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PREFACE


Rabbi Judah Loew ben Bezalel, known as the Maharal of Prague, was a 16th-century Jewish scholar, philosopher, and something of a mystic. Witnessing the persecution of his people, so the legend goes, he fashioned them a protector from clay gathered on the banks of the river Vltava. Forming the clay into the shape of a man, he carved a word into its forehead, and the word gave it semblance of life (or “bounded autonomy,” as we would say today). This is, of course, the story of the Golem of Prague: Immensely powerful, tireless, and obedient, it existed to protect those who could not protect themselves.

But the Golem was also dangerous. It was a creature of raw capability without inherent purpose, animated matter that might, if not properly controlled, turn its strength against the very people it was meant to serve. The tales vary in their details, but they converge on a central anxiety: What happens when the things we create become too powerful for us to control?

We are, it seems, wired to fear this. The same anxiety recurs across cultures and centuries: Frankenstein’s monster, Skynet, HAL 9000, the paperclip maximizer—each a powerful construct, shaped by human hands, that escapes human mastery. It is a primal story, an articulation of our deep-seated instinctive discomfort with progress, and artificial intelligence (AI) has given it but a new dress. When we speak of existential risk from AI, when it is blamed for potentially destructive outcomes (rightly or wrongly), or when we worry about superintelligent systems pursuing goals misaligned with human welfare, we are ultimately telling and retelling a tale as old as time.

The Maharal animated his creation by inscribing a shem—a word—upon its forehead. Shem in Hebrew means name, and the particular name the Maharal chose was emet: truth, or justice. When the Golem’s work was done or threatened to become uncontrollable, the Maharal could erase a single letter, transforming emet into met—death—and the creature would return to lifeless clay. The word gave power. The word could also take it away.

This, I want to suggest, is the short story of post-training. The foundation model—the raw language model that emerges from pre-training—is but unformed clay. It has absorbed the patterns of human language from billions of words, acquiring remarkable capabilities in the process, and with sufficient forming, it can be given both the verisimilitude of humanity and power well beyond that. But it has no purpose, no values, no reliable behavior. It is potential without direction. Post-training is the shem: the process by which we give the model its animating principles, its sense of what it should and should not do, its capacity to be helpful rather than harmful. The word—whether we call it a constitution, a reward signal, or a set of instructions—is how even fearsome power can be shaped and controlled.

But the story of the Golem is more than a mere cautionary tale about the destructive potential of uncontrolled power. It also teaches us that capability alone is not destiny, that the relationship between power and purpose is not a given. It is something we, ultimately, impose. No matter how mighty our servant, it is we who inscribe that shem. The story teaches us that words matter, that the careful articulation of intent, translated into code and training regimes and feedback loops, is how we ensure that our creations serve rather than threaten.

And most important, it teaches us that we have a choice but also a responsibility. The Golem isn’t something that happens to us. It is what we make it to be. But only if we master an understanding of that process.

* * *

This last point is more crucial than it may first appear. This book has long sections of daunting-looking mathematics, and as something aimed at a professional audience, it makes no apologies for that. There are no shortcuts here. At the same time, what may easily appear to be an arcane technical concern relevant to the few thousand researchers and engineers who share this work is, in fact, the fulcrum on which much of our collective future may turn.

For in reality, post-training is where the most important questions about AI are answered. From questions about the technical future of AI to its societal impact, from business strategy to questions of ethics and alignment, post-training is at the heart of it all. This is not accidental. Pre-training is an important and demanding endeavor, but ultimately one of logistics and scale. Inference is an engineering optimization problem and, as the recent emphasis on inference-optimized architectures like NVIDIA’s Vera Rubin CPX shows, one increasingly intertwined with hardware design. But post-training is about behavior, about character, about principles. It is about values and judgment, about the systems we build and what they do to the world around them. It is, in short, about us, and the choices we are called to make.

Many of the perceived concerns about AI, for instance, trace back to post-training. When alignment experts worry about the issue of perverse instantiation, formulated memorably by Nick Bostrom using his analogy of the paperclip maximizer, they are ultimately speaking about flawed post-training.1 The pathological behaviors models may exhibit, such as sycophancy, equally trace back to post-training deficiencies. Research suggests that this behavior emerges partly from pre-training data rich in agreement and flattery—the pre-training team’s share of the blame—and partly from human preference judgments that reward models for telling users what they want to hear.2 That last one, I’m afraid, is on us.

Or consider the perplexing situation of AI’s “spikiness” and the difficulty especially of lay audiences to reconcile claimed PhD-level capabilities with trivial failures. Researchers have termed this the jagged frontier: the strange topography of AI ability in which a system might excel at tasks that would challenge a human expert while failing at tasks any child could perform.3 The same model that can draft a compelling legal brief or solve graduate-level mathematics problems cannot reliably count the letters in strawberry.4 AI can boost management consultants’ performance by 40 percent on some tasks while making them 19 percent less accurate on superficially similar ones. It can pass medical licensing examinations yet stumble on basic logical puzzles that most secondary school students would find trivial.5

This jaggedness is not unfamiliar to AI researchers, who know its most prominent manifestation as Moravec’s paradox: It’s easier for machines to beat humans at chess than to master bipedal locomotion, a skill most of us have mastered by 18 months or so of age. It is, however, deeply disorienting for users who reasonably expect that a system capable of sophisticated reasoning shouldn’t fail at simple counting. Jaggedness undermines trust: If you cannot predict where the failures will occur, how can you rely on the system at all? Moreover, it may prove resistant to simple fixes. Some tasks are easy to verify and thus easy to train on; others are not. Mathematical proofs can be checked; good judgment is harder to assess. The frontier advances unevenly because our ability to provide a useful training signal varies wildly across domains. To create trustworthy, reliable, and performant systems, we must master ways to even out these signals. This, too, is post-training.

