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Preface

Software development is changing. Over the years, developers have adapted to new programming languages, new frameworks, new architectural patterns, cloud computing, mobile platforms, containers, and countless other technological shifts. Most of those changes altered the tools we used or the environments in which software ran. The change now underway feels different. For the first time, software developers are increasingly working alongside systems that actively participate in the creation of software itself.

Like many developers, my first reaction was practical. I wanted to understand how these tools could be used effectively, and I wanted to help others do the same.

The origins of this book can be traced to a paper I wrote for my college students titled Best Practices for Programming with AI. Its goal was simple: help students begin using AI productively in software development. Around the same time, I began building my own agentic harness and experimenting with increasingly automated development workflows. During that process, I encountered Nate B. Jones’ five-level AI fluency framework. The combination of that framework and my own work on agentic systems led to an important realization.

The paper I had written was solving the wrong problem.

The challenge facing developers is not simply learning how to write better prompts. It is learning how to navigate a transition that changes the nature of software development itself. Prompting is part of that transition, but it is only the beginning. The more important questions involve delegation, leverage, verification, workflows, confidence, autonomy, and the changing role of the developer.

As I explored these ideas further, I found a growing collection of articles, videos, tutorials, and opinions discussing individual tools and techniques. What I did not find was a detailed guide describing how developers move from where they are today to higher levels of AI fluency. I could find advice on prompting. I could find demonstrations of impressive AI capabilities. I could find discussions of agentic systems and autonomous workflows. What I could not find was a practical roadmap that connected those ideas into a coherent progression.

This book is my attempt to provide that roadmap.

At the center of the book is a simple idea: the most important impact of AI on software development is not that it writes code faster. It is that it changes what can be delegated. As developers learn to delegate larger portions of the development process, their leverage increases. Their role changes. Their bottlenecks change. The skills that matter most begin to shift. Understanding that progression is the key to understanding where software development is heading.

The title Agentic Programming reflects that belief. This book is not merely about AI-assisted coding. It is about the transition from writing software directly to designing, guiding, verifying, and eventually orchestrating systems that participate in software creation. The goal is not to replace developers. The goal is to understand how developers become more effective as increasingly capable AI systems become part of the development process.

Some of the predictions in this book may prove wrong. The pace of change in AI is extraordinary, and the tools discussed here will undoubtedly evolve. The broader shift, however, appears increasingly difficult to ignore. Developers who understand that shift will be better positioned to take advantage of the opportunities it creates. Developers who ignore it may eventually find themselves working with assumptions that no longer match reality.

My hope is that this book helps make that transition easier to understand.

Whether you are experimenting with AI for the first time, actively building agentic workflows, or exploring what increasingly autonomous software development may look like in the future, the chapters that follow are intended to provide a framework for thinking about the journey ahead.




About This Book

This book is a practical roadmap for developers learning to work with AI as an active participant in software development. The sections below explain who it is for, how it is organized, and how to read it.


Who This Book Is For

This book is intended for software developers, architects, engineering leaders, technical founders, and technically inclined builders who want to understand how AI is changing software development.

Readers do not need expertise in machine learning, neural networks, or AI research. The book assumes a general software development background and focuses on the practical implications of working with AI systems rather than the mathematics behind them.

Some readers may already be experimenting with AI-assisted development tools. Others may be skeptical about the long-term impact of AI on software engineering. Both perspectives are welcome. The purpose of the book is not to advocate for blind adoption, but to provide a framework for understanding the opportunities, limitations, and implications of increasingly AI-native development practices.



How This Book Is Organized

The book is organized into four parts.

Part 1 establishes the foundations required to understand AI-native development. It explains how AI systems behave, introduces the AI Fluency Ladder, develops the mental models needed for agentic programming, explores common failure modes, and provides practical guidance for getting started.

Part 2 focuses on working effectively with AI systems. It explores prompting, context management, verification, delegation, planning, and the practical skills required to move beyond simple AI-assisted development.

Part 3 shifts from using AI systems to building the infrastructure that enables higher levels of delegation. It introduces workflows, harnesses, verification systems, execution management, reliability engineering, observability, and scaling strategies.

Part 4 explores advanced levels of AI fluency, autonomous execution, and the long-term implications of increasingly capable AI systems for software development and software organizations.

Appendix A puts Part 3 into practice with a hands-on walkthrough that builds a small working level-three harness, one you can build alongside the book without writing any code by hand.

Although individual chapters can be read independently, the material is designed to build progressively. Concepts introduced early in the book often become foundational assumptions in later chapters.



Conventions Used in This Book

A few conventions appear throughout the book.

Set-off blocks. Code, prompts, YAML and JSON examples, directory layouts, and ASCII diagrams all appear in monospace blocks set off from the surrounding prose with a left rule. The contents inside are preserved exactly as written, including indentation.

Figures and tables. Figures and tables are numbered by chapter and captioned. The prose refers to them by number (“shown in Figure 12.1” or “summarized in Table 2.1”) rather than by location.

Filenames and identifiers. Filenames, paths, and short code identifiers appear in monospace. Examples include payment_processor.ts, .harness/runs/, and story-184.log.

AI Fluency levels. References to level zero through level five point to the AI Fluency Ladder introduced in Chapter 2. The ladder is a recurring reference throughout the rest of the book.

Recurring terminology. Story, epic, workflow, harness, and agent are technical terms defined when first introduced and developed in greater depth in Part 3. Each appears in the glossary for quick reference.

Forward and back references. Chapters frequently point forward (“Chapter 14 develops this in detail”) or back (“recall the failure modes in Table 4.1”) to keep concepts grounded. Readers who skim or skip can use these references to find the canonical treatment of any idea.

AI tools, models, and platforms. Specific tools and models change rapidly. The book refers to AI systems generically by default. The section that follows explains why the focus remains on principles rather than products.



Software, Models, and Tools

AI technology evolves rapidly. Specific models, tools, frameworks, and platforms referenced in this book may change significantly over time. New tools will appear, existing tools will improve, and some technologies discussed here may eventually become obsolete.

For that reason, the book focuses primarily on principles, mental models, workflows, and architectural concepts rather than on any single tool or vendor. While examples necessarily reference contemporary technologies, the underlying ideas are intended to remain useful even as the technology landscape continues to evolve.

The goal is not simply to teach today’s tools. It is to help readers develop a way of thinking about AI-native development that remains valuable as the tools themselves continue to change.



The Book’s Website

The book has a companion website at agenticprogrammingbook.com. Two resources there are worth knowing about from the start. The site includes an errata page that tracks corrections and changes to the book. It also provides every example shown in the book—each code listing, prompt, pseudocode block, and configuration sample—organized by chapter, so you can copy or download it instead of retyping it from the page.



About AI Use in the Creation of This Book

AI tools were used extensively during the creation of this book as drafting assistants, reviewers, editors, and research aids. Many of the techniques described throughout the book were used during the development of the manuscript itself.

The ideas, arguments, structure, and conclusions in this book are the author’s own. AI participated in drafting prose, generating illustrative examples, and revising and editing under the author’s direction. The substance—what the book says and why—originated with the author. Every chapter was reviewed, revised, and edited until it accurately expressed those ideas before being included in the manuscript.

Producing the book this way also served as a real-world application of the techniques it describes. The manuscript itself became a case study in directing AI systems through structured work, providing additional opportunities to apply, refine, and stress-test the workflow patterns, failure modes, and operational practices discussed throughout the chapters that follow.





Part I: Foundations of AI-Native Development


All models are wrong, but some are useful.

— George Box



Most developers encounter AI through tools.

They experiment with prompts, ask for code, generate tests, explore coding agents, and look for ways to become more productive. That approach is natural because the tools are immediately useful. A developer can begin generating meaningful results long before fully understanding the technology behind them.

The challenge is that AI-native development is not simply a collection of tools and techniques. The deeper change is that AI increasingly takes on part of the development work itself. That shift introduces new opportunities, new forms of leverage, and new challenges that do not fit comfortably within many of the assumptions developers have carried throughout their careers.

As AI becomes more capable, the question gradually changes. The focus moves away from what the technology can do and toward how software development itself changes when meaningful portions of the development process can be delegated. Questions about trust, reliability, coordination, verification, and autonomy become increasingly important. Ideas that once lived at the edges of software development begin moving toward the center.

Understanding that transition requires a foundation.

Before developers can effectively build workflows, harnesses, verification systems, and increasingly autonomous development processes, they need a clear understanding of the environment in which those ideas exist. They need an accurate mental model for the systems they are working with. They need a framework for thinking about delegation and leverage. They need to understand why certain failures occur, why some approaches scale while others do not, and why more structured forms of AI-native development emerge naturally as delegation increases.

