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Abstract
Software engineers are increasingly adopting multi-agent large language model (LLM)
systems, yet the controlled empirical evidence comparing the underlying architec-
tural patterns’ trade offs on software engineering tasks is still lacking. This thesis
applies a two phase mixed-methods design. The first phase conducts a structured
review of 31 articles published between 2023 and 2026, resulting in a taxonomy of
10 coordination patterns for multi-agent LLM systems. In the second phase, an em-
pirical experiment comparing three patterns a Single-Agent Baseline, a Sequential
architecture, and a Hierarchical architecture is carried out on automated unit test
generation using the TestEval benchmark. Five dependent variables are evaluated
(success rate, error handling, latency, cost, and agent communication turns) run-
ning each architecture independently on 30 tasks, all using Claude Sonnet 4, for 270
task executions in total. The Sequential pattern recorded the highest success rate
(92.2%), the lowest latency variance (295.56 s2), and a competitive cost (0.089 USD
per task). The Single-Agent Baseline reached a moderate success rate (81.1%) at
the lowest cost (0.083 USD per task), while the Hierarchical pattern recorded the
lowest success rate (54.4%), the highest median latency (142.37 s), and the highest
mean cost (0.308 USD per task). The hierarchical pattern suffered from supervisor
information bottleneck according to the qualitative results confirmed by 100% of
the failing tasks of the architecture. These results come from a single LLM, a single
benchmark, and non-optimized prompts per architecture, which means replication
is needed before these findings are treated as general architectural principles.

Keywords: LLMs, Multi-agent AI systems, Software unit test generation, Architec-
ture patterns in multi-agent systems, Agentic AI.
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1. Introduction

1
Introduction

1.1 Problem Description

Large Language Models (LLMs) have become an essential part of modern in-
telligent software systems due to their capacity to plan and reason at levels similar
to those of humans [16]. With the development of more recent models like the
GPT models from OpenAI, Gemini from Google and Claude from Anthropic, the
reasoning capacity of these models has increased substantially. This allowed these
models to be integrated into software systems as the core element of reasoning and
decision-making, allowing the system to autonomously plan and manage complex
tasks [28][33]. Although single AI agents demonstrate significant problem-solving
capacity, they face limitations in planning long-term tasks that require maintaining
a large amount of context across multiple reasoning processes. They are also prone
to hallucinations that provide plausible but incorrect outputs. This can lead to cas-
cading inaccuracies throughout the reasoning chain, resulting in unreliable outputs
[16]. These limitations shifted the paradigm towards Multi-agent systems (MAS)
or agentic AI, where agents break down into smaller and more specialized agents.
Worker agents interact to break down tasks, distribute responsibilities and handle
complex decision-making processes [17]. This breakthrough shifted the AI landscape
to a new era of task-oriented frameworks powered by capable LLMs. AI agents are
software systems that have a cognitive ability (the LLM model powers the system)
to plan and make decisions. In addition, these systems include tools that allow them
to take actions in the real world or digital environments [38].

Multi-agent systems rely heavily on their structural design, often referred to as archi-
tectural patterns, and interaction models to solve and manage complex long-thinking
tasks effectively. The literature has shown a number of distinct coordination pat-
terns. The hierarchical pattern assigns a central orchestrator agent to break down
tasks and delegate sub-tasks to a specialized worker agents at multiple levels of dele-
gation [30]. Sequential patterns transfer task output from one agent to the next in a
linear fashion [28]. Other patterns include a decentralized pattern or mesh-based de-
sign, where agents participate in peer-to-peer debates or voting mechanisms to reach
a desired outcome [16][28]. Frameworks such as MetaGPT implement role-based se-
quential coordination using Standard Operating Procedures (SOPs) for software
engineering tasks by applying the "Waterfall" approach, effectively managing the
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1. Introduction

interactions between agents [17]. AgentCoder implements a three-agent sequential
pipeline, achieving 77.4% pass@1 on code generation benchmarks to improve code
quality [19]. Although multi-agent frameworks are becoming more widespread, there
is still a lack of systematic empirical data available for choosing the most suitable
architectural design for a specific software engineering task. The current agent co-
ordination decisions for the performance, reliability, cost trade-offs are often made
without empirical data, such as deciding between hierarchical and sequential pat-
terns [28]. This lack of empirical evidence represents an essential gap in the research
field, specifically for software engineering tasks such as automated test generation,
where reliability and cost consistency are critical for practical consideration.

1.2 Purpose of the Study
This study aims to investigate and compare three architectural patterns that are
used in multi-agent LLM-based systems. With a specific focus on their impact
on software engineering tasks, especially automated software testing and test case
generation. The purpose of the study is to identify and categorize common archi-
tectural patterns, such as single-agent, sequential and hierarchical architectures. In
addition, analyze the trade-offs associated with these patterns, such as performance,
reliability, cost, and efficiency, as identified in existing multi-agent systems studies
[16][39][7]. Through an experimental evaluation, the study investigates how different
multi-agent architectures behave in creating software test cases relative to simple
single-agent baseline techniques. The study aims to determine whether and when
multi-agent designs yield measurable benefits over the single-agent techniques by
providing the simplest baseline model and then gradually adding the architectural
complexity.

Furthermore, the study will provide a generalizable and empirically supported archi-
tectural model for designing LLM-based multi-agent systems in software engineering
contexts. The model is supported by standardized evaluation criteria and real exper-
imental data, helping future researchers replicate, extend, and validate architectural
choices, as well as make well-informed design decisions.

1.3 Significance of the Study
This study addresses a critical gap in the understanding of architectural design in
LLM-based multi-agent systems, through a systematic comparison of various ar-
chitectural patterns in standardized performance and reliability metrics [16] [28].
Although several frameworks such as MetaGPT and AgentCoder have shown an
impressive result on specific tasks [17][19], these evaluations focus on the perfor-
mance of individual frameworks rather than a systematic comparison of the core
architectural patterns under specified experimental conditions. In addition, this
study provides statistical measures of variability in three repeated experimental
runs, such as variance, standard deviation, coefficient of variation, and 95% confi-
dence intervals. This allows for easy evaluation of the average performance as well

2



1. Introduction

as the consistency of each architectural pattern’s behavior across tasks.

From a research perspective, the study creates a clear experimental baseline and
evaluation framework that makes it possible for future studies to extend, validate,
and compare results across different multi-agent system architectures. Evaluation
metrics, experimental design, and benchmark tasks are documented to enable fu-
ture researchers to extend, validate, and compare results across different models,
benchmarks, and task types.

From a practical perspective, the findings provide researchers and practitioners
quantitative and qualitative data to help them choose architectural patterns for
LLM-based multi-agent systems in software engineering tasks. Today’s architectural
choices, including the decision between hierarchical and sequential coordination, are
frequently made without actual data on their cost, performance, and reliability
trade-offs[28]. The trade-off analysis offers specific data on the latency, cost, relia-
bility, and error handling metrics of three architectural patterns. This information
may help developers of automated test generation pipelines and related software
engineering applications make better decisions.

It should be noted that the results of this investigation are specific to the TestEval
benchmark tasks and the evaluated conditions. Therefore, these limitations con-
strain the generalizability of the findings and more research would be needed to
generalize them to other types of tasks or deployment situations.

1.4 Research Questions

RQ1: What are the current architectural patterns for multi-agent LLM systems
reported in academic and grey literature?
Goal: The goal of RQ1 is to identify and catalog the architectural patterns currently
used in LLM-based multi-agent systems through a systematic review of the existing
literature. This question establishes the theoretical foundation of the study by
describing the many possible coordination patterns, together with their structural
features, main advantages, and any disadvantages. The results of RQ1 guide the
choice of patterns for the quantitative experiment in RQ2 and offer practitioners and
academics creating multi-agent systems for software engineering tasks a systematic
resource.

RQ2: How do different architectural patterns compare in terms of performance (la-
tency/cost) and reliability (success rate/error handling)?
Goal: This research question aims to empirically evaluate three architectural pat-
terns, namely sequential, hierarchical, and single-agent baseline, on five measurable
metrics: error handling, latency, cost, success rate and agent communication turns.
A controlled quantitative experiment that evaluates each pattern on the same set
of automated test creation tasks under the same conditions is used to answer this
question. The results of RQ2 enable the investigation of coordination techniques for
software engineering activities by offering quantitative proof of the performance and

3
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reliability trade-offs connected to each architectural pattern.

RQ3: How suitable are different multi-agent LLM architectural patterns for soft-
ware engineering tasks, and to what extent can the resulting insights be generalized
to other application domains?
Goal: The goal of RQ3 is to analyze the generalization of observed patterns be-
yond the particular benchmark examined and to evaluate the quantitative results
of RQ2 in connection with software engineering task requirements. This question is
addressed through qualitative analysis of agent interaction traces across 22 sample
tasks for all three experiment runs per task, by looking at how coordination mech-
anisms occur during the automated test generation. Across the three architectural
patterns we found six behavioral categories with a significant architecture-specific
distribution. These categories investigate qualitative insights into the reason behind
the quantitative differences observed in the RQ2 as well as the conditions in which
the pattern is suitable for automated test generation tasks.

1.5 Contribution

This thesis contributes (i) a taxonomy of architectural patterns for multi-agent LLM
systems, structured along control flow, role specialisation, and information flow,
from which three patterns are selected for empirical comparison; (ii) a controlled
empirical comparison of the Single-Agent, Sequential, and Hierarchical patterns on
30 TestEval tasks using Claude Sonnet 4. The experiment produced quantifying re-
sults of the cost, latency, and reliability trade-offs of each pattern; (iii) a qualitative
account, derived from directed content analysis of 66 interaction traces, of the be-
havioral mechanisms that explain the observed differences, including the supervisor
information bottleneck; and (iv) a set of practical architecture-selection guidelines
together with a publicly archived replication package [2].

1.6 Scope
The scope of the study is limited to investigating unit test generation as a task in
software engineering prompting a single model (claude sonnet 4), on one benchmark
(TestEval), using three different patterns (Single-Agent, Sequential and Hierarchi-
cal) without any prompt optimization. Other LLMs and SE tasks are excluded from
the scope, such as bug repair, requirements engineering or code review. The results
are meant as a controlled reference point, not general architecture principles.

1.7 Thesis Outline
The following table presents an overview of the sections and the structure of the
study.

4



1. Introduction

Chapter Relevance
Background Provides an overview of the terms used in the study.
Related Work Reviews the related work and addresses the gap that the study aims to fill.
Methods describes the methods used to conduct the study.
Results Gives detailed results of the literature review and the experiment.
Discussion Presents a discussion of the results and considers practical implications.
Conclusion Presents the conclusion drawn from the results and the discussion.
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2. Background

2
Background

This section establishes the theoretical foundation of the study. It provides an
explanation of the transition from single AI agent systems to agentic AI and multi-
agent systems (MAS). By categorizing different architectural patterns proposed in
the literature and their application within the software engineering domain.

2.1 From Generative AI to Agentic AI

Generative AI represents a subfield of artificial intelligence that can understand and
respond to text, images, audio, video, or any type of data input by interacting with
prompts using generative models. The GenAI paradigm contains many different
types of models. Foundational Models (FM) and Large Language Models (LLM)
are two distinct categories of models. Both types are trained on extensive datasets to
perform general interpretations of various input data and to produce content such as
text or images as an output. Recent research has seen evolutionary advancement in
LLM-based technologies like GitHub Copilot and ChatGPT. These techniques show
exceptional performance in producing human-like content, pushing the productivity
of their users to a higher limit [31].

Since 2020, Large Language Models (LLMs) have been progressing remarkably in
content-generating capabilities, producing large-scale models such as GPT-3, PaLM,
and LLaMA consisting of billions of parameters. These models have achieved a high
level of cognitive ability, enabling them to perform reasoning and planning. The
researchers took these models one step further by applying reasoning, reinforce-
ment learning from human feedback, and prompt engineering. These techniques
guide the models towards more goal-oriented objectives with more secure interac-
tions. Leading to the growth of multi-modal models such as GPT-4, combined with
both vision and language capabilities. These models eventually became the core of
AI agents, empowering these agents with robust tools, contextual comprehension,
strategic planning, and self-reflection capabilities. Consequently, LLM-based agents
transformed from passive content generators into autonomous, self-planning, and
context-aware systems [34].

7



2. Background

2.2 Anatomy of Single LLM-based AI Agents
Atomic single-unit agents constitute the core component of MAS. Understanding
the construction of atomic agents facilitates a more natural grasp of MAS function-
ality and collaboration. An agent is technically represented as a tuple {m,o,e,x,y},
including model (m), objective (o), environment (e), perception (x), and action (y)
[38].

• The Model (LLM): Is the primary cognitive engine of the agent, and it en-
ables the agent to think beyond the confines of rules and scripts. Having an
understanding of the situation, coming up with plans, and making decisions
are all under its purview [8, 33].

• The Memory: Because memory is crucial for multi-turn interactions, agents
utilize both short-term (context window) and long-term (vector database)
memory to maintain state across a workflow. These two different kinds of
memory types help the model to comprehend the current environment, cap-
ture the context, plan and reason according to the objectives provided to the
agent [21, 34].

• The Perception & The Action: The ability to perceive inputs from the envi-
ronment (e.g., code repositories, user requirements) and execute actions via
external tools (e.g., Python interpreters, compilers) [8].

2.3 Taxonomy of Architectural Patterns in Multi-
Agent Systems

The efficiency of multi-agent systems is significantly related to their architectural
topology. These systems are constructed using established software architecture
patterns, which define their control structures and communication protocols within
the MAS and among the agents. The literature review identified various patterns
that serve different use cases. However, three patterns stood out for us, and this
section will discuss how these patterns enhance the resilience of MAS and what
potential trade-offs engineers encounter when implementing them.

2.3.1 Sequential and Chain Architectures
This typology resembles the "waterfall" method in software engineering; it follows a
strict order of phases (requirements -> design -> coding -> testing). As a static
architecture in which the output of one agent serves as the input of the next agent,
creating a pipeline of sequential agents that respond to the results of the preceding
agent’s operations [38]. Agents get assigned roles to play and equipped with tools to
perform actions depending on the set of skills that they got provided with. Where
each agent has enough autonomy to react in its environment depending on the task
that the agent gets assigned.

8



2. Background

2.3.1.1 The Role of Standard Operating Procedures (SOPs)

The defining characteristic of this pattern is the encoding of Standard Operating
Procedures (SOPs) into the agent workflow. This approach restricts the information
flow between agents, limiting any "idle chatter" or hallucinations that occur, and
forces agents to follow a strict order [7]. Different frameworks fulfill distinct roles
within this pattern; however, the top-down approach continues to be the baseline
of this typology. In the MetaGPT framework, the chain starts with a requirement
specialist agent that generates a comprehensive set of requirements, which are then
passed on to a system designer. This architecture thoroughly designs the system to
comply with the requirements provided in the preceding phase. The system designer
produces architecture diagrams and data flow charts to be delivered to an engineer
agent later. These artifacts will serve as a baseline for the engineer to code, test, and
validate while developing the system [17]. AgentMesh similarly implements the same
approach: a planner generates a list of sub-tasks, where a coder starts implementing
these sub-tasks sequentially. Finally, a reviewer validates the system to match what
the planner originally created [21]. These frameworks effectively "hardcode" the
software development life cycle into their workflow, thereby improving the outcomes
of the sequential approach of MAS.

2.3.1.2 Artifact-Centric Communication

Artifacts-centric communication has initiated a transition in the modern sequen-
tial systems from conversational dialogues to structured shared deliverables. In
MetaGPT, agents communicate using artifacts, flowcharts, and interface specifica-
tions instead of unstructured dialogue. This structured communication minimizes
ambiguity and hallucinations of large language models (LLMs) by limiting their
output space [17]. A shared memory referred to as a "message pool" retains agents’
published artifacts such as a PRD or a Python class file. This design enables down-
stream agents to subscribe to the specific artifacts relevant to their roles, hence
facilitating the linear handoff without information loss.

