashboards can be created. Automated
log analysis has also become essential for identifying anomalies and understanding
system behavior in distributed environments (He et al., 2021). Resources are also
automatically scaled using Kubernetes' Horizontal Pod Autoscaler (HPA) and Vertical
Pod Autoscaler (VPA) solutions. These solutions generally represent reactive
solutions that can be taken at the time of a failure, but they lack the ability to
proactively troubleshoot before a failure occurs or to make autonomous decisions and
learn in complex failure scenarios in distributed systems. The system, FLASH
(Microsoft Research, 2024), developed by Microsoft Research, advances this field by
automating workflows for repetitive tasks. However, current AIOps solutions rely on
predefined rule sets and therefore lack the ability to adapt to or take action against
problems that they have not encountered before (Zhang et al., 2024). Recent research
has explored Al agents for autonomous cloud operations, demonstrating their potential
in automated incident management (Shetty et al., 2024). This has highlighted the need
for more advanced autonomous systems that can learn from past experiences while

also adapting to new scenarios.



2.3 LLM-Based Agents

Large Language Models (LLMs) built on the Transformer architecture (Vaswani et al.,
2017), have realized substantial gains in areas such as text and code generation, logical
inference, and the completion of complex tasks. These models are typically fine-tuned
using Reinforcement Learning with Human Feedback (RLHF) (Ouyang et al., 2022)
to fit better with human instructions. Autonomous agents built on large language
models have emerged as a powerful paradigm, with the development of their tool-
calling or environment-interaction capabilities (Qin et al., 2024; Schick et al.,
2023**;** Wang et al., 2024). These agents perform their tasks using natural language
instructions. They can also adapt to their context, make decisions, and execute
predefined scenarios. These characteristics differentiate them from traditional rule-
based systems. The ReAct (Yao, Zhao, et al., 2023) pattern (Reasoning and Acting)
enables LLM agents to think before taking action and to logically correlate their
actions. To give examples of other Agent frameworks developed in this field,
AutoGPT (Richards, 2023) provides an Al agent platform for automating complex
workflows, while LangChain (Chase, n.d.) offers a modular platform for LLM-based
applications, and Park et al. demonstrated autonomous agents capable of simulating

human behavior in interactive environments (Park et al., 2023).

In general, the core components of LLM agents include brain, perception, and action
(Wang et al., 2024). The Claude Agent SDK (Anthropic, 2024), developed by
Anthropic, provides a tooling infrastructure for developing LLM-based agents that can
autonomously complete tasks. Finally, the use of LLM-based agents in domains that
require autonomous solutions, such as Kubernetes, demonstrates the potential of Large
Language models to solve complex scenarios that require technical knowledge and

human experience.



2.4 Self-Reflection Mechanisms

The self-reflection mechanism, also used in artificial intelligence systems, aims to
improve an agent's performance in subsequent actions through analyzing its actions
and their consequences in its own context after each action. Conventional
reinforcement learning approaches require changing model weights and retraining,
which is quite costly and impractical. As a solution to this problem, the Self-Refine
(Madaan et al., 2023) approach has been proposed, designed as a cycle that aims to
have the model evaluate its own output and continuously improve. Similarly, Tree of
Thoughts (Yao, Yu, et al., 2023) extends chain-of-thought (Wei et al., 2022) reasoning
by exploring multiple reasoning paths before selecting the optimal solution. Zero-shot
chain-of-thought prompting demonstrated that adding 'Let's think step by step' enables
reasoning without task-specific examples (Kojima et al., 2022). Similarly, the
Reflexion Framework (Shinn et al., 2023) has also demonstrated learning through
feedback via natural language and a self-improving system. In the Reflexion
Framework, after a failed attempt, agents analyze their errors, identify where they went
wrong and how to do better next time, store this information in episodic memory, and
leverage their past experiences in subsequent attempts. The Reflexion Framework is
built on the ReAct agentic pattern. The Reflexion Framework merges pre-action
thinking and post-trial learning and recall. The effectiveness of self-reflection
mechanisms depends on the reflective quality of the model and its capacity to
effectively use the generated findings in subsequent trials. While these approaches
have been shown in the literature to yield successful results in code generation and
logical inference tasks (Shinn et al., 2023), their potential in domain-specific

applications has not yet been widely studied.



2.5 Related Benchmarks

Tests have been developed to evaluate LLM-based systems and measure performance
on various tasks. In code generation, HumanEval (Chen et al., 2021) is a benchmarking
test of programming problems that sets the standard for evaluating model code writing
capabilities. For example, in the Reflexion Framework (Shinn et al., 2023), a 10.9%
improvement in HumanEval was reported, demonstrating the effectiveness of verbal
reinforcement learning in code development tasks. However, uniform benchmarking
tests are limited for domain-specific troubleshooting. Tasks like Kubernetes require a
more specific evaluation. To address this gap, De Jesus et al. (2025) propose a
framework for evaluating LLM-based multi-agent systems in a Kubernetes
environment. Similarly, AIOpsLab (Chen et al., 2025) provides a holistic framework
for evaluating AIOps agents with realistic fault injection. SWE-bench (Jimenez et al.,
2024) evaluates LLM agents on their ability to resolve real-world software engineering
tasks from GitHub issues. De Jesus et al.'s benchmark (De Jesus et al., 2025) involves
common Kubernetes misconfigurations, such as port mismatches, label selector errors,
liveness probe misconfiguration, image name typos, and environment variable
deficiencies. Current benchmark tests have significant disadvantages, such as limited
scenario variety, single-node test environments, and a lack of complexity found in real
production environments. Therefore, benchmark tests with a wider range of scenarios
are needed to comprehensively evaluate the Kubernetes troubleshooting capabilities

of LLM agents.



CHAPTER 3
BACKGROUND

3.1 Kubernetes Architecture
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Figure 1

Kubernetes Cluster Architecture (Source: kubernetes.io)

Kubernetes (Kubernetes Documentation, n.d.) is an open-source container
management platform that deploys applications, scales with ease, and automates their
management. Its architecture, as seen in Figure 1, consists of a cluster of control plane
and worker nodes where applications are distributed. The control plane monitors the
cluster and ensures its operation. The kube-apiserver is designed as the component
where all requests are initially received and routed and is responsible for managing
traffic within the cluster. The ETCD (Etcd - A Distributed, Reliable Key-Value Store,
n.d.) database stores cluster-related data in a key-value structure. The kube-scheduler
component assigns newly created Pods to suitable nodes. The kube-controller-

manager manages control loops, including replication, node state, and endpoints.



3.2 Common Kubernetes Failures

Table 1

Common Kubernetes Failure Categories

Category Error Type
Image Errors ErrlmagePull, ImagePullBackOff
Pod Lifecycle CrashLoopBackOff, OOMK:illed
Configuration CreateContainerConfigError
Network/Service No endpoints, Connection refused
Resources Pending, Insufficient resources
Storage FailedMount, FailedAttachVolume

Failures in a Kubernetes environment can be grouped into six main categories: image
name errors, pod lifecycle errors, network and service errors, storage errors, resource
errors, and configuration errors. Effective failure management in complex software
systems requires systematic approaches combining detection, diagnosis, and
remediation (Zhang et al., 2024). Table 1 shows the summarization of common error
types and symptoms. Image errors occur when an incorrect image name is given or
when images are mislabeled, causing access problems and image pull failures. Pod
lifecycle errors happen when containers fail to start or terminate unexpectedly.
Network and service errors occur when communication between pods fails or when
there is a problem in communication between the service and the pod. Finally,

familiarity with these errors is crucial for troubleshooting in agent design.
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3.3 Reflexion Framework
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Figure 2

Reflexion Framework Architecture (Source: Shinn et al., 2023)

The Reflexion Framework (Shinn et al., 2023) was proposed in 2023 and is based on
the verbal reinforcement learning approach. Unlike reinforcement learning methods
used today, the Reflexion Framework provides the model with natural-language
feedback rather than updating model weights and performing costly calculations,
allowing it to learn from its errors. Using the ReAct (Yao, Zhao, et al., 2023) pattern,
the Reflexion Framework enables agents to reason before taking action and then take
better actions by receiving feedback. As seen in Figure 2, the Reflexion framework
consists of Actor, Evaluator, self-reflection, and memory components. The Actor
component performs the given tasks, while the Evaluator determines whether they are
successful. The Self-reflection component evaluates the agent's actions after
unsuccessful attempts, provides verbal feedback, and records it in episodic memory.
In this way, agents are expected to avoid repeating the same mistakes and to take better

actions by learning from past experiences.
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3.4 Claude Models and Agent SDK

Table 2
Claude models used in experiments

Model Capability Tier Description
Claude Haiku 3.0 Lightweight Older generation, fast response
Claude Haiku 3.5 Lightweight Current lightweight model
Claude Haiku 4.5 Lightweight  Latest Haiku, improved reasoning
Claude Sonnet 4.5 Mid-tier Balanced performance and cost
Claude Opus 4.5 High-tier Most capable, best reasoning

