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   preface
 

  
 

   

   The skeleton of this book began to come together in the late 2010s when we saw several significant advancements in the field of artificial intelligence (AI) that we knew could soon lead to a breakthrough. The convergence of new types of computer hardware, the availability of vast amounts of data, and the growth of neural networks were rapidly converging to a tipping point where it was now possible for machine learning algorithms to accurately capture nuances of language and meaning at a surprising level of fidelity. With the right combination of breakthroughs, we knew this would enable an entirely new class of applications. We conducted research, built prototypes, had conversations with our colleagues, clients, and families, and sought to tell the story of how these advancements could change the world and the underlying techniques that made that possible.
 

  
 

   

   Then, at the end of November 2022, OpenAI released ChatGPT, and suddenly, this potential became a reality. By putting this technology into the hands of the public, anyone could gain firsthand experience by interacting with a chatbot powered by a large language model (LLM). As with any new technology, there was a lot of speculation as to what could possibly allow ChatGPT to interact with great fidelity and produce such high-quality output. We saw that, based on interactions with ChatGPT, people often assumed that there was more behind the curtain than truly existed, sometimes believing that we were truly on the cusp of general AI that could do anything. We found that our conversations shifted to what could practically be achieved using applications of LLMs, managing expectations, characterizing risks, validating behaviors, and negotiating the path between what’s realistic and what’s not safe or responsible to attempt.
 

  
 

   

   Fast forward to 2025, and we’re now firmly ensconced in the era of generative and agentic AI. We have seen a massive proliferation of models, applications, and capabilities and an explosion in the types of data we can work with. Each major vendor has a technology offering that incorporates an LLM, whether they are chatbots to talk to or agents that review our writing, help us write computer programs, or generate images. Many of these are controversial, leading to new conversations about data use and causing us to rethink our assumptions about the relationship between technology and creativity. Regardless, there are core principles that enable these applications, and our goal with this book is to describe these in a way that’s accessible to readers from all walks of life.
 

  
 

   

   Whether you’re a CEO, a machine learning engineer, a casual coder, or just the average person seeking to use this technology, we hope you’ll find something useful in this book that explains the algorithms and techniques that make LLMs work. It is a collection of our experiences working in the field of natural language processing, machine learning, and algorithmic research, where we set out to share our knowledge in a manner that is accessible to nearly everyone. Along the way, we will dispel some of the mystery, explain the limitations, and explore the implications of this fascinating new technology. We hope you’ll join us on this voyage.
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   about this book
 

  
 

   

   How Large Language Models Work is the culmination of countless hours of research, explorations, conversations, and building and evaluating large language models and the systems that use them to solve problems. It is a distillation of years of working in the fields of machine learning, natural language processing, and software engineering that we, the authors, bring to the table. It’s important to us to share what we’ve learned and break down the complexities of the field into a straightforward conversation that presents foundational details on how LLMs work and builds from there to cover topics that are not widely understood. We seek to dispel some myths and shed light on the realities along the way.
 

  
 

   

   This book does not describe how to implement LLMs like ChatGPT using code. Instead, it covers the foundational concepts that make LLMs operate, as well as the opportunities and limitations of this technology. We’ll provide you with an understanding of how the underlying algorithms operate. As a result, you’ll better understand why LLMs are implemented the way they are and how LLMs can be used to solve a variety of problems. Our goal is to translate years of LLM research into something understandable for someone new to the field.
 

  
 

   

   To do this, we’ll start with the basics to build a foundational understanding of the inner workings of LLMs and then transition to more advanced topics, including adjacent considerations that go beyond LLM operation. Along the way, we’ll tackle misconceptions, limitations, and the ethical implications of building and using LLMs, as well as the many ways LLMs can be effectively deployed as technical solutions for challenging problems.
 

  
 

   

   
Who should read this book? 
 

  
 

   

   This book is intended for a variety of readers, including those who have just started working with LLMs, experienced software developers, and data scientists, as well as technical leadership, decision makers, and executives in the C-suite, who face the challenge of developing strategies for incorporating LLMs and generative AI into their businesses. Our goal in writing this book was to create a work that is both accessible and compelling for a broad audience, presenting LLMs in a nontrivial manner.
 

  
 

   

   Perhaps you’ve previously encountered machine learning, either as a student or hobbyist who took an introduction to machine learning course, but you lack a strong foundation in the field. Perhaps you’re someone who has used tools like OpenAI’s ChatGPT, Google’s Gemini, Anthropic’s Claude, or Microsoft’s Copilot for work or play and are curious about how these tools generate their results. Regardless of your background or experience, we believe there’s something for you in this book.
 