2.3.1.3 The Linear "Chain of Thought" at System Level

This design can be considered as a system-level implementation of the Chain-of-
Thought (CoT) prompting technique. It decomposes complex engineering tasks
into roles for different agents, converting vague user requirements (e.g., "Write a
Snake game") into smaller, simpler steps. In AgentMesh, for example, the Planner
agent generates a list of executable sub-tasks (e.g., "Design Data Structures" and
"Implement Logic"). This decomposition decreases the cognitive burden on the coder
agent and allows following agents to concentrate on their respective subtasks. Thus,
it will minimize ambiguity within the system [21].

2.3.1.4 Trade-offs: Efficiency vs. Error Propagation

While this pattern is effective in terms of token utilization and latency due to the
limitation of circular debates and minimization of redundant communication be-
tween agents. Furthermore, it provides a consistent workflow. The project state’s
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transparency (e.g., "We are currently at the testing stage") guarantees that progress
can be easily tracked at every level. However, the primary vulnerability of sequen-
tial chains is error propagation. A single undetected hallucinated requirement at
the top level can typically trigger a cascading failure throughout the system. Re-
sulting in fundamental flaws once they pass the initial agents. Furthermore, fixed
sequential chains lack flexibility. The system cannot implement dynamic changes
once the sequence starts, leading to complexities if a task requires a domain expert
not predefined in the chain to be recruited.

2.3.2 Hierarchical (Centralized) Architectures
Hierarchical and centralized architectures organize agents into hierarchical layers of
authority. Within these structures, agents are assigned specific roles with distinct
responsibilities. This design converts the system from a linear chain to a supervised
ecosystem. Centralized hierarchical systems consist of a "Supervisor" who manages
the decision-making and task orchestration of subordinate "Worker" agents through-
out their life cycle. This typology is well suited to multi-stage software engineering
tasks that require high reasoning and domain expertise to implement requirements
concurrently [5, 33, 38].

2.3.2.1 The Orchestrator-Worker Paradigm and Role Specialization

The core element of a hierarchical system is the central orchestrator referred to as
the "Supervisor". This agent receives user inputs and then transforms them into de-
composable goals. Where these goals are broken down into smaller tasks delegated
to specialized "Worker" agents [5]. Frameworks typically implement hierarchical sys-
tems via persona assignments. In this approach, different agents are responsible for
different components of the system. For example, an agent-as-a-planner formulates
an overarching strategy, while an agent-as-an-engineer allocates tasks to different
sub-agents to distribute the workload. Furthermore, an agent-as-a-worker executes
domain-specific logic (e.g., coding or testing) [28]. In systems such as ChatDev, a
"virtual CEO" or meta-agent assigns sub-tasks to departmental agents and integrates
their outputs into a cohesive final goal. Before sending the result back to the top-
level supervisor agent, each sub-agent usually executes its own loop of perception,
reasoning, and action [5]. Hierarchical systems also depend on structured communi-
cation protocols and information flow. These systems often exhibit a bidirectional
information flow, employing a top-down approach strategy to convey sub-goals and
global constraints from "Manager" agents down to "Worker" agents. The status re-
ports and outcomes are transmitted from "Worker" agents up to "Manager" agents
in a bottom-up manner. This prevents top-level agents from becoming overwhelmed
by managing micro-level execution details, allowing them to retain awareness of the
overall state [33].

2.3.2.2 Trade-offs: Global Coherence vs. Bottlenecks

Hierarchical systems are globally consistent and highly scalable given that each sub-
agent has a specific role, is clearly responsible for its work, and can only do their job
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inside rigid constraints in the hierarchy tree. Moreover, the "Supervisor" provides an
additional layer of safeguard, allowing the orchestrator to modify and adapt the plans
to resolve conflicts or failures as they arise [5, 28]. However, the primary feature
of these systems also becomes the main constraint if the "Supervisor" misinterprets
the original prompt. This constraint leads to hallucinations that may occur in the
task decomposition, affecting the entire downstream workflow. Furthermore, deep
hierarchical layers must exchange summaries and instructions among themselves
across the network. Consequently, it results in significant communication overhead
and higher token expenses [30, 38].

2.3.3 Decentralized (Mesh) Architectures
Decentralized architectures allow agents to communicate directly over communica-
tion channels without a central orchestrator, forming a mesh network. These com-
munication channels show up as two unique dynamic techniques in which agents
engage in debate or cast votes when opposing viewpoints arise. Through these pro-
cesses, strive to find a consensus and formulate solutions based on optimal outcomes
[7, 38]. With these systems demonstrating high fault tolerance and creativity, they
often have a lot of trouble with high communication volumes and struggle to reach
a final conclusion due to the absence of consensus mechanisms. Agents may engage
in infinite cycles of conversation without human intervention, resulting in excessive
token usage and prolonged sessions of "ReAct" events that limit their performance
[38].

2.3.4 Summary of Differences

Feature Sequential
(Chain)

Hierarchical (Tree) Decentralized
(Mesh)

Control Fixed/Static Flow Centralized / Top-
Down

Distributed / Peer-to-
Peer

Info Flow A → B → C Hub ↔ Spoke Any ↔ Any

Primary
Risk

Error Propagation Bottleneck / Single
Point of Failure

Infinite Loops / Con-
sensus Failure

Best For SOP-based tasks
(e.g., Documenta-
tion)

Complex Task Orches-
tration

Creative/Open-ended
Reasoning

Table 2.1: Comparison of Three Architectural Patterns in LLM-Based Multi-Agent
Systems

Table 2.1 summarizes the key structural differences between the three primary coor-
dination patterns identified in the literature. The sequential pattern is suitable for
structured, SOP-based tasks because it uses a fixed linear information flow in which
each agent delivers its output directly to the next. However, it is sensitive to error
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transfer when an upstream agent generates incorrect output. The hierarchical pat-
tern centralizes control through a top-down delegation structure, where a supervisor
coordinates all inter-agent communication and enabling complex task coordination.
But it introduces a single point of failure at the supervisor level. The decentral-
ized pattern shares control among agents in a peer-to-peer mesh, enabling creative
or open-ended reasoning tasks and enabling flexible communication between any
agents. However, it carries the potential of infinite delegation loops without proper
termination conditions or majority failure. The performance and reliability trade-
offs investigated in the experiment described in the results section in Phase 2 are
directly shaped by these changes in structure in control and information flow.
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3
Related Work

In recent years, research on multi-agent LLM-based systems has quickly grown with
the increasing use of the general AI-based model to perform reasoning, planning, and
complex decision-making. Early LLM-based systems mostly used single-agent archi-
tectures, in which a single model instance handles task interpretation, reasoning, and
execution via prompt-based interactions. These systems have inherent limitations
in terms of scalability, dependability, long-term thinking, and complex task coordi-
nation while being effective for small tasks. Therefore, recent research has switched
to multi-agent LLM systems, where many agents collaborate to break down tasks,
distribute responsibilities, and efficiently manage the process of decision-making.

3.1 Baseline Single Agent
Determining what a single LLM-based agent can and cannot perform on its own is
an important requirement for realistic evaluation of multi-agent interaction. This
has been formalized by Sapkota et al. [33], who provides a theoretical taxonomy
that differentiates between reactive AI agents and agentic AI [33]. This difference is
essential for our research since it guarantees that the evaluated designs reflect true
multi-agent coordination patterns and defines the baseline capabilities of a single
LLM agent.

A single LLM agent can perform a range of tasks on its own without any assistance,
which provides a foundational baseline. This approach is often suggested in early
LLM applications, depending on a single process for simple and direct control. Stud-
ies such as Guo et al. and Yan recommend single-agent setups as a starting point
before multi-agent upgrades [16][43]. They highlight their applicability in simple
tasks such as code creation or text summarization. Independent LLMs (e.g., GPT
models) perform isolated analysis but lack the distributed capabilities of multi-agent
systems. This pattern is highly efficient in low-complexity scenarios with minimal
costs, as there are no communication delays or coordination costs [16][25]. However,
it trades scalability and resilience, as a single point of failure might halt the progress
in dynamic environments.

Furthermore, Yao et al. provide a strong foundation for agent capabilities through
the ReAct pattern [44]. This study shows how a single agent might combine rea-
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soning and action to improve performance within complex tasks. ReAct suggests
that well-designed single-agent systems may manage complex sustained tasks with-
out the cost of multi-agent coordination by combining task-specific action with a
chain-of-thought reasoning.

Practically, a few studies show that single-agent systems may perform better than
multi-agent structures in simple tasks, while collaboration overhead in multi-agent
systems can introduce errors or inefficiencies [25][26][24]. For example, Li et al. show
that MAAD’s multi-agent framework performs better than MetaGPT’s single-agent
structure in architectural design quality. However, single-agent systems still show
significant effectiveness in tasks that support individual reasoning[36][23].

LLM-based agents used for software engineering tasks like code generation, mainte-
nance, and testing are surveyed by Liu et al. and Dong et al. [28][9]. They generally
find that single-agent systems perform well on well-defined, short-horizon tasks but
break down on challenges requiring iterative improvement, long context, or paral-
lel subtask execution. The limitation of a single agent motivates the architecture
improvement, which is reviewed in the next section.

3.2 Architecture Patterns in Multi-agent System
To get beyond single-agent limitations, architectural patterns have developed, and
they are documented in a growing body of research. For foundation-model-based
agents, Liu et al. offer the most comprehensive pattern collection currently available,
providing designs for memory management, role specialization, and task division
[28]. Moore focused on hierarchical patterns, differentiating between orchestrator-
worker systems, layered structures, and hybrid structures, and adapting these to
real coordination mechanisms [30]. Bandara adds industrial engineering guidance to
these theoretical catalogs, while Fourney et al. suggest Magentic-One for production-
grade designs. Magentic-One is a good example of a hierarchical/orchestrator-based
pattern that emphasizes modularity and domain-wide generalizability [4][10]. Hong
et al. present the MetaGPT framework with the implementation of a hierarchical
and role specialization pattern based on software engineering tasks. The framework
uses (SOPs) to reduce logic mistakes in complex tasks and achieve 81.7% pass@1 on
HumanEval in code generation benchmarks [17]. As an alternative to hierarchical
orchestration, AutoGen is an open-source framework that allows developers to build
LLM applications using multiple conversable agents and conversation programming
[42]. This framework is widely used in both industrial and academic applications
and allows for adaptable agent building. In their review of improvement and difficul-
ties in LLM-based multi-agent systems, Guo et al. demonstrated coordination and
communication for collaborative tasks while pointing out gaps in common pattern
evaluations [16].

A generalizable software architecture model for LLM-based multi-agent systems
(MAS) is the goal of our thesis. Yan et al. build on this by taking a communication-
centric approach to interaction protocols and showing common patterns across the
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existing literature [43]. Liu et al. extend it to software engineering, pointing out
trade-offs between scalability and flexibility [25].

There is a framework for building dynamic multi-agent systems with a specific flow
of control graphs provided by LangGraph [22]. LangGraph enables the implementa-
tion of many different kinds of design coordination, such as sequential pipelines and
hierarchical decentralization. Because of this method, the developers can describe
complex agent interaction while keeping the control and accessibility. AgentCoder
implements a three-agent sequential pipeline (programmer, test designer, and test
executor), where they achieve 77.4% pass@1 on humaneval[19]. While a linear model
reduces coordination cost, there is an opportunity that errors will spread along the
pipeline. AgentMesh shows collaborative network patterns for code review tasks,
where agents share information in order to improve defect detection that increases
the token usage [21]. While MAAD and NOMAAD apply knowledge-driven se-
quential patterns for automated architecture design and UML generation [24][13].
Role-based coordination can be used in practical development workflow as shown
by Riberiro et al., who use multi-agent techniques to present effective software de-
velopment [32].

Considering the growth of multi-agent frameworks, comprehensive analysis of archi-
tecture patterns using common metrics remains a limitation. Guo et al. investigated
three coordinating frameworks (centralized orchestration, decentralized negotiation,
and market-based allocation). Furthermore, they discovered that each framework
has different latency, cost, and fault tolerance specifications [16]. Yan et al. suggest
that inner-agent communication structure is the essential motivator of system-level
performance [43]. This has been confirmed by Leong et al., showing that dynamic
communication topology decentralization improves task-completion efficiency over
static structures [23].

3.3 Architecture Trade-offs
There are several sources of empirical evidence about trade-offs. Jia et al. use
a dynamic environment acting module with an error-feedback mechanism. They
demonstrate that feedback-driven multi-agent architectures with error-correction
mechanisms achieve 93-96% success rates on power system simulation tasks, sub-
stantially outperforming single-agent baselines with less than 30% success rates.
While maintaining rapid execution (30 seconds per task). Implying that effective
and reliable coordination could be improved[20]. The AnyMac framework shows
the dynamic next-agent prediction enables flexible trade-offs between accuracy and
token cost. Showing that the efficiency variation reduces token usage by five times
with only a small decrease in accuracy, whereas the standard version achieves the
best accuracy at a higher token cost [39]. This highlights a basic conflict, while
architectural complexity might lead to performance improvements, the connection
between complexity and outcomes is not linear.

Tasks in software engineering provide an example of the trade-off patterns, whereas
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Yang et al. examine how design choices impact quality characteristics like main-
tainability and scalability [7]. However, reliability benefits in test generation tasks
such as unit-test coverage are those shown by Garlapati et al. and Tomic et al., who
also find that LLM model choice affects multi-agent GUI test generation perfor-
mance [11] [37]. These findings suggest that architecture pattern selection must be
determined by a task characteristic such as iterative improvement, parallel sub-task
execution, or long-term reasoning.

3.4 Research Gaps
The reviewed literature has discussed a wide range of architecture patterns in multi-
agent systems, where it evaluates specific frameworks such as MetaGPT with a
baseline. Focusing more on the general performance evaluation results than on
which architectural characteristics matter for which specific type of task. There
is a lack of a systematic plan for describing why different architectural decisions
result in specific trade-offs, as well as how to choose which design is best suited for
each task. Furthermore, the literature does not investigate in-depth analysis of the
explanation of the models regarding the reasons behind particular design decisions.
These decisions lead to architectural properties such as control, flexibility, and the
loop structure and how these characteristics interact to deliver the observed trade-
offs in the system’s effectiveness. Additionally, there is no generalizable and reusable
framework that allows different users to successfully match task characteristics to
the most suitable architecture decisions in software engineering fields.
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Methods

This chapter outlines the research strategy and methods used to systematically
evaluate and analyze the architectural patterns of multi-agent large language model
(LLM) systems automated unit test generation.

4.1 Research Design Overview
The methodology is a mixed-method approach, in which a primary empirical study
is combined with a secondary literature review. Research approaches are classified
in the ABC Framework of Software Engineering Research [35] based on their trade-
offs between the generalization over actors (A), the realism of the setting (B) and
the accuracy of measuring behavior (C). According to the ABC paper, different
research questions demand different approaches, each with its own advantages and
disadvantages.

Since this thesis seeks to quantitatively assess and measure the exact performance
trade-offs (token cost, latency) and reliability characteristics (success rate, test cov-
erage and error handling) across architecture patterns, it adopts the laboratory ex-
periment technique to answer the primary empirical question. The experiment is
conducted in a controlled environment specifically set up for the study, seeking to
get the most accurate measurement of behavior. By evaluating these multi-agents
on standardized benchmarks such as TestEval, rather than live production code, the
experiment intentionally eliminates contextual realism to enhance the control over
the independent variables (the architectures) and accurately measure the dependent
variables (the trade-offs) without confounding real-world factors.

The study is organized in two phases: Phase 1 produces a taxonomy of architectural
patterns (RQ1) through a structured literature review, and Phase 2 conducts a
controlled laboratory experiment that addresses RQ2 (quantitative comparison) and
RQ3 (qualitative analysis of agent interaction traces).

