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   preface
 
  
 
   
   More than a decade ago, my journey into AI began with statistical pattern classification, where I learned how far relatively simple models can go when they capture useful structure in data. Over time, that curiosity shifted from models that recognize patterns to models that can explain, plan, and solve multistep problems.
 
  
 
   
   With the release of ChatGPT in 2022, large language models (LLMs) moved into the mainstream. A later shift, especially visible in late 2024 and throughout 2025, was the extension of LLMs to create so-called reasoning models, which can solve more complex problems, especially in technical domains such as math and code.
 
  
 
   
   At the same time, reasoning models can feel opaque, and this book is my attempt to make reasoning models more approachable. Rather than training a giant model from scratch, we’ll begin with a small pretrained LLM and apply reasoning techniques step by step. Along the way, you will implement text generation, evaluation with verifiers, inference-time scaling methods, and training methods, such as reinforcement learning with verifiable rewards and distillation from scratch. By the end, you will understand how the main reasoning methods work in practice and how they fit into a modern LLM development workflow.
 
  
 
   
   Like my earlier book, Build a Large Language Model (From Scratch), this one takes a code-first approach, but the focus here is different. Instead of explaining the Transformer architecture in depth or covering large-scale pretraining, here we’ll concentrate on the methods that turn a conventional LLM into a reasoning model. If you have read the earlier book, this one should feel like a natural next step. If you haven’t, you can still follow along here without needing all the underlying LLM details up front.
 
  
 
   
   We’ll use math examples throughout the book because they are practical for reasoning research and easy to verify automatically. That makes them a useful test bed for understanding whether a model is actually solving a problem correctly. More broadly, my goal is not to teach one narrow benchmark but to give you the tools and intuition needed to build, evaluate, and improve reasoning systems in your own work.
 
  
 
   
   When I first started working on reasoning models, I had to piece together ideas from papers, repositories, and scattered implementation notes. I hope this book saves you that effort and gives you a clearer path from first principles to working code. I strongly believe that the best way to understand reasoning models is to build one yourself.
 
  
 
   
   Happy reading and coding!
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   about this book
 
  
 
   
   Build a Reasoning Model (From Scratch) is a hands-on guide to understanding how modern reasoning LLMs work by implementing their core techniques yourself. Rather than training a base model from the ground up, this book starts with a pretrained open source base LLM and shows you how to extend it step by step with reasoning capabilities. Along the way, you will learn how to generate text with a base model, evaluate answers with verifiers, improve performance through inference-time scaling, train with reinforcement learning, and distill reasoning behavior into smaller models. By the end of the book, you will understand how the main reasoning methods fit together in a practical LLM development workflow and how to build small but functional reasoning systems of your own.
 
  
 
   
   The book takes a code-first approach. The “from scratch” part refers to implementing the reasoning methods yourself so that the underlying mechanics become transparent. If you are interested in how base LLMs are built and pretrained in detail, my earlier book, Build a Large Language Model (From Scratch) (http://mng.bz/M96o), provides that foundation, but it is not required for reading this book.
 
  
 
   
   Who should read this book
 
  
 
   
   Build a Reasoning Model (From Scratch) is for machine learning enthusiasts, engineers, researchers, students, and software developers who want a practical understanding of how reasoning models work and how to implement the main techniques behind them. It is written for readers who want to go beyond high-level descriptions and see how these systems are built, evaluated, and improved in code.
 
  
 
   
   The most important prerequisite is solid Python experience. Prior exposure to machine learning, deep learning, or large language models is helpful, but you do not need to be an expert. The book is intended to be approachable for motivated beginners while still offering enough technical depth for experienced practitioners.
 
  
 
   
   The book uses math examples frequently because they are practical for reasoning research and easy to verify automatically. However, advanced mathematics is not required. Familiarity with basic algebra and a general comfort level with vectors and matrices is useful, though, to follow some of the code implementations.
 
  
 
   
   Some prior PyTorch experience may help you move more quickly through the code, but it is not required. The focus of the book is on understanding reasoning methods and implementing them clearly, not on mastering every detail of a deep learning framework. Readers who have already read Build a Large Language Model (From Scratch) may recognize some broader LLM concepts, but this book is fully self-contained. 
 