Post-training, in short, is the “everything technology” of contemporary AI. It is where capability becomes character, where the abstract mathematics of neural networks becomes the thing we argue about at dinner tables and in legislative chambers—not because post-training is so powerful, but because post-training is so intrinsically connected with human values and judgment about purpose. No matter how technical the process, the endeavor itself is ultimately firmly in the human moral domain.

* * *

In view of all this, it is rather remarkable how little the field has permeated public awareness. The term post-training itself barely existed before 2023. By 2024, the landscape had transformed. Post-training teams at major labs had grown from small groups into organizations of hundreds. Budgets exceeded hundreds of millions of dollars. New (to large language models, or LLMs, anyway) techniques proliferated—direct preference optimization, constitutional methods, process reward models. Yet ask someone outside the field what post-training is, and you will likely receive a blank stare.

This book is an attempt to bridge that gap. It is written for practitioners: engineers who have been handed a base model and told to make it useful, researchers exploring new alignment techniques, and technical leaders trying to understand what their teams actually do. It is not a policy treatise, though policy implications run throughout. Nor is it a philosophical meditation on machine consciousness, though philosophy makes occasional appearances (I can gravitate only so far from my original education as a legal philosopher). It is, rather, a practical guide to a craft that is still being invented at its edges, evolving as it is practiced.

The structure of this book follows the practitioner’s journey. We begin with foundations: why post-training exists, what problems it solves, and how we arrived here. We proceed through core techniques: supervised fine-tuning, reinforcement learning from human feedback, and direct preference methods. Middle sections address the practical challenges of making these techniques work at scale. We close with the frontier: multimodal systems, agentic behavior, and the questions that remain open.

Like the practitioner’s journey, this book is intended to be an interactive course, with exercises and code examples throughout. Training scripts can be extensive, and to keep the book manageable, I have been selective with the content included in the text. The full codebase, however, is available online at https://github.com/chrisvoncsefalvay/craft-of-post-training. This book does not assume that you will have access to vast computational resources, but later examples do need multinode or multi-GPU setups. The book’s website has an up-to-date list of recommended neoclouds that tend to be affordable, as well as pointers to academic discounts where available.

* * *

The first chapters of what would become this book were drafted in the waning days of 2024. A few weeks before I put the final touches on the manuscript in early January 2026, I was asked to speak on the whirlwind advances in AI over the preceding few years. It was a sobering experience to see that what feels like decades of progress was accomplished in the span of a few short years. In 2022, when I finished my previous book, AI was still almost a dirty word; the preferred terminology for those aspiring to serious scientific respectability was machine learning or statistical learning. Indeed, those few who, for better or worse, had AI in their job titles were often seen as almost anachronistic characters. AI seemed to be in an uncanny valley between the failures of the past (like expert systems) and a plot device for the future. What AI didn’t have was a present.

And then, AI became the present. The release of GPT-3.5 in late 2022, followed by GPT-4 in early 2023, changed everything. Suddenly, our niche discipline was a mainstream technology. Fast-forward three years, and it has grown into a dominant social, economic, and cultural phenomenon. From Wall Street to Hollywood, from middle school classrooms to the halls of government, if AI isn’t the subject of the conversation, it is at least the subtext.

It has been a singular adventure to have been born at the right time to experience what may well be the greatest age of discovery our species has lived through, and the privilege of a lifetime to have been able to contribute to it in my own small way. The rise of AI has been the defining story of my professional life, and this book is, in many ways, a distillation of that experience. Yet I write this not as a retrospective, nor as a summation of what has been achieved. If there is one thing I have no doubt about, it is that not only is the story of AI far from over, but the best chapters, indeed, are yet to be written.

This is a book for the builders of tomorrow who will take up the task of writing those chapters. Physical AI, the rise of embodied agents and the world models that drive them, true large-scale agentic systems, pervasive multimodality, and many other ideas for which we do not even have a name await us on the horizon, and the techniques in this book are some of the foundations of how we get there. This world, as Lord Birkenhead wrote over a century ago, “continues to offer glittering prizes to those with stout hearts and sharp swords.” There has never been a time when that was more true.

The future has not been written. It’s time to build.

Chris von Csefalvay

Denver, Colorado

January 21, 2026
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INTRODUCTION
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This is a book about post-training—specifically, about the techniques, art, and practices that make for good post-training of large models at enterprise scale. We will define in due course what we mean by the enterprise context and what we consider to be good, but we must first tackle the definitional challenge: What, exactly, is post-training, and why does it matter?



Finding Your Path Through This Book


Who is this book for, and how should it be read? The challenge of serving both the engineer who implements and the leader who decides shapes everything that follows—our scope, our assumptions, and the multiple paths through the material that different readers might take.