The chapters in this part establish that foundation. Together they explain the forces that are reshaping software development and introduce the concepts that make the rest of the book possible. The goal is not to teach implementation techniques or prescribe specific workflows. The goal is to create a shared understanding of the realities that make those techniques and workflows necessary.

Taken together, the chapters in this part answer three foundational questions.

What kind of system is AI?

How does software development change when that system becomes part of the development process?

What foundation is required before developers can begin operating effectively in an AI-native environment?

Once those foundations are in place, the discussion can shift from understanding AI-native development to actively practicing it.




Chapter 1: How AI Actually Works

Most developers already use AI tools before they understand them. They ask a model to explain code, generate tests, draft documentation, or sketch an implementation plan, and the results often feel surprisingly useful. That usefulness is also part of the problem. Because the output is fluent and often correct enough to be productive, it is easy to start treating the system as if it were a faster version of a traditional software tool. In practice, it behaves very differently.

That difference is important because developers are used to systems that respond predictably. Give a traditional program the same input and it produces the same output unless the code changes. Large language models do not work that way. They generate output probabilistically, within constraints, from the context they are given at the moment they are asked to respond. That means they can appear consistent, but they are not deterministic in the way most software is. A developer who brings the wrong mental model to that interaction will eventually misread what the system is doing.

This chapter is not about machine learning theory. You do not need to understand transformer internals, matrix multiplication, or research mathematics to use AI effectively. What you do need is a practical mental model for what kind of system you are working with. Once that model is clear, the rest of the book becomes much easier to understand, because later chapters are really about what happens when developers begin building software processes around a probabilistic system instead of a deterministic one.

That is why the first step is not learning how to prompt more aggressively or asking for better output. The first step is understanding the operating characteristics of the system itself. How does it produce responses? Why do those responses vary? Why does context matter so much? Why do some mistakes appear confident rather than uncertain? Why do failures happen even when the request seems clear? Those questions are foundational because they explain why AI-native development requires different habits, different expectations, and eventually different engineering structures.

If AI feels unfamiliar, it is not because you are missing some secret advanced technique. It is because you are applying familiar software instincts to a system that is not built on the same assumptions. The rest of this chapter exists to replace that mismatch with a more accurate mental model. Once that model is in place, the later chapters about workflows, harnesses, verification, retries, and coordination will feel less surprising, because they will be responding to the actual nature of the system rather than to the illusion that it behaves like ordinary code.


Understanding Large Language Models

The first step toward understanding AI systems is understanding what a large language model actually does. This sounds obvious, but many misconceptions about AI originate from incorrect assumptions about what is happening under the hood. Some people imagine a search engine that retrieves answers from a hidden database. Others imagine a reasoning engine that thinks through problems the same way a human would. Still others treat it as an unusually sophisticated form of autocomplete.

Each of these mental models captures part of the truth, but none of them fully explains the behavior developers observe when working with modern AI systems.

At its core, a large language model performs a surprisingly simple task. Given a sequence of tokens, it predicts which token is most likely to come next.

A simplified view of next-token prediction is shown in Figure 1.1.


[image: ]

Figure 1.1 Next-token prediction example.


The model is not looking up France in a database. It is not executing a geography algorithm. It is predicting that “Paris” is the most likely continuation of the text based on patterns learned during training.

That description often sounds too simple to explain the behavior of modern AI systems. After all, these systems can generate code, explain architecture, write tests, summarize books, translate languages, and discuss complex technical topics. Predicting the next token seems far too limited to produce capabilities like these.

The reason this simple mechanism becomes so powerful is scale.

During training, the model is exposed to enormous amounts of text. It repeatedly attempts to predict missing tokens and gradually adjusts itself based on the mistakes it makes. This process occurs billions or trillions of times across books, articles, websites, source code repositories, documentation, conversations, and many other forms of human-generated text.

A highly simplified view of training is shown in Figure 1.2.
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Figure 1.2 Simplified large language model training loop.


The model is not memorizing every sentence it encounters. Instead, it learns statistical relationships between tokens, concepts, structures, and patterns that appear throughout its training data. Over time, it becomes increasingly effective at predicting plausible continuations for an enormous variety of inputs.

This is why large language models often appear intelligent. Many tasks that humans associate with intelligence can be expressed as a sequence of token predictions. Writing code, explaining concepts, translating text, summarizing information, and answering questions all involve producing the next token repeatedly until a complete response emerges.

The relationship between traditional software and large language models is summarized in Table 1.1.


Table 1.1 Traditional software vs large language models.






	Traditional Software
	Large Language Models





	Executes explicit instructions
	Predicts likely continuations



	Behavior defined by code
	Behavior learned from training



	Same input produces same output
	Same input may produce different outputs



	Correctness comes from logic
	Correctness comes from learned patterns



	Deterministic
	Probabilistic





This distinction is important because developers naturally expect AI systems to behave like software systems. Traditional software follows rules that developers explicitly write. Large language models generate outputs from learned patterns. Those patterns are often remarkably useful, but they do not guarantee correctness in the way traditional software does.

Consider the following prompt:

Write a Java method that validates a JWT token.

A typical model may produce a perfectly reasonable implementation. It may use familiar libraries, follow common coding conventions, and generate code that compiles successfully. None of this happens because the model understands JWT validation in the same way an experienced developer does. It happens because the model has learned statistical relationships between prompts about JWT validation and code that frequently follows those prompts.

The distinction may seem subtle, but it becomes important later when discussing reliability. A developer can reason about why a traditional function behaves a certain way by examining its logic. Understanding why a model generated a particular response is often much harder because the response emerged from learned patterns distributed throughout the model rather than from a single explicit rule.

This does not mean the model lacks reasoning capabilities. Clearly it can solve problems, analyze code, and perform tasks that resemble reasoning. The important point is that the mechanism producing those capabilities differs from human reasoning. Human beings reason from experience, goals, mental models, and an understanding of the physical world. Large language models reason through relationships learned from enormous collections of text and code.

For most developers, the practical implication is simple. A large language model is neither a search engine nor a deterministic software component. It is a probabilistic system trained to predict plausible continuations based on patterns learned during training.

That understanding immediately explains many behaviors developers observe in practice. It explains why outputs can vary, why context matters, why models sometimes sound confident while being wrong, and why successful AI-native development requires different engineering techniques than traditional software development.

Those ideas become much clearer once we examine one of the most important consequences of this architecture: the difference between deterministic and nondeterministic systems.



Determinism and Nondeterminism

Most software developers spend their careers working with deterministic systems. Deterministic systems produce predictable outcomes because the same inputs generate the same outputs. If a function behaves differently from one execution to the next without a corresponding change in inputs, developers typically assume something is wrong. Bugs, race conditions, corrupted state, or faulty assumptions may all explain the behavior, but variation itself is usually treated as evidence that the system is malfunctioning.

Consider the following example:

int add(int a, int b) {
    return a + b;
} 

When this function receives the inputs 2 and 3, the output is always 5.

add(2, 3) → 5
add(2, 3) → 5
add(2, 3) → 5

Nothing about the function changes between executions, so neither does the result. This behavior is so familiar that most developers stop thinking about it. Determinism becomes an assumption that quietly shapes how software is designed, tested, debugged, and maintained.

Large language models behave differently. Consider the following prompt:

Write a Java method that validates a JWT token. 

The model may produce a response like this:

public boolean validateToken(String token) {
    try {
        Jwts.parserBuilder()
            .setSigningKey(secretKey)
            .build()
            .parseClaimsJws(token);
        return true;
    } catch (JwtException e) {
        return false;
    }
} 

A second execution may produce something slightly different:

public ValidationResult validateToken(String token) {
    try {
        Claims claims = parser.parse(token);
        return ValidationResult.valid(claims);
    } catch (JwtException e) {
        return ValidationResult.invalid();
    }
}

A third execution may differ again. All three responses may be reasonable. All three may compile. All three may satisfy the intent of the prompt. The variation is not evidence that the model is malfunctioning. The variation is a normal consequence of how the system works.

This distinction introduces one of the most important concepts in AI-native development: nondeterminism. A deterministic system produces the same output for the same input. A nondeterministic system may produce different outputs for the same input while still behaving correctly.

The distinction is summarized in Table 1.2.


Table 1.2 Deterministic vs nondeterministic systems.






	Deterministic Systems
	Nondeterministic Systems





	Same input → same output
	Same input → multiple valid outputs



	Behavior follows explicit rules
	Behavior emerges from learned patterns



	Variation usually indicates a problem
	Variation is expected



	Testing focuses on correctness of output
	Testing often focuses on acceptability of output





The important point is not that one approach is better than the other. They are different kinds of systems solving different kinds of problems. A calculator is deterministic because there is exactly one correct answer to a calculation. A compiler is deterministic because a source file either compiles or it does not. A sorting algorithm is deterministic because the same collection of values should always be sorted the same way.

