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   foreword 
 

  
 

   

   In Essential GraphRAG, Tomaž and Oskar demonstrate how to implement a GraphRAG system from scratch, without relying on existing frameworks. They pull back the curtain, revealing the code behind contemporary AI applications. The book covers major GraphRAG innovations through worked examples you can code and run. Exercises explore nuances and alternatives, with references to primary sources on arXiv. Starting with simple RAG patterns, chapters progress through GraphRAG techniques to agentic workflows.
 

  
 

   

   By working through these coding examples, reading referenced articles, and solving exercises, you’ll learn
 

  
 

   

   	 How RAG improves large language model accuracy by retrieving external data 
 

   	 How knowledge graphs extend RAG for more structured and precise information retrieval 
 

   	 How to use query rewriting techniques and strategies for embedding and document chunking, adapted for various use cases 
 

   	 How to build agentic systems for complex scenarios 
 

  
 

   

   At every step, Tomaž and Oskar guide you on improving retrieval accuracy, structuring responses, and evaluating results, helping you understand the tradeoffs of mixing and matching approaches for your specific needs.
 

  
 

   

   Ultimately, the power of AI applications doesn’t come from ineffable magic but from confident, experienced builders who understand these technologies and continuously learn by doing. We’ve seen large language model–based applications evolve rapidly over the past eight years, with much more to come. This book provides a solid foundation for building the future.
 

  
 

   

   —Paco Nathan
 

  
 

   

   Senzing, Principal DevRel Engineer
 

  


 

   

   preface
 

  
 

   

   This book came about because we (Oskar and Tomaž) had been working together for a few years at Neo4j and kept arriving at the same thought: someone should write a book about combining knowledge graphs with retrieval-augmented generation (RAG). We figured it might as well be us. The idea wasn’t born from some grand epiphany—it was just a practical realization. We’d both spent enough time with graphs, machine learning, and generative AI to see that large language models (LLMs) had real limitations, like outdated info or missing domain-specific details. Knowledge graphs seemed like an obvious way to fix that, and it wasn’t that hard to put the two together.
 

  
 

   

   Our backgrounds made it a natural fit. Oskar, with over 20 years as a software engineer and a decade at Neo4j, leads the generative AI engineering team, focused on helping developers build GenAI apps with graphs. Tomaž has deep experience in graph algorithms, machine learning, and LLMs, contributing to frameworks like LangChain and LlamaIndex while writing about practical LLM applications. Together, we’d already been tinkering with these ideas—extracting structured data from text, plugging it into graphs, and using it to boost RAG. It worked well enough in our day-to-day that we thought others could use it too.
 

  
 

   

   The result is this book. It’s not here to overcomplicate things or sell you on some revolutionary breakthrough. We wrote it because we’ve seen GraphRAG solve problems in a way that’s practical and doable, whether you’re new to this or already deep in the weeds. If you’re curious about making LLMs sharper with graphs, this is our take on how to get it done. Simple as that.
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   about this book
 

  
 

   

   Essential GraphRAG was written to guide readers in enhancing retrieval-augmented generation (RAG) systems by integrating knowledge graphs with large language models (LLMs). The book aims to address the limitations of LLMs, such as outdated knowledge, hallucinations, and a lack of domain-specific data, by combining structured and unstructured data through practical methodologies and hands-on examples.
 

  
 

   

   The primary goal of Essential GraphRAG is to demonstrate how knowledge graphs can improve the accuracy, performance, and traceability of RAG systems in generative AI applications. The book explores grounding LLMs with both structured and unstructured data, offering a comprehensive guide to building a GraphRAG system from scratch. It combines years of expertise in graphs, machine learning, and application development to present stable architectural patterns in a rapidly evolving field. Readers will learn to implement GraphRAG without relying on existing frameworks, extract structured knowledge from text, and develop applications that blend vector-based and graph-based retrieval methods, including Microsoft’s GraphRAG approach. The book encourages active participation through its liveBook discussion forum to refine content and deepen collective understanding.
 

  
 

   

   Who should read this book
 

  
 

   

   This book is intended for data scientists, software engineers, and developers seeking to enhance their generative AI toolkit by incorporating knowledge graphs into RAG workflows. It is ideal for individuals with a basic understanding of Python, LLMs, and data processing concepts who are eager to address LLM limitations, like factual inaccuracies or knowledge cutoffs. The structured approach caters to a broad audience: junior practitioners will gain a solid foundation in GraphRAG techniques, while experienced professionals will find advanced strategies, like Microsoft’s GraphRAG implementation, and fresh perspectives to elevate their work. Domain experts in fields like legal, literature, or business intelligence, where structured data and narrative summarization are critical, will also benefit from the practical examples and methodologies.
 