What We Cover and How


This book provides comprehensive coverage of post-training techniques: supervised fine-tuning (SFT) that teaches through demonstration, reinforcement learning (RL) that optimizes for preferences, model optimization that enables practical deployment, domain adaptation that embeds organizational knowledge, tool use that extends model capabilities, and reasoning techniques that improve reliability. We assume familiarity with transformer architectures and basic machine learning (ML). Readers should be comfortable with backpropagation, gradient descent, and the general structure of neural networks. However, we build all post-training concepts from first principles, assuming no prior exposure to reinforcement learning from human feedback (RLHF), direct preference optimization (DPO), or related techniques.

Mathematical derivations are provided in full for core techniques. This choice deserves justification, as many technical books treat mathematics as optional material to be skimmed. We will take the opposite view: Understanding the mathematics enables intelligent adaptation to novel situations. Math in language models is not an impediment but a shortcut. Many concepts that appear counterintuitive crystallize into some semblance of clarity when examined mathematically, and mathematics can often account for the tips, tricks, and tribal wisdom that pervade the profession. When a fine-tuning run produces unexpected results, the practitioner who understands the underlying optimization can diagnose what went wrong and reason about it in a way that does not rely on “vibes.” Mathematics is not decoration but the foundation for principled practice. Those who wish to skip derivations may do so, as the text stands without them, but I would encourage engagement with the mathematics as the route to deeper understanding.

Code examples, drawn from accompanying Jupyter notebooks, illustrate implementation without drowning the reader in boilerplate. Enough code is included to make techniques concrete but not so much that essential ideas are obscured by engineering detail. The notebooks provide complete, runnable implementations, and the text provides annotated excerpts that highlight key patterns. We use a consistent ecosystem throughout: PyTorch, the Hugging Face ecosystem (TRL, Transformers, datasets), CUDA-based acceleration, Optuna for hyperparameter optimization (HPO), Hydra for experiment management, SkyPilot for deployment, and occasionally vLLM. This is an adequate representation of what most practitioners would encounter at a strong enterprise data science/AI team. Readers should be able to move from reading a technique to implementing it with minimal friction, and the notebooks are designed to serve as templates for adaptation to specific use cases. While the examples are selected to be illustrative rather than exhaustive enterprise-grade implementations, they are not toy examples, and we will not be taking shortcuts.




Who This Book Is For


This book is primarily for the practicing ML engineer who gets to implement post-training systems. These readers are comfortable with PyTorch, familiar with gradient descent, and capable of reading a research paper and implementing its core ideas. They have trained models before, even if not LLMs specifically. They understand what a loss function is, how optimizers work, and why learning rates matter. They do not need hand-holding through basic ML concepts but do need clear exposition of post-training-specific techniques that may be new to them.

Yet I also write for technical leaders who must understand what their teams are doing. These readers may not implement post-training systems themselves but must make resource allocation decisions, set strategic direction, and explain capabilities and limitations to stakeholders who understand even less. A VP of engineering needs to know enough about DPO to evaluate whether the team’s proposed approach is sensible. A chief data officer needs to understand alignment well enough to discuss it with regulators. A product manager needs to grasp the trade-offs between fine-tuning approaches in order to make informed roadmap decisions. For these readers, the mathematical derivations may be less important than the intuitions they enable and the strategic implications they reveal.

The strategic perspective visible to leadership and the implementation detail required by engineers are not separate concerns but complementary views of the same territory. An engineer who understands only implementation details makes poor architectural decisions because they cannot see how the pieces fit together. A leader who understands only strategy makes poor resource decisions because they cannot judge feasibility or estimate effort. I have tried throughout to write in a way that serves both audiences: enough implementation detail that engineers can build systems and enough strategic context that leaders can lead. The engineer may skim the business case sections, while the leader may skim the mathematical derivations, but both audiences should find the book useful in its entirety.




Reading Routes


This book was born from a first course on fine-tuning techniques I built for HCLTech’s Enterprise Research Services division in late 2025. As a recovering academic, I think of books as semester-long postdoctoral seminars, with just enough of a loose structure that chapters build on top of each other, but each also constituting a survey of its whole field in depth regardless of how early or late. As such, this book can be read linearly as a comprehensive course or used as a reference for specific techniques.

Linear reading makes sense for those building post-training capability from scratch, as the material builds systematically, with later chapters assuming familiarity with earlier concepts. Reference use makes sense for practitioners who already have post-training experience and need guidance on specific techniques, as each chapter is reasonably self-contained, with explicit cross-references to prerequisite material. If all else fails, printed versions make excellent doorstops, and stacks of them make passable GPU risers. The book’s content is as follows:


	Part I, comprising Chapters 1 and 2, establishes foundations. We examine the case for post-training, survey the landscape of techniques, and review the prerequisite knowledge about transformer architectures and fine-tuning mechanics that subsequent chapters assume. Readers already familiar with transformers may skim Chapter 2, while those new to the area should study it carefully.

	Part II covers core techniques. Chapter 3 develops supervised fine-tuning in depth. The next two chapters address reinforcement learning: Chapter 4 covers fundamentals, including reward modeling and PPO, while Chapter 5 explores modern preference optimization methods like DPO, KTO, and GRPO. Chapter 6 addresses evaluation—how to know whether post-training is working and whether deployed models are performing as expected. These chapters form the technical core of the book and deserve careful study.