Language, however, often contains many valid answers. Consider the following prompt:

Explain dependency injection. 

A model could respond with:

Dependency injection is a technique for providing objects with the dependencies they need rather than creating those dependencies internally. 

It could also respond with:

Dependency injection separates object construction from object behavior, making software easier to test and maintain. 

Both explanations may be correct. Neither explanation is necessarily the single correct answer. The model is selecting among many plausible continuations rather than executing a fixed sequence of instructions that leads to one predetermined result.

This behavior originates from probability. Earlier we discussed how large language models predict the next token. They do not generally identify a single possible continuation. Instead, they assign probabilities to many possible continuations.

A simplified view of token probabilities is shown in Figure 1.3.
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Figure 1.3 Example next-token probability distribution.


The model evaluates many possible next tokens and selects among them according to internal probability distributions and generation settings. In some situations the highest-probability token is overwhelmingly obvious. In others, several continuations may appear similarly plausible.

One of the settings that influences this behavior is commonly referred to as temperature. Temperature affects how aggressively the model favors the most likely continuation. Lower temperatures generally produce more predictable outputs. Higher temperatures generally produce more varied outputs.

A simplified comparison is shown in Figure 1.4.
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Figure 1.4 Effect of temperature on output.


Developers sometimes encounter temperature early and assume it explains all variation. It does not. Even highly constrained systems remain fundamentally probabilistic. Temperature influences the shape of the output distribution, but it does not transform a nondeterministic system into a deterministic one.

This leads to an important practical implication. Many developers initially assume that better prompts should eventually eliminate variability entirely. If the instructions are sufficiently clear, they reason, the model should always produce the same response. That expectation comes from deterministic software.

Large language models do not operate that way. Better prompts often reduce uncertainty. Additional context often reduces uncertainty. Constraints often reduce uncertainty. Examples often reduce uncertainty. None of those techniques eliminate uncertainty entirely because the underlying system remains probabilistic.

Understanding this distinction changes how developers think about AI systems. Variation stops looking like evidence that the model is broken and starts looking like a normal operating characteristic. The question becomes less about forcing the system to behave deterministically and more about understanding how to work effectively with a system whose outputs are inherently probabilistic.

Once developers accept that reality, many other AI behaviors become easier to understand. Questions about context, limitations, failures, reliability, and trust all begin making more sense because they are being interpreted through the correct mental model.



Tokens, Context, and Constraints

Large language models generate output one token at a time, but tokens alone do not explain how the system behaves. The quality of a model’s response depends not only on the tokens it generates, but also on the information available when those tokens are generated and the constraints that shape the possible responses. Understanding these three concepts together provides a practical framework for understanding many of the strengths and limitations developers encounter when working with AI systems.

A token is the basic unit of information processed by the model. Tokens are not necessarily words. Common words may be represented by a single token, while longer words, symbols, fragments of code, or unusual text may be represented by multiple tokens. The exact details vary between models and are not particularly important for most developers. What matters is that the model operates on tokens rather than on abstract concepts.

For example, the following sentence may be represented internally as a sequence of tokens:

Validate the JWT token before processing the request.

The model does not see this sentence the way a human reader does. It sees a sequence of tokens and predicts additional tokens based on the relationships it learned during training. This is why token limits exist in the first place. The model’s context is ultimately measured in tokens rather than pages, files, or documents.

The concept that matters most to developers is context. Context is the information available to the model when it generates a response. If the model cannot see information, it cannot use that information while producing output. This sounds obvious, but it explains many of the behaviors developers find surprising when they first begin working with AI systems.

Consider the following prompt:

Implement JWT authentication.

The model may generate a perfectly reasonable solution. It may also make assumptions that differ from the developer’s intentions because the prompt provides very little context about the system being modified.

Now consider a more detailed prompt:

Implement JWT authentication.

Requirements:
- Support refresh tokens
- Existing login endpoints must remain unchanged

Architecture:
- Spring Boot
- PostgreSQL

Relevant files:
- AuthController.java
- TokenService.java

The second prompt provides significantly more context. The model now has additional information about requirements, architecture, and the existing codebase. As a result, the response is often more relevant and more useful.

This observation leads many developers to an intuitive conclusion: if more context helps, then adding more context should always improve results. Unfortunately, context is not unlimited. Every model operates within a finite context window. The exact size varies between models and changes over time as new systems are released, but the underlying constraint remains. Only a limited amount of information can be present in context at any given moment.

A simplified view of the context window is shown in Figure 1.5.
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Figure 1.5 Elements competing for space inside the context window.


Everything inside the context window competes for attention. Adding information is not free. A large log file consumes space that could otherwise contain architecture documentation. A long conversation consumes space that could otherwise contain source code. A massive collection of requirements may leave less room for examples and implementation details.

This creates an important tradeoff. Too little context often produces poor decisions because the model lacks information required to solve the problem correctly. Too much context can also produce poor decisions because the important information becomes buried among less relevant details.

A simplified view of this tradeoff is shown in Figure 1.6.
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Figure 1.6 The tradeoff between too little, useful, and too much context.


Many apparent intelligence failures are actually context failures. A model may ignore an important requirement because that requirement was never provided. It may overlook a constraint because the constraint was hidden among thousands of lines of unrelated information. It may generate an inconsistent response because earlier information is no longer available within the active context.

Understanding context also explains why conversations sometimes appear to degrade over time. As more information accumulates, earlier details become increasingly difficult to retain and prioritize. The issue is often not that the model has become less capable. The issue is that the available context has become less effective.

Context determines what information the model knows. Constraints determine what the model is allowed to do with that information.

This distinction is important because developers often assume that better results come entirely from providing more context. In practice, useful constraints are often just as important.

Consider the following prompt:

Design a payment system.

The problem is extremely open-ended. The model has enormous freedom regarding architecture, technologies, deployment strategies, persistence mechanisms, and integration patterns. Many different answers could be reasonable.

Now consider a constrained version of the same request:

Design a payment system.

Requirements:
- Use Spring Boot
- Use PostgreSQL
- Support Stripe only
- Preserve existing APIs
- Do not modify authentication

The second prompt does not make the model more intelligent. Instead, it reduces the number of acceptable solutions. The model now operates within clearer boundaries, which often produces more predictable and useful results.

A simplified view of this relationship is shown in Figure 1.7.
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Figure 1.7 How context and constraints together shape generated output.


Context tells the model what information is available. Constraints tell the model which solutions are acceptable. Together they shape the space within which the model generates responses.

This idea becomes increasingly important as AI systems are used for more sophisticated tasks. Developers often discover that successful AI interactions depend less on finding the perfect prompt and more on managing context and constraints effectively. The model’s capabilities matter, but the information available to the model and the boundaries placed around its behavior often have an even greater influence on the quality of the result.

Large language models are therefore not only probabilistic. They are also bounded. Every response is generated from a limited amount of information and within a specific set of constraints. Understanding those limits is essential because many apparent failures originate not from the model lacking capability, but from the model lacking the right context, operating under unclear constraints, or attempting to solve a problem that was never fully specified in the first place.

Those limitations become even easier to understand once we examine the different ways AI systems fail and why those failures are often a normal consequence of how the technology works.



Why AI Fails

One of the most confusing aspects of modern AI systems is that they can perform impressively difficult tasks while simultaneously failing in ways that seem obvious. A model may generate a sophisticated architecture proposal, explain a complex algorithm, or produce a working implementation of a nontrivial feature. Moments later, the same model may invent a nonexistent API, overlook an important requirement, or confidently state something that is simply wrong.

To many developers, these failures feel inconsistent. If the system is capable of solving difficult problems, why does it sometimes fail at seemingly easier ones? The answer becomes clearer once we stop thinking about failure as a single phenomenon and start thinking about it as a collection of different failure modes emerging from the characteristics of the system itself.

A simplified view of common AI failures is shown in Table 1.3.


Table 1.3 Common AI failure types and typical examples.


	Failure Type
	Typical Example





	Missing Context
	Important information was never provided



	Ambiguity
	The request can be interpreted multiple ways



	Hallucination
	Information is invented rather than recalled



	Reasoning Failure
	The model reaches an incorrect conclusion



	Constraint Failure
	Instructions are ignored or misapplied





These categories often overlap. A single response may fail for multiple reasons simultaneously. The important point is that AI failures usually have identifiable causes. They are rarely random in the way many developers initially assume.

One of the most widely discussed failure modes is hallucination. A hallucination is when the model generates information that sounds plausible but is not actually correct. A model asked about a Java library that does not exist may still produce a confident-sounding explanation, because its objective is to continue generating plausible tokens regardless of whether the underlying facts are real. Chapter 4 examines hallucination behavior in depth.