4.2 Phase 1: Formal Theory
This phase highlights knowledge fragmentation issues in software engineering re-
search, as indicated by Glass et al., [14], which uses a formal theory creation through
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narrative literature reviews. Glass et al. observed that progress in theory is limited
when previous work is not systematically consolidated. The process of synthesis is
important in the growing field of LLM-based multi-agent systems, where architec-
tural knowledge exists across multiple academic publications and different industry
implementations. This phase offers a constructive taxonomy of architecture patterns
for LLM-based systems and determines their design dimensions and performance
trade-offs. This phase provides theoretical foundations by analyzing documented
architectures through a structured literature review to identify gathered patterns
that are recurring trends to address RQ1.

4.2.1 Data Collection
The research data has been collected from academic digital libraries such as Google
Scholar, ArXiv, IEEE Xplore, ACM Digital Library, and ResearchGate. Combined
with some high-quality gray literature, defined here as technical reports and engi-
neering blogs from established AI organizations (e.g., OpenAI, Microsoft Research,
LangChain, and Anthropic), excluding personal opinion blogs [12]. To ensure fea-
sibility, the search is constrained to publications on a tight time span (2023–2026),
when LLM-based multi-agent systems become a distinct research topic. For the
search strategy, the search strings use keywords such as "LLM Multi-Agent Archi-
tecture", "Agent Design Patterns", and "Generative AI Orchestration". The follow-
ing criteria are used as follows: (1) Describe multi-agent architectures based on
LLMs. (2) Explain the design and communication method decisions. (3) Describe
the trade-offs and performance characteristics. For each included source, the fol-
lowing data items were extracted: architecture pattern category, agent roles and
responsibilities, inter-agent collaboration mechanism, task decomposition strategy,
and reported performance characteristics.

4.2.2 Data Analysis
Thematic analysis is used to combine the extracted data into a taxonomy of archi-
tecture patterns [6].

4.2.3 Coding Process and Validation
Before coding, pattern definitions were created by combining descriptions from the
reviewed literature, using only definitions that were similar across various publica-
tions. This minimized the possibility of biased identification by defining each pattern
description in common with the public’s understanding rather than individual opin-
ion. Each of the 31 publications was independently examined and summarized by
two researchers who documented the architectural characteristics and coordinating
techniques mentioned in each source. Each paper was assigned a pattern label only
if it described using that pattern in its methodology, not only in the background or
related work section. In order to represent their true architectural structures, the
papers that used different coordinating mechanisms were presented with multiple
pattern labels. After initial labeling, a paper was reread to ensure that assigned
patterns showed up in the system’s actual implementation rather than just in its
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description. It is acknowledged that the coding was performed by a single researcher
without the assistance of a second independent coder. This highlighted that there is
no inter-rater reliability, which represents a limitation of our analysis. To mitigate
this limitation, the pattern definitions were simply documented before the coding
started and a second review process was performed to ensure consistency between
all 31 articles.

The analysis involves multiple steps as follows:

1. Familiarization with the data: Reading the extracted information to gain
a more comprehensive understanding of the architectural context including the
most common structures and how design decisions are documented. During
the initial review of the 31 selected studies, across systems like MetaGPT,
AgentCoder, and Magentic-One, recurrent coordinating techniques including
Sequential/Pipeline workflows, Centralized/Supervisor orchestration, and Hi-
erarchical Multi-layer delegation were often observed.

2. Initial coding: Each source was carefully processed to determine its archi-
tecture properties. Codes captured coordination strategies such as centralized
decision-making and the structural features of sequential transitions. For ex-
ample, Magentic-One was coded as “Centralized/Supervisor” because a central
orchestrator assigns tasks to worker agents. Whereas MetaGPT was coded as
“Sequential/Pipeline” because tasks pass through structured phases (Require-
ments → Design → Code → Test).

3. Pattern identification: Identifying the architecture patterns and group-
ing similar architectures in order to find patterns. For example, a hierarchical
structure is demonstrated by grouping the patterns that implement supervisor-
agent, worker delegation, or centralized coordination strategy. For example,
The “Feedback-driven/Self-optimise” pattern was applied to systems that used
iterative corrective loops and refinement cycles. While the “Tool-augmented
agent” design was applied to systems that used external APIs, code inter-
preters, or search tools.

4. Pattern refinement: Candidate patterns are compared back against the
original source to ensure consistency and uniqueness. For example, in ini-
tial analysis we grouped Hierarchical Multi-layer and Centralized/Supervisor
architectures together because both rely on orchestrator-based coordination.
However, more analysis discovered that centralized/supervisor systems rely
on a single orchestration layer, whereas hierarchical structures include several
delegation levels (high-level supervisors, mid-level coordinators, and worker
agents). As a result, distinct patterns were developed from them.

5. Reviewing and expanding the patterns’ categories: Each retained pat-
tern is characterized along three structural dimensions: control mechanism
(process-driven vs. agent-autonomy), loop structure (single path, iterative re-
finement, nested loops), and coordination type (centralized, decentralized, hi-
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erarchical). For example, Blackboard/Shared-memory was classified as decen-
tralized coordination with an asynchronous communication, Sequential/Pipeline
as process-driven with single-path execution, and Feedback-driven/Self-optimize
as iterative refinement because of repeated evaluation loops.

6. Creating the final taxonomy: This analysis taxonomy is finalized by iden-
tifying each pattern’s structural characteristics, common agent roles, the com-
munication flows between agents, and reported trade-offs. The final taxonomy
identified 10 architecture patterns.

The resulting taxonomy is presented in Chapter 5, Section 5.1, and is the basis on
which the three patterns evaluated in Phase 2 were selected.

4.3 Phase 2: Empirical Evaluation

This phase adopts a laboratory experiment approach to evaluate specified architec-
tural patterns on software engineering test generation activities [35]. This controlled
setting enables specific evaluation for performance measurements such as success
rate, token usage, and latency, as well as distinguishing between architecture im-
pacts with quantitative comparisons.

4.3.1 Pattern Selection and Implementation
We selected a single-agent baseline to function as our independent variable, alongside
two separate multi-agent systems based on the taxonomy developed in Phase 1 and
various architectures identified in the literature review.

1. Single-Agent Baseline (Control): This technique uses a single large lan-
guage model to implement a standard prompt or chain-of-thought method [28].
The agent is responsible for processing the requirements and interpreting the
code to generate tests in a single iteration, without any peer review or any
role responsibilities. This method functions as the control group to assess the
foundational agentic trade-off.

2. Sequential (Chain) Architecture: This architecture applies a linear artifact-
centric workflow to execute (SOPs) topology inspired by frameworks like MetaGPT
[17]. The information is passed through specialized roles such as passing re-
quirements from a Planner to a Coder. Agents mostly communicate through
organized artifacts rather than unstructured discourse.

3. Hierarchical (Centralized) Architecture: This approach follows a top-
down methodology, a Supervisor agent decomposes the task and assigns sub-
tasks to specialized worker sub-agents (Analyst, Writer). Information flows
top-down with the allocated tasks, while status reports or execution results
are communicated in a bottom-up direction [38, 30].
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4.3.2 Rationale of Pattern Choice
The selection of the three specific configurations—Single-Agent Baseline, Sequential,
and Hierarchical is intentional and principled and it is based on how widely they
are used in Software Engineering (SE) applications and how they theoretically show
the range of multi-agent balance.

4.3.2.1 Prevalence in Software Engineering Tasks

Recent systematic reviews of LLM-based multi-agent systems have identified com-
mon patterns that dominate the scene when it comes to automated software devel-
opment. Software code is the primary artifact generated by LLM-based systems,
representing nearly 48% of all executed tasks, while the Role-Based Cooperation
design pattern is the most commonly utilized, employed by 46.8% of these systems
[7]. By implementing these topologies, our testbed will include various ways of role-
based cooperation. The (SOPs) and waterfall workflows are implemented by the
sequential linear pattern. While the Supervisor role, where a manager communi-
cates sub-tasks to sub-agents in a top-down manner who in return report back to
the supervisor in a bottom-up fashion, represents an Agile workflow in a hierarchi-
cal pattern. Including the single-agent baseline allows us to quantify the benefit—if
any—of adding role-based coordination over a single LLM.

4.3.2.2 Coverage of the Control and Information Flow Spectrum

Selecting these patterns as they in turn represent the entire theoretical spectrum of
control distribution and information flow within multi-agent architectures:

• Single-Agent (None): No coordination, serves as the essential control group
required to quantify the "Agentic Trade-off" determining whether the increased
latency and token cost of MAS are justified by improvements in functional
correctness.

• Sequential (Linear): A linear dependencies (Single-path plan generation) is
represented in this spectrum. Communication flows in one direction where it
is purely artifact-centric minimizing the risk of error propagation and context
loss.

• Hierarchical (Centralized): Represents top-down control and vertical in-
formation flow, where a manager delegates tasks to workers.

By strictly isolating the Single-agent, Sequential and Hierarchical patterns, this
study ensures that any measured differences in cost, latency, and reliability are
directly attributable to the system’s structural collaboration mechanics.

4.3.3 Experiment Setup
This phase is designed as a Laboratory Experiment deliberately structured in a con-
trived setting. It enhances the accuracy of assessing the agents’ behavior and perfor-
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mance by eliminating the natural environmental context under controlled conditions.
To evaluate the system, we use TestEval benchmarks, a dataset of handwritten pro-
gramming tasks consisting of specification descriptions and automated unit tests
[41][40]. Large Language Models typically generate high-quality code. However,
they may also generate insecure or unexpected codes. Therefore, we conducted
this experiment in an isolated Local Environment (sandbox) to safely compile and
execute the resulting Python code and test cases. The execution yields either deter-
ministic feedback (i.e., whether the code passes all tests or produces syntax/runtime
error messages) that is either fed back to the agents for iterative refinement or logged
as the final results.

4.3.3.1 Foundation Model

All agents across all three architectural configurations use the same underlying foun-
dation model: Claude Sonnet 4 [3], accessed through the AWS Bedrock Runtime
API in the eu-central-1 region via the boto3 SDK. Routing all LLM calls through
a single Bedrock client ensures that every agent in every configuration interacts
with the same model endpoint under identical request parameters. Holding the
foundation model constant ensures that any observed differences in performance
and reliability between architectures can be attributed to the coordination mech-
anism itself rather than to differences in the cognitive or reasoning capabilities of
the underlying model. This control is essential for internal validity: a comparison
in which different patterns used different models would conflate architectural and
model effects. Furthermore, Claude Sonnet 4 is a mid-priced general-purpose LLM
with strong reported performance on code-generation benchmarks, which makes it
representative of the class of models that practitioners would realistically deploy in
a multi-agent setting. It also supports the structured prompting and conversation-
history primitives required by the role-based agents in the sequential and hierarchical
configurations. A consequence of using a single model is that the findings reflect the
interaction between Claude Sonnet 4 and each architectural pattern; they do not,
on their own, generalize to other foundation models. This limitation is discussed in
Chapter 7 (Threats to Validity).

The exact inference parameters used for every LLM call, held constant across all
agents and architectures. Non-included parameters are held at their default values.

Parameter Value Explanation
Model ID eu.anthropic.claude-

sonnet-4-20250514-
v1:0

Bedrock identifier for the Claude
Sonnet 4 endpoint.

Temperature 0.2 Low sampling randomness; pre-
serves enough variability for the
three-run protocol to capture
LLM non-determinism and give
the model a small space for cre-
ativity since code generation and
unit testing is a creative activity.

22



4. Methods

Parameter Value Explanation
maxTokens 4096 Upper bound on tokens generated

per response; sized to fit full test
suites without truncation.

Table 4.1: Inference parameters held constant across all agents and architectures.

4.3.3.2 Benchmark

The experiment evaluates the systems on the TestEval benchmark [41, 40], a cu-
rated suite of 210 LeetCode [1] programming problems filtered by cyclomatic com-
plexity >= 10 to bias the dataset toward non-trivial control flow. Each task is a
self-contained Python Solution class accompanied by a function description; correct-
ness is checked by executing generated unit tests via pytest with coverage measure-
ment via pytest-cov, without external Docker containers or network dependencies.
TestEval was chosen based on three rationales: First, the primary objective of the
selected tasks is test-generation research. This benchmark evaluates the test arti-
facts our architectures are designed to produce. Second, the cyclomatic complexity
is high (>= 10), which ensures that the Planner and Analyst are exercised against
non-trivial, non-linear problems, eliminating architectural-pattern differences as a
confounding factor. Finally, TestEval’s task format (a Python class, a function sig-
nature, a description) is self-contained and reproducible, allowing pass/fail outcomes
to be attributed unambiguously to the generated artifacts.

4.3.4 Experimental Variables
To strengthen our evaluation of the laboratory experiment, we structured our as-
sessment around clearly defined independent, dependent, and controlled variables.

4.3.4.1 Independent Variable

The primary independent variable manipulated during the experiment is the archi-
tectural pattern that controls collaboration of the agent. We assess three distinct
configurations that demonstrate the range of multi-agent topologies:

• Single-Agent Baseline (Control): A standard single LLM setup without role
delegation.

• Sequential (Chain) Architecture: A linear artifact-centric workflow (e.g., Plan-
ner → Coder → Tester).

• Hierarchical (Centralized) Architecture: A top-down structure with a "super-
visor" that orchestrates subordinate workers.

4.3.4.2 Dependent Variables

These variables demonstrate how the system works and how much it costs to coor-
dinate, which can be used to figure out the trade-offs between agentic factors that
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are linked to known software quality attributes:

• Success Rate/Pass@1 (Reliability): Proportion of tasks where generated tests
execute without errors and correctly validate the target function.

• Token Consumption (Cost): Total input and output tokens aggregated across
all agents.

• Latency (Efficiency): End-to-end time from task initiation to test generation
completion.

• Agent Communication Turns (Coordination Overhead): Number of inter-agent
message exchanges.

• Error Types (Robustness): Classification of execution failures (e.g., syntax
errors, delegation leaks, timeouts).

4.3.4.3 Controlled Variables

To isolate the dependent variables from any external factors to ensure that the
results are strictly the outcome of the architectural patterns, the following controlled
variables are held as constants across all experimental runs:

• Underlying Foundation Model: The same LLM model (e.g., Claude Sonnet 4)
is used to power all agents across architectures. The model provides a uniform
baseline of cognitive and reasoning capabilities.

• LLM Hyper-parameters: Generation parameters, strictly the Temperature (e.g.,
set to 0.2 for deterministic code generation) and Top-P, remain fixed to prevent
output variance.

• Benchmark Input Tasks: All architectural configurations are evaluated against
the exact same set of coding tasks from the TestEval dataset.

• Maximum Iteration/Retry Limits: To prevent infinite loops and ensure a fair
comparison of latency and token usage, a maximum number of self-correction
loops is applied (e.g., a maximum of three iterations) utilizing debugging and
reflection retries.

4.3.5 Data Collection
To accurately quantify the data collected and assess the trade-offs of each architec-
tural pattern. The experiment consisted of 3 independent runs, each run executing
the TestEval dataset of 30 programming tasks across all the three architecture pat-
terns. In total, this resulted in 270 execution records with 90 records for single-agent,
90 for sequential, and 90 for hierarchical patterns that can be found in our GitHub
repository [2]. The experiment is intended to collect and capture specific metrics
and interaction logs automatically for each executed, as follows:
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• Functional Correctness (Reliability): We collect pass/fail execution re-
sults from the local sandbox and metrics for each running task in the dataset.
For the TestEval data set, we calculate the unbiased Pass@1 metric, which
evaluates the functional accuracy of the code generated on the first execution
attempt.

• Test Coverage (Reliability): For each of the execution of the tasks, the
sandbox environment recorded line coverage (coverage_line_coverage), branch
coverage (coverage_branch_coverage), and the number of tests generated
versus passed (coverage_tests_generated, coverage_tests_passed). These
metrics assess whether the generated tests meaningfully exercise the target
code beyond more execution success.

