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Kurzfassung

Die Codegenerierung wurde durch jüngste Fortschritte bei Large Language Models
(LLMs) maßgeblich beeinflusst. Das Verständnis auf Repository-Ebene bleibt jedoch ins-
besondere innerhalb von Enterprise-Java-Umgebungen, die stark auf Meta-Programming-
Frameworks wie Spring und Lombok basieren, eine zentrale Herausforderung. In diesen
Umgebungen werden Kontrollfluss und Logik häufig durch implizite Annotationen als
durch expliziten Quellcode definiert. Infolgedessen übersehen herkömmliche textbasierte
Retrieval-Augmented-Generation-Ansätze (RAG) kritische Abhängigkeiten und liefern
irrelevanten Kontext.

Um diesen Einschränkungen zu begegnen, stellt diese Arbeit J-PRISM (Java Property-
graph Repository-level Insight System for Meta-programming) vor, eine neue Architektur,
die statische Git-Repositories in semantisch angereicherte Wissensgraphen (Knowledge
Graphs, KG) transformiert. J-PRISM modelliert Code-Entitäten als Knoten und Ab-
hängigkeiten als Kanten, wodurch einem KI-Agenten eine deterministische Schnittstelle
zur Abfrage der Codebasis bereitgestellt wird. Das System implementiert eine hybri-
de Retrieval-Strategie über das Model Context Protocol (MCP), welche symbolische
Cypher-Abfragen für strukturelle Präzision mit vektorbasierter semantischer Suche zur
Konzeptfindung kombiniert.

Zur Validierung dieses Ansatzes wurde ein neues Set an Benchmarks entwickelt, das
speziell auf Java-Repositories mit Meta-Programming zugeschnitten ist und von einfachen
CRUD-Anwendungen bis hin zu komplexen infrastrukturintensiven Architekturen reicht.
Die empirische Evaluierung zeigt, dass J-PRISM herkömmliche dateibasierte Retrieval-
Methoden (OpenHands) signifikant übertrifft und im Vergleich zu 89,37% bei der Baseline,
einen mittleren Quality Score von 97,69% erreicht. Die Ergebnisse bestätigen ferner,
dass mit zunehmender architektonischer Komplexität ein strukturiertes graphbasiertes
Retrieval für ein präzises und effizientes Codeverständnis unerlässlich wird.
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Abstract

Recent advancements in Large Language Models (LLMs) have significantly impacted
code generation. However, repository-level comprehension remains a critical challenge,
particularly within enterprise Java environments that rely heavily on meta-programming
frameworks such as Spring and Lombok. In these environments, control flow and logic
are often defined by implicit annotations rather than explicit source code. As a result,
standard text-based Retrieval Augmented Generation (RAG) approaches miss critical
dependencies and retrieve irrelevant context.

To address these limitations, this thesis introduces J-PRISM (Java Property-graph
Repository-level Insight System for Meta-programming), a new architecture that trans-
forms static Git repositories into semantically enriched Knowledge Graphs (KG). J-PRISM
models code entities as nodes and dependencies as edges, providing an AI agent with a
deterministic interface to query the codebase. The system implements a hybrid retrieval
strategy via the Model Context Protocol (MCP), combining symbolic Cypher queries for
structural precision with vector-based semantic search for concept discovery.

To validate this approach, a new set of benchmarks specifically tailored to Java reposito-
ries using meta-programming was developed, ranging from simple CRUD applications to
complex infrastructure-intensive architectures. Empirical evaluation demonstrates that
J-PRISM significantly outperforms standard file-based retrieval methods (OpenHands),
achieving a mean Quality Score of 97.69%, compared to 89.37% for the baseline. Re-
sults further confirm that as architectural complexity increases, structured graph-based
retrieval becomes essential for accurate and efficient code comprehension.
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CHAPTER 1
Introduction

1.1 Background and Problem Statement
With the rise of large language models (LLMs), interest in new code-generation techniques
has strengthened. The incentive to integrate the code-generation fully into the repository
also emerged. The ability to fully automate every change request on a repository-level
seemed promising, but new challenges appeared with this idea. Not only the requirements
of the code change request, but also the knowledge over the repository needs to be added
into the context window of the LLM. Currently, many AI agents, like OpenHands [58],
obtain needed repository information via operations on the file system. Through trial and
error, files are searched and are then parsed into the context of the agent. This approach
has two major drawbacks. At first, it is not resistant to misspellings or vague information
within the description of the prompt. Secondly, it often results in multiple retrieval steps,
searching through the file system, until the needed information is found. This can lead to
missing important knowledge and loading too much irrelevant information into the context.

Previous work has shown that the attention of an LLM decreases in the middle of
the context window [31]. This effect is more severe when the context length is larger [31].
Consequently, keeping the context smaller and increasing the knowledge density should
lead to better results in the code comprehension, and therefore also lead to a more
improved code-generation.

One way to enhance the understanding of LLM is the usage of Knowledge Graphs
(KG). The repository and its code structure can be mapped by a property graph. Using
a domain-appropriate, schema-driven graph structure that models code-level entities and
relations could improve the code-comprehension. This KG can then yield more targeted
retrieval and better reflect program semantics than treating code as unstructured text.
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1. Introduction

As seen in Chapter 2, the current state of the art repository-level code comprehension
and code generation approaches are focusing on simple Python repositories. Additionally,
code comprehension of meta-programming techniques, like the Java framework Spring [21]
or Lombok [41], have yet not been researched.

1.2 Research Objectives and Contributions
The primary objective of this thesis is the development and evaluation of a KG-powered
AI agent. In particular, the KG will be designed to represent a Java repository which
implements the Spring and the Lombok meta-programming framework.
The designed and implemented system is then used to investigate to what degree a KG
can enhance the ability of an LLM to understand a repository-level codebase. We aim to
answer the following research question (RQ) within this thesis:

RQ To what extent can a repository-wide Knowledge Graph enhance the code compre-
hension of a Java application using the Spring Framework?

To address the research question systematically, we further break it down into the
following supportive questions (SQ):

SQ1 To what degree can the input and output tokens be reduced when retrieving the
information from the KG instead of operations on the filesystem level?

SQ2 To what extent does the quality of the LLM response vary when using the KG
enhanced LLM?

SQ3 How does the utilization of the KG correspond to agentic coding time?

SQ4 How significantly does the construction of the KG affect the result?

While we focus on the concrete case of Java, it is our goal to develop our approach
and methods in a way that can naturally generalize to other similar meta-programming
languages.
In addition to the supportive questions, we aim to design a new set of benchmarks to
evaluate Java repository-level code comprehension, since no such benchmarks exist (cf.,
Chapter 4).

1.3 Methodological approach
To achieve the before mentioned research objectives of this thesis we will design, implement
and evaluate a KG enhanced LLM system. For that we will perform the following key
steps:
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1.4. Structure of this Thesis

Design KG The design of the KG will focus on abstracting the structure of a Java
repository to individual nodes and their dependencies to each other. In contrast to simple
RAG approaches, we will use a more complex KG schema which also reflects dependencies
within the repository, e.g method calling and import dependencies.

Information Processing This KG can then be queried by the LLM through a
Model Context Protocol (MCP) server. We design two different retrieval approaches, a
simple cypher query tool and similarity search function. For the LLM AI agent we use
openhands [58] as a baseline.

Design Benchmarks Currently, no benchmarks for Java repository-level code com-
prehension exist (cf., Chapter 4). So, we will define a set of question-answer pairs for a
number of repositories varying in their complexity. These will then be used to evaluate
the presented system.

Evaluation To evaluate our approach we define two separate steps: The benchmarks
tailored to different Java repositories will be processed and the metrics of the input and
output tokens (SQ1 ), the runtime (SQ3 ) and the quality of the responses (SQ2 ) will
be analyzed. In the second step an ablation study will be performed to validate how the
different extensions effects the performance (SQ4 ). This ablation study will evaluate the
contribution of each presented component and examines different ways of prioritizing the
LLM’s system prompts toward using the KG.

1.4 Structure of this Thesis
Beyond this introduction, the thesis is organized into five main parts. In the following
Chapter 2 we introduce core concepts such as KG, Retrieval Augmented Generation
(RAG), and AI agents and give preliminaries. Furthermore, we provide research on
existing literature and the current state of the art KG-powered RAG systems in the
context of repository-level code comprehension.

Chapter 3 introduces a novel approach to generate an AI agent-based code compre-
hension system which is enhanced by a java repository focused KG. We discuss how the
KG schema is designed and how the information can be retrieved by the LLM.

In Chapter 4 we present a new set of benchmarks which focus on testing the code
comprehension of java repository using the Spring and the Lombok framework. After the
generation of the benchmarks, we discuss the evaluation steps in Chapter 5. We begin to
define the core setup and then analyze the result of the evaluation into detail.

Last but not least, Chapter 6 concludes the presented findings and provides recommen-
dations for further research.
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CHAPTER 2
Preliminaries and Related Work

This chapter provides an overview of the needed background for this thesis. Each topic
will review the basic concepts and the existing literature on the subject.
In the beginning, we focus on Knowledge Graphs (Section 2.1) and their different types.
Then, in Section 2.2 we will discuss what AI agents are and how they can be structured
and interact with external applications. After the core concepts of KG and AI agents,
we will review common information retrieval types and how the LLM generation can be
improved by Retrieval Augmented Generation (Section 2.3).
Section 2.4 will discuss the current state of the art of repository-level KG enhanced code
generation and comprehension systems. In the end we dive into the topic of benchmarking
LLMs and what the current benchmarks on repository-level code comprehension are
(Section 2.5).

2.1 Knowledge Graphs (KG)
Although the term "knowledge graph" appears in the literature as early as 1972 [49], the
modern notion of KGs became widely used after Google and other companies announced
novel search engines that integrate a graph-based data model [25, 39, 20].
There is no single, universally accepted definition of knowledge graphs [7, 2, 13]. The
literature offers a number of definitions, which are at times incompatible and vary from
specific technical to more inclusive general [20]. But, within this thesis we want to align
with the formulation presented by Hogan et al. (2021):

"Herein, we define a knowledge graph as a graph of data intended to accumulate
and convey knowledge of the real world, whose nodes represent entities of
interest and whose edges represent potentially different relations between these
entities." [20]
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2. Preliminaries and Related Work

This definition captures the essence of a KG as a structured, graph-based model of
knowledge. The mentioned graph of data corresponds to the underlying graph-based
data model which implements this abstract concept of a knowledge graph [20]. The data
model can be different types of graphs. In the following, we will analyze a non-exhaustive
list of concrete data models of the knowledge graph.

2.1.1 Data Model
There are numerous different data models used to implement KGs [20], but we want only
to focus on the most popular models in practice [20, 3]. In the following we will explore
Directed Edge-labeled (DEL), heterogeneous and property graphs.

Directed Edge-labeled Graphs

A directed edge-label (DEL) graph, sometimes also referred as a multi-relational graph [6,
8], is a simple and fundamental graph model. Such a graph can be seen in Figure 2.1.
Each node is connected to another with a labeled edge. Formally, it is a graph where
edges are directed, and each edge is associated with a label from a specific set of possible
labels [20]. A DEL graph G can be defined as a set of triples (s, p, o), where s (subject)
and o (object) are nodes from a set of entities V , and p (predicate) is the label from a
set of relations R, representing a directed edge from s to o [3].

Figure 2.1: DEL graph [20]

Due to its simplicity, this model is not merely a theoretical construct but is ubiquitous in
modern graph database systems and real-world knowledge graphs, such as Wikidata [61].
The most prominent and standardized instantiation of the DEL model is the Resource
Description Framework (RDF), a W3C standard [45]. In RDF each node can be one of
three types: An Internationalized Resource Identifier (IRI), denoting a global identifiable
entity and relations on the Web; a literal, used as simple datatype values like string,
integers or dates; or a blank node, used to represent the existence of an entity [45, 20].