Ambiguity creates a different kind of failure. Consider the following request:

Improve authentication handling.

A human developer might immediately recognize several unanswered questions. Should authentication become more secure? More maintainable? More scalable? Should existing behavior remain unchanged? Which components are in scope? The request is underspecified.

A model facing the same request must still generate a response. Different executions may interpret the instruction differently because the prompt leaves significant room for interpretation. One response may focus on token validation. Another may focus on password handling. A third may propose architectural changes. None of these outcomes necessarily indicate that the model misunderstood the request. The problem originates from ambiguity in the request itself.

Context failures are equally common. Earlier we discussed how models operate within bounded context. They can only reason about information that is available to them at the moment a response is generated. If an important requirement is missing, buried inside thousands of lines of unrelated information, or omitted entirely, the model cannot reliably account for it.

Consider the following simplified scenario:

Requirements:
- Preserve existing API behavior
- Add support for refresh tokens

Context Provided:
- Authentication code
- Database schema

Missing Context:
- Existing API contract

The model may generate a technically reasonable implementation while unintentionally breaking the API because it never received the information required to preserve that behavior. What appears to be an intelligence failure is often a context failure.

Reasoning failures are different again. A model may possess all the necessary information and still arrive at the wrong conclusion. It may follow a chain of reasoning that appears coherent while relying on an incorrect assumption somewhere along the way. Developers encounter this regularly when asking models to perform multi-step analysis, architecture evaluation, debugging, or complex problem solving.

These failures can be particularly difficult to detect because the intermediate reasoning often appears convincing. A flawed conclusion wrapped in plausible reasoning frequently looks more trustworthy than a simple factual mistake. This is one reason experienced developers learn to evaluate results rather than simply trusting explanations.

Another important failure mode involves constraints. Earlier we discussed how constraints help narrow the solution space available to the model. Constraints improve outcomes, but they do not guarantee compliance. A model may ignore an instruction, apply it incorrectly, or prioritize one constraint while overlooking another.

Consider the following request:

Add support for refresh tokens.

Constraints:
- Do not modify the billing system.
- Preserve existing authentication APIs.

A model may successfully implement refresh-token support while still modifying a billing-related component because it incorrectly concluded that the modification was necessary. The constraint existed. The model simply failed to apply it correctly.

Perhaps the most surprising characteristic of AI failures is confidence. Large language models frequently present correct and incorrect information with the same tone and apparent certainty. Confidence is therefore a poor proxy for correctness. Chapter 4 develops this further as part of its treatment of hallucinations and false confidence.

The purpose of understanding these failures is not to become cynical about AI systems. The goal is to develop realistic expectations. Once developers understand the kinds of mistakes AI systems make, those mistakes stop feeling random or mysterious. Hallucinations, ambiguity, context limitations, reasoning errors, and constraint failures all emerge from the same underlying characteristics discussed throughout this chapter. They are consequences of working with a probabilistic system operating within bounded context rather than signs that the technology has somehow malfunctioned.

Once developers begin viewing failures through this lens, many AI behaviors become much easier to understand. Hallucinations, ambiguity, context limitations, reasoning mistakes, and constraint failures stop feeling mysterious. They become understandable consequences of working with a probabilistic system operating within bounded context and incomplete information.

Later chapters will explore these failure modes in much greater depth. For now, the important lesson is simply that AI failures are normal. They are not evidence that the technology is broken. They are a consequence of the kind of system you are working with, and understanding them is one of the first steps toward using AI effectively.



Mental Model: You’re Managing a Probabilistic System

By this point, we have discussed how large language models generate output, why responses vary, how context influences behavior, and why failures occur. Each of these ideas points toward the same conclusion. The most important shift developers make when working with AI systems is not learning a particular prompting technique or memorizing a collection of best practices. It is adopting the correct mental model for the system itself.

Most developers begin with a mental model borrowed from traditional software. They provide instructions and expect execution to follow those instructions directly. This expectation is perfectly reasonable because it matches the behavior of most tools developers use every day. A compiler receives source code and produces a deterministic result. A database executes a query and returns data. A function receives inputs and produces outputs according to explicitly defined logic. The relationship between instruction and behavior is direct and predictable.

Large language models do not behave this way.

A developer can provide the same prompt multiple times and receive different responses. Additional context can dramatically improve output quality. Small wording changes can produce surprisingly different results. Constraints can alter behavior without changing the underlying objective. These characteristics often feel strange because they do not match the behavior developers expect from traditional software systems.

The difference becomes easier to understand when we stop thinking about AI systems as tools that execute instructions and start thinking about them as systems whose behavior must be guided.

Consider how developers work with other developers. A senior engineer rarely hands a teammate a one-sentence requirement and expects perfect execution. Instead, they explain the objective, provide relevant context, describe important constraints, answer questions, review the result, and provide feedback when adjustments are necessary. The quality of the outcome depends not only on the objective itself but also on the quality of the communication surrounding it.

A simplified view of that process is shown in Figure 1.8.
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Figure 1.8 Guided collaboration: providing objective, context, and constraints; reviewing execution; and giving feedback.


Working with AI systems often follows a surprisingly similar pattern. The model does not need encouragement, motivation, or management in the human sense, but the interaction itself is much closer to collaboration than command execution. Better results typically come from providing better context, defining clearer constraints, reducing ambiguity, and evaluating outputs carefully rather than simply repeating the same instruction more forcefully.

This is why many developers initially find AI frustrating. They approach the interaction as though they are programming a deterministic component. When the output varies or fails, the natural reaction is to ask why the system did not follow the instructions correctly. Over time, experienced users begin asking a different question. Instead of asking how to force the system to behave deterministically, they ask how to shape the conditions that make good outcomes more likely.

That distinction may seem subtle, but it changes almost everything about how developers work with AI. Context becomes important because the model can only reason about information it can see. Constraints become important because they narrow the solution space. Validation becomes important because plausible outputs are not always correct. Iteration becomes important because improving a result is often easier than producing a perfect result on the first attempt.

None of these practices exist because large language models are flawed. They exist because large language models are probabilistic systems. A probabilistic system can be remarkably capable while still exhibiting uncertainty, variation, and occasional failure. The goal is not to eliminate those characteristics entirely. The goal is to understand them well enough to work with them effectively.

This idea serves as the foundation for the rest of the book. Everything that follows, from prompting techniques to workflows, verification, agentic programming, and eventually autonomous execution, depends on understanding the nature of the system itself. Developers who continue treating AI as a deterministic tool often struggle because the behavior they expect never fully materializes. Developers who recognize that they are working with a probabilistic system can begin designing processes, workflows, and development practices that account for that reality.

The most effective AI users are therefore not the ones who somehow eliminate uncertainty. They are the ones who understand the system they are working with and learn how to manage that uncertainty effectively. Once that mental model is in place, the techniques in the rest of this book stop feeling like isolated tricks. They are natural responses to the kind of system you are working with.





Chapter 2: The AI Fluency Ladder

Most people think using AI well means writing better prompts, but that’s only the beginning. Real progress comes from changing how you work. There are levels of AI fluency that go far beyond prompting and most developers are operating far below what is possible. AI fluency is not about how well you prompt—it’s about how much of the development process you can reliably delegate.

This chapter provides a framework for understanding the different levels of AI fluency and how you can “level-up” to significantly increase your productivity as a software developer.


AI Fluency Is About Leverage

Most discussions about AI productivity focus on speed. Developers compare how quickly different models generate code, how many lines of code can be produced in a single response, or how much time can be saved by using AI-assisted development tools. These gains are real, but they are not the most important thing happening. The largest productivity gains do not come from writing code faster. They come from changing how work is performed.

Throughout the history of software development, developers have continuously adopted tools that increased leverage. Compilers eliminated the need to write machine code. Frameworks reduced the amount of infrastructure developers needed to build themselves. Cloud platforms removed much of the operational burden associated with running software. Each of these advances allowed developers to accomplish more without requiring a proportional increase in effort. AI creates leverage as well, but it does so differently.

Traditional development tools primarily automate execution. A compiler translates source code into machine instructions. A build system compiles, tests, and packages software. A deployment pipeline moves code into production environments. These tools reduce manual effort, but they generally do not perform the development work itself. AI systems increasingly can.

Consider three developers attempting to implement the same authentication feature. The first developer writes every line of code manually. AI may assist with small inline completions, but the developer remains responsible for the implementation itself. The second developer delegates individual implementation tasks to the AI. The third developer delegates the entire feature and reviews the result after the implementation is complete. All three developers are building the same feature. The difference is not what they are building. The difference is how much of the implementation process they are personally performing.