  
 

   

   Once you’re done, you’ll know
 

  
 

   

   	How LLMs process human language data and identify the tasks that may fail when using an LLM
 

   	How data flows through an LLM, the role of transformers and attention, how they operate at a high level, why they are important, and how they relate to other machine learning algorithms
 

   	How LLMs are trained on data, including the concepts of parameters, gradient descent, pretraining, and why model size is critical
 

   	How to choose a deployment strategy for LLMs in your applications and business
 

   	How to identify tasks and scenarios that LLMs can’t realistically solve
 

   	The dangers and ethical concerns of using and building LLMs and where it is appropriate or inappropriate to use them
 

  
 

   

   
How this book is organized: A roadmap 
 

  
 

   

   In this book, we’ll start with the basics of how LLMs process human language, the algorithms that make them possible, and how they learn from data. From there, we’ll explore how LLM technology can be applied to tasks beyond text and wrap up with a discussion of LLMs’ use and the implications of this technology.
 

  
 

   

   Chapter 1 provides a high-level understanding of LLMs and generative AI in plain language. We explore the differences between how humans and machines work with language and begin to peel back the surface of what makes LLMs so capable, introducing their limitations and potential concerns when using them.
 

  
 

   

   Chapters 2 to 5 delve deep into what’s going on under the hood, focusing on the mechanics rather than the math. In chapter 2, we explain how large language models process text so that they can work with it before diving into the internals of how the things we enter into an LLM ultimately lead to the generative output they produce in chapter 3. Chapter 4 discusses how all of this is possible, the process of training an LLM on incredible amounts of text, and why this training can fail to produce the expected outcomes. Chapter 5 describes how we can control and constrain an LLM and its outputs for specific applications.
 

  
 

   

   Chapter 6 looks beyond working with languages and explores the use of LLMs for software development, formal mathematics, and beyond, including text, images, audio, and video.
 

  
 

   

   Now that we’ve covered the mechanics, chapters 7 to 9 introduce the considerations behind using LLMs in real-world applications. First, we tackle many of the misconceptions, limits, and capabilities of LLMs in chapter 7. In chapter 8, we discuss different scenarios for designing solutions that use LLMs and identify situations where the obvious choices may not be the best options. Any discussion of LLM use wouldn’t be complete without covering the ethical implications of building and using LLMs, which we cover in chapter 9. Do LLMs pose an existential risk to humanity? What are the ethics and implications of training on as much data as we can scrape from the internet? Join us on this journey, and you’ll discover that along the way, you’ve become equipped with the knowledge you need for critical thinking about this compelling new technology.
 

  
 

   

   Throughout the book, you’ll find many references to other sources of information that go deeper into different aspects of LLMs that we cover. We collect all of these in a references section at the end of the book, providing easy access to the entire list of resources in one place. We encourage you to continue exploring LLMs by visiting these sources and delving deeper into topics that best align with your interests.
 

  
 

   

   
liveBook discussion forum 
 

  
 

   

   Purchase of How Large Language Models Work 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 easy to make notes for yourself, ask and answer questions, and receive help from the authors and other users. To access the forum, go to https://livebook.manning.com/book/how-large-language-models-work/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’s 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 the authors some challenging questions lest their interest stray! The forum and archives of the previous discussions will be accessible from the publisher’s website as long as the book is in print.
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    1  Big picture: What are LLMs? 
 

  
 

   

   This chapter covers
 

    

    	What Generative Pretrained Transformers and large language models are
 

    	How LLMs work in plain language 
 

    	How humans and machines represent languages differently 
 

    	Why tools like ChatGPT perform so well
 

    	Understanding the limitations and concerns of using LLMs 
 

   
 

  
 

   

   The hype around terms such as machine learning (ML), deep learning (DL), and artificial intelligence (AI) has reached record levels. Much of the initial public exposure to these terms was driven by a product called ChatGPT, a form of generative AI built by a company called OpenAI. We now see generative AI offerings such as Gemini from Google, Copilot from Microsoft, Llama from Meta, Claude from Anthropic, and newcomers like DeepSeek in the daily news. Seemingly overnight, the ability of computers to talk, learn, and perform complex tasks has taken a dramatic leap forward. New generative AI companies are forming, and existing firms are publicly investing billions of dollars in the field. The technology in this space is evolving at a maddening pace.
 

  
 

   

   This book aims to help you make sense of this new world by dispelling the mystery behind what makes ChatGPT and related technologies work. We will cover the knowledge necessary to understand their inner workings and how the components (data and algorithms) stack together to create the tools we use. We’ll also discuss various cases where this technology can form the cornerstone of a broader system and others where systems based on large language models (LLMs) may be a poor choice.
 

