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Abstract 

 

 

Large Language Models (LLMs) have brought impressive advancements to fields like 

natural language and code generation. Despite their abilities, however, they still have 

some disadvantages: Most LLMs suffer from hallucinations and are inherently limited 

by the knowledge in their training corpus. A promising approach that has been shown 

to alleviate these issues is Retrieval Augmented Generation (RAG), which enhances 

the parametric memory of LLMs with an external knowledge base. Graph RAG uses 

Knowledge Graphs as the knowledge base, enabling the representation of complex 

relationships and hierarchies, which is an important aspect in code generation and 

documentation. In this thesis, we implemented a question answering and code 

generating Graph RAG system for the CDPKit, a cheminformatics toolkit, solely 

based on its Python API documentation. To do so, we first parsed its documentation 

into a Neo4j Knowledge Graph. The Graph RAG system then retrieved relevant 

context from the Knowledge Graph via a Cypher query and answered user queries 

based on this context. To make the Graph RAG available to users, we built a 

dashboard with a chat interface for it. The system was evaluated on a set of test 

questions by a human evaluator and an LLM. We calculated the metrics Accuracy, 

Recall, Precision and F1 score. We found that our Graph RAG system was able to 

answer specific questions about the CDPKit and provide basic code snippets, but its 

performance dropped for general questions. We therefore think that this work 

provides a good base for future development, and we provide ideas on how to 

improve the Graph RAG system further. 
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Zusammenfassung 

 

 

Large Language Modelle (LLMs) haben in den letzten Jahren beeindruckende 

Fortschritte in Bereichen wie der Erzeugung natürlicher Sprache und Code 

herbeigeführt. Trotz ihrer Fähigkeiten haben sie auch einige Nachteile: Die meisten 

LLMs leiden an Halluzinationen und sind von Natur aus durch das Wissen ihres 

Trainingskorpus begrenzt. Ein vielversprechender Ansatz, der erwiesenermaßen bei 

diesen Problemen helfen kann, ist Retrieval Augmented Generation (RAG), das das 

parametrische Wissen der LLMs mit einer externen Wissensbasis erweitert. Graph 

RAG benutzt Knowledge Graphen als externe Wissensbasis und ermöglicht damit 

die Darstellung von komplexen Beziehungen und Hierarchien, was ein wichtiger 

Aspekt der Codegenerierung und Dokumentation ist. In dieser Arbeit haben wir ein 

Graph RAG System zur Fragenbeantwortung und Codegenerierung für das CDPKit, 

ein Toolkit aus der Chemieinformatik, implementiert, allein basierend auf dessen 

Python API Dokumentation. Dafür übersetzten wir die Dokumentation in einen Neo4j 

Knowledge Graphen. Dann bezog das Graph RAG System den relevanten Kontext 

vom Knowledge Graphen mit Hilfe einer Cypher Abfrage und beantwortete 

Nutzeranfragen basierend auf diesem Kontext. Um das Graph RAG System für 

Nutzer zugänglich zu machen, bauten wir ein Dashboard mit einer Chat Schnittstelle. 

Das System wurde von einem Menschen und einem LLM anhand eines Sets von 

Testfragen evaluiert. Wir berechneten die Metriken Accuracy, Recall, Precision und 

F1 Wert. Unsere Ergebnisse zeigen, dass das Graph RAG System spezifische 

Fragen zum CDPKit beantworten und einfache Code Teile generieren kann. Bei 

generellen Fragen sank die Performance. Wir sind der Meinung, dass diese Arbeit 

eine gute Grundlage für zukünftige Entwicklungen bietet, und wir schlagen Ideen vor, 

wie das Graph RAG System weiter verbessert werden kann. 
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1 Introduction 

 

 

In recent years, the field of natural language processing (NLP) has undergone 

significant advancements driven largely by the emergence of Large Language 

Models (LLMs) and conversational systems like ChatGPT [1]. NLP focuses on 

enabling computers to understand, process and generate human language by 

combining linguistics with computer science and artificial intelligence. Key 

applications of NLP include document retrieval (i.e. retrieving relevant documents for 

a query), information extraction (i.e. extracting relevant metadata from a text) and 

natural language generation [2], [3]. To address these tasks, language models can 

be used, which use probabilistic techniques to analyse and generate text [4].  

Historically, language models were task-specific, requiring large amounts of 

annotated data for supervised learning. However, in addition to being time 

consuming, annotated data is not readily available for many domains. This limited the 

adaptability of language models to specialized fields [5]. To address these limitations, 

pre-trained language models (PLMs) make use of unsupervised training on large 

unlabelled text corpora, enabling more generalized representations and improved 

performance across tasks. As PLMs evolved, it became apparent that increasing the 

number of model parameters also increased the performance of the model. This led 

to the emergence of LLMs, models with billions of model parameters trained on 

extensive datasets.  

 

Large Language Models (LLMs) rely on several foundational concepts to 

process and generate text effectively. A key preprocessing step is tokenization, which 

breaks down the input text into basic units (i.e. tokens), such as multiple words, 

words, subwords or characters [6], [7]. From the training corpus, LLMs construct a 

vocabulary of tokens and learn to predict the next token in a sequence based on 

context [5].  