A simplified view of this progression is shown in Figure 2.1.
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Figure 2.1 The progression from writing code to delegating tasks to delegating features.


As delegation increases, leverage increases. The developer becomes capable of managing larger units of work without performing every implementation step personally. This is the central idea behind AI fluency. Most people assume AI fluency is primarily about writing better prompts. Prompting certainly matters, but prompting is only one mechanism through which delegation occurs. The more important question is how much of the software development process can be reliably delegated while still producing acceptable results.

As that happens, the unit of work being delegated grows as well. Early AI use typically focuses on code completions and small implementation tasks. More advanced users begin delegating larger units of work such as stories, which represent bounded pieces of functionality. At higher levels, collections of related stories combine into features, often organized as epics. Eventually, usable software becomes the unit being delegated. The AI Fluency Ladder tracks this progression from small tasks to complete applications.

Viewed through this lens, the progression from one level of AI fluency to the next becomes easier to understand. Each level expands the scope of work that can be delegated successfully. At lower levels, developers delegate individual code completions and small implementation tasks. At higher levels, they delegate stories, features, and eventually deployable, usable software.

Every increase in delegation creates additional leverage, but it also creates a new bottleneck. A developer who writes all implementation manually is limited primarily by typing speed and implementation effort. A developer who delegates tasks is often limited by review effort. A developer who delegates larger units of work becomes limited by workflow design, verification quality, and specification quality. As more work is delegated, the bottleneck moves upward through the development process.

The reason the ladder exists is that each level eventually encounters limits. As developers successfully delegate more work, the remaining responsibilities consume an increasingly large percentage of their time and attention. Those responsibilities become the next bottleneck. The next level emerges when developers discover a way to delegate that bottleneck as well, creating additional leverage while exposing new constraints higher in the development process. In this way, each level grows naturally out of the limitations of the previous one.

A simplified view of this shift is shown in Figure 2.2.
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Figure 2.2 More delegation produces more leverage, which exposes a new bottleneck.


This is why AI fluency is fundamentally different from traditional measures of technical skill. The question is not how quickly you can write code. The question is how much of the development process you can reliably delegate while maintaining quality and control.

The AI Fluency Ladder provides a framework for understanding that progression. Each level represents a meaningful increase in delegation, leverage, and abstraction. As you move up the ladder, your role changes, the bottlenecks change, and the amount of software you can produce increases dramatically. The remainder of this chapter explores those levels and the shifts that occur between them.



The Five Levels of AI Fluency

Numerous frameworks for AI fluency have been proposed and shared in online videos and blogs. One of the most useful and influential came from Nate B. Jones, who introduced a five-level framework on his popular YouTube channel. I have adapted it for this book, as illustrated in Figure 2.3.
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Figure 2.3 The AI Fluency Ladder.


Think of the levels as a ladder you climb as you develop AI fluency. The ladder begins at level one—level zero (Vibe Coding) sits outside the ladder and represents a lack of AI fluency. As you climb the ladder, your role shifts from writing code to delegating increasingly larger units of work. At lower levels, you remain deeply involved in implementation. At higher levels, you begin managing workflow executions, reviewing story and feature outcomes, and eventually defining objectives for increasingly autonomous systems.

Every rung of the ladder represents a significant increase in leverage, and a corresponding shift in how you think and work. At every level, the bottleneck also shifts as more of the development process is delegated.

The levels describe how much of the development process you can reliably delegate. They do not measure how well you understand what you are building.

Two developers operating at the same level can produce very different results. A developer with deep experience in architecture, frameworks, and system design will define better specifications, make better decisions, and guide the AI more effectively than someone without that experience. The AI amplifies those decisions—it does not replace them.

As you move up the ladder, your leverage increases. You spend less time writing code and more time defining and evaluating outcomes. This can result in dramatic gains in productivity, even for developers with limited experience. However, the quality of what you produce still depends on your ability to reason about the software itself. The levels change how work is done—they do not change the importance of understanding.

At first glance, the top and bottom rungs of the ladder may appear deceptively similar. You can ask for anything at any level. What changes is what you can reliably get. At level zero, you may get something that appears to work, but is fragile, incomplete, or incorrect. At level five, you can reliably delegate enough of the development process to produce deployable, usable software. These concepts are summarized in Table 2.1 and described in detail in the following subsections.


Table 2.1 The five levels of AI fluency.









	Level
	Name
	Human Role
	AI Role
	Bottleneck





	0
	Vibe Coding
	Describe outcomes
	Generate full solutions
	Understanding



	1
	Smart Autocomplete
	Write code
	Suggest inline code
	Human implementation effort



	2
	Task Delegation
	Write code, assign tasks, review code
	Complete bounded tasks
	Human coordination effort



	3
	Agentic Workflows
	Design workflows, review story implementations
	Implement stories
	Human implementation-review effort



	4
	Verified Execution
	Create epics, verify outcomes
	Deliver verified features
	Human execution-time decisions



	5
	Autonomous Execution
	Create specifications, evaluate software
	Deliver deployable, usable software
	Defining objectives and evaluating results





Notice that every level increases leverage by delegating a larger portion of the development process. At the same time, the bottleneck moves upward. Tasks that once consumed most of the developer’s time become automated, while new responsibilities emerge at higher levels. The challenge is no longer writing code faster. It is learning how to manage the new bottlenecks created by delegation.


Level 0: Vibe Coding

Vibe Coding, or level zero, represents the beginning of AI fluency for non-programmers. Vibe coders use AI by prompting and iterating. They tell the AI what they want and review what it produces until they eventually—hopefully—end up with something close to what they had in mind. In vibe coding, the human does not look at code, tests, or pull requests—and may not know what these things are or that they even exist.

Vibe coding is characterized by an incredible sense of new power and capability for the vibe coder with no prior software development experience, but can also be marked by a sense of powerlessness, and a feeling of being stuck. The typical vibe coder is able to do things he or she could only dream of before, but is also often frustrated by not being able to get exactly what they want. Without understanding how the software works, they often struggle to understand why the AI produced a particular result or how to guide it toward a better one.

Vibe coders rarely know how to ask for the security, performance, and scalability that real software requires. Attackers prey on exactly the kind of software they produce. It is a dangerous place to be.



Level 1: Smart Autocomplete

Autocomplete in programming has been around for a long time but it took a huge leap forward in October 2021 with the public release of GitHub Copilot. We might call this Smart Autocomplete or “Intellicomplete”.

Intellicomplete was the state-of-the-art in programming in late 2021 and early 2022 and was used by the most advanced of AI fluent developers at the time. AI fluency level one is characterized by effective use of Intellicomplete and represents the first rung of the AI fluency ladder. As advanced as AI fluency level one was in 2022, developers operating there now are far behind their peers.

Developers at level one still write the majority of code themselves and maintain full responsibility for all aspects of the software development process. Unlike vibe coders, they review and understand the code they produce and are responsible for verifying that it behaves correctly. This level is characterized by limited delegation and relatively low leverage compared to higher levels.



Level 2: Task Delegation

AI fluency level two represents a significant step forward in developer productivity and effectiveness. At level two the software developer still writes code directly, maintains responsibility for the software, and reviews all AI-generated changes. However, this level is also characterized by delegating bounded tasks to AI agents who fully implement some aspects of the software.

Level two emerges because implementation eventually becomes a bottleneck. Developers can only write so much code personally, regardless of how skilled or productive they are. As AI systems become capable of reliably completing bounded implementation tasks, developers naturally begin delegating portions of the work. The goal is not to stop writing code. The goal is to remove implementation work from the critical path so that more software can be developed in the same amount of time.

At level two, AI agents write specific functions, methods, and algorithms, and often assist with debugging and code evaluation. Early level-two developers typically typed detailed instruction prompts into AI tools such as ChatGPT and copied and pasted AI output back into code editors.

Now AI fluency level two typically involves chatting with AI agents that are built-into code editors like Cursor. These agents can “see” the entire codebase and can be asked to do larger tasks than what is practical with cutting and pasting. These tasks often involve bounded multi-file changes and focused debugging work.

Level two is the final level where developers still write production code. They also review all generated code, which continues through level three. The defining shift at this level is not that developers stop writing code, but that implementation work can now be delegated as bounded tasks. This is where most software developers are today, and where many will remain. Level two is characterized by a large range of developer productivity and AI leverage, from developers who would say “AI makes me 20% more productive”, to those who experience productivity gains closer to 50%.

The leverage gained at level two comes from delegation, but delegation creates a new problem. Every task must still be reviewed, integrated, and connected to the rest of the software. As more implementation work is delegated, the developer increasingly becomes responsible for coordinating and reviewing that work. Those responsibilities eventually become the next bottleneck, setting the stage for level three.