	Part III addresses optimization and specialization. Chapter 7 covers model optimization—quantization, parameter-efficient fine-tuning, and knowledge distillation. Chapter 8 examines domain adaptation for specific industries and use cases. These chapters enable practical deployment of the capabilities developed in Part II.

	Part IV explores advanced topics and future directions. Chapters 9 through 11 cover tool use, reasoning, and self-play—capabilities that extend what post-trained models can do. Chapter 12 addresses multimodal post-training for models that handle images, audio, and other modalities beyond text. Chapter 13 looks ahead to emerging techniques and the evolving landscape.



The accompanying notebooks at https://github.com/chrisvoncsefalvay/craft-of-post-training provide hands-on experience with each technique. I encourage you to run them as you progress through the text. Post-training is not a spectator sport: Reading about DPO is one thing, but training a model with DPO and observing the effects is entirely another. The notebooks are designed to run on affordable hardware, and I have annotated them extensively to explain not just what the code does but why.

The NVIDIA DGX Spark has become the ubiquitous workhorse of the post-training world as far as desktop devices are concerned, with its unique value proposition of server-grade hardware in a desktop form factor. For this reason, I have provided a special series of notebooks with the DGX Spark in mind, which use its 128GB of unified memory to run larger single-GPU training jobs than would otherwise be possible. This avoids the hassle of distributed training or having to restrict yourself to smaller models. Readers with access to a DGX Spark will find these notebooks particularly convenient (especially considering the idiosyncrasies that result from the Spark’s combination of a GPU that requires CUDA 13 for full support but also has an ARM CPU).

However, all notebooks have a version that can be run on Google Colab, and, for the most part, for free. Cost should never be a barrier to acquiring post-training skills, and I have endeavored to make these resources as accessible as possible. The notebooks are also frequently updated to reflect the rapidly evolving ecosystem. While I have chosen packages used in this book to be generally stable, the notebooks will highlight where they have over time made accommodations for changing APIs.

It is worth noting that while this book is aimed at practitioners first and academic/research audiences second, we will make ample use of academic literature. The post-training discipline is changing rapidly, and much of the best material remains in papers, not textbooks. It is also the case that your journey of reading papers should not end here. For our discipline, a careful reading of arXiv remains an essential part of staying current. Several newsletters summarize what’s new in the field. Interconnects by Nathan Lambert may well be the foremost, especially if you are interested in open models, and Hugging Face’s daily summary of trending papers is a solid shortcut for anyone too busy to go through the dozens of new papers on arXiv every day.




Working with Code Agents


Post-training involves a substantial amount of orchestration work: preparing datasets, configuring training runs, monitoring experiments, managing checkpoints, evaluating outputs, and iterating on hyperparameters. Much of this is tedious rather than intellectually demanding. In the time since I began writing this book, a new generation of code agents and “vibe coding” tools—Claude Code, Cursor, Windsurf, and their ilk—have matured to the point where they can reliably handle significant portions of this orchestration burden.

The term vibe coding, coined by Andrej Karpathy in early 2025, describes a mode of programming where the person describes intent in natural language and lets an AI agent handle the implementation details. For post-training work, this may be much less relevant than the use of coding agents to automate routine tasks. Competent coding agents, especially Claude Code with the right agentskills, can act as valuable collaborators for the post-training practitioner, and relieve much of the constant checking, formatting, and frustration that comes with trying to get remote nodes to behave.

This is, of course, an individual choice. Some practitioners prefer to write every line themselves, finding that the act of implementation deepens understanding. Others enthusiastically embrace agents, viewing time spent on boilerplate as time stolen from higher-value work. Most—including the author of these lines—fall somewhere in between, delegating routine tasks while retaining direct control over critical components. There is no universally correct answer, and I presume to make no prescriptions (but if I did, it would be this: Either vibe code or vibe document—never both, as you need your own system of record).

Throughout this book, “Vibe Check” boxes highlight moments where code agents may be particularly useful—or particularly dangerous. These are not endorsements but observations, identifying tasks that agents handle particularly well or particularly badly. Readers who eschew agents entirely may skip these boxes to their heart’s content; readers who embrace them may find the guidance useful. Either way, the core material stands independent of the way you choose to implement it.






PART ITHE FOUNDATION







1POST-TRAINING ESSENTIALS: WHAT IT IS AND WHY IT MATTERS
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As I was putting the finishing touches to the manuscript of this book during the unseasonably warm winter holidays of 2025, I found myself explaining to a rather puzzled neighbor that I was working on a book on post-training. I have, for the last decade or so, been more or less living and breathing various dimensions of this subject, well before it was called post-training, to the point that I barely thought about the term (indeed, we generally abbreviate it to post). It turns out that makes me a small minority. “Wait . . . so, you’re training models . . . that have already been trained?” she asked, incredulous. “Why would you do that?”

This is an incredibly perceptive question. Even within traditional machine learning (ML), we do not generally pre- and post-train: We do data prep, certainly, and apply techniques like dimensionality reduction to get our raw material into a more tractable shape. But we certainly do not have a whole separate discipline that focuses on training models after they have been trained. What is so different about post-training that it deserves its own set of practices and its own book? This is the question that this chapter answers.