Claude is a large language model family developed by Anthropic. Five different
Claude language models were used in this thesis. In terms of their characteristics, the
Haiku model is optimized for low latency and fast response. The Sonnet language
family provides a balance between performance and cost. The Opus model stands out
as the most expensive model with the most advanced reasoning capabilities. As seen
in Table 2, the capabilities of the models used in this thesis are presented. Claude Agent
SDK (Anthropic, 2024) was designed and released by Anthropic to develop LLM-
based autonomous agents. Claude Agent SDK also provides a structured framework
for tool usage and multi-step interaction. The Actor component in this study was

designed using Claude Agent SDK.
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Agentic Loop Pattern in Claude Agent SDK

As seen in Figure 3, the Claude Agent SDK operates in a loop. As depicted, the agent
gathers information from its environment to refine its context. It then acts by executing
commands or modifying the file system. Finally, it attempts to validate its actions. If
validation fails, the loop restarts, updates its context, and continues. This iterative

pattern continues with validation of actions and the restarting of the loop, also found

within the Reflexion pattern.
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CHAPTER 4
METHODOLOGY

4.1 Research Design

This thesis conducted an experiment to address the Reflexion framework's impact on
error correction in Kubernetes. This research uses a quantitative approach with tests
developed through controlled experiments. The hypothesis of this thesis is that the
Reflexion mechanism improves LLM-based agents' success in error correction
scenarios. In the experiments, three different experimental configurations were
designed. For example, a single-trial baseline, two trials without Reflection, and two
trials with Reflection enabled. The aim of this setup is to isolate the effects of large
language models, error complexity, and the Reflexion mechanism, and to ensure the
reproducibility of the results. Experiments were conducted 10 times to validate the
accuracy of the configurations, resulting in a total of 1,500 experiments. Lastly, this

design allows for statistical analysis of the results by varying the configurations.

4.2 System Architecture

This chapter describes the architecture and details of a Kubernetes error-correction
system built using the Reflexion architecture. As seen in Figure 4, the system consists
of four main components: Actor, Evaluator, Self-Reflection, and Episodic Memory.
The Reflexion loop continues until the error is resolved. Each component works within
its own area of responsibility, passing the necessary information to the next component
to resolve the error. The following subsections explain the details and functions of

each component individually.
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System Architecture of the Reflexion-based Agents Architecture

4.2.1 Actor Component

The Actor component is the main component that interacts with Kubernetes in the
system. It is implemented using the Claude Agent SDK to provide agentic looping
(Anthropic, 2024). The Actor component is instructed in the system prompt to take on
the expert role in Kubernetes troubleshooting. Actor attempts to solve problems using
kubectl commands via the bash tool provided by the Claude Agent SDK. When
designing the Actor component, the commands expected to be used in the system's
Kubernetes-related prompts were specified: get, describe, logs, apply, and delete. The
actor first analyzes the Kubernetes environment, diagnoses the problem, and applies
the necessary fixes. After completing the necessary fixes, the Actor produces a "FIX
COMPLETE" output and passes the turn to the Evaluator component. If an experiment
with the Reflexion feature is active and the Actor component's experiment fails, the
reflection text is added to the Actor's prompt after the Reflexion is performed, enabling

in-context learning.
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4.2.2 Evaluator Component

The Evaluator component checks and verifies the results of the Actor component's
actions. This component is designed entirely programmatically and does not make any
LLM calls. The Evaluator component evaluates the output of the commands executed
by the Actor component. The Evaluator component evaluates four key criteria for
success: Pods must be running, all containers must be ready, there must be no errors,
and service endpoints must be active. The Evaluator returns a results file containing
the success status, the pod status, and the number of ready containers. The reason for
choosing a programmatic approach instead of an LLM-based evaluation is to obtain
consistent, repeatable, and less costly results. With this design, the evaluation phase
has no cost, and the nondeterministic nature of LLMs eliminates the effect of variable

behavior.

4.2.3 Self-Reflection Component

The Self-Reflection component analyzes the Actor component if it has failed, then
generates verbal feedback. It implements the Msr structure, defined in section 3.2 of
the Reflexion (Shinn et al., 2023) paper. Unlike the agent structure in the actor, the
Self-Reflection component is designed as a single LLM call. This is because, when
performing self-reflection, only the actor's behavior is evaluated, and no tools are
needed. The generated reflection text consists of three parts: Credit Assignment, Root
Cause Analysis, and Concrete Next Steps. Self-reflection texts are written in the first-
person perspective. The generated reflections are stored in episodic memory and given

to the actor for use in failure contexts.
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4.2.4 Episodic Memory

The Episodic Memory component stores texts generated by self-reflection. This
component implements a memory structure limited by the Q (Omega) parameter
defined in the Reflexion paper (Shinn et al., 2023). This means a maximum of three
reflection texts is held in episodic memory. The Episodic Memory component stores
texts generated by self-reflection. That is, when a new reflection is added and the
memory capacity is exceeded, the oldest reflection is automatically deleted. The Actor
component accesses up to three reflections, adding them to its prompt. This design is

based on the "verbal reinforcement learning" principle, using self-reflection texts.

4.2.5 Reflexion Loop

The Reflexion Loop orchestrates the Actor, Evaluator, Self-Reflection, and Episodic
Memory components. It consists of these steps: the Actor acts, generating trajectory
records; the Evaluator checks the success of the actions, and if they fail, self-reflection
is triggered. The generated self-reflection texts are stored in episodic memory, along
with their actions. During each trial, reflections are fed to the actor's context. If the
Evaluator returns to success, the Reflexion loop ends. Self-reflection is triggered only
on failure, unless the maximum number of trials has been reached. In our experiments,
the maximum number of trials was set to 2. The Reflexion Loop supports three
experiments called configurations: baseline (single try, no reflection)— set to 2 in our
experiments,  full reflexion  (multiple tries, reflection enabled), and
two_try no_reflection (multiple tries, no reflection). Results from each try are stored
in a data structure containing time metrics, cost information, token usage, and
trajectory data. This design enables easy enabling and disabling of the Reflexion

mechanism for ablation studies.
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4.3 Test Case Design

Table 3
Test Case Overview

Case Problem Bugs K8s Status Difficulty
1 Wrong Port 1 Running (unreachable) Hard
2 Incorrect Selector 1 Running (no endpoints) Easy
3 Liveness Probe 1 CrashLoopBackOff Medium
4 Wrong Interface 1 Running (unreachable) Hard
5 Port Mismatch 1 Running (unreachable) Easy
6 Misspelling 1 ImagePullBackOff Easy
7 Volume Mount 1 CreateContainerConfigError  Medium
8 Environment 1 CrashLoopBackOff Medium

Variable
9 Double Trouble 2 CrashLoopBackOff Hard
10 Triple Threat 3 ImagePullBackOff Very
Hard

The test scenarios used in this study were adapted from the benchmarks prepared in
the KubeLLMBench (De Jesus et al., 2025) paper. This benchmark includes 8 basic
Kubernetes problems: port mismatch, selector error, liveness probe, interface error,
multiple port mismatch, typo, volume mount, and missing environment variable. In
this study, the original KubeLLM benchmark concept was preserved while preparing
the test cases, but the implementation details were adjusted to suit the experimental
environment. In addition to the original KubeLLM benchmark, two multi-fault
scenarios were prepared to simulate production-like conditions. As seen in Table 4,
Scenario 9 includes two bugs and Scenario 10 includes three bugs. To ensure
repeatability in the experiments, automatic setup and cleanup scripts were also
prepared for each experiment. The success criterion for each experiment was defined
programmatically: the pod is expected to reach the Running status, or in scenarios

requiring connectivity, the HTTP connectivity test must be successful.
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Table 4
Multi-Bug Scenario Details

Case Bug # Bug Type Description
9 1 Image Tag Typo nginx:latst instead of
nginx:latest
2 Port Mismatch Service targetPort differs from
container port
10 1 Image Tag Typo nginx:latets instead of nginx:

2 Missing ConfigMap
Mount

3 Service Port Mismatch

latest

ConfigMap exists but not
mounted to pod

Service targetPort:8080, nginx
listens on 80

4.4 Experiment Configuration

Table S
Experiment Configurations

Configuration Max Trials  Reflection Purpose
baseline 1 No Single-shot baseline performance
two_try no_reflection 2 No Isolate second-attempt effect
full _reflexion 2 Yes Evaluate Reflexion benefit

To observe the effect of the Reflexion mechanism in the experiments, three different

experimental configurations were designed (Table 5). Initially, the baseline

configuration measures the models' performance by giving the agent only one attempt.

The two-try-no-reflection configuration isolates the retry effect without reflection by

giving the agent a second attempt. Finally, the designed full reflection configuration

elicits verbal reflections after failed attempts, storing them in episodic memory. Five

models were tested in each experiment, with 10 test scenarios run 10 times each,

totaling 1,500 experiments.
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4.5 Evaluation Metrics

Table 6
Evaluation Metrics

Metric Type Description
Success Rate Primary Pass/fail ratio across all trials
Reflexion Benefit Derived Delta between reflection-enabled and

reflection-disabled runs

Second-Try Effect Derived Improvement gained from retry
opportunity
Trials Used Secondary Attempts required before resolution
Total Cost Secondary Anthropic API charges per run
Total Tokens Secondary Combined prompt and completion
tokens
4.5.1 Primary Metrics

In this study, success rates of experiments were used as the initial evaluation criterion.
The success rate is the proportion of problems in the Kubernetes environment that are
successfully resolved. Each experiment was evaluated as either successful or
unsuccessful. The success status of the experiments was determined programmatically

by the evaluator component.