  
 

   

   How this book is organized: A road map
 

  
 

   

   The book is organized into eight chapters, some building on the previous to guide readers from foundational concepts to advanced GraphRAG implementations:
 

  
 

   

   	 Chapter 1 introduces LLMs, their limitations (e.g., knowledge cutoff, hallucinations), and how RAG with knowledge graphs can overcome these issues using structured and unstructured data. 
 

   	 Chapter 2 covers embeddings, vector similarity search, and hybrid search techniques, providing a practical walkthrough of a RAG application, starting with unstructured data. 
 

   	 Chapter 3 delves into sophisticated retrieval methods to enhance RAG performance. 
 

   	 Chapter 4 teaches you how to convert natural language questions into Cypher queries for graph databases, enhancing retrieval flexibility. 
 

   	 Chapter 5 explores autonomous RAG systems that use LLMs and graphs for complex tasks. 
 

   	 Chapter 6 guides readers through extracting structured data from text (e.g., legal contracts) and building knowledge graphs, using tools like Neo4j. 
 

   	 Chapter 7 explores Microsoft’s GraphRAG pipeline using The Odyssey, focusing on entity/relationship extraction, community detection, and global/local search retrieval for summarization-heavy RAG applications. 
 

   	 Chapter 8 focuses on assessing the performance and reliability of GraphRAG systems. 
 

  
 

   

   The book progresses from understanding LLM constraints and basic RAG to advanced graph-enhanced techniques, including Microsoft’s innovative summarization-focused approach, culminating in practical applications and evaluation
 

  
 

   

   About the code
 

  
 

   

   This book contains many examples of source code both in numbered listings and in line with normal text. In both cases, source code is formatted in a fixed-width font like this to separate it from ordinary text.
 

  
 

   

   In many cases, the original source code has been reformatted; we’ve added line breaks and reworked indentation to accommodate the available page space in the book. In some cases, even this was not enough, and listings include line-continuation markers (↪). Additionally, comments in the source code have often been removed from the listings when the code is described in the text. Code annotations accompany many of the listings, highlighting important concepts.
 

  
 

   

   Source code examples are available in the book’s accompanying GitHub repository, https://github.com/tomasonjo/kg-rag. The repository contains Jupyter notebooks and Python scripts for each chapter, allowing readers to follow along with the book’s content. The code is organized by chapter, making it easy to find specific examples and implementations. Additionally, the repository includes instructions for setting up the necessary environment and dependencies to run the code locally.
 

  
 

   

   You can get executable snippets of code from the liveBook (online) version of this book at https://livebook.manning.com/book/essential-graphrag. The complete code for the examples in the book is also available for download from the Manning website at https://www.manning.com/books/essential-graphrag.
 

  
 

   

   liveBook discussion forum
 

  
 

   

   Purchase of Essential GraphRAG includes free access to liveBook, Manning’s online reading platform. Using liveBook’s exclusive discussion features, you can attach comments to the book globally or to specific sections or paragraphs. It’s a snap to make notes for yourself, ask and answer technical questions, and receive help from the authors and other users. To access the forum, go to https://livebook.manning.com/book/essential-graphrag/discussion. 
 

  
 

   

   Manning’s commitment to our readers is to provide a venue where a meaningful dialogue between individual readers and between readers and the authors can take place. It is not a commitment to any specific amount of participation on the part of the authors, whose contribution to the forum remains voluntary (and unpaid). We suggest you try asking them some challenging questions lest their interest stray! The forum and the archives of previous discussions will be accessible from the publisher’s website as long as the book is in print.
 

  
 

 

   

   about the authors
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   Oskar Hane is a senior staff software engineer at Neo4j. He has over 20 years of experience as a software engineer and 10 years of experience working with Neo4j and knowledge graphs. He is currently leading the generative AI engineering team within Neo4j, with a focus on providing the best possible experience for other developers to build GenAI applications with Neo4j.
 

  


 

   

   about the cover illustration
 

  
 

   

   The figure on the cover of Essential GraphRAG is “Likanienne,” or “A woman from Lika,” taken from Balthasar Hacquet’s Illustrations de L’Illyrie et la Dalmatie.
 

  
 

   

   In those days, it was easy to identify where people lived and what their trade or station in life was just by their dress. Manning celebrates the inventiveness and initiative of the computer business with book covers based on the rich diversity of regional culture centuries ago, brought back to life by pictures from collections such as this one.
 