• Resource Utilization (Cost): We track the exact number of input (prompt)
and output (completion) tokens consumed per task across all agents in the
network. These metrics will provide an estimate of the direct API cost for
tokens and computational overhead while running these architectures.

• Time Behavior (Latency): We logged execution timestamps to measure
end-to-end task completion time and pre-agent response latency, which reflect
how fast or slow different agents behave in different architectural patterns.
Also it highlighting the timing characteristic introduced by these patterns.

• Interaction Logs: The system captures the complete message history, in-
cluding intermediate artifacts, tool calls, error traces, and the number of agent
turns (messages exchanged) required to reach a solution. These logs form the
basis for the qualitative analysis of failure patterns and architectural behaviors.

All were stored in JSONl format, each line representing a single task execution
record containing the aggregated metrics and message history for that run.

4.3.6 Data Analysis
The data collected are analyzed using a mixed-methods approach to evaluate the
performance and reliability trade-offs related to the research questions [35]. This
study employs an explanatory sequential design in which a quantitative analysis was
first conducted to establish performance differences, followed by qualitative analysis
of the interaction logs to explain and contextualize the observed patterns. This
mixed approach involves:

4.3.6.1 Quantitative Analysis

This analysis is to answer RQ2, to determine if there are variations in performance,
cost, and reliability between architectural patterns. The analysis was performed in
Jupyter Notebook using Python (Pandas, Scipy, Seaborn) on the JSONL dataset,
which was loaded into pandas Data-Frame (raw_df) for computation. To ensure
consistency and eliminate human measurement errors, the evaluation metrics were
automatically collected and recorded during the execution of the Python evaluation
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scripts. The quantitative analysis proceeded as follows:

1. Descriptive Statistics: We determined the mean, standard deviation, and
variance for each architectural design for each dependent variable (token us-
age, execution time, latency, Pass@1, line coverage, branch coverage). The
standard deviation was first computed for each of the three independent runs
in order to account for LLM output non-determinism. Then the Standard de-
viation averaged across runs to produce a consistent per-pattern estimate. The
square of this averaged standard deviation was used to calculate the variance.

2. Coefficient of Variation (CV): To enable comparison across metrics on
different scales, we calculated the normalized coefficient of variation for each
pattern and metric:

CV = σ

µ
× 100 (4.1)

Where σ is the averaged standard deviation and µ is the mean across all runs.
This makes cross-metric and cross-pattern comparisons easier by offering a
unified measure of relative variability.

3. Confidence Intervals: The 95% confidence intervals were computed using
the t-distribution (α = 0.05) for success rate and test failure rate metrics,
where sample means are approximately normally distributed given n = 90
observations per pattern.

4. Percentile Analysis: Since latency distributions were found to be right-
skewed, median and inter-quartile range(IQR) were used as the key indicators
of central tendency and spread instead of mean and standard deviation. To
describe the entire latency distribution, including tail behavior, the first quar-
tile (Q1), third quartile (Q3), 95th percentile (p95), and 99th percentile (p99)
were computed.

5. Test Failure Rate: In order to provide a graduated measure of reliability
beyond the binary succeed rate, a test failure rate metric was calculated as
the number of tests failed to tests created per task.

{coverage_tests_generated} − {coverage_tests_passed}
{coverage_tests_generated}

(4.2)

6. Distribution Analysis: The distribution plots for each metics across archi-
tecture patterns were generated used Kernel Density Estimation(KDE). These
plots visualized the shape and spread of each measure which highlight the vari-
ation in skewed behavior between single-agent and multi-agent systems.

7. Comparative Analysis: To compare the mean token usage, total execution
time and latency, and one-attempt (Pass@1) success rates among the three
independent architectural patterns.
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4.3.6.2 Qualitative Analysis

The analysis for answering RQ3. To recognize the reasons behind patterns’ different
performance characteristics and evaluate generalizability beyond test generation.
We conducted an examination to interpret agent interaction logs by comprehending
the logs and examining the interactions of sub-agents, we seeked to detect certain
patterns of failures inherent to specific architectures. This qualitative insight was
used to construct a practical guideline on selecting the optimal architectural pattern
based on specific software engineering task constraints.

4.3.6.2.1 Direct Content Analysis The qualitative analysis was conducted
using one of three methods mentioned by Hsieh and Shannon [18]. The Direct
Content Analysis is an approach to qualitatively analyze content in research. Re-
searchers derive an initial coding frame based on prior research and literature and
then applies and refines it against the data.

4.3.6.2.2 Unit of Analysis and Sampling We sampled 22 tasks for each ar-
chitecture and our interaction trace was: one task -> one architecture -> one run,
comprising the full message history, intermediate artifacts, tool calls, error trace,
and final outcome for a single task execution. For each of the 22 sampled tasks, the
interaction trace from Run 1 of each architecture was used as the primary coding
source, yielding 22 x 3 = 66 coded cases. Run 1 was chosen as the primary source
rather than coding all three runs per task for tractability and because the cross-run
consistency analysis in RQ2 demonstrated that, where architectures behave consis-
tently, a single run is representative.

4.3.6.2.3 A Prior Coding Frame Before coding began, an initial coding ta-
ble comprising various codes and categories was developed based on the Phase 1
literature review. This table served as the coder’s primary reference framework, al-
lowing the coder to systematically examine each trace and assess whether a category
was applicable. Each category was applied using a structural definition based on
observable features of the trace.

4.3.6.2.4 Coding Procedure The 66 cases were coded in a five-sheet spread-
sheet that linked each case to its trace excerpts, applied codes, and evidence. The
coding procedure for each case followed four steps:

1. Load and segment the trace: Collect agent turns, communicated artifacts,
retries, and the final outcome.

2. Apply category definitions: For each trace, we applied the (initially seven)
categories, evaluated the definition of each category against the trace, and
marked its presence or absence.

3. Record evidence and notes: For each categorized trace, we recorded evi-
dence, notes, and a brief justification of the assigned code.

27



4. Methods

Category Operational definition (structural features
in the trace)

Literature prove-
nance

Iterative Self-
Correction

The agent examines the output, detects any fail-
ures, and then attempts to trace the algorithm’s
logic by a set of retries.

Self-reflection / self-
refine patterns [28,
19]

Plan-Guided Gener-
ation

A dedicated plan generated with expected outputs
and code paths before any code generation hap-
pens.

Single-path plan gen-
erator pattern [28, 21]

Productive Special-
ization

Role separation of agents produces remarkably
better reasoning, where one agent’s reasoning im-
proves another’s generated tests.

Role-based coopera-
tion [28, 17, 7]

Supervisor Informa-
tion Bottleneck

Where a supervisor mediates all communica-
tion between agents, the supervisor fails to reli-
ably transform this communication between inter-
nal agents, leading to repeated unproductive re-
delegation.

Anticipated cost of
centralized orchestra-
tion in HMAS [30, 7]

Assertion Hallucina-
tion

The agent generates plausible plans, reasoning and
values but they do not correspond to the actual
behavior of the function under test.

incorrect-output be-
havior observed in
LLM code generation
[25, 33]

Error Propagation A downstream agent consumes a previous error
produced by an earlier agent in the loop without
correction, affecting the final output.

Error-propagation
risk in pipeline archi-
tectures [28, 38]

Coordination
Overhead*

Unnecessary communications between inter-agents
exchanging information that is unrelated to the
task at hand, traceable, and independent of other
failure modes.

Coordination cost in
HMAS [7, 30, 38]

* Discarded during frame refinement after empirical frequency was found to be zero across all 66
coded cases.

Table 4.2: A prior coding frame for direct content analysis (RQ3)

4. Iterate: Where ambiguity arose, we discussed and refined the category defi-
nitions until we reached a shared understanding of their meaning and appli-
cation.

4.4 Use of Generative AI Tools
In accordance with Chalmers’ regulations on the use of AI tools in thesis work, we
disclose the following. Generative AI tools were used during the preparation of this
thesis as follows: ChatGPT / Claude was used to suggest language and grammar im-
provements on author-written drafts and Claude Code assisted with portions of the
experimental pipeline, the evaluation scripts implemented in Jupyter notebooks and
analysis code, which the authors reviewed and tested. All AI-generated suggestions
were critically reviewed, edited, and verified by the authors, who take full respon-
sibility for the content, the correctness of all results, and the conclusions drawn.
Where AI-generated content was incorporated directly, it is cited accordingly.
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5
Results

This section outlines our results based on a systematic review of the literature and
controlled experiments designed to address the research questions stated in the in-
troduction. We started by defining the classification of architectural patterns used
in multi-agent systems, followed by presenting the empirical data and trade-offs re-
lated to the selected architectures implemented in the experiment, along with their
effects on software engineering activities such as test generation.

5.1 Phase 1: Architectural Pattern Taxonomy (RQ1)

Rank Pattern Name Description Key Benefits Primary
Trade-offs
& Risks

1 Role-based
/SOP-driven
[17] [24] [4]
[26] [21]

Agents follow Stan-
dard Operating Proce-
dures (SOPs) and are
assigned specific pro-
fessional tasks, such as
Product Manager, Ar-
chitect, and Engineer.
Roles include respon-
sibility, expected out-
put, and communica-
tion guidelines.

SOPs limit
uncertainty by
using struc-
tured, verified
final results
based on human
team processes
and leveraging
domain ex-
pertise. The
clear division of
responsibility
improves trans-
parency and
quality.

Flexibility and
quality of the
output to new
tasks is limited
by fixed role
constraints and
Agents might
not possess the
deep under-
standing of the
topic required
for this role.

29



Results

Rank Pattern Name Description Key Benefits Primary
Trade-off
& Risks

2 Sequential
/Pipeline
(Waterfall)
[17] [26] [19]
[4] [32]

Each agent’s output
becomes the input
of the subsequent
agent in a linear
order. Tasks go
through multiple
phases (Requirements
→ Design → Code
→ Test). A common
pattern in multi-agent
software engineering
frameworks, such as
MetaGPT.

Clear task pro-
gression, ease of
implementation,
and reasoning
Before moving
on, each step
may be indepen-
dently verified.
Accountability
is built into
every step.

Latency is the
sum of the la-
tencies of all
stages, which
means nothing
runs in parallel
and the system
pays the full
latency cost of
each step. Early
errors propagate
and worsen over
time, making
the system
inflexible to
changing or
repetitive task
demands.

3 Centralized
/Supervisor
[28] [16] [30]
[10] [42] [22]

The orchestra-
tor(supervisor) agent
breaks down tasks,
allocates sub-tasks
to specialized worker
agents, and collects
outcomes. This
primary agent coordi-
nates all activities.

Responsibility
and command
are clearly
defined through-
out every step.
Also, having a
single point of
monitoring and
logging makes
debugging easier
and one planner
ensures global
task consistency.

A single point
of failure means
that if the
orchestrator
breaks down, the
entire system
stops working.
Consequently,
this creates
a scalability
bottleneck, as
the supervisor
can become
overloaded.
Additionally,
flexibility is
limited when
issues affect
the supervisor’s
structure.
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Rank Pattern Name Description Key Benefits Primary
Trade-off
& Risks

4 Human-in-
the-loop [28]
[26] [33] [23]
[42]

The agent process
includes human mon-
itoring at specific
phases. Before mov-
ing forward, humans
approve, correct, or
modify agent de-
cisions before next
stage start. It is
essential for critical
software engineering
and decision-making
processes.

Keeps people
accountable for
important de-
cisions, detects
agent mistakes
before they
affect subse-
quent tasks
and increases
confidence in
AI systems by
providing clear
control.

Only when a hu-
man reviewer is
available can the
pipeline move
forward, which
limits the sys-
tem’s practical
scalability.

5 Retrieval-
Augmented
Generation
(RAG) [28]
[9] [42] [24]
[22]

Before providing
responses, agents
retrieve essential
information by re-
questing an external
knowledge base (such
as a model store,
document data set,
or graph database).
Builds the LLM on
current relevant infor-
mation outside of the
set of training data.

It reduces per-
ceptions by de-
pending on vali-
dated outside in-
formation and it
is feasible to up-
date knowledge
without retrain-
ing the model.

Increases the
delay caused by
context load-
ing and the
retrieving stage
and its difficult
to mange the
Large knowledge
bases.

6 Tool-
augmented
agent [10] [44]
[28] [42] [27]

Agents contain a
catalog of external
tools (file systems,
online search, code
interpreters, and
APIs) that they may
use on their own to
do tasks. For each
sub-tasks, the agent
assesses its require-
ments and selects the
most appropriate tool
from the catalog to
complete it.

This increases
agent capabil-
ities beyond
the creation of
core LLMs and
enables verified,
grounded ac-
tivities, such as
executing code.

Unlimited tool
access provides
a security risk
(e.g., file dele-
tion, online
browsing). Er-
rors in tool
selection might
result in unsafe
or incorrect
actions.
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Rank Pattern Name Description Key Benefits Primary
Trade-off
& Risks

7 Hierarchical
Multi-layer
[29] [30] [16]
[21] [22]

Multiple stages struc-
ture in which low-level
worker agents are di-
rected by mid-level co-
ordinators under the
supervision of high-
level supervisors. Tac-
tical and operational
choices are delegated
down, while strategic
decisions are taken at
the top.

Scalable where
every layer’s
parallelism low-
ers total latency,
distinguish-
ing between
strategic and
operational
thinking and
Fault limita-
tion were one
sub-tree fails,
it doesn’t affect
the others.

Can lead to rigid
and nonflexible
structures; per-
formance mostly
relies on the
quality of the
role definitions.

8 Feedback-
driven /Self-
optimize [19]
[28] [42] [11]
[23]

Agents generate out-
puts, get feedback
(from people, tests,
execution, or other
agents), and then
iteratively improve
their outputs. Which
is focuses on im-
proving quality and
perceptions.

Regular in-
creasing the
quality of the
output through
iterative mod-
ifications and
can be totally
automated us-
ing test cases
as a feedback
messages.

If it did not
have a specific
condition, there
is a possible
that will not
terminate. Also
it have high cost
computation
because of many
repetitive exe-
cutions of the
model.

9 Blackboard
/Shared mem-
ory [24] [38]
[16] [22] [21]

A central shared data
store, often called
a blackboard, keeps
track of the current
problem state and
any intermediate
results. Agents can
read from and write
to this shared space,
but they don’t need
direct point-to-point
communication with
one another.

It helps with
decouple the
agents, since
each agent needs
to understand
the blackboard
interface. It
support the
asynchronous
operation where
allow agents
to processed
as soon as the
needed data be-
come available.

It can lead to
conflict if the
multiple agents
try to write
at the same
time. And the
blackboard may
become a bot-
tleneck or even
a single point of
failure.
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Rank Pattern Name Description Key Benefits Primary
Trade-off
& Risks

10 Knowledge-
driven [24]
[28] [13] [16]
[9]

Agents are integrated
with domain-specific
knowledge graphs,
ontologies, or struc-
tured knowledge bases
that assist in decision-
making, breaking
down tasks, and de-
signing architectures.

Domain knowl-
edge offers
systematic and
principled guid-
ance for agent
decisions, reduc-
ing ambiguity
and enhancing
the consistency
of architectural
results.

Creating these
knowledge bases
takes a lot of
time and is
different for
each domain.
knowledge can
quickly become
outdated, so
the bases must
be updated
regularly as the
domain changes.

Table 5.1: Top 10 Architectural Patterns in LLM-Based Multi-Agent Systems

Systematic thematic analysis of 31 publications published between 2023 and 2026
identified 10 architecture patterns for multi-agent systems. Out of the 10 patterns,
we chose sequential and hierarchical as two multi-agent architectures to compare
and chose the single-agent as baseline for our experiment comparison.

