








  Orchestrator

  A Field Guide to Delegated Intelligence

  Tim O’Brien

  Discursive

  2026

  Copyright (c) 2026 Tim O’Brien. All Rights Reserved.



Orchestrator
	Copyright
	Preface
	Introduction	When computer was a job
	Why not artificial intelligence
	What this book is not
	More may be achieved
	This isn’t here yet
	Human Quotient and the authorship of this book
	The three responsibilities
	Who should read this
	How to use this book


	Part I: The Role
	Chapter 1: Your Next Job Title Is Orchestrator	1.1 Before and after: the same customer request
	1.2 The Orchestrator
	1.3 The orchestrator job changed before the title did
	1.4 What the new job requires
	1.5 The real revolution
	1.6 Why professions change their names
	1.7 The knowledge boundary


	Chapter 2: You May Already Be an Orchestrator	2.1 What an orchestrator actually does
	2.2 The conflict
	2.3 For people already doing this work
	2.4 For managers


	Chapter 3: What an Orchestrator Orchestrates	3.1 Software developer
	3.2 Autonomous system
	3.3 Delegated intelligence
	3.4 What is delegated?
	3.5 Assistance
	3.6 Orchestration
	3.7 Orchestrator
	3.8 A note on the word orchestrator
	3.9 The components of a delegated intelligence
	3.10 Fixed and dynamic disposition
	3.11 Deterministic and nondeterministic parts
	3.12 The permission envelope
	3.13 What this chapter is not


	Chapter 4: Orchestration in Practice	4.1 Beyond development
	4.2 How the terms fit together
	4.3 Before and after: two ways to change a website
	4.4 What Maya is doing
	4.5 The same profession across industries
	4.6 Concrete artifacts — what exists, and why it is not enough
	4.7 Practice before toolkit


	Part II: The Work
	Chapter 5: The Orchestrator’s Toolkit	5.1 The technology under discussion
	5.2 The survey: connecting the taxonomy to the market
	5.3 Inference engines and models
	5.4 Retrieval systems
	5.5 Memory systems
	5.6 Tool interfaces and actuation
	5.7 Identity and access control
	5.8 Policy and permission systems
	5.9 Durable orchestration engines
	5.10 Task agents
	5.11 Everything is called an agent
	5.12 Multi-agent coding systems
	5.13 The architecture of participation
	5.14 The chapter in one picture


	Chapter 6: The Instructions Are Part of the System	6.1 Layers beneath the prompt
	6.2 The instruction tree
	6.3 Beyond a single prompt
	6.4 Learning, traces, and authority
	6.5 Diagnosing the environment


	Chapter 7: Delegation Is Architecture	7.1 Operational orchestration
	7.2 Contracts and grants
	7.3 Topology
	7.4 The governance layer that does not exist yet
	7.5 Design review and the profession


	Chapter 8: Living with Nondeterminism	8.1 Variation and fences
	8.2 The failure envelope
	8.3 Topologies and decision records in the wild
	8.4 Training the envelope
	8.5 The operating record


	Chapter 9: How Orchestration Fails	9.1 Look around
	9.2 Premature overadoption
	9.3 Solo Sovereign — and managing the executives who hear “orchestrator” as “headcount”
	9.4 Cost without purpose
	9.5 Lack of clarity — the Scope Creep Kraken
	9.6 Marketing and egotistical nonsense
	9.7 The Spectrum of Sycophancy
	9.8 Development fails quietly; operations fails in public
	9.9 What a post-mortem should be able to answer
	9.10 Why this chapter belongs before the daily practice chapters


	Part III: The Institution
	Chapter 10: Stop Holding Meetings About Possibility	10.1 The before: a week in the old room
	10.2 The after: the same problem, prepared
	10.3 The honest accounting: what meetings were for
	10.4 The team after: roles, titles, and the scrum question
	10.5 The approval map: which conversations the institution needs
	10.6 Planning changes: from story points to goals
	10.7 A recipe book


	Chapter 11: The Organization After Orchestration	11.1 Block: hierarchy vs. intelligence
	11.2 JPMorgan Chase: connectivity as the moat
	11.3 Titles: what the market is doing right now
	11.4 Start with an honest assessment
	11.5 Help developers become orchestrators
	11.6 Start new projects differently
	11.7 Design the team: composition, size, and specialists
	11.8 Recognize the impedance mismatch
	11.9 Plan the transition in ninety days
	11.10 The human cost is part of the plan


	Chapter 12: Educating Orchestrators	12.1 The problem and the knowledge
	12.2 Who becomes an orchestrator
	12.3 The resident-engineer model
	12.4 Learning through failure
	12.5 Safeguards and credentials
	12.6 A profession forms
	12.7 Create the path before removing the rung


	Chapter 13: How to Begin	13.1 Start with the structure around the code
	13.2 Ten ways to begin
	13.3 Before you touch a tool
	13.4 What to read next
	13.5 A first week that is small enough to finish
	13.6 The same week, on release notes
	13.7 The same week, without a repository
	13.8 What the first week should not do


	Part IV: The Constraints
	Chapter 14: Keeping Agents Uncompromised	14.1 What compromise looks like
	14.2 The common controls, in stack order
	14.3 The supply chain of an agent
	14.4 The approval-prompt problem
	14.5 What security cannot do
	14.6 The orchestrator’s security job is not Infosec’s job