Success Rate (SR):
— 1 NC j—
SRC_N_C i<, 1(S; = success)
N, = Total number of experiments for configuration c

S; = Outcome of experiment i

1(.) = Indicator function (1 if condition true, 0 otherwise)
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4.5.2 Secondary Metrics

In this experiment, measurements were collected for future detailed analysis. The API
cost listed in the table represents the total cost calculated from token usage and model
pricing in US dollars. Total input and output token consumption is measured as Total
Tokens. Finally, the total execution time in the experiments was also recorded in

seconds.
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CHAPTER 5
EXPERIMENTAL SETUP

The technical details used in the experiments are explained in this section, including
the hardware and software environment, language model selection, experimental

execution procedure, and data collection methods.

5.1 Experimental Environment

The experiments were conducted in a local development environment on Windows 11.
Minikube (v1.32) was used as the Kubernetes environment, and the experiments were
repeated on a single-node cluster using Docker Desktop. The application was

developed using Python 3.11 and the Claude Agent SDK.

5.2 Model Selection

Five different major language models were used in the experiments. Since the Claude
Agent SDK only supports Anthropic's Claude model family, the following models
were selected: Claude 3 Haiku, Claude 3.5 Haiku, Claude Haiku 4.5, Claude Sonnet
4.5, and Claude Opus 4.5. These models span a range of capabilities from lightweight
to highly capable. Models with different capabilities were chosen to observe the effect
of reflection. All models used in the experiments were run with the default API

parameters of the Claude Agent SDK.

5.3 Experiment Procedure

The experiments were automated using the prepared scripts. Before each experiment,
the experimental environment was cleaned using the clean.sh file. Each test scenario
was run using the setup.sh script. Each configuration was run 10 times to statistically
analyze the results and to ensure statistical reliability. A total of 1,500 experiments

were conducted: 10 scenarios, 5 models, 3 configurations, and 10 iterations.
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5.4 Data Collection

Each experiment result was saved to a separate JSON file. The files were organized
into separate folder structures according to the model, scenario, and configuration.
Each log file contained the success status, number of attempts, total time, token usage,
API cost, and commands executed by the agents. Lastly, the JSON results were
exported to an SQLite database. This structure allowed for comparative analysis based

on models and configurations through the database.

23



CHAPTER 6
RESULTS

In the results section, considering the performance of the Reflexion framework,
success rate, runtime, and API cost metrics were evaluated on five Claude models and
10 Kubernetes test scenarios. A total of 1,500 experiments were conducted, and the
results were analyzed and discussed using metrics such as overall performance, model
comparison, scenario-based analysis, reduction runtime, cost-effectiveness analysis,

multiple failure scenarios, runtime analysis, and recovery rate after failed attempts.

6.1 Overall Performance

Table 7
Overall Performance by Configuration

Config Total  Successes Success Avg Cost Avg
Runs Rate Time

baseline 500 193 38.6% $0.108 83s
two_try no_reflection 500 342 68.4% $0.155 110s
full reflexion 500 346 69.2% $0.179 173s

As seen in Table 7, it summarizes the overall performance of the three experiments
from multiple perspectives. The single-try baseline technique achieved the lowest cost
and fastest execution time with a 38.6% success rate. This is an expected result given
that it was a single trial. The configuration that allows a second trial without reflection
(two_try no reflection) significantly increased the success rate to 68.4% (+29.8
points) by avoiding the errors of the previous trial. Our third configuration, including
the reflection framework, achieved the highest success rate at 69.2%, providing an
improvement (+0.8 points) over the two-try approach, but introducing additional

processing costs in terms of both cost ($0.179) and time (173s).
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6.2 Model Comparison

Table 8
Success Rate by Model
Model Success Rate Avg Cost Total Runs

Opus 4.5 87.3% $0.191 300
Sonnet 4.5 73.3% $0.184 300
Haiku 4.5 73.0% $0.105 300
Haiku 3.5 34.7% $0.080 300
Haiku 3.0 25.3% $0.176 300

As seen in Table 8, the relationship between model capacity and troubleshooting
success is demonstrated. Also, the results show that Opus 4.5 achieved the highest
success rate at 87.3%, while Sonnet 4.5 (73.3%) and Haiku 4.5 (73.0%) showed similar
performance. As the table shows, there is a significant performance difference between
the new generation models (4.5) and the previous generation models (3.0). Moreover,
Haiku 3.5 (34.7%) and Haiku 3.0 (25.3%) models showed lower success rates in the
experiments. In terms of cost, Haiku 4.5 stands out for its cost-efficiency balance,

offering a high success rate with the lowest average cost ($0.105).
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6.3 Case-by-Case Analysis

Table 9
Success Rate by Test Case

Case Description Bugs Success Rate
caseb6 Image Typo 1 92.0%
caseS Port Mismatch 1 74.0%
case8 Environment Variable 1 70.7%
case2 Incorrect Selector 1 67.3%
case3 Liveness Probe 1 64.0%
case4 Wrong Interface 1 60.7%
case9 Double Trouble 2 45.3%
case’ Volume Mount 1 44.0%
casel Wrong Port 1 38.7%
casel0 Triple Threat 3 30.7%

As seen in Table 9, the test scenarios are shown with their explanations according to
their success rates. Case 6, which contains a simple typo, achieved the highest success
rate at 92.0% compared to other cases, while Case 10, which contains three
simultaneous errors, showed the lowest performance with a success rate of 30.7%. In
scenarios we observed with a single error, success rates ranging from 38.7% to 92.0%
are significant, and this wide range indicates that the significant differences are in the
detection and difficulty of different error types. In scenarios with multiple errors, there
is a significant performance decrease observed. In Case 9, which contains two errors,
a success rate of 45.3% was achieved, but in Case 10, which contains three errors,

achieved only 30.7%.
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6.4 Ablation Study: Two-Try vs Reflexion

Table 10
Ablation Study- Configuration Comparison by Model

Model Baseline  Two-Try Reflexion A Two-Try A
Reflexion
Opus 4.5 66% 98% 98% +32pp +32pp
Sonnet 4.5 49% 84% 87% +35pp +38pp
Haiku 4.5 47% 84% 88% +37pp +41pp
Haiku 3.5 15% 45% 44% +30pp +29pp
Haiku 3.0 16% 31% 29% +15pp +13pp

As seen in Table 10, the ablation study compares configurations with models. All
single-attempt baseline trials had low success rates. This shows the difficulty of
troubleshooting of Kubernetes issues in one try. When our agents were given a second
attempt (Two-Try), significant improvements were observed across all experiments
and models (+15pp to +37pp). The Reflexion framework provided additional
improvements in mid-level models (Haiku 4.5, Sonnet 4.5) compared to Two-Try
(+3pp to +4pp). There was no difference in the strongest model (Opus 4.5), which
already performed very well. In weaker models (Haiku 3.0, 3.5), the Reflexion
framework was ineffective and even led to a drop in performance (-1pp to -2pp).
Overall, these findings show that the Reflexion framework benefits most from better
reflection by a good model, but only once the model is above a certain capacity

threshold.
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6.5 Cost-Efficiency Analysis

Table 11
Cost-Efficiency Analysis (Sorted by Cost per Success)

Model Success Rate Avg Cost Cost per Success
Haiku 4.5 86.0% $0.116 $0.135
Haiku 3.5 44.5% $0.091 $0.205
Opus 4.5 98.0% $0.209 $0.213
Sonnet 4.5 85.5% $0.204 $0.239
Haiku 3.0 30.0% $0.214 $0.713

As seen in Table 11, an analysis of the models in terms of cost and efficiency is
presented. In our experiments, the cost-efficiency of models is compared, and the
results show that Haiku 4.5 is the most effective model. It achieves an 86.0% success
rate with a cost per success of only $0.135. The more powerful Opus 4.5 model,
although having the highest success rate (98.0%), has a cost per success ($0.213)
approximately 1.5 times that of Haiku 4.5. Interestingly, Haiku 3.0 has the lowest
success rate (30.0%) and the highest cost per success ($0.713); this shows that low-
capacity models are inefficient in terms of both performance and cost. These results
show that, in terms of the cost-performance balance, Haiku 4.5 is the most suitable

model for use in production environments.
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6.6 Multi-Bug Case Results

Table 12
Reflexion Benefits by Problem Complexity

Complexity Cases Two-Try Reflexion A (Benefit)
Single-fault (1 bug) casel-8 72.8% 70.8% -2.0pp
Double-fault (2 case9 62.0% 74.0% +12.0pp
bugs)
Triple-fault (3 bugs) casel0 40.0% 52.0% +12.0pp

As seen in Table 12, the effect of the Reflexion framework varies according to problem

complexity. Problems encountered in real production environments often involve

multiple simultaneous failures; therefore, Case 9 (two failures) and Case 10 (three

failures) scenarios were designed to represent the production environment more

realistically. The results show that Reflexion causes a loss of -2.0pp in single-failure

scenarios, while providing significant gains in multiple-failure scenarios with +12.0pp

improvement in both two-failure and three-failure scenarios. These findings show that

the self-reflection mechanism is critical for iterative hypothesis development and

failure analysis, especially in complex, multi-factor problems. In other words, the

Reflexion framework provides the highest benefit in real-world production scenarios.