1- Single-agent: It is not one of the 10 patterns, it is a baseline which is very essential
for the control condition for the experiment. By comparing the multi-agent architec-
tures with single-agent baseline. Some of the studies such as AgentCoder, AutoGen
and Dong et al., demonstrated that the higher coordination cost can be justified
by better performance [19, 42, 9]. It would be hard to evaluate the advantages of
multi-agent interaction experimentally without this baseline.

2- Sequential pattern: The reason for choosing sequential patterns is because the
most common implementation in software engineering tasks in multi-agent systems
such as MetaGPT, AgentMesh, AgentCoder, and NOMAD [17, 21, 19, 13]. It is sim-
ple to execute in a controlled experimental setting because of its clear task bound-
aries and agents passing tasks in a specific order. Its also an example of the simplest
kind of multi-agent coordination, where each agent manages a separate phase in
sequence.

3- Hierarchical pattern: Hierarchical was selected because it represents a funda-
mentally different coordination strategy than Sequential, while ranking seventh by
citation count in the literature review. Papers such as Moore at al., Magentic-One,
and Dong et al. show that hierarchical coordination introduces centralized task
distribution, multiple control levels, and a clear separation between strategic and
operational responsibilities[30, 10, 9]. In this structure, worker agents carry out des-
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ignated sub-tasks while a supervisor agent has decision-making ability. This means
that the information must pass upward and downward through the supervisor rather
than following directly between workers. This results in what are known as "coordi-
nation gaps", which are places in the workflow where context or reasoning generated
by one worker agent cannot be immediately accessed by another without first being
processed and sent again by the supervisor. In construct, the sequential pattern
avoids the need for an intermediary control layer by transferring each agent’s entire
output straight to the following agent in the chain.

From the list presented in the table, 8 of the architectures were excluded from the
experiment comparison. Feedback-driven, Blackboard, and Tool-augmented was
excluded Because they operate as agent-level capabilities integrated into coordi-
nation architectures rather than as separate coordination. They are beneficial in
domains that need a dynamic state-share or external tool integration. Feedback-
driven is more beneficial for iterative quality improvement activities, such as code
debugging, refactoring, and content refining, when executable feedback is available
[28, 19, 42, 20]. Blackboard is beneficial for high-complex operations, such as sci-
entific research pipelines and architectural design, that need a stable shared state
among multiple agents [20, 38, 22]. Tool-augmented is benefit With generating lan-
guages, tasks like search engine optimization, code execution, API integration, and
file management require real-world-based activities [10, 44, 42].

While the Centralized/supervisor was excluded because it has the same coordina-
tion structure with Hierarchical. The reason of choosing hierarchical pattern over
centralized/supervisor because a centralized supervisor is a particular instances of
a hierarchical structure with just one level, whereas hierarchical is the more gen-
eral situation[16, 30, 42]. Therefore, testing hierarchical models implicitly covers
centralized supervisors, but not the other way around .

Where Human-in-the-loop brings human variability such as variation in response
time, skill level, and consistency, which cannot be limit to standardized across runs.
Moreover, human-in-the-loop patterns are better suitable for high-risk domains, such
as medical diagnostic support, legal review, or critical infrastructure management
where human responsibility is necessary before decisions are finalized [28, 26, 42].

Since RAG, Role-based/SOP-driven and Knowledge-driven architectures are data-
retrieval methods for individual agents rather than system level coordination pat-
terns, it was excluded. RAG is more beneficial for knowledge-intensive areas like
question answering and document summarization, where agents need domain-specific
retrieval to reason well [28, 9, 42]. Role-based patterns perform as a role special-
ization mechanism rather than a coordination strategy. It benefits for large and
complex multi-roles tasks outside the scope of self-contained test generation while
Role-based patterns showed a strong results in general software engineering work-
flows [4, 26, 17]. While Knowledge-driven is more beneficial for domains where agents
are using integrated domain knowledge such as knowledge graphs or roles defined
rather instead of just on what the LLM gained during training, decision-making and
break down tasks [28, 13, 24].
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5.2 Phase 2: Quantitative Comparison (RQ2)
This section shows the quantitative result of our experiment and highlights the
trade-offs between the evaluated architectural patterns with a combined analysis
into reliability, performance, and variability.

Figure 5.1: Table of Calculation of Average of Standard Deviation and Variance

In figure 5.1 shows the calculation result where(n_runs = 3)indicates that all three
runs were loaded correctly for each combination of patterns/metrics where the com-
pleteness of the data was verified. The (avg_std) is the average standard deviation
of the three runs, indicating the degree to which the results of individual tasks vary
within a single run. The variance is simply (avg_std) on a different scale of the
same spread, where it tells us whether the performance is consistent or noisy.

5.2.1 Reliability (success rate/error handling)
5.2.1.1 Success Rate (pass@1)

The success rate is the average result across all runs, referred to (coverage_passed)
in our data, which helps us to give an estimate of the average performance of each
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architecture patterns. To visualize the success rate to obtain a true success rate, we
applied 95% of the confidence interval(CI). CI represents the uncertainty in the esti-
mations, not just the spread, which helps us to be more confident with the measured
success rate. The reason behind this is that our data is Binary (success/failure) and
Bounded (0-1), and the CI stays within valid limits and correctly reflects the sta-
tistical uncertainty [15]. Instead of showing the distribution of individual binary
results, reflect what a reliability comparison should provide, this provides error bars
that indicate uncertainty in the mean estimate (usually ±3 to 8%). The axis label
of a mean ± 95% CI becomes correct, and the bars will remain well within 0 to
100%.

In the success rate by architecture Figure in 5.2 the sequential recorded the
highest mean success rate 92.2%, followed by a single-agent 81.1%. Hierarchical,
on the other hand, showed a lower mean success rate 54.4%. The figure 5.2 also
presents the success rate for each run to check the performance stability across three
runs. The sequential increases from around 87% in Run 1 to a high of approximately
97% in Run 2 before slightly declining to around 94% in Run 3. The single-Agent
has a slightly rising trend from about 77% to around 90%. On the other hand, the
Hierarchical pattern decreases around to 50% in Run 3 after being approximately
constant between Run 1 and Run 2 at 57%. This late-stage indicates that the
hierarchical pattern achieved the lowest success rate across all three runs and showed
a decrease in the performance through the last run compared to other initial runs.

Figure 5.2: Success Rate by Each Architecture and Stability for Each Run

Figure 5.3 presents the success rate for each architectural pattern along with line
and branch coverage. Sequential achieves a 91.6% line coverage, 92.2% pass rate,
and 90.6% branch coverage. The single-agent achieved 81.1%, 80.6%, and 79.7% for
the same metrics. Hierarchical achieved around 54% for all metrics. The three mea-
sures showed very similar values for each architecture pattern. Sequential displays
92.2%, 91.6% and 90.6% and single-agent displays 81.1%, 80.6% and 79.7%. While
the hierarchical displays almost 54% for all three measures. This indicates that ar-
chitectures with higher success rates also recorded a high level of test coverage(line
and branch).

For showing the distribution of the variance(stability)by using a KDE (Kernel
Density Estimation) plots per metric with no fitting, it shows that the performance
fluctuations across runs and which architecture patterns consist. If the plot shows
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Figure 5.3: Coverage Metrics (Line and Branch Coverage) by Each Architecture
Pattern

one pattern with low variance means a stable system and the high variance means
an unstable and inconsistent system. The Spread of the KDE shows the patterns
with narrow peak means predictable behavior while the wide spread means inconsis-
tent run. In Figure 5.12 Success Rate Reliability (A) the hierarchical (Centralized)
architecture shows the maximum variance, as demonstrated by the right-skewed
density curves. This shows that while hierarchical systems can perform well in some
situations, they are much less predictable and more susceptible to task variability.

5.2.1.2 Error Handling

Error handling is essential to ensure that execution failures do not bias the analysis
results. To capture this, we define an error handling metric based on the difference
between tests_generated and tests_passed in Figure 5.4. This gap quantifies
the proportion of the generated tests that fail during execution, providing insight
into each architecture’s robustness in edge cases and partial failures. By evaluating
how well each system can validate its own outputs, this measure allows for a more
complex evaluation of reliability than binary success metrics. The information Table
in Figure ?? provides a qualitative result, as it demonstrates hierarchical failure
scenarios that are structurally unachievable in the other two patterns. The label
of delegation_leak is 11 for hierarchical, since it indicates that its coordination
produces a new type of output damage.

The table in figure 5.4 shows the per-run breakdown of test generation and failure
rates across the three experimental runs. Hierarchical records the highest average
failure rate 6.41% and shows an increasing trend across runs (6.14%, 6.41%, and
6.68%). Sequential achieves the lowest average failure rate 0.46%, remaining close
to zero across all runs. Single-Agent generates the largest number of tests on average
(793) while maintaining a moderate failure rate of 1.89%.

The test failure rate for each architecture patterns shown in Figure 5.5 highlights a
differences between the architecture patterns, with 28.54% for hierarchical compared
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Error type Hierarchical Sequential Single-Agent

api_throttle 0 3 0

delegation_leak 11 0 0

no_output 49 83 73

no_tests_ran 2 1 0

partial_failure 15 2 15

syntax_error 12 1 0

other 1 0 2

Total 90 90 90

Table 5.2: Error type counts by architecture across all 90 executions per pattern.

Figure 5.4: Test Failure Rate And Stability of Error Handling Across Runs

with 1.41% for sequential and 2.83% for single-agent. These differences cannot be de-
scribed only by the complexity of the task since all the three patterns were evaluated
the same 30 tasks across three runs. The higher failure rate observed in the Hier-
archical pattern may be related to the additional coordination and communication
required between sub-agents, which introduces more stages in the problem-solving
process before the tests that are generated get evaluated. According to this pattern,
the hierarchical architecture had more challenges than the other two structures in
maintaining accuracy throughout the execution process.

To summarize the findings of the reliability analysis, the three architectural patterns
revealed differences in both the success rate and the test failure rate. Sequential
recorded the highest mean success rate 92.2%, the highest line coverage 91.6% and
branch coverage 90.6%, and the lowest test failure rate 1.41%, with stable perfor-
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Figure 5.5: Test Failure Rate by each Architecture

mance across all three experimental runs. Single-agent recorded a mean success rate
of 81.1%, line coverage of 80.6%, branch coverage of 79.7%, and a test failure rate of
2.83%. Hierarchical recorded the lowest mean success rate 54.4%, the lowest line and
branch coverage approximately 54%, and the highest test failure rate 28.54%, with
greater variability across runs compared to the other two patterns. The alignment
between success rate and coverage indicates that the architectural choice affects
both correctness probability and the depth of test generation. The test failure rate
analysis indicated that hierarchical produced a higher proportion of self-failing tests
than sequential and single-agent across the 30 TestEval tasks evaluated over three
experimental runs.

5.2.2 Performance (latency/cost)

5.2.2.1 Latency

Coefficient of Variation (CV) shown in Figure 5.6 indicates differences in consis-
tency across architectures. The single-agent is the most inconsistent pattern across
the majority of resource metrics, with the CV values higher than sequential 38–45%
and Hierarchical 38–42%. This includes 60.6% for Latency, 71.0% for Input To-
kens, 61.1% for output tokens and 62.8% for Cost. This observation demonstrates
that while hierarchical uses more resources overall, its variability is comparable with
Sequential. Agent Turns and LLM Calls are the most consistent metrics across all
architectures; Hierarchical has the lowest CV 24.5%, indicating that its coordination
results in a more predictable shift structure even if that structure is costly.
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Figure 5.6: The Coefficient of Variation (CV and The latency variance for each
architecture pattern)

The latency variance values in Figure 5.6 show that sequential recorded the lowest
latency variance of 295.56 s2 among the three patterns, followed by single-agent
603.29 s2 and hierarchical 3353.04 s2. The higher variance observed in hierarchical
results indicates greater variability in execution time across tasks compared to the
other two patterns.

The table in Figure 5.7 presents the first quartile (Q1) and the third quartile (Q3)
for each architecture. Q1 represents the 25th percentile, which means that 25% of
the recorded latency values fall below this value. Q3 represents the 75th percentile,
which means that 75% of latency values fall below this value. The Q1 value of
hierarchical 114.72s exceeded the Q3 values of single-agent 59.47s and sequential
54.83s, indicating that the typical latency ranges of these patterns do not overlap
under the experimental conditions of this study.

Figure 5.7: Summary Calculation of the Median Latency by Architecture

Figure 5.8 shows the median latency and inter-quartile range (IQR) for each ar-
chitecture. The single-agent baseline recorded a median latency of 35.05s (IQR:
22.20s–59.47s, range = 37.27s), while the sequential recorded a slightly higher me-
dian of 41.52s (IQR: 35.09s–54.83s, range = 19.75s). Sequential recorded the nar-
rowest IQR with a width of 19.75s, approximately half that of the single-agent
37.27s, indicating lower variability spread of latency values across tasks. The hier-
archical pattern recorded a median latency of 142.37s (IQR: 114.72s–185.22s, range
= 70.50s), representing a 3.4× increase over sequential and a 4.1× increase over
single-agent.
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In the 95th percentile (p95), 95% of tasks completed faster than this value. The
hierarchical recorded a p95 latency of 281.41s, compared with 73.10s for the se-
quential, representing a 3.8× difference between the two patterns at the tail of the
latency distribution. The hierarchical p99 latency 298.11s was close to its observed
maximum value of 299.74s, with a difference of only 1.63s.

Figure 5.8: Median Latency by Architecture

The agent communication turns recorded in Figures 5.6 and 5.9 provide additional
context for the latency differences observed across patterns. The CV heatmap in
Figure 5.6 shows that Agent Turns and LLM Calls recorded the lowest CV values
across all architectures. Hierarchical recorded the lowest CV for these two metrics
24.5%, followed by sequential 29.7% and single-agent 46.7%, indicating that the
number of turns per task was more consistent within each pattern compared to
other resource metrics such as tokens and cost.
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Figure 5.9: Agent Communication Turns by Architecture

The box plot in Figure 5.9 shows the distribution of agent turns per task. The
single-agent baseline recorded a median of approximately 3 turns (IQR: 1–4), while
sequential recorded a median of approximately 4 turns (IQR: 3–5). Both patterns
remained within a bounded range with a maximum of 6 turns. The hierarchical
pattern recorded a median of 10 turns (IQR: 8–11), with a whisker extending to
14 and an outlier at 16 turns. Since each agent turn requires an independent LLM
call, the higher number of turns in the hierarchical pattern count corresponds to a
greater number of model invocations per task, contributing to the higher latency
and token consumption values observed in this study.

The distribution of variance using the density plot that shows how variability is
distributed across task executions, with the summary of calculation measures of
variance. These plots provide a more detailed view by highlighting the changes
in distribution shape, spread, and overlap across the architectural patterns. The
distribution of task-level latency variance for all three patterns is shown in the
latency-Efficiency plot (D) in 5.12. The sequential pattern occupies the leftmost
distribution, indicating lower variance values across tasks. The single-agent shows a
wider distribution centred around 600 s2, suggesting greater variation in execution
time between tasks. The hierarchical pattern distribution shows a wider and flat
curve shape on the right side of the plot covered around 2000-4000 s2, with a mean
variance of nearly 3300 s2. A clear gap between 1500 and 2000s2 can be observed
in figure 5.12, separating the hierarchical distribution from those of the single-agent
and sequential patterns. This gap indicates that the distributions do not overlap in
this range. Furthermore, the flatter shape of the hierarchical distribution suggests
a wider spread of variance values across tasks. This pattern is consistent with the
orchestrator using different numbers of delegation loops depending on task complex-
ity.

42



Results

5.2.2.2 Cost

While sequential $0.0051 and single-agent $0.0073 are both steady, hierarchical
recorded a standard deviation of $0.0103 across runs is shown in 5.10. This in-
dicates that hierarchical cost varied across the three experimental runs. The table
also shows that the standard deviation of sequential $0.0051 is smaller than that of
single-agent $0.0073. Sequential was not only less expensive than hierarchical, but
it also showed less cost variance between runs than the baseline.