	Chapter 15: Cost as a Standing Constraint	15.1 What the work costs
	15.2 Two surprise invoices
	15.3 Assessing workloads
	15.4 Measuring, not estimating
	15.5 Establishing boundaries
	15.6 The constant pressure


	Chapter 16: Infrastructure for the Agentic Era	16.1 Does the agentic era still need source control?
	16.2 Task systems: from bug trackers to agent work boards
	16.3 How fleets communicate
	16.4 Where the standards are being written
	16.5 Evidence packs: the operating record as infrastructure


	Chapter 17: What Comes Next	17.1 Orchestration across systems
	17.2 The agent-to-agent protocol
	17.3 Identity crosses the boundary; authority does not
	17.4 Cascade authority
	17.5 What not to connect yet
	17.6 What to build before the protocol arrives


	Chapter 18: Conclusion	18.1 Pete’s Saturday
	18.2 The programmer was always in the middle
	18.3 Maya’s Monday
	18.4 What became of the computers
	18.5 The purpose put into the machine
	18.6 What “more will be required” turned out to mean
	18.7 What this book could not settle
	18.8 Near-future nonfiction, one last time


	Acknowledgments
	About the Author



  
    	
      Title Page
    

    	
      Cover
    

    	
      Table of Contents
    

  




Copyright

Copyright © 2026 Tim O’Brien. All rights reserved.

Orchestrator: A Field Guide to Delegated Intelligence

First edition, 2026

Published by Discursive

Website: readorchestrator.com

ISBN 979-8-9978859-2-2 (ePub)

ISBN 979-8-9978859-3-9 (paperback)

Except as permitted by applicable law, no part of this book may be reproduced or distributed without the copyright holder’s permission.

Orchestrator is a work of non-fiction. Industry examples and future scenarios are used for analysis and illustration. Vendor claims are identified as such and should not be read as universal predictions.

Products, services, and organizations are identified for discussion. Their names and trademarks belong to their respective owners; inclusion does not imply endorsement. Product capabilities and availability may change after publication.

The examples in this book are intended for study and adaptation. Readers are responsible for evaluating their suitability, permissions, security, and consequences before applying them in a working system.

AI use and authorship are described in the Introduction, under “Human Quotient and the authorship of this book,” and in the individual chapter attestations.




Preface

I have been writing software and designing systems for more than three decades. I have been a developer, an architect, and, at various points, the person who had to explain to a room full of people why the system they had just approved was not going to behave the way they hoped. My father was a developer too, back when the work was more physical and more obviously constrained: punched cards, machine language, machines that made you wait. The distance between an idea and its execution was visible then. You could hold part of the program in your hands.

That distance has never disappeared. It has only moved.

I have watched the work change as the machines changed. The programmer went from manipulating instructions to composing systems, from writing everything by hand to standing on layers of libraries, services, frameworks, and infrastructure built by other people, and with each layer the systems became more capable and the work became more distributed. Responsibility never distributed with it. Someone still had to decide what the system was allowed to do, how anyone would know whether it had done it, and who would answer when it did the wrong thing.

For the last several years I have listened to people explain generative AI and come away with the same uncomfortable conclusion, which is that I do not think we have got it yet. The explanation is almost always one of two things. Either it is peak hype-cycle marketing, in which everything is about to be automated, every job is about to be transformed, and the future has apparently arrived on the schedule of a product launch — or it is the mirror image, a cynical account in which the technology is only a confidence trick, the use cases are all fraudulent, and nothing important is changing. Both are useful as reactions. Neither is a sufficient description of the work.

I began looking for a better description by writing fiction. Writing the Condition Set trilogy — Redundant, Contingent, and Essential — forced me past the demonstration and into the operating environment: who is present when a system acts, what authority they have, what evidence they can see, what the organization has chosen not to know, and what happens to ordinary people when a technical decision hardens into an institutional fact. In one of the novels, regulated industries are required to keep a certified orchestrator on the team. The title started as world-building — a plausible role inside a future regulatory regime, the sort of phrase that turns up in a standard before anyone has fully agreed what it means. But the more I wrote the word, the less it behaved like a science-fiction detail. Orchestrator. The role kept making sense.

Once I could see the role in the fiction, I started noticing its unfinished version in the present. I met people working with models and agents who were exhausted, and not because they had become less technical — because they had quietly taken on a second job. They were defining tasks for systems that could not reliably define their own limits, reviewing more output than they had time to understand, and deciding which errors mattered, which uncertainties could be tolerated, and which ones had to send the work back. They were doing orchestration without a title, a training path, or an agreed budget for the attention it consumed.

Companies were struggling with the same change from the other side. They wanted to know where these tools belonged, what work could be delegated, what evidence would be enough, and how an organization could move faster without confusing speed with control. So they reached for the familiar language — automation, productivity, transformation, augmentation — because the vocabulary available to them had been built for an earlier arrangement of work. That language was not exactly wrong. It was simply too small for what it was being asked to hold.

Meanwhile I kept reading an embarrassing amount of nonsense about the future, much of it from people who had not spent much time with the present. The market’s certainty was matched, beat for beat, by the skeptics’ certainty. And in both accounts the person who actually has to make the system work had gone missing.