Level 3: Agentic Workflows

AI fluency level three represents a huge mindset and trust shift on the part of the software developer, and a corresponding productivity increase.

Level three emerges for two reasons, both consequences of successful task delegation. The first is coordination. Developers can delegate the implementation work, but they remain responsible for coordinating that work, integrating the results, and keeping the pieces consistent. As the amount of delegated work grows, that coordination becomes difficult to manage one prompt at a time. Implementation stops being the primary bottleneck, and coordination takes its place. The second is scale. Level two is the last level at which the developer still writes production code, so total output stays tied to how much the developer can personally implement. Level three removes that limit. Implementation is delegated entirely to workflows and the developer stops writing code, so output is no longer bounded by how much the developer can personally write.

Giving up hands-on coding is a real adjustment. Some developers feel like they are giving up what they love most about software development when they stop writing code. Many find, though, that writing code was never the part they loved. For many it is the creative process, and level three lets them create much more, much faster, and much more effectively.

Workflows emerge as a way to coordinate larger amounts of delegated work while maintaining consistency, repeatability, and control. Rather than manually coordinating every delegated task, the developer increasingly relies on workflows and harnesses to manage how work moves through the development process.

Early in level three, the developer defines workflows composed of specialized agents, often beginning with detailed prompts for each agent and gradually automating the coordination between them. For example, a developer may write a prompt for an agent to implement a specific story. Once that work is complete, the developer writes a prompt for a tester agent to generate tests for the story. After that, the developer writes a prompt for a verifier agent to review the work against the intended requirements. Over time, these prompts begin to evolve into reusable templates that can be combined into larger workflows and increasingly automated execution processes.

An important agent that can easily be overlooked is a documenter agent. A documenter agent creates or enhances documentation about what was just developed. This documentation is referenced by future agents that use it to guide how they implement later features.

Level three is characterized by a shift in the developer’s role from implementation toward workflow and harness design. The important change is not simply that more work is delegated. The important change is that the developer is no longer personally coordinating every piece of delegated work. Developers at this level increasingly delegate the creation of prompts, prompt templates, and automation scripts to agents while focusing their attention on workflow and harness improvement.

A developer ready to move on to level four will have leveraged agents to build automation that connects agents together, with agents reviewing each other’s work in loops resulting from the passing and failing of agent verifications. This is the point where the developer’s workflow starts to become an agentic harness. These developers increasingly review completed feature-story pull requests rather than writing implementation code directly, but they still retain responsibility for reviewing generated code.

The leverage gained at level three comes from reducing the coordination burden created by successful task delegation, but that leverage creates another bottleneck. As the harness becomes capable of producing more software, developers spend increasing amounts of time reviewing the resulting implementations and validating that the work satisfies the intended requirements. Implementation review eventually becomes the next limiting factor, setting the stage for level four.



Level 4: Verified Execution

There are two primary differentiators between level three and level four: 1) the developer stops reviewing code, and 2) the developer shifts from working with stories to working with epics—sets of stories that combine to represent features. This requires a more sophisticated agentic harness that can execute a more complex workflow. At this level, the workflows and harness evolve into a more scalable and reliable execution system.

Level four emerges because implementation review eventually becomes the bottleneck. As the harness becomes capable of producing larger amounts of software, developers spend increasing amounts of time reviewing generated implementations and validating that they satisfy the intended requirements. The leverage gained from workflow coordination is ultimately limited by the developer’s ability to inspect the resulting work. Verified execution emerges when developers begin relying on verification evidence rather than implementation review to establish confidence that the desired outcomes have been achieved.

A developer operating at level four focuses on defining requirements and verifying outcomes rather than reviewing implementation details. Giving up code review can feel like giving up control, but this is where significant leverage gains become possible.

AI fluency level four is characterized by heavy AI automation. Developers use sophisticated planning agents that interactively plan whole features as epics consisting of multiple feature-related stories. The planner agent determines which stories can be implemented in parallel and creates a detailed plan with stories defined at a high level, including detailed acceptance criteria for individual stories and the epic as a whole.

When the developer approves the epic, it is passed off to an agentic harness that executes a sophisticated workflow of agents working as a team to fully implement the plan as a feature. The developer may allow the harness to execute for extended periods before returning to review verification reports, test results, and the resulting software behavior.

Developers can significantly increase throughput by running multiple workflow executions in parallel across isolated testing environments. The developer then uses the time while epics are being implemented to verify completed work, plan additional epics, and initiate new workflow executions. Although implementation can now proceed much further without human involvement, the developer still determines what should happen next. New epics must be defined, priorities must be established, and additional workflow executions must be initiated. As execution becomes faster and more capable, these decisions increasingly become the next source of delay, setting the stage for level five.



Level 5: Autonomous Execution

AI fluency level five remains uncommon today, but the direction is clear. It represents the point at which developers can reliably delegate execution itself rather than only implementation, coordination, or verification. That requires a degree of trust, constraint management, and harness design that most developers and business leaders have not yet adopted, even though the underlying capabilities already exist.

At level five, humans define the objectives, specifications, constraints, and desired outcomes. The agentic harness then executes autonomously from that guidance, planning the work, making local decisions, implementing the software, running verification, and continuing until it produces deployable, usable software. The human does not participate inside the execution loop. Human responsibility does not disappear; it shifts to evaluating that software, deciding whether the result is good enough, and determining what should happen next.

This is the important difference between level five and the lower levels of the ladder. Level five does not depend on perfect specifications, and it does not depend on perfect execution. It depends on the ability to keep moving forward without pausing for human decisions in the middle of the run. The harness works within the boundaries it has been given, but it still encounters tradeoffs, ambiguity, and new information during execution. Some decisions will be better than others, and some results will still need refinement. That is not a breakdown of level five. It is the normal reality of software development.

A clear step toward level five is to make the planning phase of level four fully autonomous, so that a prompt or higher-level objective can produce an epic plan without interactive back-and-forth. That moves the workflow closer to autonomous execution, but it does not complete the transition. Level five goes further by removing the human from the execution process itself. The harness moves from objectives and constraints to deployable, usable software without stopping for human direction between steps, and the human returns at the boundary between executions to evaluate the result and decide what should happen next.




How to Identify Your Level

Now that you have an understanding of the five levels of AI fluency, it is time to determine where you currently operate. This is not always as straightforward as it sounds. Many developers occasionally work at multiple levels depending on the project, the tools available, or the amount of trust they place in AI systems. Your level is not determined by what you could do under ideal circumstances. It is determined by how you actually work most of the time.

One of the easiest ways to identify your level is to look at where your attention is spent during software development. As developers climb the AI fluency ladder, the bottleneck moves upward through the development process. At lower levels, most effort is spent writing or reviewing code. At higher levels, effort shifts toward workflow design, verification, planning, and eventually specification. The activity that consumes most of your time is often the clearest indicator of your current level.

The following is a quick self-assessment:

What do you spend most of your time doing?


	Prompting → Level 0



	Writing code → Level 1



	Reviewing and integrating the code the AI writes → Level 2



	Designing workflows and reviewing story implementations → Level 3



	Verifying epic outcomes instead of reviewing code → Level 4



	Defining specifications and evaluating deployable software → Level 5



Although the assessment is simple, it works surprisingly well because each level changes the developer’s primary responsibility. At level zero, the developer describes outcomes and iterates through prompts. At level one, the developer writes code directly and uses AI as an assistant. At level two, the developer still writes code but spends more of their time reviewing and integrating the work delegated to the AI. At level three, the developer stops writing code, designs workflows, and reviews the resulting story implementations. At level four, that implementation review gives way to verification, and the developer confirms outcomes rather than reading code. At level five, execution becomes autonomous, and the developer’s responsibility narrows to defining what should be built and evaluating the deployable result.

Another useful way to identify your level is to examine how much of the development process you can reliably delegate. The AI Fluency Ladder is fundamentally a measure of delegation. As you move upward, larger and larger units of work become the responsibility of the AI while the developer moves further from implementation and closer to outcomes.

Developers operating at level zero primarily delegate implementation without understanding how it works. They describe what they want, rely on repeated prompting to resolve problems, and judge success largely by whether the software appears to work. At level one, the developer remains the primary implementer. AI assists with suggestions and completions, but the developer writes, reviews, and understands the code. At level two, the developer still writes production code directly while also beginning to delegate bounded implementation tasks to AI systems. They remain responsible for reviewing and integrating the results. At level three, the unit of delegation expands from individual tasks to coordinated workflows executed by teams of agents. The developer becomes responsible for designing and improving workflows, reviewing story implementations, and managing execution through an agentic harness. At level four, implementation review gives way to verification. The developer no longer reviews generated code and instead focuses on software behavior, test results, verification reports, and acceptance criteria. At level five, execution becomes autonomous and the developer’s role shifts toward defining objectives, specifications, constraints, and desired outcomes, evaluating deployable software, and determining what should happen next.