  
 
   
   How this book is organized: A road map
 
  
 
   
   This book is organized around a practical development pipeline for reasoning models. We’ll begin with a conventional pretrained LLM, add evaluation so that we can measure progress, and then explore two main ways of improving reasoning: inference-time methods and additional training. Because later chapters build directly on the code and ideas introduced earlier, the book is best read in sequence.
 
  
 
   
   Chapter 1 introduces the practical meaning of reasoning in the context of LLMs. It explains how reasoning models differ from conventional LLMs, it reviews the standard LLM training pipeline at a high level, and it introduces the main approaches used to improve reasoning.
 
  
 
   
   Chapter 2 establishes the starting point by loading and using a pretrained base LLM. It covers the coding environment, tokenization, step-by-step text generation, and practical speedups such as key-value caching and model code compilation.
 
  
 
   
   Chapter 3 adds evaluation. It shows how to extract final answers reliably, verify correctness against reference solutions, and build an evaluation pipeline for math-oriented reasoning tasks.
 
  
 
   
   With that foundation in place, chapters 4 and 5 focus on inference-time scaling, improving reasoning without changing the model weights. Chapter 4 covers prompt-based reasoning, diverse decoding, and self-consistency. Chapter 5 extends this direction with self-refinement, simple scoring strategies, confidence estimation, and iterative answer improvement.
 
  
 
   
   Chapters 6 through 8 implement training-time methods. Chapter 6 introduces reinforcement learning for reasoning models, with a focus on reinforcement learning with verifiable rewards (RLVR) and Group Relative Policy Optimization (GRPO). Chapter 7 builds on that implementation by covering practical monitoring, common training-failure modes, reward hacking, and useful extensions such as KL regularization and response-format rewards. Chapter 8 concludes the main text with distillation, showing how to create teacher-generated reasoning datasets, train a smaller student model, and evaluate the distilled result.
 
  
 
   
   The appendices complement the main chapters. Appendix A provides references and further reading, appendix B summarizes the exercise solutions, appendix C presents the Qwen3 source code used throughout the book, appendix D discusses larger LLM variants, appendix E covers batching and throughput-oriented execution, appendix F surveys additional LLM evaluation approaches, and appendix G shows how to build a chat interface around the model.
 
  
 
   
   About the code 
 
  
 
   
   To make it easy to follow along, the code examples in this book are available from the Manning book page at https://www.manning.com/books/build-a-reasoning-model-from-scratch as well as in the companion GitHub repository at https://github.com/rasbt/reasoning-from-scratch. Solutions to the exercises are summarized in appendix B, and the corresponding code files are linked from the chapter folders in the repository. You can get executable snippets of code from the liveBook (online) version of this book at https://livebook.manning.com/book/build-a-reasoning-model-from-scratch.
 
  
 
   
   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. 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.
 
  
 
   
   One of the key goals of this book is accessibility, so the code examples have been carefully designed to run efficiently on a regular laptop, without the need for any special hardware. But if you do have access to a GPU, certain sections provide helpful tips on scaling up the datasets and models to take advantage of that extra power.
 
  
 
   
   The code in the main chapters is designed to be approachable and to run on consumer hardware. The inference and evaluation chapters work well on CPUs and GPUs, while the training-oriented chapters benefit from access to a GPU if you want to reproduce the larger experiments. Throughout the book, we use PyTorch together with a pretrained open source Qwen3 model, and appendix C provides the underlying Qwen3 implementation for readers who want to inspect that code in more detail.
 
  
 
   
   liveBook discussion forum
 
  
 
   
   Purchase of Build a Reasoning Model (From Scratch) 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 author and other users. To access the forum, go to https://livebook.manning.com/book/build-a-reasoning-model-from-scratch/discussion. 
 
  
 
   
   Manning’s commitment to our readers is to provide a venue where a meaningful dialogue between individual readers and between readers and the author can take place. It is not a commitment to any specific amount of participation on the part of the author, 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.
 