Figure 5.10: Summary of Mean Cost and Cost Stability Across Runs per Each
Architecture

The mean cost shown in Figure 5.11 indicates that the single-agent and sequential
patterns have very similar costs, with single-agent costing around $0.083 and se-
quential costing around $0.089 per task. In contrast, hierarchical recorded higher
cost around $0.308 for each task. The token consumption plot on the right of Fig-
ure 5.11 explains the reasons behind the high cost of hierarchical. The plot shows
that the input tokens exceed output tokens across all patterns as reflected by the
larger values of input tokens. This indicates that processing task context require
more input tokens than generating responses. This reflects the cost associated with
analyzing and communicating task-related data, where each agent must access the
entire task context before producing a response. Token consumption is approxi-
mately comparable for single-agent and sequential agents ( 5,000-7,000 input) and (
4,000 output). This observation supporting the similar costs shown in the left-side
plot. Although sequential introduces additional coordination stages, but it clearly
does not increase the amount of context shared between agents.

Hierarchical input token consumption (31,000) is almost five times that the single-
agent and sequential patterns. The output tokens (14,000) are also around 3.5
times higher. This occurs because the orchestrator (the root agent), when receiving
a task must send independent sub-task descriptions to each sub-agent at every level
of the hierarchy. The largest variability is observed in hierarchical input tokens
consumption, which shows substantial differences across tasks, as seen in Figure
5.11. As noted in the latency subsection and shown in Figure 5.9, the hierarchical
pattern recorded a median of 10 agent turns per task compared to 4 for sequential
and 3 for single-agent. Each additional turn generates an independent LLM call
with its own token consumption, meaning the cost per task accumulates directly
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Figure 5.11: Cost and Token Consumption(input vs. output) by each architecture
pattern

with the number of turns. This is reflected in the mean cost of $0.308 for hierarchical
compared to $0.089 for sequential, a pattern consistent with hierarchical executing
approximately 2.5× more turns per task than sequential.

Since cost is derived from token usage, the estimated cost variance distribution
shown in the Estimated Cost plot (F) in Figure 5.12, reflects the findings on to-
ken consumption. Sequential and single-agent both show distributions concentrated
near zero on the variance axis, consistent with their mean costs of approximately
$0.083 and $0.089 average. The hierarchical distribution is separated from the other
two with a wide and flat curve that centred around 0.015-0.016 USD and spanning
around 0.010–0.022 USD on the variance axis. The variance distribution of the input
token consumption is shown in Input Token Consumption (B) plot in Figure 5.12.
The plot shows that sequential and single-agent overlap almost, with both distribu-
tions peaking near zero on the ×10 scale, indicating lower variance in input token
consumption across tasks. The hierarchical distribution is separated from the other
two distributions, with a mean variance of 1.7×10 and a long, flat tail extending
to around 3×10. The close overlap between sequential and single-agent input token
distributions demonstrates similar input token consumption across tasks. In this ar-
chitecture, each agent in the sequential chain receives only the information required
for its task rather than the entire interaction history. The variance distribution of
output token consumption is shown in the Output Token Consumption (C) plot in
Figure 5.12. Sequential distributions around 2-3×10 variance, single-agent distribu-
tions around 7×10, and hierarchical distributions around 3.5×10. Unlike the input
token distribution, where sequential and single-agent overlap almost completely, the
output token distributions show a wider spread for single-agent than for sequential.
The wider single-agent’s distribution indicates greater variation in output length
across tasks. The output token variance of hierarchical is approximately 5 times
higher than that of single-agent and 10 times higher than that of sequential agent.
This indicates that the response lengths of hierarchical sub-agents vary depending
on the tasks assigned by the orchestrator.
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Figure 5.12: The Variance Distribution Across all Metrics of The Three Architec-
ture Patterns

In summary, the performance analysis across latency and cost metrics showed differ-
ences across the three architectural patterns. Sequential and single-agent recorded
comparable mean costs of $0.089 and $0.083 per task respectively, with standard
deviations across the three runs of 0.0051 and 0.0073. Hierarchical recorded a mean
cost of $0.308 per task, which is approximately 3.5× higher than sequential with
standard deviation of 0.0103. The higher cost observed in hierarchical was asso-
ciated with greater input token consumption (31,000) compared with (5,000 and
7,000) for sequential and single-agent. As well as a higher median agent-turn count
of 10 turns compared with 4 for sequential and 3 for single-agent. These differences
were observed for all three experimental runs and the 30 TestEval tasks that were
evaluated in this investigation.
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5.3 Phase 2: Qualitative Analysis (RQ3)
The experiment was repeated three times per architecture to account for the non-
deterministic nature of LLM output generation. Even under identical inputs and
controlled hyper-parameters, LLMs exhibit inherent output variance by design.
Three independent runs allow us to compute a stable mean and measure run-to-run
variability across all dependent variables, reducing the risk of drawing conclusions
from a single unrepresentative execution.

5.3.1 Overview of the coded categories
After conducting a direct content analysis of agent interactions logs in the 22 sampled
tasks, six behavioral categories emerged. Table 5.3 presents these categories with
their definition and the frequencies observed in the three architecture patterns.

Category Definition Single-
Agent

Sequential Hierarchical

Iterative
Self-
Correction

Agent detects incorrect out-
puts after execution fail-
ure and revises them across
retry attempts by tracing
algorithm logic

16 0 0

Plan-
Guided
Genera-
tion

Dedicated planning phase
produces structured test
specifications with explicit
expected values and code-
path targets before code
generation

0 3 0

Productive
Special-
ization

Role separation produces
observably better reason-
ing — one agent’s analyti-
cal output meaningfully im-
proves another’s generated
tests

0 18 12

Supervisor
Informa-
tion
Bottle-
neck

Supervisor mediates all
inter-agent communica-
tion but fails to transfer
analytical reasoning be-
tween workers, causing
unproductive re-delegation
cycles

0 0 10
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Category Definition Single-
Agent

Sequential Hierarchical

Assertion
Halluci-
nation

Agents generate test as-
sertions with incorrect
expected values, reflecting
failure to reason about
algorithm behavior before
committing to expected
outputs

6 0 0

Error
Propaga-
tion

An error from one agent
passes uncorrected to down-
stream agents, causing cas-
cading failures in the final
output

0 1 0

Table 5.3: Behavioral categories and frequencies across architectures (n=66 coded
cases: 22 tasks × 3 architectures).

The categories show a strong architecture-specific distribution: Iterative Self Cor-
rection and Assertion Hallucination occur exclusively in the single-agent baseline;
Plan-Guided Generation and Error Propagation appear only in the sequential pat-
tern; the Supervisor Information Bottleneck is unique to the hierarchical pattern;
Productive Specialization is the only category shared between the two multi-agent
patterns.

5.3.1.1 Single-Agent Behavioral Profile

The single-agent baseline produces all tests in a single LLM call without intermediate
verification. When the initial output contains errors — most commonly incorrect
expected values in test assertions — the agent enters a retry loop in which it traces
the logic of the algorithm and corrects specific failure assertions. This pattern,
Iterative Self-Correction, was the dominant behavioral mode (16 of 22 cases).

Six of the 22 sampled single-agent cases were coded as Assertion Hallucination —
failures which the agent exhausted the retry budget without converging. In Task
97 (isInterleave), the single-agent assumed isInterleave("aaa","bbb","ababab")=False
when it is in fact True. Across three retries, the agent traced through the dynamic-
programming table and corrected this specific assertion, but introduced new incor-
rect assertions for other test cases in the process. Run 1 happened to converge by
the third retry (25/25 tests passed); Runs 2 and 3 did not (22/23 and 23/24 passing,
respectively). The cross-run inconsistency (1/3 passes) indicates that single-agent
success on algorithmically complex tasks depends on whether the stochastic retry
process converges within the budget.

Across the full dataset, the single-agent achieved an 81.1% pass rate (73/90), with
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67% cross-run consistency (20 of 30 tasks producing the same outcome in all three
runs).

5.3.1.2 Sequential Behavioral Profile

The sequential architecture (Planner → Coder → Tester) showed a fundamentally
different behavioral pattern. The most consequential feature was Productive Spe-
cialization: In 87 of 90 runs across the entire dataset, the planner agent produced a
structured test specification that included explicit input values, expected outputs,
and the specific code paths each test case targeted.

This upfront analytical reasoning functioned as a proactive verification. Rather
than generating assertions first and correcting them after failure (as the single-
agent does), the sequential planner reasoned about algorithm behavior before any
test code was written. For Task 97, the planner produced entries such as: "Edge case
— length mismatch. Input: s1=’abc’, s2=’def’, s3=’abcdefg’. Expected: returns
False. Targets: early return condition m + n != len(s3)." The coder agent received
pre-verified expected values, eliminating the assertion errors that dominated the
single-agent’s retry cycles. Task 97 passed on the first attempt with zero retries and
7,733 tokens — less than half the single-agent’s 16,611 tokens for the same task.

The sequential architecture achieved the highest pass rate in the experiment (92.2%,
83/90), the highest cross-run consistency (83%, 25 of 30 tasks consistent across
runs), and the lowest mean retry count (1.0, vs. 1.5 for single-agent and 2.1 for
hierarchical). Token consumption (mean 11,507 per task) was only 17% higher than
the single-agent despite involving three agent roles.

5.3.1.3 Hierarchical Behavioral Profile

The hierarchical architecture (Supervisor → Analyst/Writer workers) exhibited the
most complex interaction patterns and the most pronounced failure modes. 12 of
22 sampled hierarchical cases were coded as Productive Specialization suhc as cases
where the analyst-writer separation produced correct tests within the supervisor’s
revision budget. The remaining 10 cases were coded as a recurring pattern we
labeled as the Supervisor Information Bottleneck, which appeared to be the most
common failure mode in the sampled hierarchical traces.

In every coded bottleneck case, the trace exhibited the same structural pattern.
The supervisor delegated an analytical task to the analyst, received a substantively
correct algorithm trace, and then delegated a writing task to the writer. The writer
produced tests with incorrect assertions. The supervisor responded by re-delegating
to the analyst not to the writer requesting another analysis of the same failing test
cases. This cycle was repeated, with the analyst producing essentially the same
correct trace each time, while the writer’s errors persisted because the analyst’s
reasoning never reached the writer’s context directly. All inter-agent communication
was mediated by the supervisor.

Task 97 (isInterleave) illustrates the mechanism. The analyst correctly identified
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that concatenation-style inputs such as "abcdef" for isInterleave("abc","def",...) con-
stitute valid interleavings. The writer, which never received the analyst’s trace
output directly, continued generating assertions assuming, such inputs were invalid.
The supervisor re-delegated to the analyst three times, each time asking for re-
analysis of the same failing cases. The pattern consumed 43,957 tokens (5.7× the
sequential’s 7,733 on the same task) without achieving a correct result. This failure
was consistent across all three runs (0/3 passes), confirming an architecture inherent
phenomena rather than purely stochastic explanation, though our design cannot es-
tablish this conclusively. The same supervisor bottleneck pattern appeared in tasks
126, 417, 457, 524, 420, and other hierarchical failures.

The hierarchical architecture achieved the lowest pass rate in the experiment (54.4%,
49/90), the lowest cross run consistency (47%, 14 of 30 tasks consistent across runs)
and consumed substantially more tokens per task than either alternative (mean
45,281 - 4.6× single-agent, 3.9× sequential). The pass rate at maximum retries
(3) was 18% (9 of 50), substantially lower than the single-agent’s 39% and the
sequential’s 43% at the same retry count, indicating that the hierarchical’s failure
mode is more resistant to retry-based correction than the failure modes of the other
patterns.

In summary, qualitative analysis of 22 selected behaviours across the three architec-
tural patterns identified six behavioural categories with architecture-specific distri-
butions. Iterative self-correction and assertion hallucination were characteristic of
the single-agent baseline. Plan-guided generation and productive specialization were
characteristics of the sequential pattern. The supervisor information bottleneck and
productive specialization were key characteristics of the hierarchical pattern. These
categories provide a qualitative explanation for the quantitative differences identi-
fied in RQ2 and are discussed more in the discussion section. Considering suitability
of each pattern for software engineering tasks and the extent to which these findings
can be generalized beyond the benchmark examined.
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6
Discussion

This chapter discusses the empirical and the qualitative findings of the experiment
in relation to the literature on multi-agent LLM systems. All the findings derived
from a single LLMs (Claude Sonnet 4 [3]) and a single benchmark family (TestE-
val [40, 41]), which limits the basis for generalization; replication between LLMs
and benchmarks is required before treating these findings as established architectural
principles.

6.1 An interpretation of the architectural pattern
taxonomy findings of RQ1

The answer to RQ1 was addressed through a comprehensive thematic analysis of 31
articles published between 2023 and 2026, which identified 10 common architecture
patterns in multi-agent LLM-based systems. The patterns identified include more
complex multilayer systems such as hierarchical and blackboard/shared-memory
architectures, as well as simpler linear coordination structures such as sequential
pipelines. This result aligns with the findings of Guo et al., who identified central-
ized orchestration, decentralized negotiation, and market-based allocation as distinct
coordination frameworks in multi-agent systems [16]. In this context, sequential and
hierarchical patterns belong to centralized orchestration, whereas more collabora-
tive or feedback-driven patterns reflect aspects of decentralized coordination. The
same applies to the findings of Liu et al., who also provide a comprehensive cata-
log of agent design patterns covering memory management, role specialization, and
task decomposition. The patterns were ranked based on the number of publications
(out of the 31 reviewed studies) in which each pattern was identified. The role-
based/SOP pattern ranked first, as it appeared in the highest number of studies.
This is associated with the widespread adoption of frameworks such as MetaGPT,
which clearly use role specialization as a core coordination mechanism and combine
role-based and sequential coordination [17]. The sequential pattern ranked second,
reflecting its common use in software engineering tasks, as demonstrated by Agent-
Coder, which achieved 77.4% pass@1 using a three-agent sequential pipeline [19].
Furthermore, the MAAD and NOMAD frameworks also applied sequential coor-
dination for automated architectural workflows [24][13]. The hierarchical pattern
ranked seventh, as it was identified in fewer of the 31 reviewed publications. This
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lower ranking reflects its higher implementation complexity, as discussed by Moore
and Bandara [30][4]. The remaining architecture patterns were excluded from the
quantitative comparison. Feedback-driven, blackboard, and tool-augmented pat-
terns were not included because they are typically used as auxiliary mechanisms
within architectures rather than as independent coordination patterns [28]. The
centralized supervisor pattern was excluded due to its structural similarity to hier-
archical coordination, where tasks are delegated to specialized sub-agents [30][16].
Furthermore, human-in-the-loop was excluded because human variability cannot be
standardized across experimental runs, such as response time and skill level [42].
RAG and role-based patterns were also excluded because they operate at the indi-
vidual agent level rather than at the system coordination level [28].

The sequential and hierarchical patterns were selected for quantitative comparison
in Phase 2 based on their distinct coordination strategies, where sequential coordi-
nation assigns work to agents in a linear pipeline, whereas hierarchical coordination
distributes tasks across multiple levels of delegation [30][10]. This comparison was
important for investigating whether coordination complexity is associated with dif-
ferences in performance and reliability outcomes. The results in Phase 2 showed
that the two patterns produced different outcomes across all four metrics: latency,
cost, success rate, and test failure rate. The single-agent baseline was included
as a control condition to provide a reference point for evaluating multi-agent co-
ordination. This comparison enables analysis of how coordination strategy affects
system behavior, task performance, and operational complexity. Guo et al. and
AgentCoder both recommend including a single-agent baseline before evaluating
multi-agent architectures [16][19].