  
 

   

   After reading this book, you’ll understand what generative AI like ChatGPT really is, what it can and can’t do, and, importantly, the “why” behind its limitations. With this knowledge, you’ll be a more effective consumer of this family of technology, whether as a user, a software developer, or a business decision maker in organizations deciding whether and, if so, how to incorporate it into your products or operations. This foundation will also serve as a launchpad for deeper study into the field by providing knowledge that will allow you to understand in-depth research and other works.
 

  
 

   

   
1.1 Generative AI in context
 

  
 

   

   First, we need to get more specific about what we are discussing when we talk about LLMs, GPTs, and the various tools that rely on them. The GPT in ChatGPT stands for Generative Pretrained Transformer. Each of these words bears a particular meaning in the context of ChatGPT. We’ll dedicate future chapters to discussing what pretrained and transformer mean, but we start here by discussing what generative means in this context. 
 

  
 

   

   AI chatbots like ChatGPT are a form of generative AI. Broadly, generative AI is software capable of creating, or generating, various media (e.g., text, images, audio, and video) based on data it has observed in the past and influenced by what people consider to be pleasing and accurate output. For example, if ChatGPT is prompted with “Write a haiku about snow falling on pines,” it will use all of the data it was trained with about haikus, snow, pines, and other forms of poetry to generate a novel haiku as shown in figure 1.1
 

  
 

    

   [image: figure] 

   
Figure 1.1 A simple haiku generated by ChatGPT


  
 

   

   Fundamentally, these systems are machine learning models that generate new output, so generative AI is an appropriate description. Some possible inputs and outputs are demonstrated in figure 1.2. While ChatGPT deals primarily with text as input and output, it also has more experimental support for different data types, such as audio and images. However, from our definition, you can imagine that many different kinds of algorithms and tasks fall into the description of generative AI. 
 

  
 

    

   [image: figure] 

   
Figure 1.2 Generative AI takes some input (numbers, text, images) and produces a new output (usually text or images). Any combination of input or output options is possible, and the nature of the output depends on what the algorithm was trained for. It could be to add detail, rewrite something to be shorter, extrapolate missing portions, and more. 


  
 

   

   Going a level deeper, ChatGPT is dealing with human text, and so it would also be fair to call it a model of human language—or a language model if you are a cool person who does work in the field known as natural language processing (NLP). The field of NLP intersects both computer science and linguistics and explores the technology that helps computers understand, manipulate, and create human language. Some of the first efforts in the field of NLP emerged in the 1940s when researchers hoped to build machines that could automatically translate between languages. As a result, NLP and language models have been around for a very long time. So what makes the new generative AI tools different? The most salient difference is that ChatGPT and similar algorithms are much larger than what people have historically built and are trained on much greater amounts of data. 
 

  
 

   

   For this reason, the name large language models (LLMs) has become quite popular to describe GPT and similar types of machine learning models. GPT describes a specific type of LLM developed by OpenAI, and other companies use similar technologies to build their own LLMs and AI chatbots. More broadly, LLMs are machine learning models trained on large amounts of linguistic data.
 

  
 

   

   A diagram of these relationships can be seen in figure 1.3. ChatGPT, Copilot, Claude, and Gemini are some of the products that operate via text and are built using LLMs. LLMs use techniques from AI and NLP. The primary component of an LLM is a transformer, which we will explain in detail in chapter 3.
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Figure 1.3 A high-level map of the various terms you’ll become familiar with and how they relate. Generative AI is a description of functionality: the function of generating content and using tech- niques from AI to accomplish that goal.


  
 

   

    Note Vision and language are not the only options for generative AI. Audio generation (think text-to-speech, such as when your GPS speaks out the street names), playing board games like chess, and even protein folding have used generative AI. This book will stick mostly to text and language since those are the primary data types employed by GPTs and LLMs. 
 

  
 

   

   As the name large implies, these models are not small. ChatGPT specifically is rumored [1] to contain 1.76 trillion parameters that are used to dictate the way it behaves. Each parameter is typically stored as a floating point number (a number with a decimal point) that uses 4 bytes for storage. That means the model itself takes 7 terabytes to hold in memory. This size is larger than most people’s computers could fit in RAM, let alone inside the most powerful graphics processing units (GPUs) with 80 gigabytes of memory. GPUs are special-purpose hardware components that excel in performing the mathematical operations that make LLMs possible. Currently, many GPUs are required when making LLMs, so we are already discussing a lot of computational infrastructure and complexity over multiple machines to build an LLM. In contrast, more run-of-the-mill language models would be 2 GB or less in most cases—over 5,000[image: equation image] smaller, a much more reasonable size when considering building and using such a model on more standard hardware.
 