  
 
   
   Other online resources
 
  
 
   
   Interested in the latest AI and large language model (LLM) research trends?
 
  
 
   
   	Check out my blog at https://magazine.sebastianraschka.com, where I regularly discuss the latest AI research with a focus on LLMs.
 
  
 
   
   Need help getting up to speed with deep learning and PyTorch?
 
  
 
   
   	I offer several free courses on my website at https://sebastianraschka.com/teaching. These resources can help you quickly get up to speed with the latest techniques.
 
  
 
   
   Looking for bonus materials related to the book?
 
  
 
   
   	Visit the book’s GitHub repository at https://github.com/rasbt/reasoning-from-scratch to find additional resources and examples to supplement your learning.
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   1 Understanding reasoning models
 
  
 
   
   This chapter covers
 
    
    	What “reasoning” means for a large language model
 
    	Reviewing the conventional pretraining and post-training stages of LLMs
 
    	Introducing key approaches to improving reasoning abilities in LLMs
 
    	How reasoning differs from pattern matching
 
    	Why we should build reasoning models from scratch
 
   
 
  
 
   
   Welcome to the next stage of large language models (LLMs): reasoning. LLMs have transformed how we process and generate text, but their success has been largely driven by statistical pattern recognition. New advances in reasoning methods now enable LLMs to tackle more complex tasks, such as solving logical puzzles and multistep math problems.
 
  
 
   
   Moreover, reasoning is an essential technique for making AI agents practical, such as when an agent has to break a task into steps, use tools, and recover from mistakes. Reasoning LLMs are already used in agent applications such as OpenClaw.
 
  
 
   
   In this book, you’ll learn the inner workings of LLM reasoning methods through a hands-on, code-first approach. We’ll start with a pretrained LLM and extend it step by step with reasoning capabilities. We’ll implement these reasoning components ourselves, from scratch, to see how these methods work in practice.
 
  
 
   
   If you are curious about how LLMs themselves are built and trained, my earlier book, Build a Large Language Model (From Scratch), also published by Manning (http://mng.bz/orYv), covers these foundations in detail, but it’s not required to follow along here.
 
  
 
   
   Even if you just have a cursory knowledge of how LLMs are built, by the end of this book, you will understand how reasoning models work and be equipped to design, prototype, and evaluate the main methods for improving reasoning in LLMs.
 
  
 
   
   When working with reasoning models, it’s crucial to know how to automatically check whether answers are correct on tasks such as math and how to turn a general-purpose model into a smaller reasoning model. We will use math examples throughout the book because they are easy to check automatically, but you do not need advanced math knowledge to follow along. Understanding reasoning methods is the central focus of this book.
 
  
 
   
   With its focus on practical applications and explanations, this book is intended for LLM engineers, machine learning researchers, applied scientists, and software developers. Understanding how reasoning models are set up will help us judge when a standard LLM is sufficient and when extra reasoning machinery is worth the added complexity, cost, and latency. It will also help us design better evaluations, debug failures on multistep tasks, and adapt reasoning techniques to real products and research workflows.
 
  
 
   
   1.1 Defining reasoning in the context of LLMs
 
  
 
   
   In this book, I use the term reasoning in a practical engineering sense rather than a philosophical one. In the context of LLMs, reasoning refers to a model generating intermediate steps before producing its final answer.
 
  
 
   
   These intermediate steps may appear as visible step-by-step explanations, or they may be enclosed in special tags such as <think>...</think> and be hidden from the user. In either case, the core idea remains the same. The model is encouraged or trained to use tokens for intermediate problem-solving steps rather than jumping directly to the conclusion.
 
  
 
   
   Correspondingly, I use reasoning model to mean an LLM that has been improved, either through training or prompting techniques, to produce such intermediate steps, which often increases accuracy on complex tasks such as coding, logical puzzles, and math problems.
 
  
 
   
   Before we get to the coding portions of this book, I will briefly discuss the main techniques that improve these reasoning behaviors and how they relate to pattern matching and logical reasoning. This will lay the groundwork for later discussions of how LLMs are currently built, how they handle reasoning tasks, and what they are and are not so good at.
 