After tokenization, the tokens are converted into a form that the model can 

process, i.e. vectors [8]. Word embedding techniques create high-dimensional vector 

representations where similar tokens are clustered together [9]. Contextual 

embeddings, on the other hand, generate different vector representations for the 

same token depending on its surrounding. Therefore, they are better suited for 
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capturing the overall meaning of an input sequence [8].  

 Most modern LLMs are built upon a transformer architecture [10], [11], 

replacing the inherently sequential recurrent neural networks like GRU in language 

modelling [10], [12]. This reduces computational complexity and allows for 

parallelization. Transformers rely on self-attention mechanisms, which identify the 

more relevant tokens in an input sequence by assigning different weights to them. 

This is done by mapping a query, key and value vector for the input sequences. The 

attention weights are computed by multiplying the query vector of each token with the 

key vectors of all the other tokens and applying a softmax function. These weights 

are then applied to the value vectors to create the contextual representation [10]. 

Transformer architectures can have both an encoder and decoder or only one of the 

two, and can use different variants of attention [13]. An encoder embeds the input 

sequence tokens into a sequence of high-dimensional representations. The decoder 

takes these representations and produces an output sequence one element at a 

time. 

Another important aspect of the Transformer architecture are positional encodings, 

which allow the model to keep track of the order of the sequence when processing it 

in parallel [10].  

LLMs are typically trained in two stages. The first is unsupervised pre-training, 

where the model is trained to predict tokens on a large universal corpus of unlabeled 

data, learning general language patterns. This provides a strong foundation for 

adapting the model to more specific tasks via a supervised training with a smaller, 

annotated dataset in the fine-tuning stage [5]. While fine-tuning helps adapt LLMs to 

more specialized areas, pre-trained LLMs can be used effectively without fine-tuning 

for a lot of downstream tasks (e.g. GPT-3, T5, LLama) [13]. 

Another way to improve the performance of LLMs is prompt engineering, 

which refers to the process of adapting the input prompt to direct the LLMs output. 

Examples of prompt engineering include adding instructions on how to process the 

user query or one or multiple examples of a required task (i.e. one-shot and few-shot 

prompting) [14]. 

Since their appearance, LLMs have revolutionized NLP fields like translation, 

summarization and conversational interactions. Moreover, LLMs exhibit emergent 

abilities like reasoning, planning and decision making, despite not being explicitly 

trained for them. These advancements have led to the application of LLMs in many 
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domains like question answering, autonomous conversational agents and code 

generation [13], [15].  

However, LLMs also face several challenges. For some tasks, fine-tuning is 

necessary, which requires a lot of memory and computational resources. Further, 

LLMs are prone to produce inaccurate information (i.e. hallucinations) that can be 

difficult to prevent and detect. Additionally, the  knowledge of a LLM is constrained by 

its training data, which may be outdated or inaccurate. Updating the model through 

retraining or fine-tuning is often expensive and complex [16].  

 

One approach to address these issues is Retrieval Augmented Generation 

(RAG), which extends the parametric memory of LLMs with non-parametric memory 

in the form of external knowledge bases. In RAG, the input query is encoded and 

used to retrieve relevant context from the knowledge base, which is then combined 

with the input query to generate a target output [17].This allows LLMs to access up-

to-date, domain-specific knowledge without fine-tuning, reducing hallucinations and 

increasing accuracy [18], [19].  

RAG systems typically consist of three components: Indexing, retrieval and 

generation. During indexing, information from external sources (e.g., PDFs, HTML) is 

processed into chunks and encoded as vectors using an embedding model. These 

vectors are then stored in a vector database. When the user enters a query, it is 

encoded into a vector with the same embedding model used in indexing. During 

retrieval, the input query vector is compared to the vector database and a similarity 

search retrieves the top-k relevant chunks from the database. During generation, the 

input query and the retrieved context are passed to the generating LLM. The model 

will generate an answer to the original input query based on the retrieved context 

and, if desirable, its own inherent parametric knowledge [18].  

To evaluate RAG systems, three components need to be considered: retrieval, 

generation and the whole system. Due to the diverse nature of potential knowledge 

bases, evaluating the retrieval can be challenging. Further, the generation should 

accurately reflect the retrieved context while considering relevancy to the input query. 

Additionally, open-ended question answering can be difficult to evaluate as there is 

often more than one correct answer. Holistic evaluation is essential, as failures in 

retrieval or generation can result in incorrect outputs [20].  
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However, when evaluating question-answering systems with provided reference 

answers, there are several classical machine learning metrics that can be easily 

calculated and that can help gain insight into the performance of the system: 

Accuracy, Precision, Recall and F1 score [21]. 

The success of a RAG system greatly depends on the quality and structure of 

the external knowledge base [22]. Knowledge sources can range from unstructured 

text to structured formats like Knowledge Graphs [18]. Knowledge Graphs are useful 

for representing hierarchical and complex relationships between entities. Each node 

is an object with properties and the directed edges between them are the different 

relationship types. Knowledge Graphs represent knowledge as triples: head (node), 

relation (edge) and tail (node) [23]. To embed the graph into a vector space, several 

methods can be applied that differ in how the head, tail and relation are represented. 

These methods can be broadly categorized into geometric approaches, semantic 

matching models, and more recent neural network-based approaches [24], [25]. One 

classic example is TransE, a geometric approach which aims for an embedding in a 

low-dimensional vector space by representing relationships as translations in the 

embedding space. That way, entities that are connected by a relationship are closer 

to each other [26]. While triplet-based embeddings provide a foundational 

representation, they often lack sufficient context for LLMs. Adding textual descriptions 

or supplementary information to graph nodes enhances their utility and facilitates 

better integration with downstream tasks [22]. When RAG systems use a Knowledge 

Graph as the external memory base, they are called Graph RAG systems [27].  