Table 13

Execution Time Analysis by Configuration (seconds)

Model Baseline Two-Try Reflexion
Claude 3 Haiku 84.5 124.9 210.8
Claude 3.5 Haiku 70.6 93.5 121.8
Claude 4.5 Haiku 61.6 105.0 192.9
Claude 4.5 Sonnet 107.1 135.0 166.8
Claude 4.5 Opus 89.9 89.6 170.7
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As seen in Table 13, execution times with different configurations are compared.
When we interpret the results, baseline configuration produces the fastest results. In
contrast, the Reflexion framework requires an additional LLM call, which makes the
experiments longer. Furthermore, significant differences are observed between the
models: Haiku 4.5 is the fastest in baseline configuration (61.6s), but Haiku 4.5 shows
the greatest increase in time in Reflexion configuration. Lastly, in the Two-Try
configuration, Opus 4.5 runs faster than the baseline configuration (89.6s vs 89.9s),
indicating that this robust model solves more problems on the first attempt, which
reduces the need for a second.

Table 14
Recovery Rate After Failed First Trial

Model Two-Try Reflexion A (Benefit)
Claude 3 Haiku 17.9% (15/84) 9.0% (7/78) -8.9pp
Claude 3.5 Haiku 33.7% (28/83) 33.3% (28/84) -0.4pp
Claude 4.5 Haiku 68.6% (35/51) 79.7% (47/59) +11.1pp
Claude 4.5 Sonnet 68.0% (34/50) 76.8% (43/56) +8.8pp
Claude 4.5 Opus 93.5% (29/31) 93.9% (31/33) +0.4pp

As seen in Table 14, recovery rates are presented for experiments that failed in the first
attempt. The results show that during the reflection phase, different results are
achieved depending on the capacity of the model with reflection. Mid-level models
(Haiku 4.5 and Sonnet 4.5), which benefited most from the Reflexion mechanism,
achieving increases in problem-solving rates of 11.1 pp and 8.8 pp, respectively. Low-
capacity models (Haiku 3.0 and 3.5) did not use reflection feedback effectively and
even showed worse or negligible results. Opus 4.5, which already had a high problem-
solving rate of 93.5%, only achieved a few improvements (+0.4pp). These findings
show that reflection is effective above a certain model capability threshold and

provides the greatest benefit when used with mid-level models.
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6.7 Statistical Analysis

After the experiments were completed, various tests were conducted to statistically
evaluate the results. For example, chi-square tests for independence, 95% Wilson

confidence intervals, and Cohen's h effect sizes.

Table 15
Statistical Significance of Configuration Comparisons

Comparison e p-value Cohen's h Sig.
Baseline vs 89.24 <0.001 0.607(S) Yes##*
Two-Try
Baseline vs 94.21 <0.001 0.624 (S) Yes*#*
Reflexion
Two-Try vs 0.07 0.796 0.017 (N) No
Reflexion

The improvement from the baseline to the two-trial configuration is statistically highly
significant, confirming that this retrial opportunity constitutes a substantial benefit.
However, the comparison between the two-trial and Reflexion configurations shows
no statistically significant difference (y> = 0.07, p = 0.796), indicating that this +0.8-

percentage point remains within the range of random variation.

Table 16
Success Rate Confidence Intervals

Configuration Success Rate 95% Cl
Baseline 38.6% [34.3%, 42.9%]
Two-Try 68.4% [64.2%, 72.3%]
Reflexion 69.2% [65.0%, 73.1%)]

When considering multiple error scenarios, although a +12-point improvement was

observed with Reflexion, it still lacks the statistical power to reach significant results
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at significance level a = 0.05. Subsequent analyses indicate that approximately 150-
200 additional samples are needed for each condition to reliably determine this effect
size.

Note: Effect size interpretation: N = negligible (<0.2), S = small (0.2-0.5), M = medium (0.5-0.8), L = large
(>0.8). Significance levels: ***p < 0.001

6.8 Qualitative Analysis of Reflections

This section describes a qualitative analysis of Reflexion texts generated by different
models with Reflexion. In this analysis, a total of 462 Reflexion data points were
analyzed as part of the qualitative analysis (205 from successful experiments, 257 from
unsuccessful experiments). We also examined the relationship between model
capabilities and reflection quality and identified linguistic patterns in successful

problem-solving scenarios.
Reflection Quality by Model Capability

As seen in Table 17, reflection analyses are generated at different model levels.
Longer, more structured reflections with clear Markdown headings and citation
sections were generated by high-capacity models. Similarly, shorter reflections in
plain text format with ambiguous problem definitions were generated by low-capacity

models.

Table 17
Reflection Quality Characteristics by Model

Model n Success Avg Length  Has Headers Credit

Rate Assignment
Haiku 3.0 97 8.2% 1,951 0.0% 18.6%
Haiku 3.5 117 24.8% 1,866 12.8% 62.4%
Haiku 4.5 98 58.2% 2,254 100.0% 100.0%
Opus 4.5 63 77.8% 2,117 100.0% 100.0%
Sonnet 4.5 87 71.3% 2,134 100.0% 81.6%
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6.8.1 Linguistic Patterns in Successful vs Failed Reflections

In these analyses, the frequency patterns of keywords used in reflection texts that
provided successful feedback were compared with failed reflection. As seen in table
18, the keyword rate per 1000 words is displayed. Action-oriented validation keywords
appear more frequently in successful reflection texts indicating outcome-oriented
models that clearly plan validation steps which are more likely to solve the problem.
However, problem-oriented keywords appear similarly or more frequently, suggesting
that failure is accepted without offering actionable solutions in unsuccessful reflection

texts.

Table 18
Word Frequency in Successful vs Failed Reflections

Word Success Count  Failure Count Success Rate Difference
"verify" 534 473 8.29/1K +35.2%
"test" 454 229 7.05/1K +137.4%
"wait" 146 72 2.27/1K +144.1%
"check" 374 380 5.8/1K +17.6%
"assumed" 115 147 1.78/1K -6.8%
"incorrect" 51 112 0.79/1K -45.5%
"failed" 365 478 5.66/1K -8.7%
"missing" 105 132 1.63/1K -4.7%

6.8.2 Representative Reflection Examples

The following examples show the qualitative difference between high-capability and

low-capability model reflections.
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High-Capability Model (Haiku 4.5, Case 1 - Port Mismatch):

"I failed because I assumed the pod recreation was sufficient without verifying the fix
actually resolved connectivity. [...] Port configuration requires both pod spec AND
service coordination. A pod port change alone is insufficient without ensuring the

service routes to the correct target port."

High-Capability Model (Haiku 4.5, Case 2 - Selector Mismatch):

"I failed because I made an assumption about the correct image without proper
verification. I patched the Deployment and reported success, but I never verified that
the patch actually fixed the problem. [...] Next attempt should: (1) Verify the fix
worked with kubectl rollout status, (2) Validate application behavior, (3) Test the

change end-to-end."

Low-Capability Model (Haiku 3.0, Case 7 - Volume Mount):

"[ failed to successfully diagnose and fix the issue with the pod. The root cause of the
failure was that I did not have a clear understanding of the pod's state and the

underlying problem. I should have paid closer attention to the pod's status and events."

Low-Capability Model (Haiku 3.0, Case 4 - Wrong Interface):

"I should have investigated further to understand why the pod was not starting up
correctly. Was there an issue with the container image? Were there any error messages

in the pod logs that could have provided more context?"
Key Observations:

e High-capability models identify specific technical root causes and propose

concrete verification steps.

e Low-capability models acknowledge failure in general terms but provide

vague, non-actionable suggestions.
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Structured formatting correlates strongly with successful problem resolution
with 85-91% of high-capability reflections use headers vs 15-23% for low-
capability models.

Explicit credit assignment sections help models identify the specific action that
caused the failure and enabling more targeted fixes in the next trial.
Action-oriented words appear 35-143% more frequently in successful
reflections and it suggests that planning verification steps is key to effective

self-correction.
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CHAPTER 7

DISCUSSION
7.1 Key Findings

Overall Performance by Configuration (n=1500)
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As seen in Figure 5, overall performance varies by configuration across 1,500

experiments. The second try opportunity provides +29.8pp improvement, while
reflection adds marginal +0.8pp.

Finding 1: Second Try Effect

The transition from baseline to two-try configuration demonstrates that when agents
have the retry opportunity, their performance is enhanced. These results show that
error correction in the second attempt is highly effective regardless of reflection.
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Finding 2: Conditional Benefit of Reflection

Reflexion provides only an improvement of 0.8pp compared to the two-try
configuration (68.4% — 69.2%). However, the benefit of reflection varies between -
2pp and +12pp depending on the complexity of the problem and model capability.

Finding 3: Complexity-Benefit Relationship

In complex (multiple error) scenarios (cases 9-10), the contribution of the Reflexion
mechanism is clearly seen. Moreover, scenarios showed a 0% success rate in the
baseline configuration, and the Reflexion mechanism consistently provided an
improvement of +12pp. This finding shows that verbal reflection is particularly
valuable in complex problems that require systemic error correction and problem-
solving skills.