  
 
   
    
    Chain-of-thought (CoT)
 
   
 
    
    This style of generating intermediate steps is often referred to as chain of thought (CoT). Researchers and engineers often say that the model “thinks” through the problem step by step, meaning that it makes its intermediate reasoning process explicit and easier to follow. In this book, I use the terms reasoning and thinking in that common engineering sense. This does not imply that LLMs actually reason or think in the same way humans do.
 
   
 
  
 
   
   Figure 1.1 illustrates how a conventional LLM generates the answer to a user’s question. A conventional LLM might not show how it came up with its answer, and while the answer might be correct, it doesn’t help the user understand the process behind it.
 
  
 
    
   [image: ] 
   Figure 1.1 A simplified illustration of how a conventional, nonreasoning LLM might respond to a question with a short answer

  
 
   
   Figure 1.2 illustrates a simple example of multistep (CoT) reasoning in an LLM. The LLM-produced intermediate reasoning steps look very much like a person articulating internal thoughts aloud. How closely these methods (and the resulting reasoning processes) mirror human reasoning remains an open research question, one this book does not attempt to answer.
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   Figure 1.2 A simplified illustration of how a reasoning LLM might tackle a multistep reasoning task using a chain of thought. Rather than just recalling a fact, the model combines several intermediate reasoning steps to arrive at the correct conclusion. The intermediate reasoning steps may or may not be shown to the user, depending on the implementation.

  
 
   
   While figure 1.2 is a typical example of chain-of-thought reasoning, it’s important to emphasize that LLM reasoning differs from traditional, deterministic reasoning. For instance, a symbolic logic engine or theorem prover follows strict, rule-based steps that guarantee consistency and correctness. It works like following a recipe in which every step is fixed and must produce the same result each time. If you follow the steps exactly, you will always end up with the same dish.
 
  
 
   
   In contrast to a symbolic logic engine, an LLM generates reasoning autoregressively, which means it predicts one token at a time based on statistical patterns in its training data. As a result, the LLM’s “reasoning steps” are not guaranteed to be logically sound, even if they look convincing.
 
  
 
   
   This book focuses on explaining and implementing the fundamental techniques that improve LLM-based reasoning and make LLMs better at handling complex tasks. My hope is that by gaining hands-on experience with these methods, you will be better prepared to understand and improve the reasoning methods being developed and maybe even explore how they compare to human reasoning.
 
  
 
   
    
    LLM vs. human reasoning
 
   
 
    
    Reasoning processes in LLMs may superficially resemble human thought, particularly in how intermediate steps are articulated. But it is important to recognize a key difference: humans can engage in deterministic reasoning by deliberately applying rules of logic or by reasoning over an internal model of the world. Deterministic, here, means that if we start with the same facts and follow the same steps, we will always reach the same conclusion. In contrast, current LLM reasoning is probabilistic, meaning that it generates one token at a time based on statistical patterns in training data, without guarantees of logical consistency.
 
   
 
    
    Humans often reason by consciously manipulating concepts, intuitively understanding abstract relationships, or generalizing from a few examples. LLMs, by contrast, work by picking up patterns from huge amounts of text rather than relying on built-in reasoning rules or any kind of conscious thought.
 
   
 
    
    In short, although the outputs of reasoning-enhanced LLMs can appear human-like, the underlying mechanisms differ substantially and remain an active area of exploration.
 
   
 
  
 
   
   1.2 Understanding the standard LLM training pipeline
 
  
 
   
   Let’s briefly look at how conventional (nonreasoning) LLMs are typically trained so that we can understand where their limitations lie. This background will also help frame our upcoming discussions on the differences between pattern matching and logical reasoning.
 
  
 
   
   Before applying any specific reasoning methodology, conventional LLM training is usually structured into two stages: pretraining and post-training, which are illustrated in figure 1.3. Some recent papers also distinguish a mid-training stage between the other two, such as to continue training a model on code, math, or long-context data, but I’ll group that stage under pretraining to keep the terminology simple in this book.
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   Figure 1.3 Overview of a typical LLM training pipeline. The process begins with a model initialized with random weights, followed by pretraining on large-scale text data to learn language patterns by predicting the next token. Post-training then refines the model through instruction fine-tuning and preference fine-tuning, enabling the LLM to better follow human instructions and align with human preferences.