  


 

   

   
1  Improving LLM accuracy

 

  
 

   

   This chapter covers
 

    

    	Large language models
 

    	Limitations of large language models
 

    	Shortcomings of continuously finetuning a model
 

    	Retrieval-augmented generation
 

    	Combining structured and unstructured data to support all types of questions
 

   
 

  
 

   

   Large language models (LLMs) have shown impressive abilities across a variety of domains, but they have significant limitations that affect their utility, particularly when tasked with generating accurate and up-to-date information. One widely adopted approach to addressing these limitations is retrieval-augmented generation (RAG), a workflow that combines an LLM with an external knowledge base to deliver accurate and current responses. By pulling data from trusted sources at run time, RAG can significantly reduce, though not completely eliminate, hallucinations, one of the most persistent challenges with LLMs. In addition, RAG allows systems to seamlessly bridge general knowledge with niche, domain-specific information that may not be well represented in the pretraining data of the model. Despite these advantages, RAG implementations have often focused solely on unstructured data, overlooking the potential of structured sources like knowledge graphs. 
 

  
 

   

   Knowledge graphs are structured representations of entities, their attributes, and their relationships, offering a semantic framework that bridges structured and unstructured data. For instance, a customer support transcript is unstructured text, while a product catalog or user database is structured. Bridging them means enabling a system to connect conversational mentions of “my recent laptop order” to the structured record of the exact model, purchase date, and warranty status. Knowledge graphs serve as a critical component to RAG by enabling accurate, context-rich, and interconnected information retrieval—such as linking a customer query about a drug interaction to structured medical guidelines, prior case studies, and the patient’s history in real time. Integrating knowledge graphs into RAG pipelines can overcome LLM limitations, enhance data retrieval, and facilitate a holistic approach to managing and using diverse data types across domains like healthcare, finance, and technical support. 
 

  
 

   

   This book is for developers, researchers, and data practitioners who want to build more robust, explainable, and capable RAG systems. You’ll learn both how to augment existing RAG architectures with knowledge graphs and how to build new GraphRAG pipelines from scratch. Along the way, you’ll gain practical skills in data modeling, graph construction, retrieval workflows, and system evaluation.
 

  
 

   

   By the end of this book, you’ll have a clear understanding of how LLMs, RAG, and knowledge graphs intersect to create robust systems capable of addressing complex queries and delivering accurate, reliable, and explainable results.
 

  
 

   

   
1.1 Introduction to LLMs
 

  
 

   

   By now, you’ve likely encountered or heard about ChatGPT, one of the most prominent examples of conversational AI. ChatGPT is a conversational user interface developed by OpenAI and powered by LLMs, such as GPT-4 (OpenAI et al., 2024). LLMs are built on transformer architecture (Vaswani et al., 2017), which enables them to process and generate text efficiently. These models are trained on vast amounts of textual data, allowing them to learn patterns, grammar, context, and even some degree of reasoning. The training process involves feeding the model large datasets that include a diverse range of text with the primary objective of enabling the model to accurately predict the next word in a sequence. This extensive exposure enables the models to understand and generate human-like text based on the patterns they have learned from the data. For example, if you use “Never gonna” as input to an LLM, you might get a response similar to that shown in figure 1.1. 
 

  
 

   

   Figure 1.1 shows an LLM processing the input “Never gonna” and generating the output “give you up.” This highlights how an LLM relies on patterns and associations it learned during training, such as those derived from common cultural references, including popular music. The quality and relevance of these responses depend significantly on the diversity and depth of the training dataset, which determines the LLM’s ability to recognize and replicate such patterns.
 

  
 

    

   [image: figure] 

   
Figure 1.1 LLMs are trained to predict the next word.


  
 

   

   While LLMs excel at generating contextually appropriate text, they are far more than just autocomplete systems. Their remarkable ability to follow instructions and adapt to a wide range of tasks is impressive. For example, as shown in figure 1.2, you can ask ChatGPT to generate a haiku about a specific topic in a particular style. This capability illustrates not just pattern recognition but an understanding of task-specific instructions, enabling creative and nuanced outputs well beyond simple text prediction.
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Figure 1.2 Writing a haiku with ChatGPT


  
 

   

   The ability of LLMs to follow instructions and generate diverse, complex outputs, whether crafting a haiku or providing structured responses, goes beyond simply predicting the next word in a sequence. This ability to understand and execute detailed instructions makes LLMs uniquely suited for a wide variety of tasks. In this book, you will use this instruction-following ability to design and refine RAG pipelines. By tapping into instruction-following capabilities, you can integrate retrieval components more effectively, tailor responses to specific contexts, and optimize your systems for accuracy and usability.
 