This book is my attempt to put that person back.

The argument is not that every new tool deserves a new profession. It is that a profession is already forming around a genuinely new engineering problem: how to design and govern delegated intelligence when the output can exceed the capacity of any one person to produce, inspect, or remember. Naming it gives us something to examine, which is the whole point of naming it. A vague anxiety becomes a role with boundaries, artifacts, training, authority, failure modes, and consequences.

This book is written for the long term of AI’s impact, after the current vocabulary has gone stale. You may already be doing this work, or you may already employ someone who is. What follows gives the role a name, and then asks what training, authority, evidence, handoff, and institutional support that name has to carry.




Introduction

This book is about a job title that has not settled yet, which is exactly why it is worth examining before it does. All over the industry, people are already directing models, agents, tools, codebases, and human specialists toward outcomes they are personally on the hook for, and they are doing it under whatever title they happened to be hired under — developer, architect, product engineer, technical lead, founder, researcher. The titles have not caught up, because titles never do. But the work has become recognizable enough that I can describe it to someone who is doing it and watch them nod before I finish. This book calls that work orchestration, and it calls the person responsible for it an orchestrator.


When computer was a job

There is a useful history hidden inside the title of this book, and it begins with a word that changed owners. Before computer meant a machine, it meant a person who computed.

Human computers worked in astronomy and navigation, in surveying and telecommunications, in ballistics and aeronautics and engineering. The job was to break a difficult calculation into repeatable steps, perform those steps with pencil and paper or a mechanical calculator, check a colleague’s work and have your own checked in turn, plot the results, and hand over numbers that other people would use to design a machine or commit to a decision. It could be tedious work. That is not the same thing as unimportant work, and the difference between those two judgments is going to matter for the rest of this book.

At NASA’s predecessor, the National Advisory Committee for Aeronautics, many of these computers were women. At the Langley laboratory the computing pools were segregated: NACA began hiring white women as computers in 1935 and Black women in 1943, and Black women worked in a separate unit, with restricted facilities, pay, and promotion. Katherine Johnson, whose hand calculations checked the electronic computers for John Glenn’s Friendship 7 flight, came out of that pool. Dorothy Vaughan supervised the segregated West Area Computers and taught herself electronic programming as the work moved onto the new machines. Mary Jackson used her experience as a computer in a wind-tunnel group to qualify as an engineer. The National Park Service preserves these transitions, and the reason it preserves them is worth sitting with: the story that matters is not only that these women performed the calculations, but that many of them learned the new machinery and moved into new forms of technical work as the role, its title, and its tools changed.1 The Jet Propulsion Laboratory had its own corps of human computers — most of them women with mathematics degrees — who computed and checked trajectories for the early robotic missions and became some of NASA’s first computer programmers as the machines arrived.2

The machine did not arrive to announce that the mathematics was worthless. It arrived to perform more of the repeatable calculation, which left people to do everything the calculation had never covered — choosing the problem, checking the assumptions, interpreting the result, understanding the physical system well enough to know when a number was impossible, finding the error, and deciding what any of it meant. NASA’s account of its early human computers records the fact: trajectory computation moved to the machines, while trajectory analysis and mission planning remained human work. The further analogy to programmers today is mine.

That is the relevant warning for programmers, and I want to state it carefully, because it is easy to hear as reassurance and it is not. The fact that a machine can generate a function does not mean programming knowledge has become worthless. It means the part of programming that consisted mainly of producing routine code may no longer be the thing that organizes a career. People who understand systems, data, interfaces, failure, security, testing, and consequences will still be needed. What changes first is the title, and the need for technical judgment outlives it.

The comparison is not exact, and I would rather say so than let it do more work than it can bear. An electronic calculator was not an agentic system, and the disappearance of the human-computer title does not prove that the title programmer will disappear on any particular schedule. History is not a forecast. What history offers here is narrower and more useful than prediction: it shows what happens when a profession’s routine work is automated before the institutions responsible for that profession have built the next path into it.

That gap is the problem this book calls orchestration. The next generation of technical workers will need to direct systems that write, test, operate, and improve software, which means they will need enough technical understanding to inspect the machine’s work, enough domain knowledge to recognize when it is wrong, and enough authority to stop it. If organizations remove the beginner work that used to teach those three things, they will have to build another way to teach them. The alternative is an industry that produces more software every year and fewer people capable of taking responsibility for any of it.



Why not artificial intelligence

One of the reasons I wrote this book is that artificial intelligence is a bad name for what we are doing.

The phrase has been useful, and I do not want to pretend otherwise. It drew attention, attracted funding, focused research, and gave a generation of scientists and engineers a banner to work under. It is also why every discussion of these topics now gets filed under AI, because AI is the thing that appears to be changing the world. But the name describes a technique, not a relationship. It tells you something about the machine and nothing at all about the person, the organization, or the authority that put the machine to work.

Start with artificial, which suggests a simulation of intelligence — a copy, a stand-in, something that mimics the real thing. That framing has steered the conversation toward a set of questions that sound profound and decide nothing: Is it really intelligent? Does it really understand? Is it conscious? Can it think? Those are interesting philosophical questions and I have enjoyed arguing about them, but not one of them determines whether a system should be trusted with real work. The questions that determine that are embarrassingly practical. What was it given? What can it do? Who is responsible? Who can stop it?