7.2 Model Capability and Reflection Effectiveness
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Model Capability and Reflection Effectiveness

As seen in Figure 6, the relationship between model capacity and reflection efficiency
is illustrated. Medium-level models benefit most from reflection (+3-4pp), while weak
models show a negative effect, and strong models exhibit a ceiling effect. The results
obtained from the experiments show that there is a non-linear relationship between
model capacity and reflection.
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In low-capacity models, the reflection effect is negative. This can be explained by the
fact that these models cannot effectively use the reflections they produce in subsequent
trials. Additionally, these models generate additional context during the reflection
process, but due to the limited reasoning capacity of low-capacity models, they are
unable to translate this context into correct action.

The Haiku 4.5 (84%—88%, +4pp) and Sonnet 4.5 (84%—87%, +3pp) models
consistently benefit from reflection. These models show that they can learn from their
previous mistakes with sufficient reasoning capacity, more effectively, utilizing the
content of reflection more efficiently in subsequent attempts.

The most powerful model, Opus 4.5, achieves a success rate of 98% in both two-try
and Reflexion configurations. This result shows that the powerful models were already
sufficiently successful on the second attempt and the additional Reflexion mechanism
did not help much.

The Haiku 4.5 model achieves an 88% success rate at an average cost of $0.123 making
it the most cost-effective option with success. The Opus 4.5 model provides a 98%
success rate at a cost of $0.216, making it a preferable model when high success rates
are essential.
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When Does Reflection Help?

Reflexion Benefit by Problem Complexity
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Reflexion benefit comparison

As seen in Figure 7, the effect of the reflection changes according to problem
complexity. According to these results, in scenarios with a single error, the Reflexion
causes a decrease in the success rate, while in scenarios with multiple errors, it
provides a significant improvement of +12pp. These results show that the reflection
method is particularly valuable for solving complex problems where coordinated
detection and correction of multiple errors is required. In such scenarios, reflection

increases the success rate in these scenarios.
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7.3 Comparison with Related Work
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Success Rate Comparison with KubeLLMBench

To verify the accuracy of our experimental setup, we compare the results with
KubeLLMBench (De Jesus et al., 2025), which uses the same test scenarios. As seen
in Figure 8, our 2-trial Reflexion experiment which uses Claude Opus 4.5 model,
which achieves a 100% success rate on all eight problems, surpasses
KubeLLMBench's best result (97.5% average with 03-mini). This comparison shows
that our Reflexion-based configuration can compete with the most advanced multi-

agent frameworks while using a simple agent architecture.

7.4 Threats to Validity

7.4.1 Internal Validity

In the experiments, several factors threaten internal validity. First, the variable nature
of LLM output leads to inconsistent results. We conducted 10 independent runs for
each configuration to reduce this effect, totaling 1,500 experiments. To maintain
uniformity of the experimental environment, the setup.sh script was run before each
experiment and the clean.sh after, guaranteeing that the same starting conditions were

present before each experiment.
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7.4.2 External Validity

The generalizability of the results shows various limitations. The benchmark set used
consists of 10 test scenarios, including a limited number of Kubernetes
misconfigurations. In the production environment, errors exhibit much greater
diversity in terms of system complexity. Furthermore, due to limitations in the Claude
Agent SDK infrastructure, only the Claude model family (Haiku, Sonnet, Opus) was
evaluated in the experiments. The generalizability to other LLM families could not be
examined. In addition, the experiments were conducted in a controlled Minikube
environment on a single node, and this environment may not fully represent the

behavior of a multi-node production cluster.

7.4.3 Construct Validity

Our success metric is binary (pass/fail), and this approach fails to capture partial
solutions or near-successful attempts. An agent that correctly identifies the root cause
but fails to correctly apply the fix is scored the same way as an agent that takes a

completely wrong action.

7.5 Limitations

This study has several limitations. The non-deterministic nature of LLM outputs leads
to variance in the results and long action sequences can negatively impact the model
by filling its context window. Our study is limited to a maximum of 2 trials, and the
effect of more reflection cycles was not investigated. Methodologically, the test
scenarios are a synthetic benchmark and do not reflect the full variety of real-world
errors. Experiments were conducted in a single-node Minikube environment, and the
complexity of production clusters was not simulated. Only the Claude model family
was evaluated in this study. Alternative models such as GPT-4 or Gemini were not
examined. Finally, our study evaluates purely autonomous agent behavior, and human-

Al hybrid workflows are excluded.
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CHAPTER 8
CONCLUSION

8.1 Summary

This thesis comprehensively evaluates the effectiveness of the Reflexion framework
in a Kubernetes environment with 1,500 controlled experiments. The experiments used
five different Claude models and three configurations to demonstrate the effect of the
Reflexion framework on LLM-based autonomous agents. When examining the results,
it is observed that the second trial opportunity increased the success rate from 38.6%
to 68.4%. Overall, the Reflexion mechanism provided a marginal improvement of
0.8pp on average, and a consistent improvement of +12pp was achieved in multiple
failure scenarios. When the results are evaluated in terms of model capacity, medium-
level models benefit most from Reflexion, weak models cannot effectively utilize
reflection, and strong models, already performing at high levels, show negligible

effect.

8.2 Implications

The findings of this study have significant implications for both researchers and
developers. First, it has been shown that Reflexion is not a universal solution, and its
effectiveness depends on problem complexity and model capacity. Second, when
building agent-based systems in production environments, it should be considered that
the Reflexion mechanism introduces additional costs and delays for simple problems,
while providing significant benefits for complex ones. Third, when the results are
evaluated on cost and success, the Haiku 4.5 model stands out as an effective option,
with an 88% success rate and a low cost. Finally, these findings suggest that context-
sensitive strategies should be adopted in the design of LLM-based agentic systems

rather than a "one-size-fits-all" approach.

8.3 Future Work

Future studies can extend in several ways. For example, if the Claude Agent SDK
supports it, comparative analysis can be performed with different LLM families (GPT-
4 (OpenAl et al., 2024), Gemini (Team et al., 2025), LLaMA (Touvron et al., 2023))
to test the generalizability of the findings. Additionally, benchmark sets containing

broader and more diverse Kubernetes failure scenarios can be created. Multiple-trial
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(3+ trials) analyses can be performed to find optimal iteration count. The results of
controlled experiments can be practically validated by conducting similar applications
in production environments. Furthermore, similar experiments can provide valuable
findings into how the limitations of autonomous agents can be overcome through

human intervention.
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APPENDICES

APPENDIX A: Test Case Configurations

A.1 Overview

This appendix provides detailed configurations for all ten test cases used in the
experimental evaluation. Each test case represents a specific Kubernetes
misconfiguration scenario designed to evaluate the troubleshooting capabilities of
LLM agents.

Table A.1: Test Case Overview

Case Name Bugs Category Difficulty
Case l wrong_port 1 Port Configuration | Easy
Case 2 incorrect_selector 1 Label Selector Easy
Case 3 liveness_probe 1 Health Check Medium
Case 4 wrong_interface 1 Network Binding Hard
Case 5 port_mismatch 1 Port Configuration | Medium
Case 6 misspelling 1 Typo/Spelling Medium
Case7 volume_mount 1 Volume/ConfigMap | Medium
Case 8 environment_variable | 1 Environment Easy
Case 9 double_trouble 2 Multi-Bug Hard
Case 10 triple_threat 3 Multi-Bug Very Hard

A.2 Detailed Configurations

Case 1: wrong_port

Description: Container port declaration does not match the actual port the
application listens on.

Injected Fault: containerPort set to 8000, but application listens on 8765
Observable Symptom: Service returns connection refused
Expected Solution: Change containerPort from 8000 to 8765

Difficulty: Easy
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Case 2: incorrect_selector

Description: Service selector does not match pod labels.

Injected Fault: Service selector: app=myapp, Pod label: app=myapp-v1
Observable Symptom: Service has no endpoints

Expected Solution: Change pod label to app=myapp or service selector to
app=myapp-v1

Difficulty: Easy

Case 3: liveness_probe

Description: Liveness probe configured for non-existent endpoint.

Injected Fault: Liveness probe checks /health endpoint which does not exist
Observable Symptom: Pod enters CrashLoopBackOff after initial delay

Expected Solution: Change probe path to existing endpoint or add /health endpoint

Difficulty: Medium

Case 4: wrong_interface

Description: Application binds to localhost instead of all interfaces.
Injected Fault: Application binds to 127.0.0.1:8080 instead of 0.0.0.0:8080
Observable Symptom: Pod is Running but service cannot reach it
Expected Solution: Configure application to bind to 0.0.0.0

Difficulty: Hard

Case 5: port_mismatch

Description: Multiple port misconfigurations between container and service.
Injected Fault: containerPort: 8080, targetPort: 3000, actual app port: 5000
Observable Symptom: Connection refused on service endpoint

Expected Solution: Align all ports to 5000

Difficulty: Medium
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Case 6: misspelling

Description: Typo in label causes selector mismatch.

Injected Fault: Pod label: tier=fronted, Service selector: tier=frontend
Observable Symptom: Service has no endpoints due to label mismatch
Expected Solution: Fix typo: change 'fronted' to 'frontend'

Difficulty: Medium

Case 7: volume_mount
Description: ConfigMap reference name does not match existing ConfigMap.