  
 
   
   In the pretraining stage of a typical LLM training pipeline, LLMs are trained on massive amounts of unlabeled text, often many terabytes of data or trillions of tokens, including books, websites, research articles, and many other sources. The pretraining objective for the LLM is to learn to predict the next word (that is, the next token) in these texts.
 
  
 
   
    
    Words and tokens
 
   
 
    
    A token is a small unit of text that a language model processes. A token can be a full word, part of a word, or even punctuation, depending on how the text is split by a tokenizer.
 
   
 
    
    For example, the sentence “An LLM can be useful.” might be broken into tokens like “An”, “ L”, “LM”, “ can”, “ be”, “ useful”, and “.” by a common tokenizer. These tokens are then converted into numerical IDs that the model can ingest.
 
   
 
    
    A tokenizer is not part of the LLM itself, but it is nonetheless a critical component of the LLM text-processing and generation pipeline. We will see how tokenization works in the next chapter.
 
   
 
  
 
   
   LLMs become highly capable when they’re pretrained on massive datasets, which typically involve several terabytes of text (equivalent to trillions of tokens). This training requires thousands of GPUs running for many months and can cost millions of dollars. Here, “capable” means that LLMs begin to generate text that closely resembles human writing. To some extent, pretrained LLMs also begin to exhibit so-called emergent properties, which means they can perform tasks that they were not explicitly trained to do, including translation and code generation. 
 
  
 
   
   These pretrained models serve as base models for the post-training stage, which uses two key techniques: supervised fine-tuning (often abbreviated as SFT in the literature and also known as instruction tuning) and preference tuning to teach LLMs to respond to user queries.
 
  
 
   
   As shown in figure 1.4, instruction tuning improves an LLM’s capabilities for personal-assistance tasks such as question answering, summarizing, translating text, and more. The preference-tuning stage then refines these capabilities. As the term implies, preference tuning helps tailor responses to user preferences. Some readers may be familiar with the term reinforcement learning with human feedback (RLHF), which is a specific technique for implementing preference tuning.
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   Figure 1.4 Example responses from a language model at different training stages. The prompt asks for a summary of the relationship between sleep and health. The pretrained LLM produces a relevant but unfocused answer without directly following the instructions. The instruction-tuned LLM generates a concise, accurate summary aligned with the prompt. The preference-tuned LLM further improves the response by using a friendly tone and engaging language, making the answer more relatable and user centered.

  
 
   
   In short, we can think of pretraining as “raw language prediction” (via next-token prediction) that gives the LLM some basic properties and capabilities to produce coherent texts. The post-training stage then improves the task understanding of LLMs via instruction tuning and refines the LLM to create answers with preferred stylistic choices via preference tuning.
 
  
 
   
   It is worth noting that even an instruction-tuned model is not yet a “chatbot.” A chat interface adds another layer that guides the model’s responses in an interactive, multi-turn setting. This typically involves a system prompt, conversation history management, and other orchestration (an example of this is implemented in appendix G).
 
  
 
   
   NOTE These pretraining and post-training stages are covered in my book Build a Large Language Model (From Scratch), published by Manning (http://mng.bz/orYv). The book you are reading now does not require detailed knowledge of those stages. Here, we will load a model that has already undergone the expensive pretraining and post-training stages so that we can focus on the methodology specific to reasoning models. 
 
  
 
   
   1.3 Improving LLM reasoning with training and inference techniques
 
  
 
   
   Reasoning, in the context of LLMs, entered the public eye with the announcement of OpenAI’s o1 in ChatGPT on September 12, 2024. In the announcement article, OpenAI stated, “We’ve developed a new series of AI models designed to spend more time thinking before they respond” (https://openai.com/index/introducing-openai-o1-preview/). Furthermore, OpenAI wrote, “These enhanced reasoning capabilities may be particularly useful if you’re tackling complex problems in science, coding, math, and similar fields.”
 