Intelligence is misleading in a different way, because it suggests a property the system owns, like memory or clock speed. The capability in these systems was not invented by the machine. It was learned — statistical representations shaped by training data, model architecture, fine-tuning, and reinforcement learning — and it is exercised under the influence of prompts, retrieved context, tools, and provider choices. A model is not carrying a person’s decision tree intact. What it absorbed from human work is real, but it lives in the weights as learned behavior, not as a stored procedure someone handed over. And notice what is not inside the model at all: authority. A model can produce a recommendation or an action, but the mandate, the permissions, the controls, and the accountability are established by people and institutions in the system around it. The machine does not own that intelligence. It exercises it on somebody’s behalf.

That is why this book uses delegated intelligence instead. The substitution is not cosmetic, because the two phrases send you looking in different directions. Artificial intelligence asks whether the machine is smart enough. Delegated intelligence asks whether the delegation was deliberate, whether the authority was bounded, and whether the person who delegated is still accountable for what happens next.

None of which is a dismissal of the work that got us here. Artificial intelligence set the stage, and the AI of the last decade — machine learning, deep learning, large language models, generative systems — produced the inference engines and pattern-matching capability that make delegation possible at all. Without that work there would be nothing to delegate to. But the stage is not the play. The world is not changing because a machine became intelligent; it is changing because we can now hand different levels of authority to systems that exercise something that looks like independent judgment inside a bounded scope, and because those systems chain tools together in ways their creators did not fully anticipate.

That shift — from is the machine intelligent? to what authority has been delegated, and to whom? — is the shift this book is about.


Asimov and the question of authority

Isaac Asimov understood that the relationship between humans and machines is fundamentally a question of authority. His Three Laws of Robotics, first stated in full in 1942, are not really about intelligence at all. They are about delegation. The First Law says a robot may not injure a human being or, through inaction, allow a human being to come to harm. The Second says a robot must obey the orders given it by human beings, except where those orders would conflict with the First. The Third says a robot must protect its own existence, except where that protection would conflict with the First or the Second.3

Read them in order and what you have is a hierarchy of delegated authority. The robot receives its authority from humans, which is what the Second Law establishes: humans give orders and the robot obeys them. That authority is then bounded by the First Law, which withholds harm from the robot’s repertoire even under direct instruction. And the robot’s own self-preservation is subordinated to both. The robot has authority to act, but the authority is granted, limited, and ranked.

What makes the stories worth returning to is that they are almost entirely about the boundaries failing. The Laws are not a solution; they are an apparatus for generating the right questions. What happens when two humans give contradictory orders? What happens when obeying an order causes indirect harm? What happens when the robot’s interpretation of harm differs from the human’s? Those are, with the vocabulary updated, precisely the questions this book asks about delegated intelligence. What happens when a system receives conflicting instructions? What happens when the system’s judgment about safety differs from its operator’s? Who resolves the conflict, and by what mechanism?

Asimov also wrote that “the saddest aspect of life right now is that science gathers knowledge faster than society gathers wisdom.”4 That is the situation this book addresses. The science has given us systems that exercise delegated judgment, and the wisdom — how to delegate safely, how to stay accountable, how to govern what we build — is still being assembled while the systems ship.



Wiener and the purpose put into the machine

Norbert Wiener, the mathematician who founded cybernetics, arrived at the same problem from the other direction. In 1960, writing in the journal Science, he warned that we had better be sure what we put into a fast machine before we start it:


“If we use, to achieve our purposes, a mechanical agency with whose operation we cannot efficiently interfere once we have started it, because the action is so fast and irrevocable that we have not the data to intervene before the action is complete, then we had better be quite sure that the purpose put into the machine is the purpose which we really desire.”5



Wiener was writing about servomechanisms and early automation, not language models, and his warning has aged into something more relevant than it was when he made it. The systems in this book are not fast in the way his servomechanisms were fast. They are fast in a stranger and more dangerous way: they interpret, decide, chain tools together, and produce in seconds a result that would take a person hours to review properly. The action is rarely irrevocable in the physical sense — a pull request can be rejected, a deployment can be rolled back — but the decision is often already in effect by the time a human sees it, which is close enough to Wiener’s condition to count. If we delegate authority to a system, we had better be sure the purpose we put into it is the purpose we actually want.

He had made the deeper point a decade earlier, in The Human Use of Human Beings:


“The machine’s danger to society is not from the machine itself but from what man makes of it.”6



That is this book’s thesis in a borrowed sentence. The danger is not the AI. The danger is in the delegation — the authority we grant, the boundaries we set or fail to set, the oversight we maintain or neglect, and the responsibility we keep or quietly abandon.




What this book is not

This is not a prediction that programmers disappear, a prompt-writing manual, or a claim that access to a model qualifies anyone to run a hospital, a water-treatment plant, a nuclear reactor, or a financial market. It is also not a promise that universal basic income arrives tomorrow because a few software companies have discovered a new way to describe abundance.