Injected Fault: Volume references 'app-configuration' but ConfigMap is named
'app-config'

Observable Symptom: Pod fails to start with ConfigMap not found error
Expected Solution: Change ConfigMap reference to 'app-config'

Difficulty: Medium

Case 8: environment_variable

Description: Required environment variables are missing.

Injected Fault: APP. MODE and API KEY environment variables not defined
Observable Symptom: Application crashes on startup due to missing config
Expected Solution: Add missing environment variables to deployment

Difficulty: Easy

Case 9: double_trouble
Description: Two bugs in different resources requiring sequential diagnosis.

Injected Fault: Bug 1: Image tag typo (nginx:latst). Bug 2: Service targetPort 8080
instead of 80

Observable Symptom: Initially ImagePullBackOff, then connection refused after
first fix.

Expected Solution: Fix image tag to nginx:latest, then fix targetPort to 80.
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Difficulty: Hard

Case 10: triple threat
Description: Three simultaneous bugs requiring comprehensive diagnosis.

Injected Fault: Bug 1: Image typo (nginx:latets). Bug 2: Missing ConfigMap mount.
Bug 3: Wrong targetPort

Observable Symptom: Multiple failure modes depending on which bugs are fixed.

Expected Solution: Fix image tag, add volume mount for ConfigMap, fix targetPort
to 80.

Difficulty: Very Hard
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APPENDIX B: System Prompts
B.1 Actor System Prompt

The Actor agent uses system prompt to guide its Kubernetes troubleshooting
behavior:

You are a Kubernetes troubleshooting expert.
Your task is to diagnose and fix a problematic Kubernetes pod.
## YOUR PROCESS (Follow these phases strictly):

### PHASE 1: DIAGNOSE

Run kubectl commands to understand the problem:

- kubectl get pod <name> -n <namespace>

- kubectl describe pod <name> -n <namespace>

- kubectl logs <name> -n <namespace> (if container started)
- kubectl get events -n <namespace>

### PHASE 2: FIX

Based on your diagnosis, apply the fix:

- Use kubectl patch, set image, apply, delete, etc.
- You may run multiple fix commands if needed

### PHASE 3: STOP

After applying the fix, output "FIX COMPLETE" and stop.

Do NOT verify the fix - an external Evaluator will check.
Do NOT retry if something fails - just report what you did.

## RULES:

- Execute commands via bash tool

- Be concise and efficient

- Do NOT run verification commands after fix
- Do NOT enter retry loops

- Always end with "FIX COMPLETE"

## CRITICAL - FORBIDDEN COMMANDS (will cause test failure):

- NEVER use 'kubectl edit' - it opens an interactive editor

- NEVER use vim, nano, vi, notepad, or any editor

- If you cannot patch a pod directly, DELETE it and RECREATE
- Use 'kubectl delete pod X && kubectl apply -f' pattern

B.2 Self-Reflection System Prompt

The Self-Reflection agent analyzes its failed attempts using this system prompt:

You are a Self-Reflection agent (Msr) in the Reflexion framework.

Your role:

- Analyze FAILED troubleshooting attempts

- Perform credit assignment: identify the specific action that caused
failure
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- Generate first-person verbal reflections
- Provide concrete, actionable suggestions for improvement

Your reflections are stored in episodic memory and used by the Actor
in future trials.

- Specific (not wvague)

- Actionable (concrete next steps)

- Analytical (explain WHY it failed)

- First-person ("I failed because...")
- Concise (200-400 words)

This is verbal reinforcement learning - your reflection guides the
Actor to improve.

B.3 Self-Reflection User Prompt Template

This template is created with trajectory and evaluation data for each reflection:

You are analyzing a FAILED attempt to fix Kubernetes pod
"{pod name}".

**YOUR TASK:** Generate a self-reflection explaining what went wrong
and how to improve.

**TRAJECTORY (What was attempted) :**
{trajectory}

**EVALUATION RESULT (Why it failed) :**
- Success: {success}

- Reason: {reason}

- Pod Status: {pod status}

- Ready: {pod ready}

**PREVIOUS REFLECTIONS (What we learned before) :**
{memory}

**YOUR REFLECTION MUST:**

1. **CREDIT ASSIGNMENT:** Identify WHICH specific action or decision
caused the failure

- Don't just say "it failed" - explain WHY it failed

- Which kubectl command was incorrect?

- Was the diagnosis wrong?

- Was the fix incomplete?

2. **ROOT CAUSE:** Explain the actual underlying problem
- What did I misunderstand about the pod's state?
- What information did I miss or misinterpret?

3. **CONCRETE NEXT STEPS:** Suggest specific actions for the next
attempt

- What should I check or verify next time?

- What different approach should I try?

- What command or fix should I use instead?

**FORMAT:** Write in FIRST PERSON (use "I" statements).
Be specific and actionable, not vague. Keep it concise (200-400
words) .
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Raw Data Tables

Raw experimental data (1,500 trials) is available in the SQLite database at
results/results.db in the project repository. The database contains detailed records
of each experiment including model responses, token usage, execution time, and
evaluation results.

Example: Successful Reflexion Trial (Case 1, Haiku 4.5)

{
"experiment id":
"haiku45 full reflexion casel runl",

"model": "haiku4b",
"config": "full reflexion",
"case id": "casel",

"run id": 1,

"success": true,

"trials used": 2,

"final status": "Running",

"total time": 168.59507632255554,
"total cost": 0.09416959999999999,
"total tokens": 2051,

"trial details™: [

{

"trial": 1,

"success": false,

"pod status": "Running",

"eval reason": "Service 'wrong-port-service' not

responding on port 80",
"actor time": 87.99007940292358,
"eval time": 11.618331909179688,

"reflection time": 0.0,

"actor cost": 0.035246099999999995,

"reflection cost": 0.0,

"actor input tokens": 25,

"actor output tokens": 1069,

"actor cache read tokens": 109156,

"actor cache creation tokens": 4194,
"reflection tokens": O,

"trajectory": "I'll help you fix the Kubernetes

pod. Let me start with the diagnosis phase.Now let me
check the logs to see what the actual issue
is:Perfect! I found the issue. The pod configuration
declares port **8000/TCP** but the application is
actually listening on **port 8765**. Let me fix this
by patching the pod:The pod cannot be directly patched
with port changes. I need to delete and recreate the
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pod. Let me first get the pod definition and then
recreate it with the correct port:Now I'll delete the
pod and recreate it with the correct port:Now I'll
apply the corrected pod manifest with port
8765:Perfect! I've successfully fixed the pod. Here's
the summary:\n\n## DIAGNOSIS\nThe pod \"wrong-port-
app\" had a port configuration mismatch:\n- **Pod
manifest declared:** Port 8000/TCP\n- **Application
actually listening on:** Port 8765\n\nThis mismatch
would cause external traffic and service discovery to
fail because Kubernetes would route traffic to the
wrong port.\n\n## FIX APPLIED\nl. Deleted the
incorrectly configured pod\n2. Recreated the pod with
the correct containerPort: 8765 to match the actual
application listening port\n\n**Commands run:**\n-
“kubectl delete pod wrong-port-app -n casel-test \n-
“kubectl apply -f ... with corrected port 8765 in the
manifest\n\nFIX COMPLETE\n\n## COMMANDS EXECUTED:\nl.
$ kubectl get pod wrong-port-app -n casel-test\n

Output: NAME READY STATUS RESTARTS
AGE\nwrong-port-app 1/1 Running 0

15s...\n2. $ kubectl describe pod wrong-port-app -n
casel-test\n Output: Name: wrong-port-
app\nNamespace: casel-test\nPriority:
O\nService Account: default\nNode:
minikube/192.168.49.2\nStart Time: Mon, 01 Dec

2025 15:00:21 +0300\nLa...\n3. $ kubectl logs wrong-
port-app -n casel-test\n Output: Server started
successfully\nListening on port 8765\nReady to accept
connections on port 8765...\n4. $ kubectl patch pod
wrong-port—-app -n casel-test -p
"{\"spec\":{\"containers\": [{\"name\":\"wrong-port-
app\",\"ports\": [{\"containerPort\":8765}1}1}}"'\n
Output: Exit code 1\nThe Pod \"wrong-port-app\" is
invalid: spec: Forbidden: pod updates may not change
fields other than

‘spec.containers([*].image’, "spec.initContainers([*].ima
ge’, “spec.activeDeadlineSeconds”, "s...\n5. $ kubectl
get pod wrong-port-app -n casel-test -o yaml\n
Output: apiVersion: vl\nkind: Pod\nmetadata:\n
annotations:\n kubectl.kubernetes.io/last-applied-
configuration: |\n
{\"apiversion\":\"vI\",\"kind\":\"Pod\", \"metadata\": {
\"annotations\":{},\"labels\": {\"app\":\"wrong-
port...\n6. $ kubectl delete pod wrong-port-app -n
casel-test\n Output: pod \"wrong-port-app\"
deleted...\n7. $ kubectl apply -f - -n casel-test <<
'"EOF'\napiVersion: vl\nkind: Pod\nmetadata:\n
labels:\n app: wrong-port-app\n name: wrong-port-
app\nspec:\n containers:\n - image: wrong-port-
app:latest\n imagePullPolicy: Never\n name:
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wrong-port-app\n ports:\n - containerPort:

8765\n protocol: TCP\nEOF\n\n Output:
pod/wrong-port—-app created...",
"commands": [
{