  
 

   

    

    Optimizing LLMs
 

   
 

    

     Many researchers are investigating ways to make LLMs consume less memory. Sometimes, this includes techniques that require less than 4 bytes to store a parameter utilizing a method called “mixed-precision” [2]. This approach stores some LLM parameters using 2 bytes or fewer and presents a tradeoff between accuracy and memory efficiency. In the end, the effect on accuracy is often negligible. This optimization is one of many that researchers make to make LLMs more resource efficient.
 

   
 

  
 

   

    

    GPU alternatives
 

   
 

    

     While GPUs are currently the most frequently used hardware to train LLMs, they aren’t the only option available. Increasingly, companies are developing special-purpose hardware that offers general advantages for training machine learning models. For example, in 2018, Google made its Tensor Processing Unit (TPU) [3] available for public use as a part of the Google Cloud Platform (GCP). While TPUs generally have less computing capacity than GPUs, their specialized architecture allows them to perform better than GPUs for specific machine learning tasks.
 

   
 

  
 

   

   
1.2 What you will learn
 

  
 

   

   Throughout this book, we will explain how LLMs work and equip you with the vocabulary needed to understand them. Once you’ve finished reading, you will have a conversational understanding of what an LLM is and the critical steps involved in its operation. Additionally, you will have some perspective on what an LLM reasonably can do, especially the considerations related to deploying or using one. We will discuss salient points about the fundamental limitations of LLMs and provide tips on how to design around them or when LLMs and, more broadly, generative AI should be avoided entirely.
 

  
 

   

   Keep in mind that the details of how transformers are combined to build ChatGPT, Claude, or Gemini are nuanced, and this book primarily focuses on what all of these systems have in common. In fact, we can’t know some of the actual differences between these LLMs because although commercial LLM providers have shared a great deal of information about their models, they have not shared some pieces of information, likely considered trade secrets.
 

  
 

   

   Due to the effect that transformer-based LLMs will have on the world, we’re purposely focusing on a wide audience for this book. Programmers of all backgrounds, executives, managers, sales staff, artists, writers, publishers, and many more will have to interact with or have their jobs affected by LLMs over the coming years. So we are going to assume you, dear reader, have a minimal coding background but are familiar with the basic constructs of coding: logic, functions, and maybe even some data structures. You also do not need to be a mathematician; we will show you a bit of math where it is helpful, but it will be optional in building an understanding of how LLMs work.
 

  
 

   

   This approach means that very little code will be presented in this book. If you want to dive directly into building and using an LLM, other books in the Manning catalog, such as Sebastian Raschka’s Build a Large Language Model from Scratch (2024) or Edward Raff’s Inside Deep Learning (2022), will complement the material presented here. However, if you want to understand why the LLM you are using has unusual outputs, how your team might be able to use an LLM, or where to avoid using an LLM, or if you have a colleague with little machine learning background who needs to get conversationally competent, this is the book you and your colleague need. 
 

  
 

   

   In particular, the first part of this book focuses on what LLMs do: their inputs and outputs, converting inputs to outputs, and how we constrain the nature of those outputs. In the second part, we focus on what humans do: how people interact with technology and what risks this creates for using generative AI. Similarly, we’ll discuss some ethical considerations that arise when using and building LLMs.
 

  
 

   

    

    Training LLMs is expensive
 

   
 

    

     Training an LLM is not realistically possible for most people; it is a [image: equation image] investment at a minimum and would be a $100 million effort to try to compete with OpenAI. At the same time, the resources available for training LLMs are constantly evolving. As a result, instead of walking you through what training an LLM looks like today, we focus on content with a longer shelf life—helpful knowledge that we believe will be valid years from now instead of example code that could be out of date in just a few months.
 

   
 

  
 

   

   
1.3 Introducing how LLMs work
 

  
 

   

   Generative AI (GAI or GenAI) is poised to change how we produce and interact with information. The introduction of ChatGPT in November 2022 highlighted the capabilities of modern AI and fascinated a significant portion of the world. Currently, you can sign up for free at https://chat.openai.com/ to try it out.
 

  
 

   

   If you enter the text prompt “Summarize the following text in two sentences,” followed by all of the introductory text from this chapter, you will get something similar to the following.
 