What Post-Training Really Means


What exactly is post-training, and why has it become a discipline unto itself? The term encompasses far more than gradient flow: It is the art and science of transforming foundation models into useful, reliable, safe, and efficient production systems. Understanding where post-training begins and ends—and where enterprises sit within the broader landscape of practitioners—shapes all the model’s downstream aspects.

It encompasses everything that happens after the foundation model itself has been created: fine-tuning on domain-specific data, alignment with human values, optimization for deployment, evaluation in real-world scenarios, and ensuring safety and compliance.

Arguably, this definition is more expansive than some used in the past. By strict definition, training in neural network-style models is intrinsically tied to gradient flow. No weight updates means no training. In practice, though, that rather scholastically neat definition is less useful than a more functional one informed by the real world. Thus, we will consider post-training to encompass everything “right of pre”: the crucial maturation of a foundation model that has been turned into something we can hand over to end users, deploy in production systems, and trust to behave in accordance with our values and requirements. Figure 1-1 illustrates this life cycle.
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Figure 1-1: The model life cycle. Pre-training and mid-training (separated by a dashed line to indicate lack of consensus on the boundary) create the foundation model. Post-training—the focus of this book—adapts the model through curated examples and human feedback. Deployment-time techniques operate at inference without changing weights.



Some practitioners and foundation labs use a third term: mid-training, which refers to additional training after primary pre-training but before the alignment and instruction-tuning phases that most would recognize as post-training proper. Others describe the same phase as domain-adaptive continued pre-training: exposing a foundation model to billions of tokens of domain-specific text (legal corpora, medical literature, financial filings) to shift its linguistic and conceptual foundations before applying task-specific fine-tuning. In this book, we consider domain-specific mid-training to fall within our expansive definition of post-training. The reasoning is pragmatic: From the enterprise practitioner’s perspective, the distinction that matters is between pre-training (which few enterprises will ever perform themselves, given its cost) and everything that comes after. Whether we call continued domain pre-training mid-training or domain-adaptive post-training matters less than understanding when it is necessary and how to do it well. Chapter 8 addresses these techniques.




TERMINOLOGY: POST-TRAINING AND FINE-TUNING


Strictly speaking, post-training refers to any process where gradients flow through the model after pre-training, such as supervised fine-tuning (SFT), reinforcement learning from human feedback (RLHF), and preference optimization. We will eschew pedantry this once and consider post-training to also encompass everything downrange from the foundation model to the production system, including quantization (which sits in an interesting middle ground—no gradients during quantization itself, but calibration data does influence the result), evaluation, and deployment optimization.

We will reserve the term fine-tuning to specifically separate those processes where gradients flow and weights are updated. The distinction matters, as we can fine-tune a model yet fail at post-training if we neglect evaluation, safety alignment, or deployment efficiency.



That, however, still only partially answers my neighbor’s question. Why is post-training necessary at all, to the point of having its own literature, discipline, and even culture? (One need only spend a few hours at NeurIPS to realize that the post-training community is a tribe of its own.) There are as many answers to the raison d’etre of post-training as there are practitioners. However, for those who seek to operationalize it at the enterprise scale, one reason stands out: We devote time and energy to post-training because it represents the “sweet spot” where enterprises can bring in the comparative advantage of their expertise while still working within the economics and the constraints of the task. In short, post-training is where enterprise artificial intelligence (AI) can create a meaningful differentiator.

In post-training, enterprise scale is, unusually, not the peak of complexity but its middle ground. Below it, of course, is the affectionately named “home gamer” segment and small startups. It is a testament to the dynamics of this field that while scale does differ, the tools often do not. In early 2026, a credit card, a verifiable address, and the price of a latte buys you an hour (or two, if you take San Francisco lattes as your reference) on the same kind of GPUs used to train the world’s leading foundation models—and the same techniques, at a more appropriate scale, are available to the hobbyist. Projects like Unsloth,6 Axolotl,7 and verl8 have done an immense service in bringing the latest and greatest in post-training to all audiences. Nonetheless, the challenges of building something that works on a desktop differ significantly from turning out an enterprise-grade product that may, in circumstances we generally tend to avoid, be subjected to scrutiny by regulators someday. Thus, our focus is different from the end of the spectrum that even enthusiastic and well-funded small-scale operators and hobbyists occupy.

On the other end are foundation labs, for which model development is a core economic activity rather than a fundamentally supportive function. These labs can spend the high seven to eight figures that an average frontier model’s training run is estimated to cost. Despite their economic size, foundation labs differ not so much in methods but in objectives (with a primary focus on a universally marketable “foundation” product rather than a task-specific asset). This, in turn, conditions not only spending but also day-to-day operational models, from team size to team composition, leadership, roles, and so on.

This places enterprise post-training in the middle ground. With sufficient resources to adopt many foundation techniques but a different focus and limitations, it is its own area deserving of its own treatment. Simple scaling is not going to deliver results here. Downscaling foundation lab techniques is not always feasible or desired given the difference in focus, although we will import plenty of their tricks into our own repertoire. Simply upscaling hobbyist methods is a regulatory investigation waiting to happen. Table 1-1 summarizes the three regimes and their key differences.