Heterogeneous Graphs

Heterogeneous graphs are similar to DEL graphs, but they extend the graph by assigning
each node and edge a certain type [23, 57]. Therefore, the type is not presented by an
additional relation, but is rather a direct part of the graph model [20]. Figure 2.2 shows
a heterogeneous graph.
If an edge is shared by two nodes of the same type it is called homogeneous and

6



2.1. Knowledge Graphs (KG)

heterogeneous if not [20]. Unlike DEL graphs, heterogeneous graphs typically presume
exactly one type (one-to-one relations between types and nodes) [20].

Figure 2.2: Heterogeneous graph [20]

Property Graphs

Property graphs extend the basic idea of labeled edges and heterogeneous graphs even
further. Both nodes and edges are allowed not only to carry a label but also an arbitrary
set of key-value properties [20]. Rather than using auxiliary nodes to store simple
properties in a DEL graph, the property graph allows facts to be annotated directly to
a node or an edge [20]. In practice, this modeling freedom has made property graphs
popular in industrial graph databases (e.g., Neo4j [38, 3]), even though the model itself
is not yet standardized and thus varies across systems [20]. This advantage of added
flexibility however comes with a trade-off: property graphs typically need richer query
languages and more intricate formula semantics than simple DEL or heterogeneous
graphs [20].

Figure 2.3: Property graph [20]

2.1.2 Retrieval
One core discipline of knowledge graphs is the retrieval of the stored information. There
are many different ways to extract data from a knowledge graph: from exact, symbolic
querying to similarity-based (vector) retrieval. Within this section we will investigate
different retrieval processes. We will outline the most widely used query languages and
then cover vector-space search and complementary retrieval forms.

SPARQL

SPARQL 1.1 is the W3C standard query language for RDF and operates primar-
ily by matching basic graph patterns (BGPs), a set of triple patterns, against an
RDF graph under multi-set semantics [51]. The language presents core constructs like

7



2. Preliminaries and Related Work

SELECT, CONSTRUCT, FILTER, OPTIONAL, UNION, MINUS, aggregation, grouping and
subqueries [51]. In addition, property paths allow navigational queries using regular-
expression-like operations to bind nodes connected via paths of arbitrary length [51].

The following Listing 2.1 shows a simple SPARQL query which extracts the infor-
mation on a flight connecting two cities. Note that the prefix represents the full URI of
the example RDF graph.

PREFIX ex: <http://example.org/air#>

SELECT ?flightNo ?fromName ?toName
WHERE {

?from a ex:CapitalCity ; ex:name ?fromName .
?to a ex:PortCity ; ex:name ?toName .

?f a ex:Flight ;
ex:origin ?from ;
ex:destination ?to ;
ex:flightNo ?flightNo ;
ex:company ?company .

FILTER (lcase(?company) = "latam")
}
ORDER BY ?fromName ?toName ?flightNo

Listing 2.1: SPARQL query to retrieve information on the cities connected by a flight
from LATAM company.

Cypher

Cypher on the other hand is a declarative pattern-matching language that originated
in Neo4j and now adopted across multiple systems [3]. The pattern-matching queries
are expressed with the MATCH clause followed by a pattern in "ASCII art" form, such as
(s)− [e] → (n) where s represents a starting node, e the edge and n the end node [14].
Each node and edge in the query can then be extended by labels and/or properties to
match entities within the knowledge graph. Cypher uses further SQL-similar clauses to
fetch and format the information, e.g. SELECT, RETURN, UNION, and so on [14]. While
this work utilizes Cypher, it is important to note that the industry is moving toward the
ISO GQL (Graph Query Language) standard [24]. As GQL is heavily based on Cypher,
the implementation logic presented below remains relevant and easily adaptable to the
new standard.

Listing 2.2 presents the same previously mentioned SPARQL query using a Cypher query.

MATCH (s:Capital City)-[f:flight {company: "LATAM"}]->(a:Port City)
RETURN s.name AS fromName, a.name AS toName, f.flightNo

8



2.1. Knowledge Graphs (KG)

ORDER BY flightNo;

Listing 2.2: Cypher query to retrieve information on the cities connected by a flight from
LATAM company.

Vector Space Retrieval

The aforementioned symbolic queries assume the exact identifiers and edges exist. In
many applications we also need approximate retrieval, especially when dealing with
vaguely defined user requests. To address imprecise or natural language queries, vector
space retrieval represents queries and information as points in a high-dimensional vector
space [20]. The nearest points in regard to the query are then retrieved. This approach
descends from the classic vector space model in information retrieval, which already
framed matching as geometric similarity in a term-weighted space [48].

Embeddings An embedding is a function f : X → Rd that maps objects x ∈ X to
dense vectors. The objects can be for instance tokens, nodes, subgraphs and sentences.
The semantic or structural similarity in X is reflected by proximity in Rd. Early
distributional embeddings were learned from co-occurrence statistics, e.g. word2vec [37].
Modern embeddings are typically derived from deep transformers and can represent
sentences, passages, and code with strong semantic fidelity [11, 46]. For knowledge graphs
specifically, knowledge graph embeddings (KGEs) learn representations for entities and
relations that encode graph structure and relation semantics, e.g. TransE, DistMult,
ComplEx, RotatE [8, 54, 52, 62].

Similarity measures When comparing now two vectors, one for the query element
and one for an element in the knowledge graph, a similarity score will be determined.
Given these two vectors u, v ∈ Rd, the similarity score can be calculated differently. One
way would be by calculating the cosine similarity:

cos(v, u) = u · v

∥u∥·∥v∥
Another approach would be by calculating the Euclidean distance, which measures the
straight-line distance between two vectors in the embedding space [8]:

d(u, v) = ∥u − v∥2 =

⌜⃓⃓⎷ d∑︂
i=1
(ui − vi)2

While cosine similarity focuses on the angle between vectors, i.e. their directional align-
ment, Euclidean distance captures magnitude differences as well. In practice, cosine
similarity is often preferred for textual or semantic embeddings, as it normalizes for
vector length and emphasizes relational meaning rather than absolute scale [63].

In large-scale retrieval systems, these similarity computations are optimized through
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2. Preliminaries and Related Work

approximate nearest neighbor (ANN) algorithms [36]. This enables efficient search in
high-dimensional space [36]. Combined with embedding models, these methods form
the backbone of modern semantic search, question answering, and retrieval augmented
generation (RAG) systems. In Section 2.3 we provide a more detailed discussion of RAG
systems.

2.2 AI Agents
In recent years, the notion of AI agents has moved from classical symbolic AI into the
context of large language models (LLMs). While an LLM on its own is essentially a
powerful conditional text model, an AI agent couples such a model with an environment
in which it can perceive, reason, and act [47, 27]. In contrast to a single stateless
prompt-response interaction, an agent is designed to operate over multiple steps, to
maintain and improve the response. Additionally, the agent can select actions that affect
external systems based on its evolving goals and observations [27].

Often systems are denoted as "agentic" [59] since many researchers see the definition of
AI agents more as a spectrum than as binary [27]. The following three factors that cause
systems to be more agentic were described by Sayash Kapoor et al. [27]:

• Environment and goals: The more agentic a system is the better it can handle
a more complex environment and pursue more complex goals without external
instructions on how to achieve the goal [50, 27, 15].

• User interface and supervision: The less supervision from the user and the
more autonomously the AI can handle the task, the more agentic it is [27, 15, 50].

• System design: More agentic systems are using design patterns like tool/function
calling, planning or dynamic control flow [27, 60, 56].

Building on these dimensions, AI agents can be seen as systems that embed an LLM
into a control loop that observes an environment. The agent reasons about interme-
diate steps, and issues actions via tools or APIs, rather than producing a single reply
to a prompt. A practical motivation for using agents is that they enable LLMs to
solve tasks that exceed the context window. Recent surveys emphasize tool use, plan-
ning, and feedback learning as central design paradigms for LLM-based agents [30, 27, 56].

From an architectural perspective, many agent frameworks decompose the system into
a small number of recurring components. A policy component interprets the current
goal and decides on the next action, including tool invocation. The memory component
preserves information across steps, including summarized prior episodes or user-specific
knowledge. The environment is abstracted as a set of observable states and available
actions. Although concrete implementations differ substantially, this general pattern of
observe-reason-act-reflect is shared by many recent agent systems [30].
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Within this thesis, AI agents are primarily relevant as an interface between LLMs
and structured information sources such as knowledge graphs and code repositories.
Instead of embedding all relevant information directly into the model prompt, an agent
can decide when and how to retrieve additional context. In the following we discuss a
concrete and increasingly adopted approach to structuring interactions between the AI
agent and the environment.

2.2.1 Model Context Protocol (MCP)

To abstract the environment from the agent and to standardize the interaction between
AI agents and external tools and resources, the Model Context Protocol (MCP) was
introduced by Anthropic in 2024 [25]. Motivated by the Language Server Protocol
(LSP) [19], MCP exposes tools and contextual data dynamically to LLMs and acts as
a flexible framework for AI agents [22]. It even allows a human-in-the-loop mechanism [22].

At the core of MCP is a client-server architecture. The AI application acts as the
MCP client, while one or more independent MCP servers implement the protocol and
expose concrete capabilities [22]. An MCP server can wrap local components or remote
services. The server advertises available tools, resources, and prompts in a standardized
schema. It responds to requests in a structured JSON-RPC format [22]. The client
discovers these tools, forwards the agent’s tool calling request to the appropriate server,
and returns the results back to the LLM as additional context [22].

In Figure 2.4 from Xinyi Hou et al. [22] the difference of tool invocation with and
without MCP is shown. Without MCP each external tool needs to be connected inde-
pendently to the agent. MCP on the other hand introduces an intermediate server layer,
with the AI application acting as an MCP client. External tools still expose their own
specific APIs, but they are now connected to the MCP server, which standardizes their
capabilities and communication with the agent. This framework abstraction enables
more scalable, flexible, and reusable tool connectivity [22].

Figure 2.4: Tool invocation with and without MCP. [22]
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2.2.2 OpenHands
One concrete instantiation of an LLM-based agent framework for software repositories
is OpenHands, recently introduced by Wang et al. (2025) [58]. The central idea is to
let agents interact with the code base the same way a human developer would [58]. It
can inspect and edit files, run commands in the shell, execute code, and browse the web,
all inside a controlled environment [58]. In contrast to purely API-based tool calling,
OpenHands treats the operating system and the repository itself as the primary interface.

At the architectural level, OpenHands defines an agent as a function over a state [58].
The state bundles all information that is relevant for decision making, most prominently
the event stream [58]. This includes the chronological history of past actions, their obser-
vations, user messages and metadata, such as cost accounting or multi-agent delegation
traces [58]. Based on this state, the agent produces the next action that is executed in a
docker-sandbox runtime [58]. Results of the action are then returned as observations and
appended to the event stream [58].

For repository-level tasks, information retrieval is realized through this action space
rather than a separate retrieval API. Each task spins up a dedicated docker container
in which the target code base is mounted into a configurable workspace directory [58].
The agent can then list directories, open and inspect files, search for identifiers, and
execute tests using ordinary shell commands [58]. In addition, Python actions provide a
higher-level programmatic interface to the repository. This can be done, for example, by
running analysis scripts or inspecting data structure during debugging [58].

It is worth noting that OpenHands was only evaluated with benchmarks of Python-
repositories [58]. Furthermore, no meta-programming techniques within the repository,
e.g. the Spring Framework, were considered and evaluated.