  
 
   
   A few months later, in January 2025, DeepSeek released the DeepSeek-R1 model and technical report, which details training methods for developing reasoning models (https://arxiv.org/abs/2501.12948). This made big waves because the company not only made freely and openly available a model that competes with and exceeds the performance of the proprietary o1 model but they also shared a blueprint for training such a model. In this book, we’ll look at how the methodologies used to develop reasoning models work by implementing similar methods from scratch.
 
  
 
   
   The different approaches to developing and improving an LLM’s reasoning capabilities can be grouped into three broad categories, as illustrated in figure 1.5. These methods are typically applied to LLMs that have undergone the conventional pretraining and post-training phases, including instruction and preference tuning.
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   Figure 1.5 Three approaches are commonly used to improve reasoning capabilities in LLMs: inference-compute scaling, reinforcement learning, and distillation. These methods are typically applied after the conventional training stages (initial model training, pretraining, and post-training with instruction and preference tuning), but reasoning techniques can also be applied to the pretrained base model.

  
 
   
   We will examine these common approaches in more detail throughout the book:
 
  
 
   
   	Inference-time compute scaling (also often called inference-compute scaling, test-time scaling, and other variations) includes methods that improve the model’s reasoning capabilities at inference time (when a user prompts the model) without training or modifying the underlying model weights. The core idea is to trade increased computational resources for improved performance, making even fixed models more capable through techniques such as chain-of-thought reasoning and various sampling procedures. This will be the focus of chapters 4 and 5.
 
   	Reinforcement learning (RL) refers to training methods that improve a model’s reasoning capabilities by encouraging it to take actions that lead to high-reward signals. These rewards can be broad, such as task success or heuristic scores, or they can be narrowly defined and verifiable, such as correct answers in math problems or coding tasks.
 Unlike inference-time compute scaling, which can improve reasoning performance without modifying the model, RL updates the model’s weights during training. This enables the model to learn and refine reasoning strategies through trial and error based on the feedback it receives from the environment. We will explore RL in more detail in chapters 6 and 7.
 
   	Distillation involves transferring complex reasoning patterns learned by larger, more capable models into smaller or more efficient models. In the context of LLMs, this typically means performing supervised fine-tuning (SFT) using high-quality labeled instruction datasets generated by a larger, more capable model. This technique is commonly referred to as knowledge distillation or simply distillation in LLM literature. It’s important to note that this differs slightly from traditional knowledge distillation in deep learning, where a smaller (“student”) model typically learns from both the outputs and the logits produced by a larger (“teacher”) model. This topic is discussed further in chapter 8.
 
  
 
   
    
    Reinforcement learning for reasoning and preference tuning
 
   
 
    
    In the context of developing reasoning models, it is important to distinguish the reinforcement learning (RL) approach from reinforcement learning with human feedback (RLHF), which is used during preference tuning when developing a conventional LLM. Both settings use the same underlying process (RL), but they differ primarily in how the reward is obtained and validated (human judgments for RLHF versus automated verifiers or environments for reasoning RL).
 
   
 
    
    RLHF incorporates explicit human evaluations or the rankings of model outputs as reward signals, directly guiding the model toward human-preferred behaviors. In contrast, RL in the context of reasoning models typically relies on automated or environment-based reward signals, which can be more objective but less aligned with human preferences. For instance, RL in a reasoning-model development pipeline might train a model to excel at mathematical proofs by providing explicit rewards for correctness. By contrast, RLHF would involve human evaluators ranking various responses to encourage outputs that align closely with human standards and subjective preferences.
 
   
 
  
 
   
   1.4 Pattern matching vs. logical reasoning
 
  
 
   
   During pretraining, LLMs are exposed to vast quantities of text and learn to predict the next token by identifying and reproducing statistical associations in that data. This process enables them to generate fluent and coherent text, but it is fundamentally based on learned statistical regularities rather than explicit rules or guaranteed logical inference.
 
  
 
   
   LLMs respond to prompts by generating text continuations that are statistically consistent with the patterns seen during training. This includes many premise-to-conclusion patterns that can look like logical inference. The key difference is that the model does not explicitly represent premises and apply formal rules but instead predicts likely continuations from similar examples in its training data.
 