RAG presents a promising approach in software domains like code generation 

and documentation, where access to current, domain-specific information is critical 

[28]. For example, the REDCODER framework used RAG to retrieve relevant code 

snippets and summaries from a database as context for code generation, improving 

model performance [29]. It has been shown that retrieving code manuals and 

documentation as context enhanced the performance of pre-trained LLMs [30]. A 

benchmark study could show that RAG led to a higher accuracy of code generation 

across programming domains [28]. However, they also identified the importance of 

retrieving only the most relevant and factually correct data. 

Because of their ability to represent hierarchical relationships and long range 

dependencies between documents, Knowledge Graphs are particularly interesting for 

domains like code generation and documentation. For instance, Graph4Code models 
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Python code as a knowledge graph with nodes representing classes, functions, and 

methods, and edges capturing usage and documentation relationships. This 

approach has been successfully applied to analyze Python repositories on GitHub 

[31]. 

Compared to traditional RAG systems, Graph RAG has the benefit of accurately 

encoding relationships not only between entities, but also between multiple 

documents [22]. 

 

 

1.1 Related Work 

 

The implementations and applications of Graph RAG are diverse. For instance, 

SubgraphRAG [32] uses a lightweight multilayer perceptron to retrieve relevant 

subgraphs. KnowledGPT [33] first creates search queries for the Knowledge Graph, 

executes these and then uses the context to generate the response. Further, 

Knowledge Graphs have been used to represent source code, with a re-ranker 

mechanism limiting the amount of irrelevant data retrieved from the graphs [34].  

 To our knowledge, however, there is no research on Graph RAG systems that 

are built to both answer questions and generate code based on a specific library, 

source code or API documentation. 

 

In this thesis, we developed a question answering and code generation Graph RAG 

system for a cheminformatics toolkit, the CDPKit [35]. CDPKit is an open-source 

software implemented in C++, which combines software tools with a programming 

library. In addition to the C++ source code, CDPKit also provides a Python interfacing 

layer with extensive documentation. Our aim was to build a Graph RAG system that 

supports both question answering and code generation tasks using CDPKit's domain-

specific knowledge.  

The first step in our framework was to construct a Neo4j Knowledge Graph 

[36] from the CDPKit’s documentation, encoding the hierarchical relationships and 

properties of the classes and functions. Instead of embedding the knowledge graph 

into vector representations for the retrieval, we used a LLM to translate the user 

query into a Cypher query. The Cypher query was then executed to retrieve the 
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relevant nodes and relationships. This retrieved context, combined with the user 

query, was passed to a second LLM to generate the final output.  

To evaluate the performance of our Graph RAG system, we created a 

benchmark of test questions with reference contexts and answers specific to the 

CDPKit. For these questions, we calculated the metrics Accuracy, Precision, Recall 

and F1 Score using human evaluations and assessment by a third LLM. 

 Finally, we built a user-friendly dashboard to enable interaction with our Graph 

RAG system.  
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2 Graph RAG Design 

 

 

2.1 Objectives 

 

The goal was to build a Graph RAG system capable of answering general questions 

about the CDPKit and its structure, as well as providing Python code snippets and 

suggestions. This was achieved using pre-trained local LLMs without retraining or 

fine-tuning. The system was implemented in Python 3.11, with the Neo4j Knowledge 

Graph built from the CDPKit's Python interface documentation. 

 

 

2.2 CDPKit Documentation Features 

 

CDPKit is a C++ cheminformatics toolkit with a well-documented Python API 

available on GitHub [37]. The documentation is organized into several directories that 

contain domain-related doc files for classes and functions, including comments on 

their functionality. The Python API provides information about the definition, types, 

names, methods, input parameters, inheritance, default values, return types and 

decorators, but not on the internal content of classes or functions.  

 

 

2.3 Workflow Overview 

 

We started by parsing the CDPKit Python API documentation into a dictionary, 

extracting the relevant features and hierarchies of the classes and functions, as well 

as any associated comments. The dictionary was then used to create a Knowledge 

Graph in the Neo4j Aura Graph Database. The graph could be queried using Cypher, 

a declarative graph query language by Neo4j [38]. This enabled the retrieval of 

relevant context information, bypassing the need for often inadequate embedding of 

the Knowledge Graph into a vector database [22].  

User queries were processed by the retriever, which used a LLM to translate 

the input into Cypher queries. These queries were then executed on the Knowledge 

Graph to retrieve relevant context. Finally the retrieved context, along with the 
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original query, was then passed to the generator LLM, which produced an answer 

based on the provided context.  

Finally, the Graph RAG was evaluated on a set of test questions and a dashboard 

was built to make it accessible to users (see Fig. 1) 

 

 

Figure 1: Schematic overview of the general workflow of this thesis. 

 

 

2.4 Parsing the documentation  

 

To extract the necessary information for the Knowledge Graph from the 

documentation, we ensured that all features and functionalities were parsed while 

keeping track of the code hierarchies. For this purpose, we implemented the 

DocParser class. This class takes the path to a directory, parses its contents, and 

updates an internal dictionary with details of all classes and functions found within the 

files it has processed so far.  