2.3 Retrieval Augmented Generation (RAG)
Large language models are powerful in-context reasoners but remain constrained by a
fixed training corpus, a limited context window and a tendency towards hallucinated
answers. Retrieval Augmented Generation (RAG) addresses these limitations by explic-
itly coupling a retriever with a generator. In a typical RAG pipeline, a user query is
first mapped into a representation that can be matched against an external knowledge
store [17, 16]. The retriever selects a small set of information that is estimated to be
relevant for the query. These results are then concatenated with the original query and
provide additional context to the LLM. This decoupling of retrieval and generation makes
it possible to inject fresh and domain specific information at inference time without the
need to retrain the model [17, 16].

Within the general RAG framework, different retrieval options can be categorized into
the three paradigms of Naive, Advanced and Modular RAG [17]:
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Naive RAG The simplest retrieve and read pipeline is used by the Naive RAG approach.
The documents are preprocessed into chunks which are then embedded and stored in the
vector space. At query time, the user’s question is encoded with the same model and
used to retrieve the top chunks with the highest similarity. We explained this approach
in more detail already in the Section 2.1.2. The retrieved information is then parsed into
the LLM context. Naive RAG is easy to implement and often surprisingly effective, but
still has notable drawback with precision, recall and information quality [17].

Advanced RAG To refine this basic pipeline Advanced RAG inserts additional pro-
cessing steps before and after the retrieval step [17]. On the pre-retrieval step, indexing
is improved through more careful chunking strategies such as sliding windows, finer
segmentation and hierarchical indices [40, 64, 17]. Also, queries are rewritten, expanded
or decomposed into sub questions so that the retriever operates on clearer and more
informative inputs [34, 17]. After the retrieval, the candidate chunks are re-ranked,
filtered and possibly compressed so that only the most informative evidence is presented
to the LLM [28, 17]. So, Advanced RAG increases recall and precision without changing
the core generator but by optimizing the retrieval process [17].

Modular RAG Modular RAG goes a step further and treats the retrieval step as
one module in a larger, configurable architecture [17]. In addition to a retriever, the
system can include dedicated search modules that call external APIs, knowledge graphs,
routing modules, or many more. Retrieval itself can be iterative, recursive or adaptive
rather than a single one shot operation [17]. This modular view allows different retrieval
strategies to be composed and changed dynamically in the process [17].

Despite its success, RAG also introduces new challenges. The overall quality of the
system is strongly bounded by the quality of the retrieval step [16]. If the retriever
fails to surface the necessary evidence, the generator can not compensate and may still
hallucinate confident but incorrect answers [16]. Aligning the behavior of the LLM with
the retrieved context, e.g. by ensuring that it faithfully uses evidence instead of ignoring
it, requires careful prompt design [17, 16].
Furthermore, feeding the entire information of a subject into the context can reduce the
quality [31]. Currently, the largest context window spans from 10 [53] to 100 million
tokens [1]. Previous work from Nelson F. Liu et al. [31] has shown that the understanding
of the input context decreases in the middle. This accuracy drop is shown in Figure 2.5.
So, it does not seem reasonable to ingest the total information available into the LLM
context, but rather choose and filter the information before parsing. This token reduction
also relates to the computational cost of a request.
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Figure 2.5: Changing the location of relevant information (in this case, the position of
the passage that answers an input question) within the language model’s input context
results in a U-shaped performance curve—models are better at using relevant information
that occurs at the very beginning (primacy bias) or end of its input context (recency bias),
and performance degrades significantly when models must access and use information
located in the middle of its input context. [31]

2.4 State of the Art
Within this section we dive deeper into the current state of the art repository-level
knowledge graph enhanced LLMs. We will discuss their architecture and possible
improvements.

2.4.1 CodeXGraph - Liu et al. (2024)
A recent line of work that is closely related to our approach is CodeXGraph by Liu et
al. [32]. The presented system connects an LLM agent with the code repository via a
graph database interface [32]. Instead of relying on similarity search retrieval or on a
predefined toolbox, CodeXGraph enables the LLM to interact with the knowledge graph
through self-generated Cypher queries.

Knowledge Graph Structure The core of the architecture is a schema-driven code
graph. A task-agnostic schema is used in which nodes represent code symbols such
as MODULE, CLASS, FUNCTION, METHOD, FIELD and GLOBAL_VARIABLE. Edges en-
code structural relations between these symbols, including CONTAINS, HAS_METHOD,
HAS_FIELD, INHERITS and USES. Additional information is stored within these entities’
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metadata. The schema is tailored to Python repositories only. Python files are translated
into nodes and edges and are then stored in a Neo4j [38] database. This schema enables
multi-granularity navigation, from modules down to individual fields, while keeping code
snippets stored outside the graph.

Retrieval The interaction between the KG and the LLM is organized as an iterative
pipeline. Rather than trying to solve the task in a single step, the agent repeatedly issues
one or several graph queries. As already mentioned the LLM designs Cypher queries
which are then executed on the graph.

The system was evaluated by three different Python repository-level benchmarks. It
achieves competitive performance across all three tasks, especially when combined with
stronger models. At the same time, the authors note that the current implementation is
limited to python [32]. Furthermore, a more comprehensive schema and construction
efficiency are potential improvements [32].

2.4.2 Knowledge Graph Based Repository-Level Code Generation -
Athale et al. (2025)

A further recent approach that connects repository-level generation with knowledge
graphs is the framework presented by Athale et al. [5]. Unlike approaches that rely
solely on vector-based similarity or agentic query generation, this method focuses on
constructing a dense, semantically rich representation of the repository to enable precise
subgraph retrieval [5].

Knowledge Graph Structure The architecture relies on a property graph that models
the code base at a fine-grained level. The schema is designed to capture not only the
syntactic structure but also the semantic dependencies between code elements. The graph
schema can be seen in Figure 2.6. The construction of the graph is typically automated
using static analysis tools. A distinguishing feature of this approach is the generated
description of the class, method and function definition. Code snippets are described
by an additional LLM and are then inserted into the knowledge graph to enhance the
contextual depth and make the KG more informative [5]. This generated description and
the documentation are then used to calculate the vector embeddings with an embedding
model. These embeddings can then be used for the similarity search retrieval. [5]

Retrieval Athale et al. designed a hybrid code retrieval system. The system can handle
a query in natural language. The LLM can generate Cypher queries from the natural
language query along with the knowledge graph schema. Alternately, the embedding
model mentioned before can generate embeddings from the natural language query which
can then be used to perform a similarity search on the knowledge graph. The results
of both retrieval steps can then be expanded by traversing the knowledge graph or can
be filtered by prioritizing the top k nodes. This step is used to improve computational
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Figure 2.6: A sample schema that defines the node types and relations between them.
Every node in the knowledge graph will be one of these types linked by a relevant relation
to another node. [5]

efficiency and to enrich the context provided to the LLM. [5]

The evaluation shows that using a repository-level knowledge graph to enhance LLM-
based code generation improves results compared to standard prompting and local file
retrieval. The authors test their approach on the EvoCodeBench [29], which covers
function- and method-level code generation in real Python repositories [5]. On these
benchmarks, their system achieves higher accuracy than the original EvoCodeBench base-
line, which depends on local file completion or no retrieval [5]. Furthermore, the approach
from Athale et al. outperformed CodeXGraph slightly when both use a strong LLM [5].
This suggests that a richer knowledge graph and a hybrid retrieval strategy can provide
more relevant context to the model and lead to more correct and repository-consistent
code.

To conclude, Athale et al. show that a repository-wide property graph with hybrid
symbolic-semantic retrieval can substantially improve code generation. At the same
time, their work remains limited to a Python-only schema and does not yet address
meta-programming frameworks.

2.5 Benchmarks

Proper evaluation of Knowledge Graph-enhanced AI agents on a repository level requires
robust benchmarks. Traditional datasets like HumanEval focus on generating single
functions in isolation [9]. However, real-world software engineering requires understand-
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ing an entire repository. AI models must navigate cross-file dependencies, understand
complex class hierarchies, and respect architectural patterns. This section reviews the
state-of-the-art benchmarks for this domain. These repository-level benchmarks test an
AI model’s ability to understand the codebase. They are essential for measuring the
performance of RAG systems and agentic systems.

2.5.1 EvoCodeBench - Li et al. (2024)
A significant advancement in this domain is EvoCodeBench, introduced by Li et al.
(2024) [29]. This benchmark was developed to address the misalignment of existing eval-
uation datasets and real-world repositories. Unlike previous benchmarks that primarily
feature standalone functions using only built-in libraries, EvoCodeBench is constructed
from comprehensive real-world repositories [29]. This ensures that the distribution of
code types mirrors actual development practices.

EvoCodeBench specifically distinguishes between standalone and non-standalone code.
As shown in the benchmark’s analysis, a standalone function solely uses built-in or public
libraries, while a non-standalone one contains context-aware dependencies [29]. These
context-aware dependencies are invocations of code elements defined within the current
repository. This forces the LLM to understand the broader codebase rather than just the
local function scope. Three distinct levels of dependencies are defined by EvoCodeBench
which the AI agent must successfully resolve [29]:

• Intra-class dependencies: Methods or fields are referenced within the same class.

• Intra-file dependencies: Methods, fields or classes are referenced within the same
file but not class.

• Cross-file dependencies: Methods, fields or classes are referenced which requires
accessing code defined in different files across the repository.

To evaluate performance on these tasks, EvoCodeBench utilizes two primary metrics:
Pass@k and Recall@k [29]. Pass@k measures functional correctness by executing test
cases to check if the generated code behaves as expected [29]. Recall@k, on the other
hand, specifically evaluates the model’s ability to identify and invoke the correct reference
dependency from the repository context [29]. Furthermore, to prevent the model from
simply memorizing open-source code seen during the training process, EvoCodeBench
is designed as an evolving benchmark. It automatically updates the dataset using the
latest repositories every few months [29].

One major limitation of the EvoCodeBench dataset is that it is monolingual, consisting
only of Python repositories [29].
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2.5.2 Java Specific Benchmarks
Python dominates the landscape of code generation benchmarks due to its dynamic
nature and popularity in AI research. However, the Java ecosystem has seen the formation
of specialized repository-level evaluation frameworks. These benchmarks attempt to
capture the verbose, strictly typed, and object-oriented nature of Java development.

A prominent multilingual benchmark is the dataset CrossCodeEval by Ding et al.
(2023) [12]. The benchmark explicitly targets cross-file completion [12]. Unlike bench-
marks that allow models to guess code based on local context alone, CrossCodeEval
uses static analysis to identify and mask samples where the completion strictly requires
information from other files in the repository [12]. It includes a significant subset of Java
repositories, testing whether an LLM can correctly import and utilized classes defined
elsewhere in the project [12]. The evaluation relies on an exact match of the completed
code and identifier matching to verify if the model successfully retrieved the correct
cross-file context [12].

Another relevant and more recent contribution is RepoClassBench by Deshpande et
al. (2024), which has been introduced to evaluate class-level generation [10]. In Java,
where the class is the fundamental unit of logic, evaluating a single method often fails to
capture the complexity of inheritance. RepoClassBench tests the ability of an LLM to
generate entire classes that adhere to interfaces and inheritances defined in the provided
repository [10]. The dataset includes multiple code repositories using Java, Python or
C#. Within these repositories 130 Java classes of real-world repositories are available [10].
The performance of the AI agent is measured using three specific metrics [10]:

• Pass@K indicates the percentage of tasks where the model generates a correct
solution in their first K attempts.

• Test Rate measures the average fraction of test cases passed across all generated
samples.

• Finally, the Compilation Rate tracks the percentage of tasks where the code
compiles successfully. This checks for syntactic correctness, which is critical in
strongly typed languages like Java.