And it is emphatically not another attempt to make the current sales pitch sound inevitable. The market has supplied enough certainty for several lifetimes. Every few months a new label arrives — copilot, agent, autonomous agent, digital coworker, frontier professional, vibe coder, citizen developer — and a demo becomes a strategy deck before anybody has asked who is going to maintain the thing.

Ed Zitron’s “There Is No AI Revolution” is useful precisely because it makes a specific economic objection rather than expressing a mood. The generative-AI industry, he argues, has been sold as a revolutionary software boom despite weak unit economics, uncertain product-market fit, and thin evidence of durable returns.7 I think he is right that the narrative has outrun the evidence. What does not follow is that the work is unchanged, and that is the distinction the rest of this book depends on: a market can be wildly unstable while a team’s daily practice has already changed in ways its practitioners are not going to unlearn.

Tim O’Reilly makes a different argument in “AI First Puts Humans First.” He separates human augmentation from the investor fantasy of replacing workers, and insists that an AI-native application is still a hybrid system — models, deterministic software, data, security, interfaces, and human judgment, all of which someone has to design.8 That is one of this book’s starting points. Orchestration is not a chatbot bolted onto an old workflow, and it is not “AI only.” It is the design of the whole arrangement.

O’Reilly extends the argument in “Why Open Source Matters for AI,” drawing a line from the Apache web server’s defeat of Netscape and Microsoft to the present contest between open and closed AI.9 His point is not that open weights alone make a system open. It is that modularity — a small kernel with standard interfaces that lets people extend your work without asking permission — is the durable advantage, and he calls the resulting arrangement the architecture of participation, because it lets distributed innovation outpace anything a single company can build alone. He names open-source agentic harnesses like Goose and Pi, portable memory work from Nous Research, and open protocols like MCP as evidence that the composability that produced the LAMP stack is reappearing in AI. This book takes that seriously enough to build on it. An orchestrator’s job is not to pick a vendor’s stack; it is to design a system out of components that can be swapped, inspected, extended, and governed, on the bet that the architecture permitting all four is the one that survives.

Mike Loukides contributes a different warning in “Preparing for AI.” The hard skill is not clever prompting but managing context — knowing what the system needs to see, which assumptions are still implicit, and what a junior practitioner cannot yet recognize in generated work.10 He also warns that generated code accumulates technical debt nobody understands and nobody can maintain. Both warnings point the same direction, and it is the reason this book refuses to define the orchestrator as someone who stands above technical detail. The role requires knowing when to descend into the detail, and who to bring with you.

Cory Doctorow supplies the labor version of the problem in “Three More AI Psychoses.” His distinction between a centaur — a person using a machine to pursue a human goal — and a reverse centaur — a worker pressed into service as a peripheral for the machine — makes a political choice visible that most tooling discussions manage to avoid.11 The same tool can extend a worker’s reach or accelerate a management system that treats that worker as the missing component in an automation plan. So orchestration is never only a question of capability. It is a question of who sets the objective, who absorbs the friction, and who is allowed to object.

Those four writers are not the whole conversation, and the book would be poorer if I pretended they were. A living community of practitioners is renaming and re-explaining this shift almost weekly — often on the same Radar that published O’Reilly and Loukides — and I would rather make friends there than manufacture enemies.

Andrew Stellman has been sorting the name pile with more care than anyone. Vibe coding, loop engineering, agentic engineering and the rest are real practices, he argues, and they are not interchangeable; what the field needs is an umbrella for the discipline in which AI generates and a human still owns the result. He proposes AI-driven development, and the load-bearing line is his: “AI made generating code almost free. It didn’t make being responsible for the code free.”12 That is the right insistence, and this book’s claim sits beside it rather than against it. Stellman is naming a practice — how code gets made. This book is naming a role and an object of work — the orchestrator, and the delegated intelligence that person designs and governs — which matters most at exactly the point where the same pattern leaves the editor and enters operations, customer outcomes, and authority that can hurt somebody.

Drew Breunig names a debt every serious team eventually pays: prompt debt. Natural-language prompts make prototypes effortless and then harden into a brittle specification language, and once you are hand-tuning them you are locked to one model and your iteration slows to a crawl.13 His prescription — stop taking pride in hand-tuning, measure behavior instead, and treat prompts as something you compile and regenerate — is ordinary engineering hygiene, and this book agrees with it. Chapter 6 picks the thread up where he leaves it, arguing that a prompt is not a security boundary and that skills, policy, evaluation, and authority have to carry the weight that prose instructions cannot.

Put them side by side and you can see how little they overlap. Zitron attacks the business mythology. O’Reilly argues for human-centered augmentation and the architecture of participation. Loukides presses on context, technical foundations, and maintainability. Doctorow examines ownership, labor, and power. Stellman and Breunig are in the room with their sleeves rolled up, naming practice and debt while the tools change under everyone’s hands. This book takes the whole conversation seriously and then makes its own claim on top of it: the hype may well be inflated or dishonest, and the work is changing anyway, and somebody has to be accountable for the systems doing it.



More may be achieved

The central promise of orchestration is not that less work will be required. It is that more may be achieved by a person, a team, or an organization that can coordinate delegated intelligence well. That promise has a second half, and the second half is the one that gets left out of the slide:


More may be achieved. More will be required.