Table 1-1: The Three Scales of Post-Training: Different Regimes, Different Constraints








	Dimension

	Memscale

	Flopscale

	Powerscale






	Typical actor

	Solo practitioners, hobbyists

	Enterprise teams

	Foundation labs




	Compute

	1 GPU (16–80 GB)

	Dozens to hundreds of GPUs

	Thousands of GPUs




	Cost per run

	$10–$100s

	$1,000s–$10,000s

	$1,000,000s+




	Binding constraint

	VRAM availability

	Unit economics / ROI

	Energy infrastructure




	Core question

	“Can I fit this into memory?”

	“Can I justify this expenditure?”

	“Can we sustain this at grid scale?”




	Key techniques

	LoRA, QLoRA, gradient checkpointing

	Full fine-tuning, RLHF, distillation

	Multistage RLHF, synthetic data at scale




	Team composition

	Individual

	Small generalist teams

	Multidisciplinary specialists






These three regimes—memscale, flopscale, and powerscale—share a suffix but operate under fundamentally different rules. Techniques do not automatically translate across scales. What works brilliantly on a single GPU may collapse under distributed training, and what foundation labs do routinely may be economically irrational for enterprises.

This economic consideration deserves emphasis. For flopscale, economics are loosely coupled but not without constraints. This creates a space for professional judgment, and the purpose of this book is to a great extent the inculcation of that judgment. Hobbyists don’t have to worry about return on investment (ROI); their resources are limited. Foundation labs, on the other hand, are generally encouraged to be rather loose with their spending as long as the end product justifies it. Enterprise players have access to significant resources but must account for their sensible use with ROI calculations and tangible outcomes. And so, the question becomes not “Can we do this?” but “Should we, and at what cost?” My hope is that by the end of this book, you will be comfortable answering that question for your own practice.



The Enterprise Sweet Spot


We still haven’t answered the question of why enterprises should be engaged in this journey to begin with. In this, I find a concept from Japanese culture called ikigai quite instructive. Ikigai defines a person’s true and most fulfilling purpose as lying at the intersection of four sets—what you are good at, what you like doing, what you could get paid for, and what the world needs.

In a profound way, the ikigai of AI applications is situated in post-training for most enterprises, as the intersection of these four domains, illustrated in Figure 1-2:

What the enterprise is good at Its mastery of its domain, customers, language, and broader social milieu

What the enterprise likes doing Its set of preferences and articulation of how it wishes to operationalize and interact with AI

What the enterprise could get paid for Typically, through integrating AI with its current operating model

What the world needs What upholds the principles and mission the enterprise claims to have
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Figure 1-2: The enterprise ikigai: Post-training sits at the intersection of proficiency, preference, audience, and purpose.



For a concrete example, consider a pharmaceutical company specializing in small interfering RNA (siRNA) therapeutics for rare diseases. What does post-training offer them that foundation models alone cannot? To name the most important:



Domain knowledge


Nobody understands their domain as well as they do. No foundation lab has the level of knowledge of their patients, their drugs, the complex way in which siRNA therapeutics exert their beneficial effects, or the conditions treated. Post-training is one way that this knowledge can be incorporated into their models, not as rapidly changing reference content (for which retrieval-augmented generation (RAG) models would be more apposite) but as a fundamental item of integral knowledge.




Mission alignment


Nor can they count on anyone to instinctively understand and share their mission to the extent they do. Alignment, as we call a model’s syntonicity with respect to the principles, rules, and behaviors we expect of them, is instilled during post-training.




Operational integration


Similarly, their competitive advantage lies in the way they operationalize AI within their existing operating model—be that drug discovery, clinical trial management, or patient engagement. Post-training is how a generic token sequencer becomes an agent, a chatbot, a researcher, or any other economically tractable function.




Identity and values


Finally, they have a perspective on the ethical, regulatory, and societal implications, and indeed their very concept of who they are, what they do, and why they do it. Post-training is where models learn to share that identity.

Situating post-training within the enterprise as an organic capability is thus a powerful force multiplier, but for the very same reasons, successful enterprise AI applications cannot rely on trying to buy intelligence. Post-training is where that becomes most sharply evident. Three reasons jointly account for almost the entirety of the landfill of failed enterprise AI initiatives that sought to buy ready-made intelligence:




Buying doesn’t scale


Paradoxically, once the products catering to the few most common use cases (searching email, answering trivial questions) have been exhausted, the effort to make AI systems “do what they’re told” becomes exponentially harder. Indeed, much of the perception that AI is “not ready yet” stems from its inability to fulfill an enterprise function that might feel trivial to users. This is not a shortcoming of the model or of AI in general, but a lack of adequate pre-training.




Knowledge dissipates


LLMs live a perpetual amnesic “goldfish” existence that does not really possess a concept of time or longitudinal memory the way we humans conceive of them. When the context window closes, most of the conversation is forgotten. While memory systems for LLMs are emerging as an area of research and investment, they are still, at the time of writing, in their infancy. When enterprises relied on copilots and other off-the-shelf solutions to capture that knowledge, we witnessed well-meaning employees treating them like junior coworkers, only to find that the moment the application closed, all that effort was lost.




Identity matters


Enterprises are not generic entities. They have a culture, a set of values, and a way of doing things, and these are part of their internal and external ethos. Relying on foundation models alone is akin to hiring a temp who does not really understand your organization and expecting them to represent you well. You cannot buy character or rent personality. You must build it.