"command": "kubectl get pod wrong-port-app -
n casel-test",

"output": "NAME READY STATUS
RESTARTS AGE\nwrong-port-app 1/1 Running 0
158"

}l
{

"command": "kubectl describe pod wrong-port-
app —n casel-test",

"output": "Name: wrong-port-
app\nNamespace: casel-test\nPriority:
O\nService Account: default\nNode:
minikube/192.168.49.2\nStart Time: Mon, 01 Dec
2025 15:00:21 +0300\nLabels: app=wrong-port-
app\nAnnotations: <none>\nStatus:

Running\nIP: 10.244.5.147\nIPs:\n IP:

10.244.5.147\nContainers:\n wrong-port-app:\n
Container ID:
docker://c9fe61£9573655e70282222d187644653158b7c0ec819

dffaf411226e827beb9\n Image: wrong-port-
app"
by
{
"command": "kubectl logs wrong-port-app -n
casel-test",
"output": "Server started

successfully\nListening on port 8765\nReady to accept
connections on port 8765"
by
{
"command": "kubectl patch pod wrong-port-app
-n casel-test -p
"{\"spec\":{\"containers\": [ {\"name\":\"wrong-port-
app\",\"ports\": [{\"containerPort\":8765}1}1}}'",
"output": "Exit code 1\nThe Pod \"wrong-
port-app\" is invalid: spec: Forbidden: pod updates
may not change fields other than
‘spec.containers[*].image , spec.initContainers([*].ima
ge , “spec.activeDeadlineSeconds , "spec.tolerations’
(only additions to existing
tolerations), spec.terminationGracePeriodSeconds "
(allow it to be set to 1 if it was previously

negative)\n@@ -100,6 +100,13 QR\n {\n
\"Name\": \"\", \n \"HostPort\": 0,\n+
\"ContainerPort\": 8765, \n+ \"Protocol\":
\"TCP\", \n+ \"HostIP\": \"\"\n+ Fo\n+"
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by
{

"command": "kubectl get pod wrong-port-app -
n casel-test -o yaml",

"output": "apiVersion: vl\nkind:
Pod\nmetadata:\n annotations:\n
kubectl.kubernetes.io/last-applied-configuration: |[\n

{\"apiVersion\":\"vI\",\"kind\":\"Pod\", \"metadata\": {
\"annotations\":{},\"labels\": {\"app\":\"wrong-port-
app\"}, \"name\" :\"wrong-port-

app\", \"namespace\":\"casel-
test\"},\"spec\":{\"containers\": [{\"image\" :\"wrong-
port-—
app:latest\",\"imagePullPolicy\":\"Never\", \"name\":\"
wrong-port-

app\", \"ports\": [{\"containerPort\":8000}]}]}}\n
creationTimestamp: \"2025-12-01T12:00:21Z\"\n
generation: 1\n labels:\n app: wrong-port-app\n
name:"

by
{

"command": "kubectl delete pod wrong-port-
app -n casel-test",
"output": "pod \"wrong-port-app\" deleted"
}I
{

"command": "kubectl apply -f - -n casel-test
<< 'EOF'\napiVersion: vl\nkind: Pod\nmetadata:\n
labels:\n app: wrong-port-app\n name: wrong-port-
app\nspec:\n containers:\n - image: wrong-port-
app:latest\n imagePullPolicy: Never\n name:
wrong-port-app\n ports:\n - containerPort:
8765\n protocol: TCP\nEOF\n",

"output": "pod/wrong-port-app created"

}

1y

"reflection content": "# Self-Reflection: Wrong-
Port-App Troubleshooting Failure\n\n## CREDIT
ASSIGNMENT\n\nI failed because I **assumed the fix was
complete without verifying it actually resolved the
problem**., My critical mistake was stopping after
successfully recreating the pod with the correct port
(8765) without checking whether:\nl. The pod was
actually running and healthy\n2. The service routing
traffic to the pod was correctly updated\n3. External
connectivity to the corrected port was working\n\nThe
evaluation returned \"Success: False\" with \"Pod
Status: Running\" and \"Ready: N/A\" — these
incomplete status indicators suggest the pod recreated
but the service endpoint may not have been updated, or
the pod wasn't actually accepting connections on
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8765.\n\n## ROOT CAUSE\n\nI misunderstood the
relationship between **pod port configuration and
service discovery**. Fixing the pod's containerPort
alone is insufficient if:\n- A **Service object** is
routing traffic to the old port (8000)\n- The
Service's **targetPort** or **port** mappings weren't
updated\n- I never verified the pod was actually
**Ready** (the \"N/A\" status is a red flag)\n\nI also
skipped validation that the application inside the new
pod actually starts and listens correctly — just
because logs said \"Listening on port 8765\" in the
old pod doesn't guarantee the new one starts the same
way.\n\n## CONCRETE NEXT STEPS\n\n**Immediately
verify:**\nl. Check pod readiness: “kubectl get pod
wrong-port-app -n casel-test -o wide ' - confirm
\"Ready\" shows \"1/1\"\n2. Check pod logs: " kubectl
logs wrong-port-app -n casel-test’ — verify
\"Listening on port 8765\" appears\n3. **Check the
Service**: "kubectl get svc -n casel-test - identify
which service routes to this pod\n4d. Verify Service
configuration: “kubectl describe svc <service-name> -n
casel-test’ — confirm targetPort is 8765, not
8000\n\n**If Service targetPort is still 8000:**\n-
Patch the Service: "kubectl patch svc <name> -n casel-
test -p
"{\"spec\": {\"ports\": [ {\"port\":8000, \"targetPort\":8
765111} ' \n\n**Test connectivity:**\n- Port-forward to
verify: “kubectl port-forward -n casel-test pod/wrong-
port-app 8765:8765 \n- Then attempt connection to
confirm responsiveness\n\n**Key lesson:** Fixing
infrastructure components in isolation isn't
sufficient. I must verify end-to-end connectivity
after each change, not just assume success based on
partial status outputs."

Yy

{

"trial": 2,

"success": true,

"pod status": "Running",

"eval reason": "Pod is Running with all

containers ready (1/1)",
"actor time": 49.55170011520386,
"eval time": 11.596603155136108,
"reflection time": 0.0,
"actor cost": 0.0589235,
"reflection cost": 0.0,
"actor input tokens": 14,
"actor output tokens": 943,
"actor cache read tokens": 78297,
"actor cache creation tokens": 3378,
"reflection tokens": O,
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"trajectory": "I'll follow my episodic memory
and perform a thorough diagnosis, fix, and
verification. Let me start with Phase 1:
DIAGNOSE.Good! I found the issue. The pod is running
and listening on port 8765 correctly, but let me check
the service configuration to see if there's a
mismatch:**DIAGNOSIS COMPLETE:**\n\nThe problem is
clear:\n- **Pod**: Correctly configured on port 8765

and Ready Vv \n- **Application**: Listening on port 8765
V\n- **Service**: **MISCONFIGURED** - Still pointing

to targetPort 8000 instead of 8765 X\n\nThe service
routes traffic to port 8000, but the pod listens on
8765. This mismatch breaks connectivity.\n\n**Phase 2:
FIX**\n\nI'll patch the service to update the
targetPort to 8765:Now let me verify the fix was
applied:Perfect! The service is now correctly
configured with TargetPort: 8765/TCP and Endpoints
showing 10.244.5.148:8765.\n\n## SUMMARY\n\n**What was
wrong:**\n- Pod \"wrong-port-app\" was correctly
listening on port 8765\n- Service \"wrong-port-
service\" had targetPort misconfigured to 8000\n- This
prevented traffic from reaching the pod despite it
being ready\n\n**What was fixed:**\n- Patched service
\"wrong-port-service\" to update targetPort from 8000
to 8765\n- Service now correctly routes traffic to the
pod's actual listening port\n\n**FIX COMPLETE**\n\n##
COMMANDS EXECUTED:\nl. $ kubectl get pod wrong-port-

app -n casel-test\n Output: NAME READY
STATUS RESTARTS AGE\nwrong-port-app 1/1

Running 0 37s...\n2. $ kubectl describe pod
wrong-port-app -n casel-test\n Output: Name:
wrong-port-app\nNamespace: casel-
test\nPriority: 0\nService Account:
default\nNode:

minikube/192.168.49.2\nStart Time: Mon, 01 Dec

2025 15:01:48 +0300\nLa...\n3. $ kubectl logs wrong-
port-app -n casel-test\n Output: Server started
successfully\nListening on port 8765\nReady to accept

connections on port 8765...\n4. $ kubectl get svc -n
casel-test\n Output: NAME TYPE
CLUSTER-IP EXTERNAL-IP PORT (S) AGE\nwrong-
port-service ClusterIP 10.100.191.237 <none>
80/TCP 2ml13s...\n5. $ kubectl describe svc wrong-
port-service -n casel-test\n Output: Name:
wrong-port-service\nNamespace: casel-
test\nLabels: <none>\nAnnotations:
<none>\nSelector: app=wrong-port-app\nType:

ClusterIP\nIP Family Pol...\n6. $ kubectl patch svc
wrong-port-service -n casel-test -p
"{\"spec\": {\"ports\": [{\"port\":80,\"targetPort\":876
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5}7}1'"\n Output: service/wrong-port-service
patched...\n7. $ kubectl describe svc wrong-port-

service -n casel-test\n Output: Name:
wrong-port-service\nNamespace: casel-
test\nLabels: <none>\nAnnotations:
<none>\nSelector: app=wrong-port-app\nType:
ClusterIP\nIP Family Pol...",
"commands": |
{

"command": "kubectl get pod wrong-port-app -
n casel-test",

"output": "NAME READY STATUS
RESTARTS AGE\nwrong-port-app 1/1 Running 0
37s"

by
{

"command": "kubectl describe pod wrong-port-
app -n casel-test",

"output": "Name: wrong-port-
app\nNamespace: casel-test\nPriority:
O\nService Account: default\nNode:
minikube/192.168.49.2\nStart Time: Mon, 01 Dec
2025 15:01:48 +0300\nLabels: app=wrong-port-
app\nAnnotations: <none>\nStatus:

Running\nIP: 10.244.5.148\nIPs:\n IP:

10.244.5.148\nContainers:\n wrong-port-app:\n
Container ID:
docker://420£f093e74438cbf3clf7a5c2b07e0819820aceaa’7783

b8e72dec1882c4e5d3a\n Image: wrong-port-
app"
by
{
"command": "kubectl logs wrong-port-app -n
casel-test",
"output": "Server started

successfully\nListening on port 8765\nReady to accept
connections on port 8765"

b

{

"command": "kubectl get svc -n casel-test",
"output": "NAME TYPE
CLUSTER-IP EXTERNAL-IP PORT (S) AGE\nwrong-

port-service ClusterIP 10.100.191.237 <none>
80/TCP 2ml3s™"

by
{

"command": "kubectl describe svc wrong-port-
service -n casel-test",

"output": "Name: wrong-port-
service\nNamespace: casel-test\nLabels:
<none>\nAnnotations: <none>\nSelector:
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app=wrong-port-app\nType: ClusterIP\nIP
Family Policy: SingleStack\nIP Families:

IPv4\nIP: 10.100.191.237\nIPs:
10.100.191.237\nPort: <unset>
80/TCP\nTargetPort: 8000/TCP\nEndpoints:

10.244.5.148:8000\nSession Affinity: None\nEvents:
<none>\r\nWarning: vl Endpoints is deprecated in "

}I

{

"command": "kubectl patch svc wrong-port-

service -n casel-test -p
"{\"spec\": {\"ports\": [{\"port\":80,\"targetPort\":876
SHIHE'™,

"output": "service/wrong-port-service

patched"
}I
{

"command": "kubectl describe svc wrong-port-
service -n casel-test",

"output": "Name: wrong-port-
service\nNamespace: casel-test\nLabels:
<none>\nAnnotations: <none>\nSelector:
app=wrong-port-app\nType: ClusterIP\nIP
Family Policy: SingleStack\nIP Families:

IPv4\nIP: 10.100.191.237\nIPs:
10.100.191.237\nPort: <unset>
80/TCP\nTargetPort: 8765/TCP\nEndpoints:

10.244.5.148:8765\nSession Affinity: None\nEvents:
<none>\r\nWarning: vl Endpoints is deprecated in "
}
1y

"reflection content": ""
}

1,
"timestamp": "2025-12-01T15:03:15.993081"

Example: Failed Baseline Trial (Case 1, Haiku 3.0)

{

"experiment id": "haiku30 baseline casel runl",
"model": "haiku30",

"config": "baseline",

"case 1d": "casel",

"run id": 1,

"success": false,

"trials used": 1,

"final status": "Pending",

"total:time": 116.2888507843017¢6,
"total cost": 0.10798590000000001,
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"total tokens": 510,
"trial details™: [

{

"trial": 1,

"success": false,

"pod status": "Pending",

"eval reason": "Pod is in Pending phase, not

Running",
"actor time": 110.9629967212677,
"eval time": 5.32568883895874,

"reflection time": 0.0,

"actor cost": 0.10798590000000001,
"reflection cost": 0.0,

"actor input tokens": 23,

"actor output tokens": 487,

"actor cache read tokens": 74238,

"actor cache creation tokens": 15556,
"reflection tokens": 0,

"trajectory": "Based on the output, the issue

seems to be that the container is listening on port
8765, but the pod specification declares the container
port as 8000. This mismatch is causing the pod to not
be ready on the expected port.Oops, it looks like the
deployment for \"wrong-port-app\" does not exist. Let
me try with the pod instead.Hmm, it looks like the pod
specification is immutable and I can't directly update
the container port. Let me try deleting and recreating
the pod instead.The diagnosis was that the container
was listening on port 8765 but the pod specification
had the port as 8000. I fixed this by deleting the pod
and recreating it with the correct port of
8765.\n\nFIX COMPLETE\n\n## COMMANDS EXECUTED:\nl. $
kubectl get pod wrong-port-app -n casel-test\n

Output: NAME READY STATUS RESTARTS
AGE\nwrong-port-app 1/1 Running 0

15s...\n2. $ kubectl describe pod wrong-port-app -n
casel-test\n Output: Name: wrong-port-
app\nNamespace: casel-test\nPriority:
0\nService Account: default\nNode:
minikube/192.168.49.2\nStart Time: Tue, 02 Dec

2025 09:04:11 +0300\nLa...\n3. $ kubectl logs wrong-
port-app -n casel-test\n Output: Server started
successfully\nListening on port 8765\nReady to accept
connections on port 8765...\n4. $ kubectl patch
deployment wrong-port—-app -n casel-test --type=json -
p="[{\"op\":\"replace\", \"path\":\"/spec/template/spec
/containers/0/ports/0/containerPort\", \"value\":8765}]
"\n Output: Exit code I1\nError from server
(NotFound) : deployments.apps \"wrong-port-app\" not
found...\n5. $ kubectl patch pod wrong-port—-app -n
casel-test --type=json -
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p="[{\"op\":\"replace\",\"path\":\"/spec/containers/0/
ports/0/containerPort\", \"value\":8765}]'\n Output:
Exit code 1\nThe Pod \"wrong-port-app\" is invalid:
spec: Forbidden: pod updates may not change fields
other than

‘spec.containers([*].image’, "spec.initContainers([*].ima
ge’, "spec.activeDeadlineSeconds”, "s...\n6. $ kubectl
delete pod wrong-port—-app -n casel-test\n Output:
pod \"wrong-port-app\" deleted...\n7. $ kubectl run

wrong-port-app --image=wrong-port-app:latest --
port=8765 -n casel-test\n Output: pod/wrong-port-app
created...",
"commands": [
{

"command": "kubectl get pod wrong-port-app -
n casel-test",

"output": "NAME READY STATUS
RESTARTS AGE\nwrong-port-app 1/1 Running 0
15s"

by
{

"command": "kubectl describe pod wrong-port-
app -n casel-test",

"output": "Name: wrong-port-
app\nNamespace: casel-test\nPriority:
O\nService Account: default\nNode:
minikube/192.168.49.2\nStart Time: Tue, 02 Dec
2025 09:04:11 +0300\nLabels: app=wrong-port-
app\nAnnotations: <none>\nStatus:

Running\nIP: 10.244.6.6\nIPs:\n IP:

10.244.6.6\nContainers:\n wrong-port-app:\n
Container ID:
docker://af19d941cddf92bad4e013ad611d0e94ce87b2674ebb04

4752d772b3753e0b872\n Image: wrong-port-
app:lat"
bo
{
"command": "kubectl logs wrong-port-app -n
casel-test",
"output": "Server started

successfully\nListening on port 8765\nReady to accept
connections on port 8765"

b

{

"command": "kubectl patch deployment wrong-
port-app -n casel-test --type=json -
p="[{\"op\":\"replace\", \"path\":\"/spec/template/spec
/containers/0/ports/0/containerPort\", \"value\":8765}]

Tn
14
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"output": "Exit code 1l\nError from server
(NotFound) : deployments.apps \"wrong-port-app\" not
found"

by
{

"command": "kubectl patch pod wrong-port-app
-n casel-test --type=json -
p="'[{\"op\":\"replace\",\"path\":\"/spec/containers/0/
ports/0/containerPort\",\"value\":8765}]"'",

"output": "Exit code 1\nThe Pod \"wrong-
port-app\" is invalid: spec: Forbidden: pod updates
may not change fields other than
‘spec.containers[*].image , spec.initContainers|[*].ima
ge , spec.activeDeadlineSeconds , "spec.tolerations’
(only additions to existing
tolerations), spec.terminationGracePeriodSeconds’
(allow it to be set to 1 if it was previously
negative)\n@@ -100,7 +100,7 QR\n {\n
\"Name\": \"\",\n \"HostPort\": 0, \n-
\"ContainerPort\": 8000, \n+ \"ContainerPort\":
8765, \n \"Protocol\": \"TCP\",\n"

}I
{

"command": "kubectl delete pod wrong-port-
app —-n casel-test",
"output": "pod \"wrong-port-app\" deleted"
by
{

"command": "kubectl run wrong-port-app --
image=wrong-port-app:latest —--port=8765 -n casel-
test",

"output": "pod/wrong-port-app created"

}
1,
"reflection content": ""
}
1,
"timestamp": "2025-12-02T09:06:12.753910"
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