If you are unsure where you fit, the following checklist may help. The highest level for which most of the statements are true is generally your current level.

Level 0—Vibe Coding

☐ I describe what I want and iterate until it works

☐ I do not directly read or modify the generated code

☐ I rely on re-prompting to solve problems

☐ I judge success primarily by whether the software appears to work

Level 1—Smart Autocomplete

☐ I write most of the code myself

☐ I use AI for suggestions and completions

☐ I review and understand all code before accepting it

☐ AI speeds me up, but does not fundamentally change how I work

Level 2—Task Delegation

☐ I assign bounded implementation tasks to AI systems

☐ I still write production code directly as part of normal development

☐ I review all generated code

☐ I integrate delegated work into the larger codebase

☐ Reviewing and integrating AI output consumes a significant amount of my time

Level 3—Agentic Workflows

☐ I use workflows rather than isolated prompts

☐ I no longer write production code myself

☐ I rely on multiple agents with specialized responsibilities

☐ I review the generated code story by story rather than task by task

☐ I spend time improving workflows, prompts, templates, or automation

Level 4—Verified Execution

☐ I define requirements and acceptance criteria before execution begins

☐ I no longer review code

☐ I verify outcomes instead of reviewing implementation details

☐ I focus primarily on software behavior, test results, and verification reports

☐ My responsibility is increasingly centered on planning and validation

Level 5—Autonomous Execution

☐ I define objectives and specifications rather than participating directly in execution

☐ Execution proceeds without human intervention

☐ My primary responsibility is determining what should be built and evaluating the deployable result rather than directing execution

Do not worry too much about identifying the exact boundary between adjacent levels. The purpose of the ladder is not classification for its own sake. The purpose is understanding where your current bottleneck exists and what type of leverage becomes available at the next level.

The most important question is not, “What level am I?” The most important question is, “What responsibilities can I reliably delegate?”



Why Most Developers Get Stuck

Most developers are stuck at level two and will not move on to level three until organizational expectations or competitive pressure requires it. This is primarily because level two feels mostly familiar and they do not have the know-how or the confidence in AI to move beyond.

Some developers struggle to accept how quickly the role of implementation is changing. They have spent years developing valuable technical skills and naturally question whether AI can replace work that once required significant expertise. To a certain extent they are right. The skills and abilities developers have developed over years remain extremely valuable, but the most valuable skills are increasingly found in software design, software architecture, and the creative vision required to determine what software should do and how it can be used to provide leverage for its users. Syntax and implementation skills still matter, but they are becoming a smaller part of the developer’s overall contribution. AI can already generate code much faster than any human developer, but deciding what should be built, how it should be structured, and whether it solves the right problem remains fundamentally a human responsibility.

Knowledge is required to move beyond level two, and this book provides it, but moving to level three and beyond is more of a mindset shift than a tooling upgrade.



Common Traps at Each Level

Each level creates new opportunities for leverage and introduces new failure modes (or traps). As you move up the ladder, you don’t eliminate problems, you trade them for different problems while gaining leverage. The reason this happens is that every increase in delegation changes where responsibility sits in the development process. Tasks that once consumed most of the developer’s time become automated, but the remaining responsibilities become increasingly important. Those responsibilities eventually become the next bottleneck, and every bottleneck introduces its own failure modes.

Failure to know and understand the common traps at each level can result in failure in increasingly spectacular ways. At the same time, failing to climb the ladder is sure to leave you at the bottom of available opportunities—and eventually out of work. This section describes the common traps at each level along with the effects of those traps.

Understanding the traps at each level is about more than avoiding mistakes. It is also about understanding the limitations that eventually push developers toward the next level of the ladder. Many of the challenges described below are not accidents. They are natural consequences of successfully delegating larger portions of the development process.


Traps at Level 0: Vibe Coding

Level zero has the following three main traps:

Trap 1: No Mental Model: To the vibe coder, the software is a black box. There is no understanding of what is required to build it, so everything the AI does seems random. The vibe coder doesn’t have the understanding required to be able to talk intelligently with the AI, to re-direct it as needed, or to respond to its questions.

Trap 2: False Confidence: The vibe coder typically does not have an understanding of what is required to build the software, so all they can do is assume “if it works, it must be correct”. They have no understanding of common edge cases or failure modes.

Trap 3: Re-prompting Instead of Fixing: Every issue is solved by prompting again and accepting the AI’s recommendation, with no ability to isolate or debug the problems that will inevitably come up.

Vibe coding, even at its best, ends up resulting in the following problems:


	unrecognized security holes that leave the software vulnerable to attack,

	performance and scalability issues that leave the software unable to serve customers at required throughput and usage levels,

	a death spiral of continually degrading code that causes each feature to take longer to implement than the last, while continuously breaking previously working functionality, and

	disappointment in the never quite finished product.



Vibe coders eventually find themselves “playing whack a mole” with a tool like ChatGPT that never seems to get it quite right.



Traps at Level 1: Smart Autocomplete

Level one has the following three main traps:

Trap 1: Over-Trusting Suggestions: Intellicomplete suggestions are so convenient that it becomes easy to accept AI suggestions without the same level of critical thinking that would have been required to write the code from scratch.

Trap 2: Mistaking Speed for Leverage: Developers feel like they are working faster, but they are still doing the vast majority of the work.

Trap 3: No Change in Workflow: Although developers may experience some productivity gains, there is no fundamental shift in the way they work that capitalizes on the benefits AI can provide.

Developers working at level one end up working far below their potential. They do experience productivity gains, but they are working and producing at far below what the AI can enable them to do. The ease of accepting AI code suggestions, combined with the fact that the AI doesn’t see all of the code, can easily result in suboptimal solutions and bugs.



Traps at Level 2: Task Delegation

Level two introduces new tools and new capabilities, but also new traps.

Trap 1: Becoming the Bottleneck: AI is able to write code far faster than any human, but the developer reviews everything. This may consume much of the gain achieved by using the AI. This trap emerges because implementation is no longer the primary constraint. As more work is delegated, review and integration begin consuming a larger percentage of the developer’s time. The developer successfully delegates implementation only to discover that they have become the new bottleneck.

Trap 2: Over-Scoping Tasks: Developers may ask for too much in one step, resulting in output that almost works, but requires extensive reviewing, debugging and modifying to get it right. The underlying problem is that the delegated unit of work is too large. The AI receives enough responsibility to make meaningful progress, but too much responsibility to reliably produce a correct result. The result is often software that appears close to complete but requires significant effort to review and repair.

Trap 3: Under-Scoping Tasks: Breaking tasks into pieces that are too small can result in work being developed without sufficient context to fit together well. It can also result in code duplication and unnecessary coordination overhead. As the number of delegated tasks increases, the developer must spend more time reviewing, integrating, and connecting the resulting pieces, potentially becoming the bottleneck in the development process. This trap is the opposite of over-scoping. Individual tasks may be completed correctly, but the developer must spend increasing amounts of time coordinating the pieces and ensuring they fit together.

Although developers working at level two will generally see efficiency gains, they will still be working at far below what they can do with a more effective use of AI. Developers at this level have also consistently been shown to overestimate the gains they are actually experiencing. This may give them a false sense of security and make them less eager than they should be to move to the next rung on the ladder. Many developers remain at level two because the productivity gains are real and immediately visible. The challenge is that the bottleneck has already begun moving upward. The more successful task delegation becomes, the more time the developer spends reviewing, integrating, and coordinating delegated work. Those responsibilities eventually create the pressure that leads to level three.



Traps at Level 3: Agentic Workflows

Level three introduces a fundamentally new way of working, with much heavier use of nondeterministic agents than the prior levels. This results in fundamentally different (and an increased number of) traps, most of which are less well understood by software developers than the level-one and level-two traps. Most of these traps emerge because the developer is no longer primarily managing implementation work. Instead, the developer is increasingly responsible for coordinating execution across multiple agents, workflows, and execution paths. As delegation scales, coordination becomes more difficult, and small weaknesses in workflows, context management, verification, or harness design can produce disproportionately large effects.

Trap 1: Fragile Workflows: Nondeterministic workflow agents can break in subtle ways, with small changes causing unexpected behavior.

Trap 2: Project Specificity: An agentic workflow should be independent of the projects it works on. Without careful vigilance, project specific details end up in workflow prompts and scripts, making the workflow hyper-customized to one project and less effective on all other projects.

Trap 3: Over-constraining of Agents: Agents running in an agentic harness need to be constrained to do only their job and not the job of other agents. However, constraints can cripple agents to the point that they cannot effectively do their job. For example, an implementer agent whose prompt forbids it from running tests under any circumstances cannot determine if fixes it makes in response to verifier agent requirements actually work.