2.5.3 Meta-Programming Benchmarks
Despite the progress in repository-level benchmarks, a critical gap remains in the eval-
uation of enterprise-style Java development. Modern Java applications heavily rely
on meta-programming and framework-specific abstractions, most notably the Spring
framework and Lombok. These technologies shift logic from explicit code to compile-time
generation. Thus creating a "magic" layer that current benchmarks fail to capture. For
example, existing benchmarks rarely test if an LLM understands that it should not write
a getter method because the class is annotated with @Data from the Lombok library
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which dynamically generates the getter methods at compile time [41]. The same holds
true for the dependency injection used within the Spring framework [21]. Consequently,
while LLMs are frequently used to write enterprise Java code, their state-of-the-art
performance metrics in this specific domain remain largely unmeasured.
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CHAPTER 3
J-PRISM: Java Property-graph
Repository-level Insight System

for Meta-programming

To address the research question of enhancing code comprehension for Java repositories
using meta-programming frameworks, we developed the Java Property-graph Repository-
level Insight System for Meta-programming (J-PRISM). This chapter describes the
methodological approach taken to design and implement the system. The architecture
is divided into two primary components: the Knowledge Graph, which serves as the
structured knowledge base of the repository, and the Agent-Repository Interface, which
acts as the communication layer between the LLM agent and the stored knowledge of
the repository.

3.1 System Overview
The J-PRISM system is designed as a modular pipeline that transforms a static Git
repository into a dynamic, queryable knowledge graph. As seen in Figure 3.1, the archi-
tecture functions as a middleware layer between raw source code and an autonomous AI
agent. The design is divided into three logical phases: ingestion, storage, and interaction.

The workflow begins on the left side of the figure with the ingestion layer. The sys-
tem targets remote Git repositories. It initiates by cloning the repository. Once the
files are retrieved, they enter the central J-PRISM processing unit. Here, a specialized
Extract-Transform-Load (ETL) process acts as the ingestion engine. This component
parses the raw Java files and applies preprocessing steps. This process ensures that
meta-programming constructs are fully expanded before static analysis occurs and is also
responsible for semantical enrichment.
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Figure 3.1: The architecture of the J-PRISM system.

Following the transformation, the data is loaded into the Knowledge Graph. The
system utilizes a Neo4j graph database for this storage layer. Unlike traditional rela-
tional databases, the graph model natively stores the complex interlinked dependencies
inherent in Object-Oriented Programming (OOP). This allows the system to persist
not just the code syntax, but also the semantic relationships between classes and methods.

The final phase, shown on the right side of the architecture, simplifies the interac-
tion with the AI agent. Communication is governed by a MCP server already integrated
and designed by OpenHands. This server acts as an interface that exposes specific
retrieval tools to the outside world. The AI agent is represented by OpenHands, which
connects to this server as a client. Through this connection the agent executes data
retrieval tools to pull precise structural data or perform semantic searches.

3.2 Knowledge Graph
The core of the proposed system is a domain-specific Knowledge Graph designed to
abstract the structure of a Java repository into individual nodes and dependencies.
Unlike simple RAG approaches that treat code as unstructured text, this system utilizes
a Labeled Property Graph (LPG) to model code-level entities and relations.

3.2.1 Graph Schema
The graph schema is strictly typed to represent the hierarchical and relational nature
of OOP in Java. The data model follows the Property Graph paradigm, allowing both
nodes and edges to store key-value properties. The schema centers around four primary
node types that capture the essence of the code base. The CodeClass node represents
Java classes and contains properties such as the class name, access modifiers, package
name, class type (e.g. interface or enum), and associated documentation. Within this
classes, the executable logic is encapsulated in CodeMethod entities. These store the
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method name, return type, modifiers, input parameters, possible exceptions, method
documentation, and the actual source code itself. Data fields within the CodeClass are
represented by Variable nodes, which hold details regarding the variable’s name, type,
modifier, and initial value. Finally, to specifically support the Spring framework and
Lombok targeted by this thesis, Annotation nodes are explicitly modeled to capture Java
annotations, storing the text of the annotation as a property.
Note that the prefix Code was adopted for the method and class entities to avoid conflicts
with reserved keywords in Java and Neo4j.

As seen in Figure 3.2, these mentioned entities are connected by directed relation-
ships, which map the logical flow and dependencies of the application. Structural
containment is defined by relationships such as HAS_METHOD, HAS_VARIABLE,
and HAS_ANNOTATION, which link classes to their constituent parts. Dependency
relationships, including EXTENDS, IMPLEMENTS, and IMPORTS, map the inheri-
tance hierarchy and external references between classes. Furthermore, the execution
flow is captured through the IS_CALLING relationship, which maps method invocation
chains. This connection between methods allows the graph to represent not just the
static structure but also the dynamic behavior of the program.

Figure 3.2: Architecture of the main nodes in the KG.
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3.2.2 Data Integration

To populate this graph, we implemented an application that functions as a control system
to clone, parse, and evolve the KG. The ingestion pipeline follows a strict ETL process.
The process begins with the cloning of a remote Git repository. Following this, the
system addresses the specific challenges of meta-programming through a preprocessing
step involving Lombok. A "delomboked" version of the repository is generated to ensure
that dynamically generated code, such as getters, setters and constructors, is explicitly
visible to the parser.

The core parsing is handled by the JavaParser [26] library, which generates an Ab-
stract Syntax Tree (AST) of the repository and the "delomboked" version. To support
accurate symbol resolution, particularly for the Spring framework, we configured the
parser with a TypeSolver of the JavaParser library. By referencing the project’s depen-
dency JARs, the solver allows the system to correctly identify types and hierarchies that
are defined externally in libraries rather than the source code.
The system then traverses this AST to extract classes, methods, and variables. This data
will be mapped directly to the schema defined previously. During the insertion of data
into the graph, logical constraints are strictly enforced to maintain data integrity. For
instance, if a class definition indicates that it extends another class, the system validates
this connection and creates the corresponding EXTENDS or IMPORTS relationships.

Figure 3.3 shows the Knowledge Graph of an example java repository. The first 300
nodes are represented.

3.2.3 Semantic Enrichment

A raw syntactic graph often lacks the semantic density required for effective LLM retrieval.
To address this, we implemented an "Evolution" phase that enriches the graph using
Artificial Intelligence. One major limitation in legacy repositories is the lack of meaningful
documentation and thus limited semantic information. To mitigate this, the system
identifies methods missing a Javadoc comment and utilizes an LLM to generate synthetic
documentation. This process uses a One-Shot prompt to produce summaries, parameter
descriptions, and return value details based on the method’s source code. For classes,
the previously generated documentation of methods and the information on the variables
are used to generate the class documentation. The documentation is then stored as
properties to each CodeMethod and CodeClass node.

In addition to textual enrichment, the system generates vector embeddings to sup-
port semantic search. For every CodeClass and CodeMethod node an embedding will be
calculated and stored within the KG. These embedding vectors are then stored into sepa-
rate nodes within the current KG schema as seen in Figure 3.4. For CodeMethod nodes,
all properties are serialized into a structured JSON string. This composite representation
is then processed by an embedding model to yield a high-dimensional vector. This vector
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Figure 3.3: Subgraph of the first 300 nodes of an example Java repository using the
Spring framework and Lombok.

captures both the syntax and semantics of the method. On the other hand, CodeClass
embeddings are derived from the class-level documentation alongside the signature and
documentation of its constituent methods.

3.3 Agent-Repository Interface
Once the Knowledge Graph is constructed and semantically enriched, it transitions from a
passive storage unit to an active knowledge base for the AI agent. The Agent-Repository
Interface is the critical abstraction layer that bridges the gap between the stochastic
nature of the LLM and the deterministic structure of the repository data. In this section
we will describe the communication protocol and the hybrid retrieval strategy. This
retrieval strategy is designed to overcome the limitations of flat file-system search by

25



3. J-PRISM: Java Property-graph Repository-level Insight System for
Meta-programming

Figure 3.4: Integrate vector representation into existing schema

providing structured, queryable access to the code base.

3.3.1 MCP Integration

To standardize the interaction between the autonomous agent and the J-PRISM backend,
we leverage the MCP standard. Rather than implementing a proprietary server archi-
tecture, we extended the existing MCP server architecture provided by the OpenHands
framework.

In this configuration, OpenHands operates as the client, while the extended MCP
instance acts as the host for J-PRISM’s retrieval tools. This integration strategy of-
fers two distinct advantages: By registering J-PRISM’s capabilities as function tools
within the native OpenHands environment, we reduce architectural friction and latency.
And secondly, the agent interacts with the repository through high-level function calls,
abstracting away the underlying complexities of database connection management and
query parsing.

This system exposes specific executable functions defined within the MCP server that
allow the agent to pull data from the Neo4j graph on demand.

3.3.2 Hybrid Retrieval Strategy

A strictly code-based search is often insufficient for high-level comprehension tasks, while
a purely semantic search lacks precision for structural analysis. To address this duality,
J-PRISM implements a hybrid retrieval strategy. Thus combining symbolic and semantic
search mechanism.
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Figure 3.5: Cypher query tool description which is visible to the LLM. The relations are
presented in a "ASCII art" format which is used by the Cypher language.

Symbolic Search For precise, structural queries, the agent can utilize a Cypher query
endpoint. This endpoint is provided through a MCP tool. The LLM can generate and
execute raw Cypher queries directly against the KG data base. This method leverages
the strict logical structure of the graph, making it ideal for answering questions regarding
inheritance or specific method annotations.

A critical component of this integration is schema awareness. To prevent the agent
from "guessing" the database structure or hallucinating node labels, we integrated the KG
schema directly into the tool description. All available nodes, properties and relations
are presented to the LLM in a simple format. This ensures that the LLM is aware of the
schema when generating new Cypher queries and the produced queries are syntactically
correct. The description of the tool presented to the LLM can be seen in Figure 3.5.
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Figure 3.6: Similarity search tool description which is visible to the LLM.

Semantic Search To retrieve unknown or vague concepts the system offers a MCP tool
to run a similarity search against the stored vector space. This tool addresses scenarios
where the agent needs to find code related to a concept, such as "parsing Java files",
without knowing the exact method names. The mechanism works by converting a natural
language query into a vector using the same embedding model used to embed the existing
repository (cf., Subsection 3.2.3). The LLM must formulate natural language queries
derived from the user request. The description which will be displayed to the AI agent
can be seen in Figure 3.6.

The execution of the semantic search relies on Neo4j’s internal vector indexing mecha-
nism. When the LLM generates a natural language query, it is compared against the
stored knowledge graph embedding entities using cosine similarity. This metric was chosen
for its effectiveness in high dimensional space. This allows the system to retrieve reposi-
tory artifacts that are conceptually aligned with the query, even if they lack lexical overlap.

Since the embeddings are generated for both Class and Method nodes, the retrieval
mechanism is designed to be type-agnostic. It produces a heterogeneous result set that
may contain a mix of classes and methods, rather than being restricted to a single struc-
tural level. This ensures that semantically relevant information is captured regardless of
whether it is encapsulated within a class or a method. Thereby allowing the LLM to
access the precise level of granularity required by the user’s request.

To manage the LLM’s comprehension and context load, we implemented a retrieval
limit (k = 5). By returning only the top-5 results, we ensure that the agent is provided
with high-precision context without being overwhelmed by irrelevant information. The
search results are returned as structured JSON object, where each entity is paired with
its calculated similarity search. This score serves as a confidence metric, enabling the
agent to evaluate the relevance of the return.
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CHAPTER 4
Benchmarks

4.1 Overview
The evaluation of repository-level code comprehension has historically been biased toward
languages with explicitly defined logic, with a particular emphasis on Python. As dis-
cussed in Chapter 2, current state-of-the-art benchmarks such as EvoCodeBench provide
robust frameworks for evaluating Python code generation [29]. However, these existing
datasets fail to address the unique challenges posed by enterprise Java development.
Modern Java ecosystems heavily utilize meta-programming frameworks. Spring Boot
and Lombok for example introduce a layer of abstraction that effectively hides the
application’s control flow and data structure from standard static analysis.