The process begins by reading each file as unstructured text and extracting 

the comments with the Python module tokenize [39], which scans for comments and 

extracts them. Next, using the Python module ast [40], the content of the file is 

converted into an Abstract Syntax Tree (AST). An AST is a tree representation of 

source code,where nodes represent data elements and edges denote their 

hierarchical relationships [41]. Next to converting the code into an AST, ast also 

provides functions to traverse the tree and retrieve attributes such as line numbers, 

objects, types, and more.  

The AST and extracted comments are then passed to the 

ClassAndFunctionVisitor class, which inherits from ast.NodeVisitor. This visitor class 

traverses the AST from root to leaf nodes, visiting each class and function node. For 

each class node, it parses the following attributes: name, base, decorator, methods, 

attributes (with name, value and comment), nested classes and comments. For each 

function node, it parses the following attributes: name, input parameters (with name, 
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type, default and comment), decorators, the return type (type and comment) and 

comments.  

The parsed information is stored internally and can be accessed as a 

dictionary, providing the foundation for constructing the Knowledge Graph. 

 

 

2.5 Generating the Knowledge Graph 

 

A key requirement for the Knowledge Graph was to accurately represent the 

hierarchies and relationships of the individual entities. We based the naming and 

organization of the graph on the implementation of Strazh, a tool to build a 

Knowledge Graph from a C# Codebase [42].  

The graph can be logically divided into two levels: project structure and 

implementation. The project structure level includes the node types Project, Folder 

and File, connected by edges of the type INCLUDED_IN and DECLARED_AT, 

indicating the relationships between these nodes and the nodes of the 

implementational level. The implementation level included the node types Class, 

Function, Parameter and Decorator, with edges of the type INHERITS_FROM, HAS, 

OF_TYPE, indicating the dependencies and relationships between them. To ensure 

uniqueness and capture all available information, we added additional properties to 

the nodes (associated comments, attributes, parameters, defaults, types, return types 

and decorators) (see Fig. 2). 

We used Neo4j AuraDB, a free and fully managed graph database accessible 

via Python, for building the Knowledge Graph [43].  
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Figure 2: Nodes and Relationships of the Knowledge Graph. Dark blue nodes belong to the project 

structure, while light blue nodes belong to the implementational level. 

 

 

To create the Knowledge Graph, we implemented manager classes for each 

node type (ProjectManager, FolderManager, FileManager, ClassManager, 

FunctionManager, ParameterManager, TypeManager and DecoratorManager). They 

were responsible for traversing the parsed documentation and executing Cypher 

queries to create the nodes and edges in the Neo4j database. The 

KnowledgeGraphManager class was responsible for coordinating the generation 

process via the manager classes. This approach ensured the Knowledge Graph 

accurately captured relationships and interactions among classes and functions 

across multiple files. 
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2.6 Graph RAG System 

 

The Graph RAG system was implemented using two LLMs: one involved in the 

retrieval process and one for generating the final answer. Both were free, pre-trained 

LLMs accessed via text generation pipelines from Huggingface’s transformer library 

[44]. These pipelines offer a straightforward API for using pre-trained LLMs in 

inference tasks such as question answering. 

 

When an input query was received, it was first processed by the retrieval LLM, 

which translated the query into a Cypher query (see Fig. 3). The model we used for 

this was CodeLlama-13b-Instruct-hf, a model designed for general-purpose code 

synthesis and comprehension [45]. We based our implementation of the Cypher 

query generation on [46]. To improve the accuracy of the translation into Cypher, we 

applied prompt engineering,  including clear instructions, the schema of the 

knowledge graph (node and edge types, as well as their directions), and two positive 

examples (see Fig. 4). The generated Cypher query was then executed on the Neo4j 

AuraDB to retrieve the relevant information.  

Subsequently, the input query, its Cypher translation, and the retrieved context 

were passed to the generating LLM, Qwen2.5-7B-Instruct, which is capable of coding 

and understanding structured data and has a large context window [47]. Using 

prompt engineering again, we instructed the model to generate an answer strictly 

based on the provided context. If applicable, it was also tasked to include a concise 

Python example. The prompt included clear guidelines and one positive example to 

further refine the output (see Fig. 5). 
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Figure 3: Schematic representation of the Graph RAG System. 
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Figure 4: System prompt that was used to instruct Code Llama to translate the user query into a 

Cypher query. 

 

 

 

Figure 5: System prompt that was used to instruct Qwen2.5 to provide an answer to the input query 

based on a retrieved context. 
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2.7 Evaluation 

 

To evaluate our Graph RAG system, we created a set of 32 test questions about the 

CDPKit. 17 of these questions were focused on specific structural aspects or classes 

and methods (see Tab. 1), while the other 15 were worded more general and open, 

sometimes not even naming classes or functions (see Tab. 2).  

 

Table 1: Specific test set questions. 

Specific Questions 

What are the folders included in the CDPKit Project? 

What files are included in the folder Base? 

What class does the class AromaticRingSet inherit from? 

What methods does the class AtomBondMapping have? 

What parameters does calcGeometricalDiameter take? 

What is the method calculate of the class MolecularComplexityCalculator good 
for? 

Does the parameter atom of the function hasUFFType have a default value? 

What does the function getMMFF94TypeIndex return? 