What is required is judgment, verification, system design, domain knowledge, handoff, security, documentation, customer understanding, and the willingness to stop a useful-looking system before it does something expensive. The worker this book describes is not a person who floats above the details. It is a person who knows which details carry the outcome, and who goes down into them when they do.



This isn’t here yet

Some of you are reading this and thinking: this isn’t here yet. You are right, and I would rather concede it in the introduction than have you catch me at it in chapter seven. In most organizations we are still building the tools that will make this job real. Systems that can reliably inspect a codebase, propose a change, run the tests, evaluate the result, and prepare a release without a person correcting them at every step are not yet widely available, and the persistent runtimes, evaluation frameworks, governance layers, and permission envelopes are mostly early, rough, or missing altogether.

The pieces are visible, though, and some of them are further along than the skepticism allows. Andrej Karpathy — a founding member of OpenAI who went on to direct AI at Tesla — said in a March 2026 interview that he had probably not typed a line of code since December, and that his split between writing code and delegating to agents had flipped from roughly 80/20 to 20/80 and kept going.14 JPMorgan Chase reported two hundred thousand employees on its internal LLM Suite within the first eight months; by December 2025 its chief analytics officer described two hundred and fifty thousand users — more than 60 percent of the firm — building and customizing their own assistants, and argued that the models themselves are commodities while the durable advantage is the connectivity around them.15 The work is forming well ahead of the name.

Writing about that gap requires a method, and the one I use here I call near-future nonfiction. The term describes work that has appeared in pieces without consolidating into a recognized profession. The evidence is real — the companies, the tools, and the people are real, and the claims above are attributed to the sources that reported them — but no single person or organization yet represents the full scope of what this book describes. So when the book uses a short fictional narrative to show what a day of orchestration looks like, it is not claiming that person exists. It is assembling a picture out of parts that already do.

I did not invent the phrase, and the way I arrived at it is more interesting than the phrase itself. I recently asked Julian Bleecker — whose work on design fiction shaped how I think about prototype futures — whether “near-future nonfiction” was a legitimate description of what I was doing. His response was roughly: wait, isn’t that just about everything I’m doing?16 The label was already familiar to him. What was new was my route to it. I wrote the fiction first, in the Condition Set trilogy, and found that the world-building kept pointing me back at a reality arriving faster than most people had noticed. The novels were never the evidence. They were the exercise that forced the questions. The evidence is in the tools, the companies, and the work already underway, and near-future nonfiction is what I am calling writing that treats those unfinished pieces as reportable without pretending the profession has consolidated.

Klarna is the case most often held up as what it looks like when the orchestration is missing, and it deserves more care than it usually gets. In February 2024 the Swedish fintech announced that its AI assistant, one month live, had handled two-thirds of its customer-service chats and was doing work equivalent to seven hundred full-time agents, with company-reported satisfaction on par with human agents. Equivalent workload is not the same claim as seven hundred people replaced, and the numbers are company-reported rather than independently measured. What later reporting and the company’s own materials show is a renewed emphasis on human service — including an on-demand human-workforce experiment — not an abandonment of AI support.17 The lesson I draw is not that Klarna failed and reversed. It is that task-equivalent capacity and workforce substitution are different claims, that escalation paths and quality evidence are exactly what an announcement like that should disclose, and that an organization that cannot tell the two apart is already mis-orchestrating. And the asymmetry is worth noticing: getting this right means things work roughly as expected, while getting it wrong means real people are on the receiving end of decisions nobody designed.

I wrote this book because we are at the beginning of something, and beginnings are the only point at which the shape of a thing is still negotiable. The pages that follow describe a job and a practice that do not fully exist yet. But the parts keep showing up — in coding agents, in persistent runtimes, in skills and memory systems, in multi-agent frameworks, and in the daily experience of people already doing this work without a name for it. What you read here is going to turn into something real. It may not look much like what is on these pages; the names will change and the tools certainly will. My forecast is that the pattern will not — and the evidence for that forecast is everything in the preceding pages. A person who designs and governs a system of delegated intelligence, who holds both the authority and the accountability, and who decides when the system may continue and when it must stop — that pattern is already here.

This book is not a description of the present. It is a recognition of the beginning.



Human Quotient and the authorship of this book

The book uses AI, and I want to be explicit about what that means here. Each chapter carries its own badge under the Human Quotient scale — a creator’s attestation about how a piece of work was made, not an AI detector or a quality score. Chapters marked HQ 8 — Authored contain human-written prose, while AI may have been used for light polish. Chapters where AI wrote portions of the prose, and I assembled and reviewed the whole, are marked HQ 6 — Assembled. The badge on each chapter says which is which.

That is the statement I am making about this book. The argument, structure, examples, and final decisions are mine on every chapter. On the Authored chapters the prose is mine as well; I used AI tools as research assistants, sounding boards, and editorial instruments — to help locate and organize sources, identify gaps, test whether a passage was clear, and occasionally suggest a grammatical tightening or a better word. On the Assembled chapters, AI drafted portions of the prose; I reviewed every passage, rewrote where it fell short, and take responsibility for the whole. The tools participated in the process. They did not author the book.