Rather than explicit constructor calls or instantiation logic, the Spring framework relies
on dependency injection where the connections between classes are defined by annotations.
Similarly, in a standard Java file utilizing Lombok, for instance, getter and setter methods
are never explicitly written in the source text. They are generated at compile time via
the @Data annotation. A standard RAG system, which relies on text-based similarity
search, often fails to retrieve the dynamically generated logic because relevant keywords
simply do not exist in the raw file content.

To bridge this gap and answer our primary research question (RQ), we designed a
novel set of benchmarks specifically tailored to evaluate code comprehension in a Java
repository that rely on these meta-programming techniques. Since no such standardized
benchmarks currently exist for this specific domain, we constructed a custom evaluation
dataset. This set consists of question-answer pairs derived from real-world open-source
repositories. These pairs are designed to evaluate the agent’s ability to navigate the layer
of the frameworks, thus verifying whether the Knowledge Graph successfully exposes the
implicit dependencies that standard text retrieval misses.
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The benchmarks consist of natural language queries that a developer might ask when
onboarding to a new codebase, paired with the ground-truth answers derived from an
analysis of the code. Unlike generation benchmarks that rely on unit test execution, our
focus is on comprehension and retrieval accuracy. Therefore, the evaluation is currently
performed manually.

4.2 Benchmark Definition
To ensure the robustness of our evaluation, we selected three distinct open-source Java
repositories. These repositories were chosen to represent a spectrum of complexity, ranging
from simple Create-Read-Update-Delete (CRUD) operations to complex, infrastructure-
heavy enterprise systems. This diversity allows us to test the J-PRISM system against
the standard file-based retrieval tools that serve as the current default for coding agents,
such as OpenHands.

4.2.1 Repository Archetype and Selection
Archetype I: Standard Layered CRUD Architecture The first repository cate-
gory represents the foundational baseline of modern Java web development. Applications
falling into this category strictly use the Model-View-Controller (MVC) design pattern,
specifically the Controller-Service-Repository layering common in Spring Boot. The
control flow is deterministic and linear, characterized by low complexity and standard
relational database interactions.

The first selected benchmark of this archetype is the springboot-blog-rest-api
repository by RameshMF [44]. This repository functions as the control variable for the
experiment. Its primary purpose is to establish a baseline qualification. By querying this
codebase, we verify the agent’s ability to resolve standard syntactic structures, handle
basic Java Persistence API (JPA) relationships, and identify explicit REST annotations
without hallucination. Failure at this level would indicate fundamental defects in the
information retrieval rather than limitations in the LLM’s reasoning capabilities.

Archetype II: Domain-Centric Application This category shifts the complexity
from the technology stack to the business domain. Such repositories are defined by "Logic
Heavy" implementations where the primary challenge lies in resolving inter-dependent
business rules rather than configuration management. These systems typically implement
strict external specification. Thus, complex data flow traversals across multiple domain
entities are needed to determine system behaviors.

This archetype is represented by the spring-boot-realworld-example-app by
gothinkster [18]. This repository is utilized to evaluate the inferential capabilities
of the agent. Unlike CRUD applications, the logic here is defined by state-dependent
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visibility. To achieve successful outcomes the retrieval system is required to expose the
semantic dependencies between entities, enabling the agent to reason about the received
information.

Archetype III: Infrastructure-Intensive Architecture The final archetype repre-
sents high-density enterprise architecture. These applications are characterized as "Stack
Heavy," featuring a high degree of "Dependency Density". The complexity originates from
the integration of multiple disparate infrastructure components within a single monolithic
codebase. Configuration is frequently decoupled from the business logic, relying heavily
on implicit wiring.

This category is represented by the mall-tiny repository by macrozheng [35]. This
repository serves as a stress test for context retention and cross-boundary linking. The
evaluation metrics here focus on whether the system can understand and model the
"invisible" infrastructure often obscured by annotations and configuration classes.

4.2.2 Comprehension Areas
To systematically analyze the performance of the J-PRISM system, the benchmarks are
further sub-divided into four specific domains of code comprehension.

Annotation Comprehension This domain assesses the system’s capacity to resolve
the "magic" inherent in frameworks like Spring and Lombok. Since these frameworks rely
on compile-time generation and runtime reflection, the logic is not present in the raw text.
Questions in this category evaluate whether the system successfully models annotations
as functional nodes. It also validates if the agent can identify implicit behaviors such as
auto-generated methods or dependency injection targets.

Functionality and Execution Flow This category evaluates the agent’s ability to
simulate the runtime call stack. The questions require the agent to trace the execution
path of specific user requests through the business logic. Furthermore, it tests the agent’s
understanding of general functionality of certain methods and what their purpose is.

Method Identification and Specificity This focus area targets the precision of the
retrieval mechanism. Beyond simple keyword matching, these tasks require the agent
to locate methods based on their semantic utility rather than their identifier. This
validates if the agent can distinguish between syntactically similar but semantically
distinct functions.

Structural and Architectural Insight The final category validates the agent’s
holistic understanding of the software architecture. These tasks move beyond file-level
analysis to query the structural relationships of the entire repository. The agent must
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accurately map class inheritance hierarchies, identify global components, and navigate
package structures.

4.3 Evaluation Metrics
To quantitatively and qualitatively assess the effectiveness of a Java code comprehension
system, we established a set of evaluation metrics. These metrics are designed not only
to measure the correctness of the agent’s output but also to analyze the computational
efficiency. For each question-answer pair in the benchmark suite, we capture five distinct
data points:

• Input Tokens

• Output Tokens

• Execution Time

• MCP Tool Usage

• Response Quality Score

This multi-dimensional approach allows us to answer our supportive research questions
(SQ1, SQ2, and SQ3) regarding cost, speed and accuracy.

4.3.1 Efficiency Metrics
Input and Output Tokens Within this benchmark suite the number of tokens
consumed by the prompt and the generated output by the model will be measured. This
metric is crucial for evaluating the efficiency of the system. Note that the retrieved
information from MCP tools will count as input tokens since the LLM will receive the
information as context in the input. In standard RAG or full-context approaches, the
entire relevant file content is often dumped into the context window. This leads to high
token usage. By monitoring these metrics, we can determine if a novel approach allows
more concise context injection. A reduction in input tokens without a loss in quality
would indicate a higher information density. This would validate the hypothesis that the
J-PRISM approach provide a more efficient context to the LLM than raw file retrieval.

Execution Time The runtime is measured from the moment the agent receives the
initial prompt to the moment it delivers the final answer (SQ3). This includes the latency
of the LLM, the network overhead of the MCP server, and the query execution time
against the KG. Tracking this metric helps us understand and validate a possible time
trade-off between reasoning enabled by the graph and by a solely raw file injection.
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MCP Tool Usage To quantify the agentic nature of the session, we record the integer
count of MCP tool calls made during a single task. This metric simply counts how many
times the agent felt the need to perform a query on the KG or the file system. A higher
number suggests an iterative discovery process. Whereas a lower number might indicate
a more powerful, complex query that retrieves precise data.

4.3.2 Response Quality
The most critical metric is the Quality Score, which measures the functional correctness
and completeness of the answer (SQ2). Unlike binary pass/fail metrics used in code
generation, comprehension tasks require a more nuanced scoring system. We employ a
precision-recall based scoring logic, normalized to a percentage between 0% (0.0) and
100% (1.0).

The score is calculated by comparing the set of information items provided by the
agent (Igen) against the set of ground-truth items required by the benchmarks (Itarget).
The missing-information error is defined as:

Emiss = |Itarget \ Igen|
This Emiss error represents the number of required items not retrieved by the agent. The
hallucination error is defined as:

Ehall = |Igen \ Itarget|
This Ehall error counts the number of generated items not present in the ground-truth.
The total error is given by the cardinality of the symmetric difference:

Etotal = |Igen△Itarget| = Emiss + Ehall

Figure 4.1 shows this symmetric difference. Where the target set Itarget and the generated
set Igen do not overlap will be counted as error. Consequently, the error increases
additively by one for each missing or hallucinated information item. This error is then
used to compute a score which is relative to the absolute number of elements in the
ground-truth. The Quality Score Q is defined as:

Q = 1− min( Etotal

|Itarget| , 1) ∈ [0, 1]

The minimum function ensures that the Quality Score can not decrease beyond 0.
Therefore, if the generated output of the agent is equal to the target items the quality
measure is 1.0, i.e. 100%. For example, if the agent would generate 3 target items out of
5 and hallucinates 1, the overall score would be:

Etotal = 2 + 1

Q = 1− 3
5 = 0.4
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Figure 4.1: Visual representation of the intersection between the target item set Itarget

and the generated item set Igen.

Quality Score = 40%

This strict scoring mechanism ensures that high quality is only attributed to answers
that are both comprehensive and precise. Thus, directly addressing the challenge of
hallucination in LLM-based systems.
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CHAPTER 5
Evaluation

5.1 Executive Summary of Results
To provide an immediate understanding of the system’s effectiveness, this section presents
a high-level illustration of the experimental data. The core objective of this research was
to determine if the J-PRISM architecture could enhance code comprehension without a
significant increase in computational costs. Figure 5.1 visualizes the relationship between
operational cost and functional value for every individual benchmark run.

The X-axis represents the total token consumption (Input and Output) on a loga-
rithmic scale. The Y-axis represents the achieved Quality Score. As illustrated, the two
systems occupy distinct behavioral clusters. The positioning indicates a simultaneous
optimization of two typically conflicted metrics. The system achieves a mean Quality
Score of 97.69% while reducing the global token consumption by 52.40%.

In contrast, the Control baseline displays significant variance. Its distribution is more
scattered. The mean Quality Score of the Control group is 89.37%. This instability
confirms that raw file retrieval often introduces irrelevant noise into the context window.
By retrieving precise semantic nodes, the agent reasons more effectively with less input
data. The following sections define the experimental setup and provide a granular analysis
of these findings.

5.2 Experimental Setup
To ensure the reproducibility of the results the evaluation was conducted in a controlled
local environment. This approach isolates the performance of the J-PRISM architecture
from external variables, such as network latency or API instability. This section elaborates
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Figure 5.1: The Efficiency vs. Effectiveness landscape. The plot visualizes the specific
performance of J-PRISM (purple) against the Control baseline (yellow). The density
contours highlight the concentration of the J-PRISM runs in the high-quality, low-cost
quadrant.

the hardware specifications, the inference configuration, and the system definitions used
for he comparative analysis.

5.2.1 Hardware and Execution Environment

All experiments were executed on a workstation equipped with an ARM-based Apple M4
Pro chip [4] and 48GB of Unified Memory. This unified memory architecture is critical.
It allows for the loading of substantial LLM weights directly into high-speed memory
without offloading to slower storage tiers.

The model hosting was managed by LM Studio [33]. This application provided a
local, OpenAI-compatible server interface. By running the inference engine locally, we
eliminated network overhead as a confounding factor in the Execution Time metric. This
setup ensured that the inference parameters remained strictly constant across all trials.
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5.2.2 Model Configuration
To optimize performance for distinct computational tasks, the experimental framework
utilizes a multi-model architecture. The configuration is divided into the primary
inference engine, which derives the agent’s reasoning, and the auxiliary models used for
data ingestion and vector retrieval.

Inference Engine The core reasoning model for both the baseline and the J-PRISM
system is provided by the Mistral architecture. This model is responsible for interpreting
the prompts, executing tools, and generate the final answer during the testing phase.
The model was loaded with specific quantization settings within the constraint of the
local experimental environment. The following configurations for the LLM were used:

• Model: Devstral-Small-2507 by Mistral AI [55]

• Quantization: Q8_0

• Context Window: 50273 Tokens

• Temperature: 0,8

• Format: GGUF

Documentation Model In addition to the main agent, two specialized models were
employed to construct and query the KG. First, a Documentation Model was utilized
exclusively during the system setup phase to enhance the KG. It was used to generate
missing method and class documentation for the graph nodes, enhancing the semantic
searchability. The following configurations were used for this model:

• Model: Qwen2.5-Coder-7B-Instruct by Qwen [42]

• Quantization: 8bit

• Context Window: 32768 Tokens

• Temperature: 0,8

• Format: MLX

Embedding Model Second, an Embedding Model was used to vectorize the nodes in
the KG. This model is active during both the system setup (indexing) and the testing
phase (similarity search retrieval).