  
 

   

   ChatGPT’s breadth of general knowledge is equally remarkable. For example, figure 1.3 illustrates ChatGPT’s response when prompted about the first manned moon landing.
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Figure 1.3 Retrieving factual information from ChatGPT


  
 

   

   If you verify this response with external information from NASA or Wikipedia, you can observe that the model produces an accurate response with no false information. Such a response might give you the impression that an LLM constructs a vast database of facts from which it can retrieve when prompted. However, the model doesn’t store specific facts, events, or information from its training dataset. Instead, it develops complex mathematical representations of the language it is trained on. Remember, the LLMs are based on the transformer, which is a deep learning architecture based on neural networks to predict the next word, as shown in figure 1.4.
 

  
 

   

   Figure 1.4 illustrates a neural network predicting the next word in a sequence, similar to how LLMs function. The central part shows the network with multiple layers of neurons, connected by lines that represent the flow of information. Each connection has a weight, such as the example value 0.04, which influences the strength of the connection. During training, the model learns the values of these weights to improve its predictions. When asked about a specific historical event, an LLM doesn’t recall the event from its training data. Instead, it generates a response based on the learned weights in its neural network, similar to predicting the next word in a sequence. Therefore, while LLMs can provide seemingly knowledgeable answers, their responses are based on these learned weights rather than explicit memory. To quote Andrej Karpathy: “We kind of understand that they (LLMs) build and maintain some kind of a knowledge database, but even this knowledge base is very strange and imperfect and weird”(https://www.youtube.com/watch?v=zjkBMFhNj_gat12:40).
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Figure 1.4 Neural network trained to predict the next word based on the input sequence of words 


  
 

   

   
1.2 Limitations of LLMs
 

  
 

   

   LLMs represent a groundbreaking step in the evolution of AI, offering remarkable capabilities across a range of applications. Yet, as with any transformative technology, they are not without their challenges and constraints. In the following section, we will delve into some of these limitations and their implications. 
 

  
 

   

   
1.2.1 Knowledge cutoff problem
 

  
 

   

   The most obvious limitation is that LLMs are unaware of events or information not included in their training dataset. At this moment, ChatGPT is aware of information that occurred up to October 2023. For example, if you asked ChatGPT about an event in 2024, you would get a response similar to that shown in figure 1.5. 
 

  
 

   

   In the context of LLMs, the knowledge cutoff date refers to the most recent point at which the model’s training data includes information. The model has access to a broad spectrum of text data containing information about events up to this date from diverse sources, which it utilizes to generate responses and provide information. Anything that has occurred or been published after this cutoff date is unknown to the model as it was not included in the training dataset; therefore, it cannot provide information about events, developments, or research that occurred after the cutoff date. 
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Figure 1.5 Example of a knowledge cutoff date disclaimer


  
 

   

   
1.2.2 Outdated information
 

  
 

   

   A less obvious limitation is that LLMs can sometimes provide outdated responses. While they can deliver detailed and accurate information up until their knowledge cutoff, they may not reflect recent developments. For instance, as of late 2023, Mark Cuban sold his majority stake in the Dallas Mavericks franchise to the Adelson family and the Dumonts while retaining a minority share. This major update highlights how information that was correct in the past can become outdated. For example, in a query about the Dallas Mavericks, a response shown in figure 1.6 reflects Cuban as the sole owner, which is no longer accurate (Rader, 2023). 
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Figure 1.6 Sometimes ChatGPT responds with outdated information.


  
 

   

   This highlights the importance of regularly updating training data for models or enabling them to access real-time information. With continuously evolving events and facts, even small details like ownership structures can significantly impact how we perceive an organization or individual. This limitation underlines the importance of ensuring AI systems remain accurate and relevant in dynamic environments. 
 

  
 

   

   
1.2.3 Pure hallucinations
 

  
 

   

   Another well-known limitation of LLMs is their tendency to provide assertive, confident answers—even when those answers contain incorrect or fabricated information. One might assume that, despite their knowledge cutoff dates, these models provide accurate factual data up to that point. However, even information about events that occurred before the cutoff can be unreliable. 
 

  
 

   

   A striking example of this occurred when lawyers in the United States submitted bogus, fictitious legal citations to a court, unaware that they had been generated by ChatGPT (Neumeister, 2023). These kinds of confident inaccuracies are commonly known as hallucinations, where the model outputs information that sounds plausible but is factually incorrect or entirely fabricated. External references such as URLs, academic citations, or identifiers like WikiData IDs are especially prone to this behavior.
 