The distinction matters because this book is about responsibility for systems that produce work. I am not pretending AI was absent from the making of these pages, and I am not treating its presence as proof that the pages belong to the machine. My attestation is that the human act of creating this book — its judgment, voice, structure, and substance — remained mine.



The three responsibilities

The book returns throughout to three responsibilities. An orchestrator helps systems develop, operate, and improve.


	Develop: inspect repositories, propose changes, write code, run tests, and prepare releases.

	Operate: monitor live work, respond to known conditions, route decisions, and escalate when the system reaches the edge of its authority.

	Improve: study outcomes, identify failures and opportunities, generate possible changes, test them, and bring recommendations back to people.



Taken together these form a cadence, not a promise of independent machines. A system can observe the current state, analyze possible improvements, and prepare the work, while people add context, approve consequential changes, set priorities, and remain answerable for results. What the cadence describes is delegated intelligence under human authority — which is a different arrangement from independence, and the difference is the subject of this book.



Who should read this

If you are an individual contributor, this book is about recognizing work you may already be doing, and about building a career out of it without making your own nervous system the only control plane in the system. If you manage engineers, it is about the difference between more output and more capacity, and about the review, security, platform work, and rest that greater production actually requires. If you run an organization, it is about operating models — prototype before the meeting, fund experimentation, redesign governance around risk, make responsibility portable. And if you work in regulation or critical infrastructure, it is about the moment orchestration stops being a productivity technique and becomes a professional obligation.



How to use this book

The book is in four parts. Part I, The Role, names the work and gives it a vocabulary. Part II, The Work, stays with the system: tools, instructions, architecture, nondeterminism, and failure. Part III, The Institution, moves into meetings, organizations, education, and how to begin. Part IV, The Constraints, is security, cost, the infrastructure underneath all of it, what comes next, and the close. Each part opens with a short map of the chapters inside it.

Throughout, the book treats orchestrator as a proposed name for a pattern already visible in the world rather than a settled corporate category, which means you should test the term against your own team. If it clarifies who owns delegation, evidence, authority, and handoff, keep it. If it becomes one more way to avoid naming who is responsible, throw it out.

That is the standard this book applies to itself.
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Part I: The Role

The first four chapters name the work before they ask anyone to adopt it. They are here so a reader can recognize the job, see it in a familiar process, get a vocabulary that does not collapse into marketing, and watch the same pattern hold outside a single demo.

This part does not yet ask how to staff the role or how to migrate an organization. It asks whether the role is real enough to deserve a name.

Chapter 1 — Your Next Job Title Is Orchestrator puts the same customer request through the inherited process and through a target-state orchestrated one, then defines the job around objective, permission, evidence, and oversight.

Chapter 2 — You May Already Be an Orchestrator is the recognition chapter. It follows the work as it is already being done — often without a title, often with unapproved tools — and names the conflict that creates.

Chapter 3 — What an Orchestrator Orchestrates is the vocabulary chapter. It distinguishes assistance from orchestration, and it defines delegated intelligence, authority, and the orchestrator without pretending the field already agrees on the words.

Chapter 4 — Orchestration in Practice takes those terms out of the definition list and into a working arrangement: development, operations, and improvement as one connected line of work, in more than one industry.




Chapter 1
Your Next Job Title Is Orchestrator

A company with a website receives customer feedback every day, and in the usual process that feedback takes a long and well-worn path: support tags it, a manager summarizes it, product discusses it, someone opens a Jira issue, engineering schedules it, a developer changes the code, QA and security review it, and release engineering ships it. For a genuinely simple request, that can take weeks. Sometimes it takes months.

We have accepted this arrangement because it is built around a chain of meetings, and by the time the ticket has passed through all those teams, thirty or forty people may have touched it. What is surprising is how little discussion or debate the process often produces. The meetings perform a ritual: pass the ticket along, reduce a problem that has already faded from the customer’s memory to a code change, and move it toward release.

The usual promise of generative AI is that it will make this same process faster, and most organizations believe exactly that. Give the developer Cursor or Codex, let a model summarize the support queue and draft the tests and write the release notes, and keep every meeting and handoff exactly where it is while reducing the typing in between. That is assistance. It does not really transform how work is done. And the promise of generative AI is much larger than just assisting people in how they currently do their jobs. What has arrived is something that can help us automate, orchestrate, and create systems that can develop, operate, and improve — where improving means agents proposing changes to code, prompts, skills, and configuration, not rewriting their own weights or shipping unreviewed work. Work that currently takes weeks or months to move through meetings, handoffs, planning, implementation, and review can be explored, built, and tested in minutes. You do not get there by typing faster.


[image: Figure 1. The existing process: one request moves through a sequence of human teams over weeks or months.]
Figure 1. The existing process: one request moves through a sequence of human teams over weeks or months.


1.1 Before and after: the same customer request

Take a customer who asks for a small change to the return flow: let someone start a return without a paper receipt.

Before: the request sits in support tags until Friday, a manager summarizes it, and product discusses it the following week. Someone opens a Jira ticket. Engineering asks which API owns the decision, and the work waits for planning, then for a sprint, and eventually a developer writes one implementation. Not because it was necessarily the best answer, but because the organization was never going to fund two implementations in parallel just to compare them. That is how the work is usually assigned: one engineer takes the task, makes the decisions that seem reasonable, and hands over the result. QA finds an exception. Security asks some skeptical questions about how the purchaser’s identity is being verified. The fix waits for another release meeting. A simple customer request has consumed a month of coordination and nobody yet knows whether the proposed solution works.