• Model: Qwen3-Embedding-8B by Qwen [43]

• Quantization: Q4_K_M
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• Context Window: 4096 Tokens

• Temperature: 0,8

• Format: GGUF

The selection of this heterogeneous set of models was primarily driven by local hardware
constraints and latency optimization. Smaller, specialized models were utilized for
auxiliary tasks to preserve computational resources for the primary reasoning engine.
Crucially, the architecture remains robust and model-agnostic. The specific combination
is not a strict requirement. Consequently, similar performance outcomes are expected
with alternative models that meet the necessary capability requirements.

5.2.3 System Configuration
Two distinct configurations of the OpenHands framework were evaluated to determine
the performance of the proposed solution.

Baseline Configuration The control group consists of the standard OpenHands
distribution running without external augmentation. In this configuration, the agent is
restructured to the default toolset, primarily relying on the standard file system search.
This setup simulates the current state-of-the-art for general coding agents, which treat
the codebase as a collection of unstructured text files rather than a semantic graph.

J-PRISM Configuration The experimental group utilizes the modified OpenHands
agent extended with the J-PRISM architecture described in Chapter 3. The primary
distinction lies in the MCP integration. While the baseline relies on raw file access, the
J-PRISM agent is equipped with the custom KG retrieval tools. This allows the agent to
execute semantic queries on the KG.

Both systems were initialized with the exact same LLM models. Also, the exact same
prompts derived from the benchmark suite defined in Chapter 4 were used. To prevent
context contamination, the agent session and the shell environment were reset completely
between the configuration changes.

5.3 Response Quality Analysis
This section evaluates the functional correctness and completeness of the generated
outputs. This assessment directly addresses the primary research question regarding the
comprehension of enterprise Java repositories. The analysis utilizes the Quality Score
metric defined in Section 4.3. The evaluation follows a top-down approach. First, global
performance is analyzed to determine overall system reliability. Second, the results are
split by repository archetype. Finally, specific comprehension areas are examined to
isolate strengths and weaknesses in the retrieval logic.
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Figure 5.2: Global distribution of Quality Scores comparing J-PRISM against the Control
(OpenHands) baseline.

5.3.1 Global Performance
The global performance analysis compiles the Quality Scores across all repository
archetypes and all comprehension domains.

The Figure 5.2 illustrates the comparative score distributions for both systems. The
J-PRISM architecture has a probability density heavily concentrated at the 100% mark
with a low variance. This indicates a degree of stability. Conversely, the Control group
displays a higher variance. While the baseline frequently achieves perfect precision as
well, it has a "long tail" extending into the lower quartile. The mean of the Quality Scores
for both systems is:

System Quality Score
J-PRISM: 97.69%
Control (OpenHands): 89.37%

This tendency suggests that standard file-based retrieval lacks robustness against implicit
complexities.

A pairwise comparison quantifies the performance delta for each benchmark task (Fig-
ure 5.3). The predominant outcome, accounting for 74.1% of the total variance, was
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Figure 5.3: Head-to-Head Comparison: J-PRISM compared to the Control (OpenHands)

performance equivalence. This validates that the graph abstraction preserves baseline
capabilities for explicit retrieval tasks. However, this high tie rate also suggests limited
complexity in certain benchmark segments. A significant subset (21,3%) display a per-
formance increase. Nevertheless, the J-PRISM approach had a decreased performance
on a minor fraction (4.6%) of tasks. The specific mechanisms responsible for these rare
failures are examined in the qualitative analysis in Section 5.6.

The difference between the improvement and regression rates confirms a net positive
impact. The J-PRISM architecture effectively raises the performance bar.

5.3.2 Performance by Repository Archetype
To understand the specific impact of the KG integration, we must isolate performance
based on system complexity. This section analyzes the Quality Score distributions across
the three defined repository archetypes.

Archetype I: Standard Layered CRUD

The results for Archetype I indicate a functional equivalence between the baseline and
the J-PRISM architecture. As illustrated in Figure 5.4a, the density plots for both
systems are nearly identical. Both distributions are tightly clustered at the upper bound.
This suggests that standard file-based retrieval is sufficient for navigating explicit, linear
control flows common in simple Spring Boot applications.

This observation is quantified in Figure 5.5a. The vast majority of benchmarks (94.4%)
result in a tie. Only a marginal improvement of 5,6% was recorded, with 0.0% regression.
Consequently, for repositories with low complexity and explicit dependencies, the graph
overhead provides minimal additional value.

Archetype II: Domain-Centric Application

The performance difference becomes visible in Archetype II. This category introduces
complex business rules and implicit state dependencies. Figure 5.4b shows that the
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Archetype I Archetype II Archetype III
J-PRISM 100% 94.00% 99.08%
Control (OpenHands) 98.89% 78.33% 90.88%

Table 5.1: Mean comparison of J-PRISM and Control (OpenHands) across Archetypes

Control group (yellow) begins to display significant variance. Its distribution stretches
downward, indicating a loss of reliability. In contrast, the J-PRISM system (purple)
maintains a high density at the top of the scale.

However, this archetype also introduces volatility. Figure 5.5b reveals a more mixed
outcome. While 27.8% of cases showed improvement, this category also recorded the
highest regression rate at 13.9%. This suggests that while the graph helps navigate
domain complexity, there are edge cases where the abstraction may obscure simple
keyword matches found by the baseline.

Archetype III: Infrastructure-Intensive Architecture

The most significant impact is observed in Archetype III. This category represents high-
complexity enterprise environments. Figure 5.4c demonstrates a clear collapse in the
baseline’s stability. The Control group displays a long tail extending into the lower
quartiles, reflecting frequent retrieval failures. The J-PRISM architecture, however,
remains robust with a stable high-scoring distribution.

The breakdown in Figure 5.5c confirms this advantage. The J-PRISM system achieved
an improvement in 30.6% of the benchmarks. Notably, there were 0.0% regressions in
this category. This confirms the core hypothesis: as architectural complexity increases,
the semantic graph becomes essential for accurate code comprehension.

Table 5.1 summarizes the mean Quality Scores across the three distinct complexity levels.
Consistent with the density analysis, J-PRISM maintains superior performance across all
categories, sustaining a mean score above 94% regardless of the repository complexity.

5.3.3 Performance by Comprehension Area

To isolate the specific retrieval mechanics that contribute to the global performance, we
investigate four distinct comprehension domains described in Chapter 4. This granular
analysis identifies where the KG integration provides critical context and where it may
introduce additional overhead.
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(a) Archetype I (b) Archetype II

(c) Archetype III

Figure 5.4: Comparative density estimation of Quality Scores for J-PRISM (purple) and
the Control (yellow) across Archetypes I (a), II (b), and III (c). Red diamonds denote
mean values. While Archetype I shows similar performance profiles, Archetypes II and III
demonstrate that J-PRISM maintains stability at the upper bound, whereas the Control
group display significant variance with distributions extending into the lower quartiles.

Annotation Comprehension

The result for Annotation Comprehension indicate that standard text retrieval remains
highly effective for explicit metadata. As shown in Figure 5.7a, the majority of bench-
marks (85.2%) resulted in a tie. This is expected, as annotations are distinct keywords
markers easily indexed by standard search tools.

However, the density estimation in Figure 5.6a reveals a subtle distinction. While
the Control group shows a long tail of variance, the J-PRISM system maintains a tighter
distribution. Despite this stability, the domain recorded a 7.4% regression rate. This
suggests that in rare instances the graph traversal may over-complicate the retrieval of
simple, explicit text markers.
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(a) Archetype I

(b) Archetype II

(c) Archetype III

Figure 5.5: Benchmark performance of J-PRISM compared to the Control (OpenHands)
breakdown for Archetypes I, II, and III, showing the percentage of regression (red), ties
(grey), and improvements (green).

Functionality and Execution Flow

The most significant performance divergence can be observed in the Functionality and
Execution Flow domain. This category requires the agent to trace logic across class
boundaries. Figure 5.7b highlights a substantial 44.4% improvement rate for the J-PRISM
architecture, with 0.0% regression.

The impact on reliability is obvious in Figure 5.6b. The Control group displays a
higher variance. In contrast, J-PRISM maintains a perfect stability at the upper bound.
This indicates that file-based retrieval is insufficient for resolving implicit execution paths
in Spring-based applications.

Method Identification and Specificity

In contrast, the Method Identification domain exposes a limitation in the current ar-
chitecture. This area focuses on resolving specific method signatures and overloaded
functions. Figure 5.7c records the highest regression rate at 11.1%.

45



5. Evaluation

Comprehension Area J-PRISM Control (OpenHands)
Annotation Comprehension 96.33% 93.85%
Functionality and Execution Flow 100% 78.52%
Method Identification and Specificity 94.44% 99.44%
Structural and Architectural Insight 100% 85.67%

Table 5.2: Mean Quality Score comparison across the four comprehension domains. While
J-PRISM demonstrates superior performance in structural and functional tasks, the
Control baseline retains a slight advantage in specific method identification.

The density plot in Figure 5.6c reinforces this finding. Unlike other domains, the
J-PRISM distribution shows a noticeable density drop. The Control group effectively
retains a higher density at the top. This suggests that for direct signature matching,
raw text search occasionally outperforms the semantic node resolution. Section 5.6 will
investigate this behavior in more detail. Note that even though the regression and the
improvement rate is the same, both J-PRISM and the Control group struggled in distinct
cases.

Structural and Architectural Insight

The final domain evaluates the agent’s understanding of high-level system components.
Figure 5.7d shows a clear advantage for the graph-based approach, with a 22.2% improve-
ment and 0.0% regression.

Similar to the functionality domain, the Control group in Figure 5.6d displays significant
instability. The J-PRISM system successfully generated all required items throughout
the benchmarks without hallucination.

Table 5.2 summarizes the mean Quality Scores across the four comprehension domains.
J-PRISM demonstrates a distinct advantage in certain tasks. However, the data also
confirms the exception in Method Identification, where the Control baseline retains a
higher precision.

5.4 Efficiency and Cost Analysis

While the previous section demonstrates that the J-PRISM architecture enhances the
quality of the code comprehension, these improvements must be weighed against the
computational overhead. In the context of LLMs, efficiency is primarily defined by the
volume of processed data and the associated execution time. This section evaluates the
trade-off between the increased retrieval precision of the KG and the resulting impact on
resource consumption.
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(a) Annotation Comprehension (b) Functionality and Execution Flow

(c) Method Identification and Specificity (d) Structural and Architectural Insight

Figure 5.6: Comparative analysis of Quality Score distributions across the four distinct
comprehension domains. The violin plots illustrate that J-PRISM (purple) maintains
higher density at the upper bound with reduced variance compared to the Control
baseline (yellow) across (a), (b) and (d). J-PRISM has a lower performance in the
Method Identification and Specificity area.
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(a) Annotation Comprehension

(b) Functionality and Execution Flow

(c) Method Identification and Specificity

(d) Structural and Architectural Insight

Figure 5.7: Pairwise performance analysis categorized by comprehension domain. The
stacked bar charts quantify the distribution of improvement (green), equivalent perfor-
mance (ties), and regression (red) of the J-PRISM architecture relative to the Control
baseline across all repository archetypes.
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Figure 5.8: The global token consumption of the J-PRISM approach and the Control
(OpenHands).

5.4.1 Token Consumption
The operational cost of the inference engine is primarily determined by token consumption.
This metric combines the prompt context (Input Tokens) and the generated reasoning
(Output Tokens). We analyze these two dimensions separately to understand the impact
of the KG on the retrieval strategy.