  
 

   

   “The recent surge in attention towards artificial intelligence, particularly large language models (LLMs) like ChatGPT from OpenAI, has highlighted their vast capabilities in natural language processing. This book aims to provide readers with a conversational understanding of LLMs, their operational intricacies, potential applications, limitations, and the ethical considerations surrounding their use while assuming only a basic familiarity with coding concepts and minimal mathematical background. That’s pretty impressive, and to a casual audience, it may seem like this capability has come out of nowhere.”
 

  
 

   

   When you visit OpenAI’s website and sign up for ChatGPT, you may notice an option similar to that shown in figure 1.4. As the name GPT-4 implies, Open AI is, as of this writing, working on its fourth generation of GPT models. LLMs like GPT-4 are a well-established area of ML research in creating algorithms that can synthesize and react to information and produce outputs that appear human generated. This ability unlocks several areas of interaction between people and machines that previously existed only in science fiction. The strength of the language representation encoded into ChatGPT enables convincing dialog, instruction following, summary generation, question answering, content creation, and many more applications. Indeed, it is likely that many possible applications of this technology do not yet exist because our gut reaction is to think of our current problems rather than new capabilities or products that could exist.
 

  
 

    

   [image: figure] 

   
Figure 1.4 When you sign up for OpenAI’s ChatGPT, you have two options: the GPT-3.5 model, which you can use for free, or the GPT-4 model, which costs money. 


  
 

   

   The critical factor for you, the reader, is that this technology did not come out of nowhere but is the result of steady progress over the past decade of dramatic year-over-year improvements in machine learning. Consequently, we already know quite a lot about how LLMs work and the ways that they can fail.
 

  
 

   

   We are assuming a minimal background so that you can give this book to your friends and family. (One of the authors is hopeful that they can give this book to their mother, who is very proud of them even if she does not know precisely what their job is.) As a result, we need to cover a potentially large gap in the background before we dive in. This first chapter aims to give you that background so the next chapter can begin the process of answering this question: How on earth did a computer summarize the introduction of this book?
 

  
 

   

   
1.4 What is intelligence, anyway?
 

  
 

   

   Artificial intelligence is an excellent name from a marketing perspective, although it was originally used as the name for an entire field of academic research. This practice has led to a subtle problem that gives people a false mental model of how AI works. We are going to try to avoid reinforcing this model. To explain why, we will discuss why artificial intelligence is not such a great name. We can demonstrate this easily by considering a simple question: What is intelligence?
 

  
 

   

   You might think that something like an intelligence quotient (IQ) test would help us answer that question. IQ tests have a strong correlation with numerous outcomes like school performance, but they do not give us an objective definition of intelligence. Studies show that some amount of nature (hereditary) and nurture (environment) affect a person’s IQ. It should also seem suspicious that we can boil down intelligence into something as simple as one number—after all, we often scold people for being only “book smart” but not “street smart.” Even if we knew what intelligence was, what would make it artificial? Does intelligence have manufactured flavorings and food colorings?
 

  
 

   

   The bottom line is that IQ tests measure your ability to perform a finite set of capabilities, mostly some specific types of logic puzzles under time constraints, but they don’t help us understand the fundamental nature of intelligence. The truth is that there is no perfect understanding of what intelligence is.
 

  
 

   

   The field of AI has long been trying to get computers, which are rigid, deterministic, rule-following machines, to perform specific tasks that humans can do but can’t give precise definitions or instructions to do. For example, if we want a computer to count to 1,000 and print out every number divisible by 5, we can write detailed instructions that almost any programmer can convert to code. But if I ask you to write a program that attempts to detect if an arbitrary picture has a cat in it, that’s quite a different challenge. You need to somehow precisely define what a cat is and then all the minutia of how to detect one. How exactly do we write code to find and differentiate between cat whiskers and dog whiskers? How do we successfully recognize a cat when it does not have whiskers? When it comes down to it, it isn’t easy to do.
 

  
 

   

   However, because AI and ML have focused on these hard-to-specify tasks that humans can perform, describing AI and ML algorithms using analogies has become especially common. To get a computer to detect cats, we provide thousands upon thousands of examples of images that are cats and images that are not cats. We then run one of many various algorithms with a specific, detailed, mathematical process for differentiating cats from the rest of the world. But in the technical vocabulary, we call this process learning. When the model fails to detect a cat in a new image because it is a lion and lions were not in the original list of cats, we often say that the model didn’t understand lions. 
 

  
 

   

   Indeed, whenever we try to explain something to friends, we often use analogies to shared concepts that we are both familiar with. Because AI and ML are broadly focused on replicating human abilities to perform tasks, the analogies often use language that implies the literal cognitive functions of a human. As LLMs demonstrate capabilities at a level close to what humans can do, these analogies become more troublesome than helpful because people read too deeply into them and begin to believe that they mean more than they do.
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