What can you tell me about the class InteractionType? 

What’s the meaning of the attribute R of class AtomConfiguration? 

What type is parameter feature of function perceiveExtendedType? 

What does the parameter feature of function hasHydrophobicity stand for? 

In what functions does the parameter feature appear? 

What functions are in the file Feature_Functions.doc.py? 

What type does getFeatures return? 

How many parameters does norm1 take? 

Can the method __add__ of the class ConstLMatrixTranspose take an integer for 
the parameter e? 
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Table 2: General test set questions. 

General Questions 

How does the method assign of the class MassComposition work? 

How can I use the class ElementHistogram? 

How can I initialize the class AromaticSubstructure? 

How can I assign a BemisMurckoAnalyzer? 

How to read in molecules? 

How to read in SDF Molecules? 

How to read in SMILES? 

How to generate Conformations? 

Can you generate Confromations with the CDPKit? If yes, how? 

How to iterate over Atoms of a Molecule? 

How can I use the CDPKit to iterate over Atoms? 

How can I assign an instance of the class BemisMurckoAnalyzer? 

How to read in molecules with the class MoleculeReader? 

How to read in SDF Molecules with the class SDFMoleculeReader? 

How to read in SMILES with the class SMILESMoleculeReader? 

How to generate Conformations with the class ConformerGenerator? 

How to iterate over Atoms of the class Molecule? 

 

 

For each question, we provided a reference context and answer to serve as a 

baseline for comparison. However, these references did not represent the only 

possible correct solutions to the questions. The test set was processed by the Graph 

RAG system and executed 100 times. 

We evaluated the performance of the system by scoring the retrieved context, 

the generated answer based on the context, and the final answer in relation to the 

input query. Results were categorized into true positives (TP), false positives (FP), 

true negatives (TN), and false negatives (FN). A result was classified as:  

 

● TP if it matched the reference or provided an equally valid alternative. 

● FP if it included incorrect information not present in the reference. 
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● FN if it failed to generate an answer despite the reference providing 

one. 

● TN if neither the system nor the reference provided an answer. 

 

From these classifications, we calculated the standard evaluation metrics:  

 

●  Accuracy: 
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

● Precision: 
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

● Recall: 
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

● F1 Score: 
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

 

These metrics were computed for each of the 32 questions over the 100 repetitions, 

and we determined the mean and standard deviation of the results. 

Since the system was also instructed to provide Python code snippets when 

relevant, we evaluated these snippets for syntactical correctness and from that 

calculated the Accuracy.  

 

 The scoring of the test set was performed by an LLM (Falcon3-10B-Instruct, 

Tiiuae/Falcon3-10B-Instruct · Hugging Face, 2024), which we provided with detailed 

scoring instructions. These included positive examples of TP, FP, TN and FN. 

Additionally, 20 of the 100 repetitions of the testset were evaluated manually by a 

human reviewer.  

 

 

2.8 Dashboard 

 

To make the final Graph RAG available to users, we built a chat-bot like dashboard 

with the dash library in Python [49] 

The dashboard included a chat window (see Fig. 6), as well as example questions 

and an “About” page with an introduction to the system as well as the link to the 

CDPKit documentation (see Fig. 7). 
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Figure 6: Chat window of the dashboard for the Graph RAG System. 

 

 

 

Figure 7: About page of the dashboard for the Graph RAG System. 
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3 Results  

 

 

The evaluation of the Graph RAG system was divided into two categories: specific 

and general questions. The performance was scored across four dimensions: the 

retrieved context, the answer based on the retrieved context, the code snippet, and 

the overall answer quality in relation to the input question. Evaluations were 

conducted both manually and with an LLM. 

 

 

3.1 Manual Evaluation  

 

For specific questions, the manual evaluation revealed the following results (see Tab. 

3):  

 

● Accuracy: The retrieved context showed an accuracy of 0.58 (± 0.06), slightly 

above chance. This negatively impacted the overall answer accuracy, which 

was 0.59 (± 0.06). However, the answer based on the retrieved context and 

the code snippets achieved high accuracies of 0.84 (± 0.08) and 0.98 (± 0.03), 

respectively. 

● Precision: The retrieved context showed a high precision of 0.9 (± 0.09), even 

outperforming the answer based on the context with 0.8 (± 0.96). The 

precision of the overall answer was 0.72 (± 0.09). 

● Recall: The retrieved context achieved a recall of 0.62 (± 0.06), while the 

answer based on the context showed perfect recall (1 ± 0). The overall recall 

was 0.76 (± 0.08). 

● F1 Score: The F1 Score for the retrieved context was 0.73 (± 0.05), while the 

context-based answer achieved an even higher score of 0.89 (± 0.05). The F1 

score for the overall answer was 0.73 (± 0.06). 

 

For general questions, the manual evaluation led to the following results (see Tab. 3):  

 

● Accuracy: The retrieved context accuracy was low at 0.16 (± 0.07), which 

also affected the overall answer accuracy (0.16 ± 0.07). The answer based on 
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the retrieved context and the code snippets had high accuracies of 0.74 (± 

0.08) and 0.98 (± 0.04). 

● Precision: The retrieved context achieved good precision of 0.74 (± 0.24), 

outperforming the context-based answer (0.44 ± 0.11). The precision of the 

overall answer was 0.35 (± 0.16).  