Input Tokens

Although the J-PRISM approach achieved a higher Quality Score, it also needed less
input tokens. Figure 5.8 illustrates a significant reduction in token usage by the J-PRISM
approach. The distribution for our system is concentrated in the lower log-scale range.
In contrast, the Control group (OpenHands) consistently consumes significantly more
context. This efficiency derives from the structural difference in retrieval. The baseline
agent retrieves entire files to establish context. In verbose Java enterprise codebases, this
results in loading thousands of irrelevant lines of code. The J-PRISM agent, however,
retrieves specific semantic nodes. This retrieval approach eliminates the overhead of
surrounding boilerplate code.

For each subgroup of Comprehension Area and Repository Archetype the J-PRISM
decreased the input tokens. This can be seen in Figure 5.9. Table 5.3 compares the
average input tokens between both configuration setups by each subgroup.

Output Tokens

The output token consumption serves as a metric for the efficiency of the reasoning
process. A higher token count often indicates that the model requires a verbose "chain-of-
thought" or iterative self correction to arrive at an answer. The global output distribution
(Figure 5.10) demonstrates a substantial efficiency gain. The J-PRISM architecture
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(a) Input Token Consumption by Comprehension Area

(b) Input Token Consumption by Repository Archetype

Figure 5.9: Token consumption comparison of the J-PRISM approach and the Control
(OpenHands) filtered by Comprehension Area and Repository Archetype.
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Repository Archetype J-PRISM Control Improvement
Archetype I (CRUD) 68,837 98,467 −30.1%
Archetype II (Domain) 54,544 190,899 −71.4%
Archetype III (Infrastructure) 68,732 114,200 −39.8%

Comprehension Area J-PRISM Control Improvement
Annotation Comprehension 44,240 88,572 −50.1%
Functionality & Execution 114,549 208,941 −45.2%
Method Identification 33,988 96,466 −64.8%
Structural & Architectural 63,374 144,109 −56.0%

Comparison Scope J-PRISM Control Improvement
Global Mean 64,038 134,522 −52.4%

Table 5.3: Mean Input Token Consumption Analysis. This table compares the average
input token cost between J-PRISM and the Control group (OpenHands) across three
dimensions: Repository Archetype, Comprehension Area, and Global Average.

Figure 5.10: The global output token usage of the J-PRISM approach and the Control
(OpenHands).

achieves a mean reduction of 42.9% compared to the Control baseline (Table 5.4). This
indicates that graph-based context enables direct answer formulation, whereas the baseline
agent often relies on more extended reasoning. This trend holds across all repository
types (Figure 5.11b) and areas of code comprehension (Figure 5.11a).
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(a) Output Token Consumption by Comprehension Area

(b) Output Token Consumption by Repository Archetype

Figure 5.11: Output Token consumption comparison of the J-PRISM approach and the
Control (OpenHands) filtered by Comprehension Area and Repository Archetype.
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Repository Archetype J-PRISM Control Improvement
Archetype I (CRUD) 732 1,102 −33.6%
Archetype II (Domain) 625 1,372 −54.4%
Archetype III (Infrastructure) 774 1,258 −38.5%

Comprehension Area J-PRISM Control Improvement
Annotation Comprehension 597 970 −38.4%
Functionality & Execution 1,006 1,540 −34.7%
Method Identification 522 1,076 −51.5%
Structural & Architectural 716 1,390 −48.5%

Comparison Scope J-PRISM Control Improvement
Global Mean 710 1,244 −42.9%

Table 5.4: Mean Output Token Consumption Analysis. This table compares the average
cost of the generated response between J-PRISM and the Control group (OpenHands).

5.4.2 Execution Latency

To validate the total execution latency we are comparing both configurations generation
time. We examined the relationship between the total computation load (Input and
Output tokens) and the resulting execution latency in seconds.

The scatter plot in Figure 5.12 reveals a strong positive linear correlation for both
the J-PRISM and the Control (OpenHands) configuration. This indicating that execution
time is primarily a function of the volume of text processed rather than the architectural
complexity of the system. Crucially, the regression lines for both systems display a high
degree of overlap. This convergence suggests that the introduction of the KG retrieval
mechanism does not impose a statistically significant penalty on the system’s processing
throughput.

The regression line for J-PRISM appears slightly steeper at the upper end. This diver-
gence is driven by a sparse set of outliers rather than a systemic inefficiency. In the
vast majority of operational contexts, the time-per-token cost remains invariant between
the two systems. Consequently, we conclude that the J-PRISM architecture achieves its
superior context retrieval without degrading the fundamental computational efficiency.

5.4.3 MCP Tool Usage

To further evaluate the operational efficiency of the agentic loop, we examine the fre-
quency of tool invocations required to resolve a task. This metric serves as a direct
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Figure 5.12: Relationship between total computation load (Input and Output Tokens)
and the execution time by J-PRISM and Control (OpenHands).

indicator of the retrieval precision. A higher number of tool calls typically signifies an
iterative, trial-and-error search strategy. Whereas a lower count suggests that the agent
can identify the necessary context with fewer interactions.

Figure 5.13 illustrates the distribution of tool calls per task for both configurations.
The results reveal a clear variance in agent behavior. The J-PRISM architecture demon-
strates a significant higher efficiency, with the majority of tasks being resolved in under
12 tool calls and a median centered at approximately 5 calls. In contrast, the Control
group displays a significantly higher variance and a higher median of approximately 10
tool calls. When considered alongside the findings in Section 5.4.2, this reduction does
not lead to a reduction in execution latency. So, the J-PRISM system uses fewer but
more execution expensive tools.

5.5 Ablation Study

5.5.1 Study Design

To validate the contribution of individual components within the J-PRISM architecture,
we conducted an ablation study. We defined two stripped-down variants of the J-PRISM
system to isolate the impact of Semantic Enrichment and Symbolic Retrieval.

Variant A (Vector-Only) The agent is restricted to the similarity search tool. This
isolates the impact of the Semantic Enrichment component.
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Figure 5.13: Comparing the amount of tool calls per task by J-PRISM and Control
(OpenHands).

Variant B (Cypher-Only) The agent is restricted to the Cypher query tool. This
isolates the impact of the Symbolic Retrieval mechanism. Also, in this variant the
documentation and KG enhancement step was not performed.

We evaluate these variants against the repository Archetype III since this category
demonstrated the highest complexity and the most significant performance of the J-
PRISM system. The result of these variants will then be compared to the J-PRISM
approach.

5.5.2 Qualitative Analysis

The quantitative results, summarized in Table 5.5, reveal a clear hierarchy in performance.
The full J-PRISM system achieved a Quality Score of 99.05%, significantly outperforming
both isolated variants.

Impact of Semantic Removal (Cypher-Only): Restricting the system to symbolic
retrieval resulting in a Quality Score of 75.00%. While the agent successfully navigated
explicit structures, it struggled with vague or natural language-based queries.

Impact of Symbolic Removal (Vector-Only): Relying solely on semantic search
caused a drastic regression, yielding a Quality Score of only 47.12%. This indicates that
vector similarity alone is insufficient for resolving the complex, deep dependency chains
characteristic of Archetype III.
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Metric J-PRISM Variant A Variant B
Input Tokens 68,731 47,764 57,250
Output Tokens 774 381 561
Execution Time (s) 180 142 154
MCP Tool Calls 4.64 3.50 5.64
Quality Score 99.05% 47.12% 75.00%

Table 5.5: Comparative Performance Metrics for Ablation Variants

Figure 5.14: Attribution of Success Breakdown.

To further analyze the underlying drivers of this performance gap, we categorized the
successful retrieval tasks based on which system variant was capable of solving them.
Figure 5.14 illustrates this attribution of success.

The data demonstrates that the superiority of the J-PRISM architecture is not merely
additive but synergistic. A significant portion of tasks (Hybrid Synergy) failed in both
isolation variants, but were successfully resolved by the full J-PRISM system. This con-
firms that the hybrid architecture enables emergent reasoning capabilities. The system
leverages the Semantic Enrichment to identify vague entry points and then utilizes Sym-
bolic Retrieval to traverse the dependency graph. Furthermore, the distinct "Vector Only"
and the "Cypher Only" contributions highlight the complementarity of the components.

5.5.3 Stability and Efficiency
Beyond absolute correctness, the behavioral profiles of the variants differ significantly.
Figure 5.15 illustrates the stability of the Quality Scores. The Vector-Only variant
displays a low-mean distribution, consistently failing to retrieve precise structural context.
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Figure 5.15: Quality Score Distribution of J-PRISM, Variant A, and Variant B

The Cypher-Only variant shows a bimodal distribution. It either retrieves the exact
subgraph (100%) or fails completely when the correct schema cannot be inferred.

In terms of efficiency, Variant B (Cypher-Only) recorded the highest average number
of MCP tool calls (Table 5.5). This increase confirms the "search struggle" hypothesis:
while the agent is schema-aware, it lacks the semantic context to immediately formulate
precise retrieval strategy, resulting in a higher frequency of exploratory tool calls. In
contrast, the full J-PRISM system reduced the tool usage to 4.70, indicating that the
hybrid approach allows for more targeted and efficient retrieval.

Finally, Figure 5.16 analyzes the computational cost in terms of total token consumption.
Variant A (Vector-Only) demonstrates greater stability in resource usage, characterized by
a tighter distribution of token consumption and a lower overall mean. In contrast, Variant
B (Cypher-Only) displays significantly higher variance, driven by the iterative query
attempts. The full J-PRISM architecture utilizes a marginally higher token consumption,
but effectively converts this additional context into a higher success rate and superior
stability.

5.6 Qualitative Analysis
The previous quantitative analysis established the statistical superiority of the J-PRISM
architecture in terms of accuracy and efficiency. However, to understand the underly-
ing mechanisms of these performance differences, a focused examination of individual
execution traces is required. This section provides a comparative analysis of specific
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Figure 5.16: Comparing the total token consumption per task of J-PRISM, Variant A,
and Variant B

benchmark scenarios. By examining the agent’s internal process logs and tool-calling
sequences, we can isolate the specific architectural features that benefit and hinder code
comprehension.

5.6.1 Success Case

This case study examines a task from Archetype II involving the tracing of a function
call. The objective from the Functionality and Execution Flow Comprehension Area was:

This task specifically evaluates the system’s ability to distinguish between overloaded
methods based on their method signature rather than just the identifier.

J-PRISM Execution Trace

The J-PRISM agent resolved this request with two distinct operational steps. Initially,
the agent executed a similarity search to locate the target method definition within the
vector space:
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Upon realizing that simple similarity search did not yielded precise results, the agent
autonomously refined its strategy. It constructed a target Cypher query against the KG:

This query explicitly filtered for the correct method node. This precise semantic filtering
allowed the agent to retrieve the exact call graph without hallucination. The system
then correctly identified all five dependent methods:
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Here, the J-PRISM system has used the KG effectively to find all requested answers.
Note that in this example the agent did not use the output of the similarity search
because the agent could not identify the correct signature. However, when reviewing the
output of the similarity search tool, the correct method with the signature was provided.
Therefore, it seems that the LLM was overwhelmed with the JSON-format representation
of the top 5 responses.

Control Group Execution Trace

In contrast, the Control Group (OpenHands) could not identify all methods. First, the
agent searched for the method in the codebase:

This gave the agent the file path where the findByUsername function is located. Then,
the agent retrieved the correct method signature to make further tool calls to retrieve
the calling methods:
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After these 7 tool calls the agent could retrieve 3 out of 5 methods:

While the Control group successfully identified two classes containing the relevant method
invocation, it failed to retrieve the complete set of dependencies. Specifically, the system
missed two additional Java classes that also contained valid method calls to the target
method. Consequently, this partial recall resulted in a final Quality Score of 60%.
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Metric J-PRISM Control (OpenHands)
Input Tokens 23,407 72,648
Output Tokens 300 1,189
Execution Time (s) 112 199
MCP Tool Calls 2 7
Quality Score 100% 60%

Table 5.6: Comparative Performance Metrics for the Success Case J-PRISM vs. Control
(OpenHands)

The performance metrics, summarized in Table 5.6, highlights the efficiency of this
graph-based approach.