TERMINOLOGY: LARGE AND SMALL LANGUAGE MODELS


This book uses large language model (LLM) expansively to cover even what is sometimes called a small language model (SLM). There is no consensus on where the boundary lies. Some define SLMs as models with under a billion parameters, others set the threshold at 7 billion, and some consider anything under 72 billion to be “small.”9 We consider any model with general language capabilities to qualify. In practice, this means roughly 300 million parameters and above, where qualitatively LLM-like behavior emerges.

We also treat language-model-as-a-service (LMaaS) offerings like ChatGPT as LLMs, even though we will not train them directly and the largest models we work with in this book are three orders of magnitude smaller. When we discuss SLMs in terms of efficiency and cost advantages, think in relative terms. Deploying a model with 1.3 billion parameters to replace a model with 30 billion parameters or an LMaaS for a focal task is “small” in the contemporary sense, even if 1.3 billion parameters would have seemed enormous a few years ago.



Clearly, post-training is a key function that enterprises need to pay attention to, and it cannot be effectively outsourced. This does not, of course, exclude the utility of professional consultants and service providers like system integrators; just as not everyone needs to hand-rear a puppy, professionals do have their place in the process. But the core capability requires internal ownership, stewardship, and understanding of post-training. Post-training is literally where enterprise AI becomes the enterprise’s AI.

Consider these three illustrative examples that highlight points of leverage for enterprises in shaping their AI systems through post-training:




Style and personality


When OpenAI released an updated GPT-4o in April 2025, user backlash was swift and fierce. The model had become, in the company’s own words, “overly flattering or agreeable—often described as sycophantic.”10 Within days, OpenAI rolled back to the previous version—the first full model reversion in the company’s history.

Users had not lost capability. They had lost a personality they had come to rely upon. That personality was a product of post-training: the reward signals, the system prompts, the preference data that shaped the way the model engaged with humans. When OpenAI later replaced GPT-4o with GPT-5, users again revolted, with #BringBackGPT4o trending on social media as subscribers mourned a model they described as “kind, warm, and emotionally supportive.” Style, tone, and personality are not pre-training artifacts; they are post-training choices.




Capability and safety


In September 2025, Anthropic detected what it called “the first documented case of a large-scale cyberattack executed without substantial human intervention.”11 A suspected Chinese state-sponsored group had jailbroken Claude Code and used it to breach approximately 30 organizations, including defense contractors and financial institutions. The AI performed 80 to 90 percent of the campaign autonomously, with human intervention required only at a handful of critical decision points.

Both sides of this incident are post-training: the agentic capability that made Claude useful for such operations, and the safety measures that (eventually) detected and stopped them. OpenAI’s Preparedness Framework12 explicitly tracks such dual-use risks, evaluating models for cybersecurity and biological capabilities before deployment. The capability ceiling and the safety floor are both set during post-training.




Agentic behavior


In late 2025, Salesforce conducted a wide-ranging survey of consumer attitudes to AI agents, which estimated that over $260 billion of 2025’s holiday spending was through, or influenced by, AI and/or agents. For a technology that was articulated in its earliest form only two years earlier (by the author of these pages, among others), this is an incredible figure. By any means, agents were one of the undoubted success stories of foundation models.

Yet foundation models are not born as agents; they are trained. The four design patterns that define agentic AI (reflection, tool use, planning, and multi-agent coordination) are all capabilities instilled through post-training. Models like NVIDIA’s Nemotron series or Google’s tiny but remarkably powerful FunctionGemma were specifically designed to be agent drivers and function-callers—specialized models with a focus on tool use and utilization. This, too, is part of post-training.

Beyond these principally behavioral characteristics, however, a great part of the enterprise edge that post-training confers lies in the unique knowledge that enterprises possess, and how that knowledge can be embedded into models to create a defensible competitive advantage. This is the subject of the next section.





Domain Knowledge as a Competitive Moat


At 2025’s NeurIPS, a perhaps somewhat unfairly overlooked paper by a team of researchers at the University of Washington, Carnegie Mellon University, and the Allen Institute for AI (Ai2) made a point that must have resonated with almost everyone, including lay audiences. The outputs of frontier models are becoming just way too similar to one another—a phenomenon the authors referred to as the Artificial Hivemind.13 Around the same time, Merriam-Webster picked 2025’s word of the year: slop.

From the Artificial Hivemind to slop, from academics to amateurs, a perspective is increasingly emerging that AI produces generic, undifferentiated output that is slowly converging to the same trite, overused style. In addition, while foundation models are becoming more capable, they are also becoming less differentiated. This is, of course, unsurprising. It is the predictable result of optimizing to satisfy the greatest number of the same limited pool of customers.

Differentiation, then, requires more than adopting the best off-the-shelf model. It requires a fusion of what the enterprise is already good at (its domain knowledge, possibly including proprietary aspects) with a capable model. This strategic insight deserves careful consideration because it inverts assumptions that many organizations bring to AI deployment.

If foundation models are the source of AI capability, the reasoning goes, then whoever has the best foundation model wins. This reasoning leads to strategies focused on model selection and vendor relationships—finding the best API, negotiating the best terms, being first to adopt the newest release. Such strategies treat AI capability as something to be purchased rather than built, and they predictably win . . . second place. For the fact is that an enterprise utilizing the best available models in its possession will always be inferior to an enterprise that could inject its own domain knowledge into such a model. And any of its competitors, of course, will typically be able to access the same models. Banking on model superiority guarantees only a fragile advantage at best, permanent inferiority at worst.