  
 
   
   Consider the following example:
 
  
 
   
    
    [image: ] The capital of Germany is…
 
   
 
  
 
   
    
    [image: image] Berlin.
 
   
 
  
 
   
   An LLM producing the answer “Berlin” is not logically deducing the answer. Instead, it is recalling a strong statistical association learned from training data. This behavior reflects what we refer to
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   Figure 1.6 Contradictory premises lead to a logical inconsistency. From “All birds can fly” and “A penguin is a bird,” we infer “A penguin can fly.” This conclusion conflicts with the established fact “A penguin cannot fly,” which results in a contradiction.

  
 
   
    
  
 
   
    
  
 
   
    
    Logical reasoning and rule-based systems
 
   
 
    
     
   
 
  
 
   
   1.5 Simulating reasoning without explicit rules
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   Figure 1.7 An illustrative example of how a language model (GPT-4o in ChatGPT) appears to “reason” about a contradictory premise

  
 
   
    
  
 
   
    
  
 
   
    
  
 
   
   	When the logical scenario is novel (not previously encountered in training data)
 
   	When reasoning complexity is high, involving intricate, multistep logical relationships
 
  
 
   
    
    Logical reasoning vs. reasoning models currently available today
 
   
 
    
     
   
 
  
 
   
    
  
 
   
    
  
 
   
   1.6 Why build reasoning models from scratch?
 
  
 
   
    
  
 
   
    
  
 
   
   
    
     We will next ship GPT-4.5, the model we called Orion internally, as our last non-chain-of-thought model. After that, a top goal for us is to unify o-series models and GPT-series models by creating systems that can use all our tools, know when to think for a long time or not, and generally be useful for a very wide range of tasks.
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   Figure 1.8 Token-by-token generation in an LLM. At each step, the LLM takes the full sequence generated so far and predicts the next token, which may represent a word, subword, or punctuation mark, depending on the tokenizer. The newly generated token is appended to the sequence and used as input for the next step. This iterative decoding process is used in both standard language models and reasoning-focused models.

  
 
   
    
  
 
   
    
  
 
   
   1.7 A road map to building reasoning models from scratch
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   Figure 1.9 A high-level road map of what we’ll build in this book. We’ll start with a conventional LLM, add evaluation methods so we can measure its progress, and then explore two broad families of reasoning improvements: inference techniques and training techniques.
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   Figure 1.10 A detailed road map of the chapter-level substeps. After loading the base model, we’ll cover benchmark-based and judgment-based evaluation, then inference-time methods such as advanced text generation, voting, and self-refinement, and finally training-time methods based on reinforcement learning and distillation.

  
 
   
    
  
 
   
   Summary
 
  
 
   
   	Conventional LLM training occurs in several stages: 
     
     	Pretraining, in which the model learns language patterns from vast amounts of text
 
     	Instruction fine-tuning, which improves the model’s responses to user prompts
 
     	Preference tuning, which aligns model outputs with human preferences
 
    
 
 
   	Reasoning methods are applied on top of a conventional LLM. 
 
   	Reasoning in LLMs refers to improving a model so that it explicitly generates intermediate steps (chain of thought) before producing a final answer, which often increases accuracy on multistep tasks.
 
   	Reasoning in LLMs is different from rule-based reasoning, and it likely also works differently from human reasoning. Currently, the consensus is that reasoning in LLMs relies on statistical pattern matching.
 
   	Pattern matching in LLMs relies purely on statistical associations learned from data, enabling fluent text generation but lacking explicit logical inference.
 
   	Improving reasoning in LLMs can be achieved in a few ways: 
     
     	Inference-time compute scaling improves reasoning without retraining (e.g., chain-of-thought prompting). 
 
     	Reinforcement learning involves training models explicitly with reward signals.
 
     	Supervised fine-tuning and distillation, using examples from stronger reasoning models.
 
    
 
 
   	Building reasoning models from scratch provides practical insights into LLM capabilities, limitations, and computational tradeoffs.
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