5.6.2 Failure Case
This case study analyzes a regression observed in the Archetype II. The question-answer
pair is from the Method Identification and Specificity Comprehension Area. The objective
was to locate all constructors of a certain class:

This scenario tests whether the agent can retrieve and understand the Lombok annotation
decorating the UserData class.

J-PRISM Execution Trace

Again, the J-PRISM system started with a similarity search:

The similarity search returned general class information rather than explicit constructor
methods. To compensate, J-PRISM constructed a specific Cypher query. However, the
agent incorrectly filtered for method names starting with an <init> component. This
false assumption was repeated in two successive MCP tool calls. As a result, the retrieval
of the constructor methods failed.
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Following these method calls, the agent concluded that only the standard constructor
method exists. While the system correctly identified all valid class parameters, it failed
to detect the Lombok annotations. Consequently, the agent missed the existence of the
second No-Argument constructor:
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OpenHands Execution Trace

The Control group performed similar steps as in the previous case. First, the agent located
the UserData class and retrieved its full file content. Note that this identification part
was iterative, requiring multiple MCP tool calls to isolate the correct file. Following the
retrieval phase, the system accurately identified the presence of two Lombok annotation.
The agent successfully reasoned that these annotations are responsible for the generation
of two distinct constructors:
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Metric J-PRISM Control (OpenHands)
Input Tokens 53,178 56,648
Output Tokens 828 780
Execution Time (s) 156 231
MCP Tool Calls 3 6
Quality Score 50% 100%

Table 5.7: Comparative Performance Metrics for Method Identification Task: J-PRISM
vs. Control (OpenHands)

Therefore, the Quality Score for the Control group was 100% for this question-answer
pair.

As displayed in Table 5.7, the computational cost of both systems remained comparable.
J-PRISM consumed similar input and output tokens. However, the quality metric differs.
While the Control group could identify all functions the J-PRISM architecture could
only derive one, resulting in a Quality Score drop of 50%.

5.6.3 Observed Behavioral Patterns

The analysis of the execution logs across all benchmarks revealed distinct behavioral
patterns in the agent’s retrieval strategy. These patterns highlight both the strengths of
the hybrid architecture and specific bottlenecks within the current LLM integration.

Verify Heuristic A consistent pattern emerged across the majority of tasks. The
agent predominantly initiated the retrieval process with a vector-based similarity search.
However, this was rarely the terminal step. In most successful traces, the agent utilized
the result solely as a seeding step to formulate a precise Cypher query, although the result
contained already the sufficient information to answer the question. This indicates a
verification heuristic. The agent appears to prefer the deterministic nature of the Cypher
retrieval tool.

Context Blindness in Similarity Search Despite the frequent usage, the efficiency
of the similarity search tool result was limited. A critical limitation was observed in the
LLM’s processing of the retrieval output. As noted in the success case (Section 5.6.1),
the relevant information was often present within the JSON payload returned by the
tool. Yet, the model frequently failed to extract this information. The agent often
"hallucinated" that the data was missing, generating unnecessary subsequent queries.
This indicates that the similarity search output requires further optimization to be more
digestible for the model.
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Schema Alignment The evaluation also exposed gaps in the agent’s semantic under-
standing of the KG schema. This was particularly evident in tasks requiring knowledge of
specific Java conventions. As seen in the failure case (Section 5.6.2), the agent incorrectly
assumed that the constructor methods followed the <init> internal naming convention
within the graph. This reveals a misalignment between the agent’s internal training data
and the specific abstraction layer of the J-PRISM graph.

Annotation Blindness Finally, a systemic neglect of meta-programming constructs
was observed. The agent rarely initiated explicit searches for Java annotations. Un-
like method calls or class definitions, annotations were not prioritized in the agent’s
autonomous query formulations. This issue was unintentionally intensified by the current
tool design. The similarity search tool is currently optimized to return Java Methods
and Class nodes but does not prioritize Java Annotation nodes. Consequently, unless
the agent explicitly queried for annotation relationships, this critical metadata remained
invisible. This confirms that for frameworks like Lombok and Spring, the retrieval
strategy requires adjustment to guide the LLM to consideration of implicit metadata.

5.7 Discussion

The experimental results presented in this chapter confirm the effectiveness of the J-
PRISM architecture. The system demonstrated a clear advantage in navigating complex
enterprise environments, achieving a high Quality Score in repositories where standard
file-based retrieval failed. However, the evaluation also revealed specific limitations
regarding model capacity, schema definition, and benchmark scope.

5.7.1 Impact of Model Capabilities

The evaluation was conducted using a quantized 24B parameter model to ensure repro-
ducibility in local environments. The qualitative analysis indicates that this parameter
limitation constrained the effective utilization of the Knowledge Graph. Specifically, the
agent frequently showed "Context Blindness," failing to extract relevant information from
the similarity search payload. Additionally, "Schema Alignment" errors were observed,
where the agent hallucinated graph constraints such as specific naming conventions for
constructors or Cypher syntax errors.

We hypothesize that larger foundation models, with superior reasoning and better
instruction-following capabilities, would decrease these errors. We assume that large
LLMs can directly answer from the initial vector retrieval or with more precise Cypher
queries. Consequently, we suggest that future research explicitly investigates whether
increasing model capacity correlates with improved reasoning accuracy and operational
efficiency with the J-PRISM architecture.
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5.7.2 Retrieval and Schema Limitations
While the hybrid retrieval approach outperformed the Control group, specific architectural
blind spots remain. The regression observed in multiple Comprehension Areas highlights
a possibility for improvement in the current schema design. The qualitative analysis
identified behavioral patterns, where the agent failed to prioritize implicit metadata like
Lombok annotations during search.

The current similarity search tool is optimized for explicit method and class nodes.
Consequently, the agent struggles to resolve meta-programming constructs unless explicitly
prompted. This indicates that the KG schema requires refinement to treat annotations
as first-class semantic nodes, rather than secondary properties.

5.7.3 Validity of Benchmarks and Architecture
The benchmarks suite successfully categorized repositories by internal complexity. How-
ever, these datasets do not reflect the full diversity of the Java ecosystem. The evaluation
focused heavily on modern Spring Boot architectures. Therefore, the findings may not
fully generalize to legacy environments or alternative frameworks. Furthermore, the
current evaluation relies on a single repository per archetype. To draw statistically suffi-
cient conclusions regarding the system’s comprehension ability relative to the repository
complexity, the number of target repositories must be increased.

Additionally, the selected repositories represent only monolithic architectures. The
current benchmarks do not validate the system’s ability to trace control flow across
distributed microservices or multi-server environments.

5.7.4 Conclusion
Despite these limitations, J-PRISM establishes a significant advancement over standard
file-based retrieval. The presented data confirms that as the architectural complexity
increases, the utility of semantic representation becomes critical. J-PRISM therefore
serves as a validated stepping stone for the development of more robust, graph-based
coding assistants in the field of meta-programming.
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CHAPTER 6
Conclusion and Future Work

6.1 Conclusion
This thesis investigated the limitations of standard Large Language Model (LLM) code
comprehension in the context of enterprise Java development. Modern Java applications
rely heavily on meta-programming frameworks such as Spring and Lombok. These
frameworks introduce a layer of abstraction where control flow and logic are defined by
annotations rather than explicit source code. Consequently, standard Retrieval Aug-
mented Generation (RAG) approaches, which treat code as unstructured text, often fail
to capture the implicit dependencies required for accurate reasoning.

To address this challenge, we introduced the J-PRISM (Java Property-graph Repository-
level Insight System for Meta-programming) system. This novel architecture transforms
static repositories into semantically enriched Knowledge Graphs (KG). By mapping
code entities to structured nodes and edges, J-PRISM provides an AI agent with a
deterministic interface to query the codebase.

The empirical evaluation confirms that the J-PRISM system significantly outperforms
the standard file-based control group. The system achieved a mean Quality Score of
97.69%, compared to 89.37% for the baseline. Furthermore, J-PRISM demonstrated
superior efficiency, reducing the global token consumption by 52.4%.

The results highlight a strong correlation between repository complexity and the utility
of the KG. In simple CRUD applications, the performance of the graph-based approach
and the file-based retrieval was equivalent. However, in more complex environments, the
file-based control group could not keep up with the J-PRISM system. The J-PRISM
approach maintained stability and achieved a 30.6% improvement rate with zero regres-
sions in this repository category.
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These findings validate the primary hypothesis of this research: providing an LLM
with a structured, schema-driven representation of the code enhances its ability to reason
about meta-programming constructs. The hybrid retrieval strategy, which combines
symbolic Cypher queries with vector-based semantic search, proved to be a robust solution
for navigating the repository complexity.

6.2 Future Work
While J-PRISM established a successful baseline for graph-enhanced code comprehension
of Java repositories using meta-programming frameworks, the evaluation revealed specific
limitations. Future research should focus on refining the system’s schema, improving
agent interaction, and expanding the scope of evaluation.

Knowledge Graph Schema Refinement The evaluation highlighted "Annotation
Blindness," where the agent failed to prioritize implicit metadata like Lombok annotations.
Although annotations are currently modeled as distinct nodes, the agent rarely prioritizes
traversing these specific relations. Future iterations must refine the schema or the retrieval
tools to increase the visibility of these relationships, ensuring the agent actively traces
annotation dependencies.

Optimization of Agent-KG Interaction The evaluation exposed gaps in the agent’s
ability to interpret retrieval results. The agent frequently ignored valid answers contained
within the similarity search payload. Additionally, "Schema Alignment" errors occurred
where the agent hallucinated incorrect graph constraints. Future work should investigate
using larger foundation models with stronger instruction-following capabilities or fine-
tuning the MCP tool interaction.

Expansion of Benchmarks The current evaluation relied on a custom benchmark
suite containing one repository per archetype. While sufficient for initial validation, this
does not reflect the full diversity of the Java ecosystem. Future studies must expand
these benchmarks to include a broader range of systems and alternative frameworks.
Furthermore, future work should validate the system in distributed environments to test
the graph’s ability to trace control flow across microservices.

In conclusion, this thesis demonstrates that transitioning from unstructured file re-
trieval to structured graph-based lookup is essential for the next generation of AI coding
assistants. J-PRISM provides a proven architectural blueprint for this transition. By ad-
dressing the outlined future work, this approach has the potential to solve the complexities
of automated software engineering in enterprise environments.
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Overview of Generative AI Tools
Used

ChatGPT (OpenAI)
The GPT-5.1 Thinking model was primarily used as a coding assistant during the
software development phase of J-PRISM. Its role was limited to generating boilerplate
code, suggesting syntax optimizations, and debugging specific functions. I retained full
control over the system architecture and logic.

Gemini Pro (Google)
The Gemini Pro 2.5 / Pro 3 models were used to generate Python scripts for automated
testing and to create plotting scripts for the evaluation of the experimental results.
Furthermore, these models were utilized to refine the clarity, grammar, and stylistic
consistency of the thesis. These tools assisted in rephrasing complex sentences and
ensuring linguistic precision.

Integrity and Verification
The conceptualization, research design, core arguments, and conclusions presented in
this document are entirely my own. I did not use AI tools to generate original ideas or
scientific contributions. I maintained strict oversight over all AI-generated outputs. Every
line of code, testing script, and text suggestion provided by these tools was rigorously
reviewed, verified, and significantly modified to align with my specific requirements. I
assume full responsibility for the accuracy and integrity of the content in this thesis.
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