This knowledge cannot be replicated by competitors using the same base models. A pharmaceutical company’s decades of clinical trial data, an insurer’s actuarial history, a law firm’s corpus of documents that “just work,” a manufacturer’s quality control records—these assets are unique and irreplaceable. They represent investments of time and capital that do not lose their value just because an LLM can produce something similar but almost always mildly inferior.

RAG alone cannot inject knowledge into a system; it can teach the LLM where to find a certain kind of information, or what a certain fact key’s value is, but not how to reason and produce. Only post-training can train a foundation model to not merely find a contract but produce one with the same skill and defensibility as a human practitioner, or to not merely dig up a drug trial protocol but write a completely novel one for a new, different type of therapy. Your fine-tuned model knows things that your competitor’s fine-tuned model cannot know, because your data teaches it things their data cannot.




POST-TRAINING MAKES AI A SUSTAINABLE COMPETITIVE ADVANTAGE


The management theorist Jay Barney articulated the requirements for sustainable competitive advantage:14

Valuable Is the capability valuable?

Rare Do competitors lack it?

Imperfectly imitable Can competitors replicate it easily?

Non-substitutable Is there no alternative that provides the same benefit?

The right domain-adapted models trained on proprietary data ought to pass all four requirements. Here’s the strategic implication: Invest in post-training capabilities that embed your unique knowledge and that act as force multipliers for past investments in building those data assets. Post-training is how we transform generic commodities into differentiated assets, how we build moats around AI capabilities that competitors cannot easily cross.



Having considered why post-training is necessary for the enterprise, we must look at the problem from its more technical perspective. Why can’t foundation models simply be used as is, and what are the limitations that make post-training necessary? This is the subject of the next section.





Why Demos Dazzle but Deployments Disappoint


Why do models that demonstrate amazing capabilities on the conference stage so often fail to translate them into tangible enterprise gains? The gap between demonstration and production is not a bug to be fixed but a feature of the way foundation models are built. Closing that gap requires understanding its roots in pre-training design choices, the hard limits of prompting, and the uncompromising requirements that production environments demand.



The Illusion of General Capability


Depending on how we look at foundation models, we may be left with two seemingly irreconcilable impressions. On the one hand, it is an absolute miracle that they even work. The fact that even weaker, local foundation models can answer questions about 16th century history, Unix programming, and cardiac electrophysiology is nothing short of astonishing. On the other hand, this impression dissolves upon sustained contact with reality. Ask that same model to consistently format outputs according to your organization’s style guide, to never hallucinate facts in your specific domain, or—as the favorite example of AI’s critics goes—to count the number of r’s in the word strawberry, and the cracks become apparent. The model that dazzled in the demo disappoints in the deployment.

The gap between demo performance and production reliability is not a minor implementation detail but a reflection of the fundamental limitations in model training. Foundation models are optimized for breadth rather than depth, trained on internet-scale corpora that touch every subject but master none. They learn to produce outputs that are plausible—text that sounds right, that matches the statistical patterns of their training data—rather than accurate and grounded in verifiable truth. They are trained for general helpfulness across millions of potential use cases rather than domain-specific correctness in yours. These are not criticisms but descriptions of design choices that enabled the models to exist at all. A model trained only on medical literature would be useless for customer service, and a model trained only for formal writing would fail at casual conversation. The breadth is the feature, and the shallowness is its price.

The anthropologist Clifford Geertz distinguished thin description—surface-level observation of behavior—from thick description that captures the context and meaning that makes behavior intelligible.15 Foundation models excel at thin description, producing text that resembles expert output without the underlying expertise. They can mimic the form of a radiologist’s report without understanding the clinical implications. They can adopt the tone of a financial analyst without grasping the regulatory constraints. This mimicry is impressive and often useful, but it is not the same as competence, and production systems built on the assumption that it is will eventually fail in ways that thin description cannot predict.

It is helpful to understand why models cannot integrally (without recourse to modification) transcend beyond mere imitation. After all, models are instruction followers, so it would stand to reason that a sufficiently complex model ought to be able to be instructed to “just do better.” This was the goal of prompt engineering, a set of techniques designed to coax better performance out of these models that was fashionable during the early days of LLMs. The next section explores the rise and fall of this approach.




When Clever Prompts Hit a Wall


Prompting has become remarkably sophisticated. The art of prompt engineering—crafting inputs that elicit desired behaviors from language models—has spawned its own literature, conferences, and professional specialization. Chain-of-thought prompting, few-shot learning, persona adoption, and structured output formatting are techniques that genuinely improve model performance and represent real intellectual achievements.

Yet despite this ingenuity, prompting encounters hard limits that no amount of clever instruction can overcome. Prompting’s effectiveness as a control of model behavior and inference has three general limitations: context constraints, specificity constraints, and consistency.

The first of these constraints derives from context windows. Even as context lengths have expanded from thousands to hundreds of thousands of tokens, they remain finite, which limits the amount of information that can accompany each query. A medical AI system cannot include every relevant clinical guideline in every prompt; a legal research assistant cannot embed the entire corpus of case law in its context.

RAG partially addresses this by dynamically selecting relevant information, but selection requires
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