6.2 An interpretation of the quantitative findings
of RQ2

The results section of Phase 2 quantitative comparison addresses RQ2 by comparing
three architectural patterns (single-agent, sequential, and hierarchical) across four
metrics: latency, cost, success rate, and error handling. The sequential architec-
tural pattern showed the most advantageous results across all four metrics, while
the hierarchical pattern showed the least advantageous outcomes under the same
experimental setup.

6.2.1 Performance - Cost and Latency
Based on cost and latency, the hierarchical pattern was substantially slower and more
costly than the other patterns. The hierarchical pattern recorded a median latency of
142.37s and a mean cost of $0.308 per task, compared with the sequential pattern,
which recorded 41.52s and $0.089, and the single-agent pattern, which recorded
35.05s and $0.083. The hierarchical pattern works by having a root agent divide
tasks into smaller sub-tasks and assign each one to different sub-agents at every level
of the hierarchy. Each delegation round generates an independent LLM request that
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accumulates context from previous rounds. The average agent communication turn
count for the hierarchical pattern was 10 turns per task, compared with 4 turns
for the sequential pattern and 3 turns for the single-agent pattern. Each additional
turn caused an extra LLM request and greater token consumption, which could be
a contributing factor to the higher latency and cost observed in the hierarchical
system. This is consistent with Guo et al., who found that centralized patterns
have different latency and cost characteristics compared with simple coordination
patterns [16].

In contrast, the sequential pattern showed that increasing the coordination layer
between agents does not necessarily result in increases in cost or latency. The se-
quential mean cost of $0.089 is very close to the cost of the single-agent pattern,
$0.083, with a difference of only $0.006, and its median latency of 41.52s remains
close to the single-agent value of 35.05s. This suggests that the sequential coordi-
nation chain effectively shares context between agents without adding substantial
cost, unlike the hierarchical pattern, where context accumulates across multiple lay-
ers of delegation. This finding aligns with the AgentCoder study, which showed that
sequential patterns reduce coordination costs compared with more complex archi-
tectural patterns [19]. A similar finding was reported by the AnyMac framework,
which showed that reducing the coordination process also reduced token usage with
very little effect on accuracy [39].

The variance distribution plot showed that the cost and latency distributions of the
hierarchical pattern did not overlap with those of the sequential and single-agent
patterns. This indicates that even single-agent tasks with the highest variability had
lower latency and cost values than hierarchical tasks with the lowest variability. This
observation was consistent across all 90 tasks rather than being limited to a specific
subset of tasks. Yan et al. reported that the internal communication structure
of an agent directly impacts system-level performance [10]. This aligns with our
findings, where the sequential pattern uses a linear chain of communication and the
hierarchical pattern uses multiple levels of delegation, resulting in clear differences in
latency and cost. The cost stability analysis also found that the hierarchical pattern
(std = 0.0103) was the only pattern whose average cost varied noticeably across
runs, compared with the sequential pattern (std = 0.0051) and the single-agent
pattern (std = 0.0073), suggesting that hierarchical costs were less stable across all
three runs.

6.2.2 Reliability - Success Rate and Error Handling
The performance findings are supported by the reliability results. The hierarchical
pattern had the lowest success rate at 54.4%, the lowest line coverage at 54.1%,
the lowest branch coverage at 53.4%, and the highest test failure rate at 28.54%.
In contrast, the sequential pattern achieved the highest success rate at 92.2%, the
highest line coverage at 91.6%, the highest branch coverage at 90.6%, and the lowest
test failure rate at 1.41%. The single-agent pattern achieved moderate results across
all reliability metrics, with a success rate of 81.1%, line coverage of 80.6%, branch
coverage of 79.7%, and a test failure rate of 2.83%.
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The consistency between the coverage metrics and success rates across all three
patterns confirms that the observed variations are not due to random execution
outcomes but instead reflect genuine differences in test generation capability. This
cross-metric consistency strengthens the conclusion that the hierarchical pattern’s
low success rate is caused by a structural weakness in producing thorough test
suites rather than by random failures. The 37.8 percentage-point gap in success
rate between the sequential and hierarchical patterns, combined with the 20-fold
difference in test failure rate, suggests that the coordination mechanism used by the
hierarchical pattern introduces reliability risks associated with the architecture itself
rather than with task difficulty.

The error-type analysis provided additional insight into the characteristics of hi-
erarchical errors. Specifically, 11 cases were identified as delegation-leak errors,
meaning that the system exposed its internal coordination instructions in the gen-
erated test file output. This type of error was not observed in either the sequential
or single-agent patterns because it is unique to the hierarchical coordination mecha-
nism. These findings suggest that the boundary between internal coordination and
external output requires additional controls in hierarchical implementations, as it
directly affects the outcome of test generation. The hierarchical pattern also exhib-
ited the highest test failure rate, with 28.5% of tests failing, compared with 1.2% for
the sequential pattern and 2.8% for the single-agent pattern. This result indicates
that the hierarchical pattern not only fails more tasks but also sometimes produces
internally inconsistent outputs that do not align with its own generated solutions.
One possible explanation is that individual sub-agents may not have access to the
complete problem context, making it more difficult to generate test cases that align
with the corresponding solution.

6.2.3 Trade-off Analysis
The findings of this study show that the three architectural patterns exhibit dif-
ferent trade-offs. The hierarchical pattern shows the highest values across all mea-
sured metrics, including latency, token consumption, and cost, while also recording
the lowest success rate at 54.4% and the highest test failure rate at 28.54%. This
combination indicates that the hierarchical pattern does not provide a favorable per-
formance on any of the four metrics evaluated. The trade-off analysis differs for the
sequential pattern. Its mean cost of $0.089 is slightly higher than that of the single-
agent pattern at $0.083, and its mean latency of 41.52s is higher than the 35.05s
recorded by the single-agent pattern. This indicates a small increase in latency and
cost associated with sequential coordination, reflecting a measurable difference in
efficiency compared with the single-agent baseline. However, the sequential pattern
recorded an 11.1 percentage-point higher success rate than the single-agent pattern,
with only a small cost gap of $0.006 per task. This result aligns with previous re-
search showing that single-agent systems can perform comparably to multi-agent
systems on simple and well-defined tasks, where multi-agent coordination may lead
to inefficiencies rather than improved outcomes [43]. Moreover, Yan et al. and the
findings presented in Magentic-One show that single-agent methods have lower la-
tency and cost for simple operations, while multi-agent coordination becomes more
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suitable for tasks that require structured delegation or shared processes [43][10].
Since all three patterns were evaluated on the same 30 TestEval tasks, the observed
differences in success rate across architectural patterns cannot be explained by dif-
ferences in task difficulty. However, this was not specifically investigated in this
study, and task complexity may still have had varying effects on the performance of
the different architecture patterns.

6.2.4 Practical Implications

From a practical perspective, the cost differences between the patterns become more
apparent at scale. For 1,000 tasks, the sequential pattern would cost $88.60, while
the single-agent pattern would cost $82.63, resulting in a difference of $5.97. The
hierarchical pattern would cost $307.53 for 1,000 tasks, which is substantially higher
than the sequential pattern. This cost difference may be a relevant consideration for
automated test generation pipelines that need to manage a large number of tasks.
Based on the results of this study, which evaluated 30 TestEval tasks in three runs,
the sequential pattern performed better than the single-agent and hierarchical pat-
terns in metrics of latency, cost, and reliability. The hierarchical pattern incurred
the highest cost per task while successfully generating fewer test cases compared to
both the single-agent and sequential patterns. The hierarchical pattern is designed
for multi-agent systems that handle large and complex tasks requiring decomposi-
tion into smaller, independent sub-tasks, as described by Moore and Bandara [30][4].
However, the TestEval tasks used in this study consist of self-contained algorithmic
programming problems that require access to the complete problem context dur-
ing both the test and solution generation processes. When the hierarchical pattern
divides a task among multiple sub-agents, each sub-agent receives only a portion
of the original context. This may lead to the generation of test cases that do not
fully capture all of the problem requirements. In contrast, the sequential pattern
passes the entire output of one agent to the next without decomposing the task,
which may help explain why its cost and success rate are very similar to those of
the single-agent baseline. In industry, the hierarchical pattern remains applicable
despite its lower performance in our study because it is better suited to tasks with
a larger scope that require decomposition across specialized roles, such as testing
large modular software systems [30][4]. These characteristics differ from the TestE-
val tasks that are investigated in this study. For example, role specialization within
the MetaGPT framework achieved an 81.7% pass@1 score on code generation bench-
marks, as demonstrated by Hong et al. [17]. This suggests that specialization can
produce results that differ from those observed in our findings. In the MetaGPT
framework, each agent was assigned a specialized professional role, such as product
manager, architect, engineer, or QA specialist.
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6.3 An interpretation of the qualitative findings
of RQ3

The quantitative differences observed in RQ2 emerged from six behavioral categories
that were identified and explained in the qualitative analysis. Three categories are
discussed in this section because of their direct relationship to existing claims in the
literature.

6.3.1 The Iterative Self-Correction
This pattern, observed in the single-agent baseline, is one of the two most common
patterns for SE tasks, as [7] mentioned. While our findings align with the literature’s
largely positive characterization of self-reflection, we claim that this phenomenon is
effective for small, isolated errors, achieving a 100% pass rate at 0–2 retries. How-
ever, it has a hard limit when agents fundamentally misunderstand the algorithm
under test. The retry mechanism cannot recover from such failures, achieving only
a 39% pass rate at 3 retries across the full dataset. This finding aligns with the
observation by [21] that LLMs require proactive verification supported by
the architecture; otherwise, they may produce plausible-sounding but
incorrect outputs, and this limitation cannot be overcome by post-hoc
correction alone.

6.3.2 The Plan-Guided Generation
This pattern, observed in the sequential architecture, provides empirical evidence for
what [7] describe as the Single-Path Plan Generator design pattern. Our research
revealed that, across the complete dataset, 87 out of 90 sequential runs contained
a planner-generated specification with well-defined expected values and code-path
objectives, suggesting that this organized planning behavior and reasoning are ex-
tremely common characteristics of the architecture’s functionality. Tran et al. [38]
note that pre-generation reasoning improves output quality, aligning with our theo-
retical expectations and reinforcing our empirical findings that role-based proto-
cols with clearly defined and specialized responsibilities produce superior
results.

6.3.3 The Supervisor Information Bottleneck
This limitation is the most novel finding from the qualitative analysis and the one
with the strongest claim to a contribution beyond the existing literature. [34][7]
and Section 2.3.2 anticipated that hierarchical multi-agent systems would face co-
ordination and communication overhead, framing these primarily as cost concerns.
However, our empirical research indicates that this prediction may be extended:
supervisor mediation can lead to both increased costs and information loss. The
analyst produced high-quality outputs and accurately reasoned about the algorith-
mic tasks, whereas the writer often produced inaccurate outputs. The supervisor’s
response to such outputs involved re-delegating tasks to the analyst rather than
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conveying the analyst’s current rationale to the writer. No direct information flow
between workers was observed in any of the 41 hierarchical failures in the complete
dataset. Furthermore, in the traces we examined, the supervisor did not forward
the analyst’s reasoning to the writer, we interpret this as a plausible mechanism
for the observed failures. This indicates that the hierarchical structure was
inefficient in this context with the sampled cases, as the supervisor con-
sistently failed to communicate the analytical results of one worker to
the worker who required them.

6.4 Generalizability beyond software engineering

Three categories in our findings could be considered architecture-inherent and po-
tentially generalizable to different application domains. Meanwhile, the remaining
three are more task-specific and require caution when extrapolating the results.

In this study, the supervisor information bottleneck appeared whenever the
hierarchical pattern was used, which suggests it may be a property of centralized
orchestration rather than a task-specific effect. Whether it generalizes to other do-
mains and models remains an open question requiring replication (see Chapter 7).
This aligns with the observations of [38] [34] that hierarchical role-based systems lack
flexibility in information sharing among worker agents without proper management
of inter-dependencies. The implication for any domain in which agents collaborate
on integrated outputs is that the architecture cannot rely solely on the supervisor
to coordinate communication between workers. Established communication mech-
anisms, such as communication channels or shared workspaces that enable direct
worker-to-worker communication, should be implemented to avoid information loss.

The clear advantage of upfront reasoning, which enabled the sequential architec-
ture to successfully complete 87 of 90 tasks, may be used for structured activities
where a predetermined outcome can be specified, such as financial reporting, med-
ical report writing, and legal document drafting. However, empirical validation in
these domains is necessary before this claim can be confirmed. [7] found that 42 of
the 94 surveyed articles used SOP-style planning workflows for SE tasks, suggesting
that this approach is widely adopted by software engineers. Our findings confirm
its value by suggesting that this pattern may generalize to domains with derivable
specifications, such as legal document drafting, medical report generation, and fi-
nancial reporting. However, information flow within an architecture is likely more
domain-independent, resulting in a cost-quality trade-off that is not dependent
on the specific task. Practitioners cannot assume that outcomes will improve simply
by implementing multi-agent systems through the addition of more agents and co-
ordination layers. Instead, outcomes depend on the compatibility between inherited
architectural characteristics, such as information flow, and the requirements of the
task. Nevertheless, empirical validation is required for each architecture and task
type to fully answer this question.
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6.5 Industrial Alignment and Robustness of Find-
ings

The dominance of sequential coordination in this study is consistent with architec-
tural choices observed in widely adopted agentic coding harnesses. The popularity
of sequential and single-agent coordination patterns in this study is in line with the
results of the literature evaluation, which found that Sequential was used in 20 out
of 31 publications and ranked second among the 10 patterns. Sequential pipeline
coordination produces good results for structured code generation tasks, as shown
by previous studies such as AgentCoder [19]. Moreover, frameworks such as MAAD
and NOMAD applied sequential coordination for automated software engineering
workflows [24][13]. The observation that sequential coordination is more naturally
aligned with structured, artifact-centric software engineering activities under base-
line conditions is further supported by the absence of hierarchical coordination as
a dominant pattern in these SE-focused frameworks. When translating these find-
ings into industrial practice, it is important to distinguish between findings that
are robust to experimental conditions and those that are sensitive to the specific
parameters of this study. Because each delegation round creates a separate LLM
request by design, the structural cost overhead related to hierarchical coordina-
tion is driven by further delegation rounds and accumulated context, which remain
architectural features whether or not quick optimization is applied. On the other
hand, the study’s absolute success-rate metrics, which are 54.4% for hierarchical and
92.2% for Sequential, represent unoptimized baseline setups and should be under-
stood as lower-bound estimates rather than fixed performance limits. Under various
deployment scenarios, architecture-specific prompt engineering, role definition, and
coordination improvements may reduce or increase these gaps. Therefore, rather
than focusing on the specific numerical results, which are limited by the experimen-
tal constraints outlined in Chapter 7, practitioners adopting these findings should
focus on the structural trade-offs presented.

6.6 The Role of Human Developers in Agentic
Workflows

While the primary goal of this research is to evaluate these architectures as au-
tonomous test-generation pipelines, an assessment of their industrial applicability
and the role of human developers must also be considered. Our results have direct
implications for how human-agent collaboration should be structured. However, the
points at which human intervention occurs differ substantially across the architec-
tural patterns. The single-agent pattern generates tests without any intermediate
stage where developers can intervene to inspect or correct the generated plan. In
contrast, the sequential pattern allows developers to review and edit the generated
structured plan before any code is written, potentially improving reasoning about
the algorithm and correcting misunderstandings made by the planner agent. For
the hierarchical pattern, the natural intervention point is the supervisor role, which
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coordinates communication between agents. In this scenario, the developer may del-
egate tasks to different agents and resolve disagreements between them. This role
is consistent with our findings regarding the supervisor bottleneck, where human
judgment remains more reliable than LLM-based coordination. This shift in the de-
veloper’s role from test author to plan reviewer introduces a high-leverage decision
point at which developers audit generated artifacts for correctness against business
and security requirements that LLMs cannot yet reliably verify. Moving developers
up the abstraction ladder changes how they interact with tools such as IDEs and
CI pipelines, emphasizing the verification and evaluation of business and security
specifications rather than the direct creation of tests.