● Recall: The retrieved context recall was low at 0.17 (± 0.07), while the context 

based answer achieved perfect recall (1 ± 0). The recall of the overall answer 

was 0.22 (± 0.09).  

● F1 Score: The F1 scores were 0.27 (± 0.11) for the retrieved context, 0.60 (± 

0.11) for the context-based answer, and 0.27 (± 0.11) overall. 

 

Comparing the results of the answers to the specific questions to those of the 

answers to the general questions, it becomes clear that the system performed better 

with specific questions. Metrics such as the accuracy and recall of the retrieved 

context, as well as the precision of the context-based answer, were much higher for 

specific questions. The accuracy of the code snippets, however, remained 

consistently high regardless of the question type. 

 

Table 3: Result of the manual evaluation of 20 repetitions of the 32 testset questions.The metrics 

represent mean values with the standard deviation. 
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3.2 LLM-Based Evaluation 

 

The LLM-based evaluation showed similar results to that of the manual evaluation, 

with similar trends across specific and general questions (see Tab. 4). For the 

specific questions, the accuracy of the retrieved context and the overall answer were 

close to chance, while the answer based on the context and the code showed a high 

accuracy. Precision of the context and context-based answer both were high, while 

the precision of the overall answer was above chance. Recall of the retrieved context 

was near chance, while the answer based on the context had a high recall. The recall 

of the overall answer was good. The F1 score of the context-based answer was very 

high, while the retrieved context and overall answer had a good F1 score.  

The results within the general questions showed low accuracy, recall and F1 

score for the retrieved context. The answer based on the context had good accuracy, 

precision and F1 score, with a slightly lower recall. The accuracy, recall and F1 score 

of the overall answer were low, while precision was slightly above chance. The code 

showed perfect mean accuracy (see Tab. 4). 

 In general it can be said that the specific questions lead to a much better 

performance regarding accuracy, recall and F1 score of the context and overall 

answer, while the accuracy, recall and F1 score of the answer based on the context 

were also higher in the specific questions, but not that extreme. 

 

Table 4: Result of the evaluation of 100 repetitions of the 32 testset questions by the LLM Falcon3. 

The metrics represent mean values with the standard deviation. 
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3.3 Comparison Manual and LLM 

 

In order to directly compare the results of the manual and automated evaluation by 

the LLM, we also calculated the metrics of the LLM evaluation solely based on the 

questions where a manual evaluation was available.  

In general, manual and LLM evaluation showed a good agreement. For the 

specific questions, manual and LLM mean accuracy were similar for all domains, 

while the precision of the LLM results was slightly higher for the retrieved context and 

answer based on the context, but slightly lower for the overall answer. Recall and F1 

score were also slightly lower for the LLM evaluation than for the manual one. 

When it comes to the general questions, the LLM evaluation yielded in higher 

accuracy and precision than the manual one, while recall and F1 score were very 

similar (see Tab. 3, Tab. 5) 

 

Tab. 5: Result of the evaluation of the manually evaluated 20 repetitions of the 32 testset questions by 

the LLM Falcon3. The metrics represent mean values with the standard deviation. 
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4 Discussion 

 

 

In this study we aimed to develop a Graph RAG system for the CDPKit, enabling 

question answering about its structure and usage, as well as generating code 

snippets in Python. The system was evaluated on a set of specific and general test 

questions using both a human evaluator and an LLM. We found that the performance 

of the system greatly depended on the type of questions, with specific questions 

leading to better results than general ones. The code snippets provided by the 

generator showed a consistently high syntactical accuracy. 

 

In detail, we found that the accuracy for specific questions was around ten 

percent above chance for the retrieved context and the overall answer, while the 

code and answer based on the context showed a high accuracy. Further, the 

retrieved context showed the lowest recall within the evaluated components. This 

indicates that the performance of the overall answer of the system is limited by the 

retrieved context. To interpret this, it is important to remember that we translated the 

user query into a Cypher query, directly querying the Neo4j Knowledge Graph 

instead of embedding it into a vector index. Therefore, the accuracy and recall of the 

retrieved context were entirely dependent on the accuracy of the Cypher query. The 

difference to a classical similarity search here is that the direction and naming of the 

relationships and nodes is crucial for a correct result, and slight inaccuracies in the 

Cypher query will lead to completely incorrect results. The high accuracy, recall and 

precision of the answer strictly based on the context showed that the system is likely 

to perform well if the provided reference context is correct.  

This also becomes apparent in the general questions, where we saw a similar 

pattern, but with overall poorer performance. Here accuracy and recall of the 

retrieved context are low, resulting in a low overall accuracy and recall. This, again, 

can be attributed to a poor performance of the translation of the user query into 

Cypher. When no specific class or function names were provided, CodeLlama 

struggled to formulate accurate Cypher queries, often trying to reference nonexistent 

classes or functions. Interestingly, in the manual evaluation, the precision of the 

answer based on the context also drops with the general questions. This seems to be 
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due to the fact that the generated answer could be influenced by an incorrect Cypher 

query, referencing non-existent objects that were mentioned in the Cypher query.  

When comparing the manual evaluation with that of the LLM directly, it 

appears that they agreed on the accuracy, recall and F1 score. For precision, the 

LLM slightly underestimated the results of the specific questions and slightly 

overestimated that of the general ones. Therefore, we conclude that in this case, 

evaluation by the LLM led to reliable results, making it a valuable alternative to costly 

evaluation by human reviewers.  