  
 

   

   Hallucinations occur because LLMs are not reasoning engines. They are probabilistic language models trained to predict what sounds like a good next token, based on patterns in their training data. They don’t know facts the way humans do. Rather, they generate text by guessing the most likely continuation, regardless of whether it’s true. This fundamental difference between statistical pattern matching and actual understanding is what separates LLMs from human cognition.
 

  
 

   

   To illustrate this, we can ask ChatGPT to provide the WikiData ID of the Dallas Mavericks NBA franchise. As shown in figure 1.7, the model confidently returns an identifier—but it’s incorrect.
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Figure 1.7 ChatGPT can produce responses with incorrect information.


  
 

   

   The model assertively replied with an ID that follows the WikiData format. However, if you verify this information, you can observe that Q152232 is the WikiData ID of the movie titled Womanlight (https://www.wikidata.org/wiki/Q152232). Therefore, users must recognize that LLMs, while often informative, are not infallible and can produce erroneous information. It’s crucial to approach their responses critically and verify their accuracy through reliable external sources, especially in contexts where precision and factual correctness are central. 
 

  
 

   

   
1.2.4 Lack of private information
 

  
 

   

   If you were building a company chatbot using an LLM, you’d likely want it to answer questions involving internal or proprietary information that isn’t publicly available. In such cases, even if the information or events occurred before the LLM’s knowledge cutoff date, they wouldn’t have been part of its training data. As a result, the model cannot generate accurate responses for such queries, as illustrated in figure 1.8. 
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Figure 1.8 ChatGPT didn’t have access to some private or confidential information during training.


  
 

   

   One potential solution would be to make the company’s internal information publicly available in the hope that it gets included in the training dataset of an LLM. However, this approach is neither practical nor secure. Instead, we will explore and demonstrate more effective strategies to overcome these limitations while maintaining data privacy and control.
 

  
 

   

    

    Note on other limitations of LLMs
 

   
 

    

    While this book will focus on the limitations of LLMs in providing factually correct and up-to-date information in responses, it’s important to acknowledge that LLMs also have other restrictions. Some of these include
 

   
 

    

    	 Bias in responses—LLMs can sometimes generate biased responses, reflecting biases present in the training data. 
 

    	 Lack of understanding and context—LLMs, despite their complexity, do not truly understand the text. They process language based on patterns learned from data, which means they can miss nuances and contextual subtleties. 
 

    	 Vulnerability to prompt injection—LLMs are susceptible to prompt injection attacks, where malicious users craft inputs to manipulate the model into generating inappropriate, biased, or harmful responses. This vulnerability poses significant challenges for ensuring the security and integrity of LLM applications in real-world scenarios. 
 

    	 Inconsistent responses—LLMs can produce different answers to the same question across multiple interactions. This inconsistency arises from their probabilistic nature and lack of persistent memory, which can hinder their usefulness in applications that require stability and repeatability. 
 

   
 

    

    This book is dedicated to exploring and addressing the specific limitations of LLMs concerning the generation of factually accurate and up-to-date responses. Although we recognize other limitations of LLMs, our discussion will not cover them. 
 

   
 

  
 

   

   
1.3 Overcoming the limitations of LLMs
 

  
 

   

   LLMs are powerful tools, but they often face limitations when handling domain-specific questions or accessing specialized, up-to-date knowledge. Implementing a ChatGPT-like application in a business environment requires outputs that are both precise and factually accurate. To overcome these challenges, we can inject domain-specific knowledge into LLMs using approaches like supervised finetuning and RAG. In this section, we’ll explore how these methods work and how they can be applied to inject domain-specific knowledge into LLMs. 
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The customer churn rate for ChatGPT users is not publicly disclosed by
OpenAl. Customer churn rate typically refers to the percentage of
customers who stop using a service during a certain time frame. Since
OpenAl does not publicly release specific user data or statistics like

churn rates, this information is not available.
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| don't have real-time access to current events or sports updates, so | can't provide the NBA
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announcements for the most recent information.
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Whe is the owner of Dallas Mavericks club?

ChatGPT

The Dallas Mavericks, an NBA basketball team, is owned by Mark Cuban.
Cuban, an American billionaire entrepreneur and television personality,
acquired the Mavericks in 2000. He is known for his active and
outspoken management style, and under his ownership, the Mavericks
have enjoyed considerable success, including winning their first NBA
championship in 2011,