Trap 4: Insufficient Context: A common cost saving technique in an agent workflow is to constrain the information an agent can access. This reduces token usage and cost but can leave an agent feeling “dumber” than level-two agents that work outside of a workflow.

Trap 5: Insufficient Verification: Use of a sophisticated agentic workflow can cause developers to blindly trust the outputs without sufficient verification.

Trap 6: Debugging Outputs Instead of Workflows: Development of an effective agentic workflow requires continuous iterative improvement. When a workflow repeatedly produces undesirable results, the instinct is often to fix the generated code directly. While this may solve an immediate problem, it leaves the underlying workflow unchanged. The result is a workflow that continues producing the same class of mistakes. At level three, the goal is not merely to correct outputs, but to improve the workflow and harness that produce them. Debugging outputs instead of workflows is an anti-pattern that limits leverage and short-circuits the improvement process.

Effectively working at level three creates opportunities for substantial productivity gains. However, any of the common traps described above can nullify much of the benefit of agentic programming, and significantly reduce the gains that can and should be realized. These traps are not random. Most are symptoms of the coordination bottleneck that emerges as developers successfully delegate larger amounts of work. The more capable workflow execution becomes, the more important workflow reliability, verification quality, context management, and harness design become. Learning to manage those concerns is what ultimately allows developers to move beyond level three.



Traps at Level 4: Verified Execution

Level four is really an extension of level three, and as a result, it is subject to all of the traps described for level three. Level four takes agentic workflows farther and is subject to some additional traps. These traps emerge because the developer is no longer relying on implementation review as the primary mechanism for establishing confidence. Instead, confidence increasingly comes from specifications, verification systems, testing, and observed software behavior. This creates a different class of risks. Mistakes that would previously have been discovered during code review must now be prevented or detected through verification and validation processes.

Trap 1: Weak or Incorrect Specifications: A developer working at level four stops reviewing code—relying on the strength of the agentic harness to produce correct code, and the tests and manual testing of the software to ensure correct functionality. This makes correct and complete specifications more important at exactly the time the developer may gain overconfidence in the agentic harness and pay less attention to the specifications.

Trap 2: Loss of Visibility: At level four, the agentic harness works for hours at a time without input from the developer. This can result in a loss of visibility into what the harness is doing and whether it is working correctly.

Trap 3: Slow Feedback Loops: Long execution cycles that often take hours per epic can make iterating on the software difficult. This is often combined with running multiple epics simultaneously, resulting in increased merge conflict resolution work.

The traps described in this and the previous section are real and can have a significant impact on the productivity gains achieved at levels three and four. However, there are effective ways to mitigate them to achieve the full benefits of climbing the agentic programming ladder. Most of these traps are consequences of shifting trust away from implementation review and toward verification. As delegation increases, the quality of specifications, verification systems, and execution management become increasingly important. Learning to manage those concerns is a necessary step toward the higher levels of the ladder. Learning to do so is a major topic of parts two and three.



Traps at Level 5: Autonomous Execution

Level five introduces a new set of traps that emerge when software execution becomes fully autonomous. The bottlenecks that dominated earlier levels are largely delegated to the agentic harness. As a result, the primary risks shift toward governance, accountability, and maintaining alignment between autonomous execution and the developer’s original intent.

Trap 1: Blind Trust at Scale: At level five, execution proceeds without a human in the loop. As execution scales across multiple epics, small errors can propagate much farther before they are detected. A mistake that would have been caught during human review at lower levels may now remain invisible until it affects deployable software or deployed systems.

Trap 2: Unclear Ownership: As execution becomes increasingly autonomous, responsibility can become difficult to trace. When software behaves incorrectly, it may be unclear whether the root cause originated in the specification, the planning process, the workflow design, the verification system, or the autonomous execution itself. Without clear ownership and accountability, failures become harder to diagnose and correct.

Trap 3: Execution Misalignment: Autonomous execution continuously encounters ambiguity, tradeoffs, and decisions that cannot be fully anticipated in advance. The agentic harness may make reasonable decisions that satisfy the specification, pass verification, and produce deployable, usable software while still diverging from what stakeholders ultimately wanted. This is not necessarily a failure of implementation or verification. It is a consequence of allowing execution to continue without human intervention. As execution becomes more autonomous, maintaining alignment between objectives, specifications, stakeholder expectations, and execution outcomes becomes increasingly important.

The challenges at level five are fundamentally different from those encountered at earlier levels. The question is no longer whether the system can generate software, execute workflows, or verify implementation details. Those problems have largely been solved by the time a developer reaches level five. The remaining challenges center on governance, alignment, accountability, and maintaining trust in autonomous execution. As software development becomes increasingly autonomous, these concerns become some of the most important engineering problems to solve.




What Changes Between Levels

As developers climb the AI fluency ladder, the way they do their work changes significantly. Each rung, or level, represents a shift in the developer’s role and an increase in leverage that provides opportunities for increased productivity. By the time developers reach level four, their productivity should have increased by at least a factor of 10. For those who reach level five, the increase is even greater.

Table 2.2 summarizes how the developer’s role shifts and what the developer gains at each level. Details are provided below.


Table 2.2 How the developer’s role shifts and what is gained at each level transition.







	Transition
	Shift
	Gain





	0 → 1
	Prompting → Writing Code
	Predictability



	1 → 2
	Writing Code → Writing & Delegation
	Leverage



	2 → 3
	Writing Code → Workflow Delegation & Harness Design
	Scale



	3 → 4
	Reviewing Code → Verifying Results
	Reliability



	4 → 5
	Verifying Results → Envisioning, Specifying & Evaluating
	Autonomous Execution





From Prompting to Writing Code (Level 0 → 1) The shift from level zero to level one allows developers to stop relying on AI outputs and start working directly with the code. This shift provides control and predictability—both essential elements of professional software development.

From Writing Code to Writing & Delegation (Level 1 → 2) The shift from level one to level two is where developers begin delegating bounded implementation tasks to AI systems. While they still write code directly, they no longer perform all implementation work themselves. This shift introduces meaningful leverage by allowing larger amounts of work to be completed in parallel with the developer’s own efforts.

From Writing Code to Workflow Delegation & Harness Design (Level 2 → 3) The shift from level two to level three is where developers stop writing code. Instead of delegating individual tasks, they begin delegating coordinated workflows executed through an agentic harness. At level three, the developer’s primary responsibility shifts from implementation to workflow design, workflow execution, and continuous improvement of the harness itself.

From Reviewing Code to Verifying Results (Level 3 → 4) The shift from level three to level four is where developers stop reviewing implementation details and begin verifying outcomes. Correctness is no longer determined by reading code, but by evaluating software behavior, test results, verification reports, and acceptance criteria. The focus shifts from how the software was built to whether it satisfies the intended result.

From Verifying Results to Envisioning, Specifying & Evaluating (Level 4 → 5) The shift from level four to level five is where execution itself becomes autonomous. The developer’s role shifts from reviewing results to envisioning and specifying the software to be built while the agentic harness assumes responsibility for planning, implementation, and verification. Defining specifications remains an important responsibility, but it is not the developer’s only role. Once execution completes, the developer evaluates the resulting software, determines whether the desired outcomes were achieved, and decides what should happen next. Human responsibility remains, but it moves outside the execution process itself.



Where Most Developers Are

While vibe coding is growing rapidly as AI tools become more capable, most software developers today operate at level two. That’s where progress is real, but scale is limited. Table 2.3 shows the current developer distribution by AI fluency level.


Table 2.3 Current developer distribution by AI fluency level.


	Level
	Typical Distribution





	0
	Growing rapidly



	1
	Common



	2
	Majority



	3
	Emerging



	4
	Rare



	5
	Experimental





The biggest shift—and the greatest opportunity—is in moving beyond level two. Developers who remain at level two will increasingly find themselves at a leverage disadvantage compared to those operating at levels three and above.





Thanks for Reading This Sample

The sample ends here, at the question the rest of the book answers: how do you move beyond level two?

Part 2, “Climbing the AI Fluency Ladder,” covers the climb itself—what changes at each level, what skills each transition demands, and how to make the jump from prompting an assistant to delegating real work to agents. Part 3, “Building an Agentic Harness,” is the hands-on core of the book: designing and building the orchestration layer that lets agents plan, implement, test, verify, and document software with progressively less of your attention. Appendix A walks through an actual harness build from an empty directory to a working system, with every command, artifact, and failure shown for real. Part 4, “Leverage at Scale,” is being written now.

The book is published in progress, and every update is free to existing readers—buying today locks in today’s price and includes everything still to come.

Get the full book at https://leanpub.com/agenticprogramming.
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