For the code example snippets, the syntactical accuracy is quite high. When 

looking at the provided code snippets, however, they were generally superficial, only 

showcasing basic use of the retrieved context. Often, they were not immediately 

executable, as they included placeholders or lacked the correct import statements, 

therefore only providing basic support to a programmer.  

To contextualize the system’s performance, we can compare its F1 scores to 

that of other RAG systems. SubgraphRAG, for example, reports F1 scores from 66% 

to 78%, which is similar to the scores of our system [32]. KnowledGPT on the other 

hand reports F1 scores of up to 93%, clearly outperforming our system [33]. 

However, comparisons of the performance of different RAG systems are of limited 

meaning when not executed on the same benchmark questions.  

 

We think that this Graph RAG system is proficient at answering specific 

questions about the CDPKit and providing basic code snippets. However, it needs 

further development to be able to answer general open questions reliably and provide 

extensive code generation. One idea to improve the system would be to try out 

classical knowledge graph embedding and similarity search, which could mitigate the 

issues of the incorrect Cypher queries. To increase the complexity of the provided 

code, we suggest adding code samples to the Knowledge graph node properties. 

Another possible future development of the graph RAG system might involve 

enabling more complex retrieving techniques and enabling the system to decide 

whether the input user query needs to be translated into a Cypher query or should be 

sent directly to the generator.  

 

In summary, this study provides a Graph RAG system that enables specific 

question answering and basic code generation for the CDPKit. It has been made 
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accessible to users via a chat-bot like dashboard and provides opportunities for 

further development and expansion of its functionalities.  
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5 Code  

 

 

5.1 Accessibility 

 

The code for this thesis is available publicly on GitHub under the following link: 

https://github.com/molinfo-vienna/graphRAG. It was written by the author of this 

thesis, Selina Schöndorfer. The GitHub repository includes a README.md, which 

introduces the Graph RAG system and explains how to install the necessary 

dependencies, create the knowledge graph and run the system as a dashboard or 

within the command line.  
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Figure 8: README.md file of the Graph RAG systems GitHub repository. 

 

 

5.2 Implementation 

 

Parsing the Documentation 

 

To parse the CDPKit Python API documentation, we implemented the DocParser 

class (see Fig. A1). This class requires the path to the target directory as an input 

parameter upon initialization and stores the parsed info into a dictionary. Its key 

methods include:  

 

• parse_dir: Extracts .doc files and the folder name from the specified 

directory into a list, then calls parse_files. 

• parse_files: Reads the content of each .doc file into a string, extracts 

comments via extract_comments, and parses the file into an Abstract 

Syntax Tree (AST). It then uses ClassAndFunctionVisitor to process the 

parsed comments and visit the AST, storing the returned information a 

dictionary.  

• extract_comments: Extracts comments from a string.   

 

Additionally, DocParser includes helper methods to correct syntax errors in the .doc 

files. 
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The other important class to parse the documentation was the 

ClassAndFunctionVisitor class (see Fig. A2), which inherits from the class 

NodeVisitor from the ast package [40]. Its key methods include:  

 

• visit_ClassDef: Processes class nodes using parse_class, visits the 

child nodes and tracks nested class hierarchies.  

• visit_FunctionDef: Processes function nodes that are not methods of a 

class by using parse_function and visits the child nodes.  

• parse_class: Collects the class information (name, bases, decorators, 

methods, attributes, nested classes and associated comments) by using 

parse_comments and traverse_body to gather the details.  

• traverse_body: Parses a class node’s child nodes depending on their type 

by calling relevant methods like parse_function for methods, 

parse_attributes for class attributes and parse_class for nested 

classes. 

• parse_comments: Extracts comments based on tags that indicate their 

corresponding object type and on line numbers.  

• parse_function: Parses function information (name, parameters, 

decorators, return type, comments).  

• parse_attributes: Parses class attribute information (name, value, 

associated comments).   

• parse_parameters: Parses parameter information (name, type, default 

value, comments).   

Knowledge Graph 

 

The Neo4j knowledge graph was built using several manager classes, each 

responsible for handling specific types of nodes and relationships (see Fig. 2).  

The central class, KnowledgeGraphManager (see Fig. A3), coordinates the 

submanagers and provides them with parsed information from the DocParser. Its 

key function is:  
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• create_graph: Invokes the create methods of ProjectManager, 

FolderManager, FileManager, ClassManager and 

FunctionManager.  

 

The submanager classes and their key functions are:  

• ProjectManager (see Fig. A4):  

o _create_project_node: Creates project node using its name. 

• FolderManager (see Fig. A5):  

o _create_folder_nodes: Creates folder node using its name.  

o _create_folder_relationships: Creates an INCLUDED_IN 

relationship between a project and its folder.  

• FileManager (see Fig. A6):  

o _create_file_nodes: Creates the file node based on name.  

o _create_file_relationships: Creates an INCLUDED_IN 

relationship between a folder and its file.  

• ClassManager (see Fig. A7):  

o _create_class_node: Creates the class node based on name. 

o _create_class_inheritance_relationship: Creates an 

INHERITS_FROM relationship between classes. 

o _create_class_file_relationship: Creates a DECLARED_AT 

relationship between a file and its classes. 

o _create_nested_class_relationship: Creates a HAS 

relationship between a nested class and its parent. 

o _create_class_relationship: Manages the creation of class 

nodes and all associated relationships, including nodes and 

relationships for methods.  