This repositioning introduces new design considerations that existing tools should
leverage to maximize the benefits of agentic systems. Developers should not rely
solely on final outputs but should also be given access to intermediate artifacts
such as plans, analyses, and draft tests. Tools built around the sequential pattern,
in particular, should treat the planner’s output as a primary user-facing artifact
rather than an internal step. Similarly, tools built around hierarchical orchestration
should consider whether the supervisor role is best performed by an LLM or whether
a human-in-the-loop supervisor would be more effective. Although these design
implications extend beyond the formal scope of this thesis, they follow directly from
the empirical findings and help translate the research into practical applications.

6.7 A set of practical architecture selection guide-
lines

The findings support a set of decision heuristics for selecting an architectural pattern,
table 6.1 presents these heuristics as a function of task properties. These heuristics
are grounded in a single model and benchmark and should be treated as a starting
point for hypotheses, not validated recommendations.

Task Property Recommended Pattern

Task is short and bounded; retry-based
correction is acceptable

Single-agent

Output specification can be derived be-
fore generation

Sequential

Workers operate on independent sub-
tasks not requiring integration

Hierarchical acceptable

Token budget is a primary constraint Single-agent or Sequential

Cross-run reliability is required (pro-
duction systems)

Sequential (highest consistency at
83%)

Table 6.1: Practical architecture selection guidelines based on task properties.
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These guidelines refine the general design considerations outlined in the Background
(Section 2.3) by grounding them in observed agent behavior rather than theoreti-
cal properties alone. We suggest that practitioners should avoid using complicated
architecture patterns to solve simple tasks and instead adopt the simplest architec-
ture sufficient for the task. Use single-agents for short bounded tasks that require
minimal upfront reasoning and planning. Use the sequential pattern for structured
heavy planning tasks that require it. To avoid the supervisor bottleneck in the hier-
archical architecture, use the pattern when working with tasks that require worker
independence or if workers have direct communication channels to mitigate the
supervisor’s coordination limitation. This recommendation is consistent with [7]
finding that role-based cooperation is the most-adopted pattern, yet it is important
to understand that it is not the role separation that produces value, it is
the structured information flow that the role separation enables.
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7
Threats to Validity

Several methodological limitations bound the conclusions drawn above and should
be considered when interpreting the findings.

7.1 Internal Validity

All three architecture patterns used the same model(Claude Sonnet 4) without role
specialist between agents. This is a good decision to ensure that any observed
differences between patterns cannot be explained when one pattern has access to
more than one model. However, there are still threats that exist when the same
model may interact differently with each coordination mechanism. For example,
it may respond more effectively to linear sequential task structures than to multi-
level hierarchical task delegation. The findings represent the relationship between
Claude Sonnet 4 and each of architecture pattern and may not generalize to the
implementation using different models.

The LLM output variability when running the experiment three runs is represent
an internal validity. Large language models (LLM) are non-deterministic by design,
the same input prompt may produce different output across repeated executions,
due to sampling temperature and generation characteristics. This variability may
affect metrics including success rate, token consumption, latency, and error handling
between runs. This was taken into account by evaluating each architectural pattern
over three experimental runs rather than just one, and the findings were presented
as average between runs. In contrast, the range of output variability associated with
LLM-based systems may not be sufficiently captured by three runs. Because a large
number of runs would provide a more stable estimation of the performance metrics
of each pattern.

In this study, none of the architecture patterns were implemented with a specific
prompt optimization. This decision was made to ensure fair comparison of the
patterns. Because when applying optimize just one pattern while leaving the oth-
ers not optimize, would introduce a false advantage that affect the fairness of the
experiment. All three conditions were therefore evaluated under standardized, Un-
optimized prompt configurations.
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However, this means that the results reflect non-optimized baseline implementations
for all three patterns, rather than reflecting the full capability under optimized se-
tups configuration. The outcome of the study performance metrics include the
success rate, latency, token consumption, and cost may not reflect how each pat-
tern perform under full optimize conditions. This recognizes as a risk to internal
validity because the performance gaps we observed may reflect how sensitive each
pattern is to prompt quality rather than architectural design alone. To address these
threads in future work, each pattern should be evaluated under both non-optimized
and optimized prompt conditions with equal optimization effort given to each pat-
tern. This would allow researchers to distinguish architecture-driven performance
differences from prompt-sensitivity effects, and to establish whether the hierarchical
under performance observed in this study remains under optimized conditions or is
an outcome of the standardized prompt design.

Qualitative analysis was conducted as direct content analysis [18], where categories
and codes were pre-specified from a prior reviewed literature and utilized through
structural characteristics of the agents traces. While this is a recognized qualitative
method, the categories did not fully emerge from the data, which differs from induc-
tive grounded-theory approaches. We had to eliminate for instance the Coordination
overhead category since no clear evidence in the agent traces had an independent
occurrence pointing to this category. This mitigation validates that the pre-coded
categories were reviewed and revised in light of evidence. However, the boundary
between Plan-Guided Generation and Productive Specialization in the sequential
architecture remains a matter of coding judgment rather than clean structural dis-
tinction, which we acknowledge openly. Additionally, coding was conducted by a
single researcher, no inter-rater agreement measure was computed, in contrast to
[7] procedure, where three authors coded the same data and resolved disagreements
through the consensus.

7.2 External Validity
Our findings derived from a single LLM (Claude Sonnet 4), a single benchmark fam-
ily (TestEval), and a single SE task type (unit test generation). The identification
of inherited patterns in the architectures such as Supervisor information bottleneck
should be replicated with other LLMs to empirically verify the generalizability find-
ings stated in discussion section (6.4). The temperature setting (0,2) was held con-
stant; to reduce the impact of sampling randomness and guarantee that observed
variances were mostly due to architectural patterns rather than variations in model
generation across all tests. However, the model behavior may differ at higher tem-
peratures settings, particularly in the single-agent architecture where more output
variety may have an impact on retry-based self-correction. Another validity issue
that must be recognized is the benchmark contamination; the TestEval bench-
mark tasks fundamentally consist of LeetCode [1, 41] algorithms that are widely
available on the public internet. These algorithms and their solutions are likely
included in the training data of LLMs, suggesting that agents are more prone to
memorizing the solutions instead of engaging in reasoning about the tasks. Ana-
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lyzing generated unit tests for problems the model has memorized the functional
specification and potential solutions is qualitatively different from algorithmic rea-
soning to generate tests for novel functions. Consequently, the absolute pass rates
reported in this study (81.1% single-agent, 92.2% sequential, 54.4% hierarchical)
may differ if the architectures were to run on unseen tasks introducing likely differ-
ent results when they rely more on reasoning rather than memorization. Replication
on novel functions or on private code repositories is required before treating the ab-
solute or relative performance figures as representative of real-world test generation
tasks.

Furthermore, the study evaluated each architecture under standardized, non opti-
mized prompt conditions which can also be framed as an external validity threat.
Companies in industry usually spend money on architecture-specific prompt en-
gineering and configuration optimization services, the observed performance char-
acteristics, especially the performance gaps, observed for hierarchical coordination
might not accurately represent the maximum performance expected in optimized
production deployments. This limits the direct application of these findings to busi-
ness environments.

7.3 Construct Validity
The test failure rate metrics measure the amount of test failed to test generated,
which measures the internal consistency between the agents generated solution and
its generated tests rather than measures the error tolerance or error recovery the
capabilities directly. A low test failure rate shows that the agents test are consis-
tent with its own solution, however it doesn’t show if the agents test can recover
effectively from edge cases during execution, handle unforeseen failures, or resume
unsuccessful runs. This is an example of a construct validity limitation due to met-
rics error handling may suggest a more comprehensive capability than what is
actually measured. Although the test failure rate is directly measurable from the
provided data that we collect and covers an important aspect of error handling
specific to test generation tasks. However, these metrics (test failure rate) do not
capture the execution level error recovery behavior, but reflect an important aspect
of error handling quality in the context of automated test generation. The agent
that generates tests that do not match its solution, means it was failed to provide
logical inconsistency across all its output, which leads to error handling failure at
the output level. In the future, can solve this limitation by implementing a pipeline
that can capture the error handling behavior during the execution level, to get more
comprehensive evaluation of error handling capability.

The implementation of detailed software quality criteria as a single quantitative mea-
surement introduces a potential threat. Reliability was limited to a binary pass/fail
result, which does not account for test quality or degrees of incomplete accuracy
beside execution that is successful. Token consumption from API cost was used to
estimate the cost, which does not account for other deployment expenses, including
infrastructure and human control. Wall-clock time was used to calculate end-to-end
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latency, which is an external-factor threat such as API response fluctuation at the
time of measurement

Agent communication turns were considered as the same, whatever the length or
content of the message was. This could potentially overestimate or underestimate
the true coordination load every turn. To mitigate these threats, all dependent vari-
able measurements were automatically gathered through the experimental pipeline
without human interaction. Agent turns were automatically recorded, token con-
sumption and latency were provided by the LLM API, and the success rate has been
evaluated empirically by TestEval’s test execution mechanism. Because no human
judgment was used in the measurement or categorization of results, this removes
the possibility of individual bias in data extraction.
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8
Conclusion

This chapter concludes the thesis by summarizing what was done and what was
found, articulating the contributions to the field, reflecting on the role of human
developers in agentic workflows, and outlining directions for future work.

8.1 Summary of Work and Findings
This thesis investigated the architectural patterns and trade-offs of multi-agent
LLM-based systems through a mixed-methods empirical study. The investigation
was structured around three research questions, each addressed by a distinct phase
of work.

8.1.1 RQ1: Architectural Pattern Taxonomy
In the first phase, we conducted a literature review on multi-agent systems to iden-
tify common patterns reported in research and practice. Three patterns stood out
for us; the first was the single-agent baseline. It served as our reference point since
it had the simplest features and the most basic architecture. Second, the sequential
pipeline (Planner -> Coder -> Tester), a structured pattern representing procedu-
ral workflows. Finally, the hierarchical architecture with a supervisor orchestrating
Analyst and Writer workers. These selected patterns covered wide feature varia-
tion of multi-agent design space such as control flow (top-down versus pipelined),
role specialization (none, role-based, or supervisor-mediated), and information flow
(single-context, artifact-handoff, or supervisor-mediated). Chapter 5 (table 5.1) pre-
sented this taxonomy in a detailed table.

8.1.2 RQ2: Quantitative Comparison
In the second phase, a controlled experiment was conducted, running all three pat-
terns against 30 TestEval tasks to generate unit tests. Each architecture was run
three times independently, producing 90 records per pattern, resulting in substan-
tially different measured outcomes. The sequential pipeline achieved the highest
pass rate at 92.2% (83 of 90) and the highest cross run consistency at 83% (25
of 30 tasks producing the same outcome across runs). The single-agent baseline
achieved an 81.1% pass rate (73 of 90) with 67% cross-run consistency. The hier-
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archical architecture achieved only 54.4% pass rate (49 of 90) with 47% cross-run
consistency. The cost-quality relationship was strongly asymmetric: sequential’s
1.2× token cost relative to single-agent produced a 11.1 percentage-point pass-rate
gain, while hierarchical’s 4.6× token cost produced a 26.7 percentage-point pass-rate
loss. Task difficulty did not differentially affect the architectures: pass rates were
nearly identical between medium and hard tasks within each pattern, indicating
that the observed differences are driven by architectural properties rather than task
complexity.

8.1.3 RQ3: Qualitative Analysis
In the final phase, we applied a direct content analysis to the agent interaction
logs. We selected 22 of the 30 tasks (66 coded cases) to perform our qualitative
analysis. Six behavioral categories emerged from the analysis described in Chapter
5 (table 5.3). Iterative Self-Correction was the dominant category in the single-agent
baseline with 16 cases, a reactive correction mechanism that succeeds for small errors
but fails when the agent fundamentally misunderstands the algorithm under test.
The sequential architecture was the most successful pattern in terms of pass rate,
three cases were categorized as Plan-Guided Generation, and 18 cases as Productive
specialization. The planner agent reasoned carefully by pre-generating and pre-
verifying expected values so that subsequent agents could translate the structured
reasoning into correct tests. The hierarchical pattern was successful in 12 cases only,
and the 10 remaining cases failed due to A Supervisor Information Bottleneck. The
supervisor mediated all inter-agent communication and failed to transfer artifacts
between agent efficiently, causing repeated unproductive re-delegation cycles. Two
further categories Assertion Hallucination (6 cases) and Error Propagation (1 case)
captured failure modes that, while present, were less dominant than the architecture-
specific patterns.

8.2 Contributions
This thesis makes three principal contributions to the literature on multi-agent LLM
systems for software engineering.

The first contribution is the empirical comparison of three architectural patterns
under controlled conditions on one task type using one LLM model and a single
benchmark. Although prior literature has studied various multi-agent design pat-
terns [7] and proposed individual frameworks such as AgentMesh and MetaGPT,
few studies have conducted controlled experiments running identical tasks under the
same conditions across multiple architectural patterns. Our experiment provided a
comparison running identical tasks with the same LLM (Claude Sonnet 4), utiliz-
ing a consistent temperature setting and conducting three independent runs per
architecture, yielding a total of 270 recordings for analysis. The records and their
corresponding metrics resulted in empirical reference point which on subsequent
studies can be built on, replicate, or contradict.
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The second contribution is the identification of the Supervisor Information Bottle-
neck pattern. We observed and characterized a pattern that extends a prior theo-
retical work, [7, 34] presented this as a coordination and communication overhead
framed as an efficiency limitation. The hierarchical pattern consumed 4.6x tokens
compared to the single-agent, achieving a 26.7 percentage points lower pass rate
indicating that the supervisor recycle runs resulted in higher token consumption
trying to mediate the communication between agents unsuccessfully.

Finally, the architecture guideline table was grounded in observed agent behavior.
Section 6.4 synthesizes the findings into a decision table mapping task properties
to recommended architectural patterns. These guidelines extend the more general
design considerations in the prior literature by grounding them in observed agent
behavior rather than purely theoretical properties, providing practitioners with a
concrete starting point for architectural decisions.

8.3 Future Work
Two extensions of the empirical work follow most directly from the findings.

8.3.1 Replication with a second LLM
In this study, we used the same LLM model(Claude Sonnet 4) a mid-priced US-
developed model, for evaluating all the three architecture patterns, without a role
specialization across agents. While implementing the same model for all three pat-
terns, we can ensure that any observation differences in performance and reliability
are related to the architecture patterns itself rather than differences in models capa-
bilities. This means that our findings reflect the relationships between the Claude
model and the coordination mechanism for each of the three architecture patterns,
though it remains unknown whether these differences hold across other LLMs. In the
future, researchers can replicate this study using another LLM model such as Mis-
tral Large, GPT-4o, or Llama 3, including the same tasks, prompt configurations,
and evaluation measures. First, check if the Supervisor Information Bottleneck seen
in hierarchical coordination is unique to Claude Sonnet 4’s response to supervisor-
mediated delegation or whether it is present in other models as well. Second, check
whether the patterns observed for the single-agent baseline, sequential, and hierar-
chical configurations are specific to Claude Sonnet 4 or consistent across the model
landscape.

8.3.2 Extending to other software engineering tasks
The evaluation in this study focuses on automated test case generation. Performance
differences between single-agent, sequential, and hierarchical patterns may not apply
to other SE tasks. Such as requirements engineering as studied in the MAAD and
NOMAD frameworks[24][13]. And architecture design, bug repair, and code review.
These tasks differ from one another in terms of inter-agent interdependence and
the complexity of reasoning. Future researchers could replicate this study across a
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wider range of SE tasks. In order to establish whether the findings generalize beyond
generation-oriented tasks, and to determine which coordination architecture is most
suitable for each phase of the software development life-cycle.
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