• FunctionManager (see Fig. A8):  

o _create_function_node: Creates a function node based on its 

name, comment, input parameters, decorators and return types to 

differentiate between functions with the same name. 

o _create_function_file_relationship:  Creates a 

DECLARED_AT relationship between a file and a function. 
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o _create_function_class_relationship: Creates a HAS 

relationship between a class and its method. 

o _create_function_inputs: Creates the nodes and relationships of 

the function input parameters and decorators by invoking the 

corresponding methods of their classes. 

• ParameterManager (see Fig. A9):  

o _create_parameter_node: Creates a parameter node based on its 

name, comment, type and default value. 

o _create_parameter_function_relationship: Creates a HAS 

relationship between a function and its parameters.  

• TypeManager (see Fig. A10):  

o _create_type_relationship: Creates an OF_TYPE relationship 

between a parameter and a class.  

• DecoratorManager (see Fig. A11):  

o _create_decorator_node: Creates a decorator node based on its 

name. 

o _create_decorator_class_relationship: Creates a HAS 

relationship between a class and its decorator. 

o _create_decorator_function_relationship: Creates a HAS 

relationship between a function and its decorator. 

Graph RAG System 

 

The Graph RAG system was designed to be runnable from the command line by 

executing the graphRag.py file with a user query as a command line argument. This 

file initializes the pipelines for both LLMs and passes the user query along with the 

pipelines to the key function (see Fig. A12):  

 

• question_rag: Processes the user query and pipelines by calling 

retrieve_context to get the translated Cypher query and the retrieved 

context. It then uses generate_rag_prompt to create the system prompt, 

which is passed to generate_answer_qwen for generating the final answer. 
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The function returns the Cypher query, the retrieved context and the 

generated answer to the user query.  

 

To retrieve the relevant context for the user query, the following key functions were 

used (see Fig. A13):  

• retrieve_context: Passes the user query to get_cypher_query, then 

runs the resulting Cypher query using run_query. 

• get_cypher_query: Uses generate_cypher_query_prompt and 

passes the generated prompt to generate_answer_code_llama to 

generate the Cypher query. 

• generate_cypher_query_prompt: Creates an instructional prompt for 

CodeLlama to translate the user query into a Cypher query.  

• generate_answer_code_llama:  Combines the user query and system 

prompt, formats them for CodeLlama, and parses the output to return only the 

translated Cypher query. 

 

To generate the final answer to the user query, the following key functions were 

implemented (see Fig. A14):  

• generate_rag_prompt: Creates a prompt for Qwen by combining the 

Cypher query, retrieved context, and positive examples to instruct it to 

generate an answer based strictly on the context. 

• generate_answer_qwen: Combines the user query and system prompt, 

passes them to the Qwen pipeline and returns the generated answer.  

 

The Graph RAG system also includes several utility functions that were reused 

across the main functions (see Fig. A15). To host the Graph RAG dashboard, the file 

graphRag_dashboard.py can be executed (see Fig. A20).  

Evaluation  

 

The function benchmark_rag was used to run the Graph RAG system on the test 

set questions (see Fig. A12): 

• benchmark_rag: Parses the test set questions and passes them to 

question_rag a hundred times. For each iteration, it saves the user 
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prompt, retrieved context, final answer, Cypher query, a model 

generated context, model answer, and placeholders for scores into 

dictionaries. These results are stored as JSON files. 

 

To score the answers to the test set questions with an LLM, the key functions used 

were (see Fig. A16):  

• testset_scoring_llm: Iterates through the test set results files, 

gets the necessary prompts and passes them to 

generate_answer_falcon. The scores are appended to the result 

files and saved in the corresponding JSON file.  

• generate_answer_falcon: Passes the appropriate prompt to the 

pipeline and returns the generated score.  

 

Utility functions also supported the scoring process (see Fig. A17).  

 

To evaluate the scores of the test set results, utility functions (see Fig. A18) 

supported the following main functions (see Fig. A19):  

• testset_evaluation: Computes metrics such as Accuracy, 

Precision, Recall, and F1 Score for various evaluation categories (e.g., 

retrieved context, generated answer, code) based on manual or 

automated scoring. 

• compare_manual_automated: Compares the results of the 

automated scoring with that of the manual ones for each category.  
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Figure A1: DocParser class.  
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Figure A2: ClassAndFunctionVisitor class.  
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Figure A3: KnowledgeGraphManager class.  
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Figure A4: ProjectManager class.  

 

 

 
 

Figure A5: FolderManager class.  
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Figure A6: FileManager class. 
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Figure A7: ClassManager class.  
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Figure A8: FunctionManager class.  
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Figure A9: ParameterManager class.  

 

 
 

Figure A10: TypeManager class.  

 

 
 

Figure A11: DecoratorManager class.  
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Figure A12: graphRag.py 

 

 

 

 

 

 



59 

 
 

Figure A13: retriever.py 

 

 

 

 

 
 

Figure A14: generator.py 
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Figure A15: rag_utils.py 
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Figure A16: llm_scoring.py 
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Figure A17: scoring_utils.py 

 

 

 



65 

 
 

Figure A18: evaluation.py 
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Figure A19: evaluation_utils.py 
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Figure A20: graphRag_dashboard.py 