That is the old picture, and it has worked until now. The fix itself might have taken an hour or two if the right people had simply talked to each other. Instead, the elapsed time is a month, because what is being paid for is not the fix — it is the coordination of one team handing work to the next, and the next, and the next. That is where all the time went, and there is no acceleration inside that structure. Every step in the process was reasonable on its own, and the organization could absorb the delay. But that is about to change.

After: the same request arrives at 4:00 a.m. Pacific time. What follows is an illustrative target state — a scenario I will use throughout this chapter — and the numbers in it are scenario assumptions, not results from a named deployment. The question is whether the shape of the work is plausible, and I will argue that it is. By 5:00, five or six parallel agents have analyzed the customer evidence and characterized the problem: when the request occurs, when it does not, which cases are genuine, and which problems actually need to be solved. The work has moved from collecting information to deciding what to do with it.

The systems do not stop at a single recommendation. They explore several paths, test them in isolated branches and staging environments, and bring the results back for review. Some paths work better than others. The agents challenge one another, try additional approaches, and leave a record of what they tested and where each option failed. That is the important change: the team receives alternatives and evidence, not just one implementation produced by one engineer. Product has visibility into how these agents work and, in the best case, helps maintain them.

One of the agents belongs to Maya, a senior engineer at the home-goods company, and is responsible for risk and compliance. It evaluates proposed changes against the policies and requirements encoded into the system, records the evidence, and flags anything that falls outside the boundaries Maya has established. That is only the beginning of the governance model; a later chapter returns to how these controls are built and operated. For now, the important point is that governance becomes part of the orchestration rather than a separate process waiting at the end.


[image: Figure 2. The orchestrated process: one outcome is explored through parallel agent paths before a human decision.]
Figure 2. The orchestrated process: one outcome is explored through parallel agent paths before a human decision.

At 8:00 a.m. — four hours after the customer’s report — one of the paths is already staged for a controlled A/B test. It is not in production, and a human still has to approve the release. But there is now something real to approve: three working options, test results, a security review, a revenue-impact model, a support-impact estimate, and a rollback plan.

At 8:18 a.m., Maya receives the report:


Subject: Returns workflow — several solutions ready for review

We reviewed 1,840 customer conversations tagged return-without-receipt and prepared several possible solutions. Some work better than others. One is ready for a limited test. The evidence, assumptions, and risks for each option are attached. Approval, rejection, or a revised scope is required.



Maya now has something to decide. In some other organization, she might have to fight for a place in that decision, or wait for a chain of managers to make it for her. Here, she can bring the solution to management on the same day, along with the evidence for why it is the right one. That is more output than a team of forty could produce in a month.

Maya is not just inspecting code and making sure it is ready to be merged with the main branch. What Maya is doing is investigating how the decisions were made. What was the process? How did the independent agents reach this conclusion, and what is the evidence they had?

This is what an orchestrator’s job is now. It is making sure the system made its decisions with the right constructs and the right parameters in place: the context it needed, the authority it needed and no more than that, an evaluation that measured the outcome that mattered. That is a much more involved job than sitting in meetings. Maya still decides whether any of the work reaches production.



1.2 The Orchestrator

Maya’s morning shows the job in action, but it deserves a formal definition, because this is the job the rest of the book is about.

An orchestrator is the professional who orchestrates systems that can autonomously drive development, operations, and improvement — and whose own work concentrates on the layers that grant those systems authority and the boundaries that preserve human oversight.

The definition describes both the systems and the job. The systems develop, operate, and improve. The job is not standing at the center of that machinery telling it what to do next. The orchestrator builds the layers that decide what the machinery is allowed to do, what evidence it must leave behind, and where a human still has to say yes or no.

That breaks into specific responsibilities:


	Define the objective. Teach the system what the organization means by a successful outcome, in terms concrete enough to be measured. Nobody hands you this. It lives in conversations, in old decisions, in the reasons behind the metrics, and the orchestrator is the person who converts it into something the system can act on.


	Grant authority — and no more. Decide what each system may do alone: read these repositories, open branches, run tests, stage changes. Decide what it may never do without a person: merge, deploy, export customer data, change its own permissions. Authority without limits is abdication; limits without authority is just a slow chatbot.


	Supply context and memory. Curate what the system knows during a run and what it remembers between runs — the product history, the customer cases that matter, the decisions already made. Too little context and the system guesses; too much and the signal drowns.


	Build the evaluation. Decide what counts as better before the system proposes anything. If it offers three checkout designs, someone has to have defined whether better means completion rate, fraud, accessibility, latency, support volume, or revenue — and the orchestrator is that someone.


	Demand the evidence chain. Require that every decision the system reaches leaves a readable record: what was tried, what failed, what assumptions were made. The record is not bureaucracy. It is what makes the system’s work reviewable at all — the difference between an outcome you can challenge and one you can only accept.


	Hold the boundaries. Stay answerable for what ships. Review the evidence, decide what reaches production, and be the person who can say stop — with the authority, and the recorded responsibility, to make the stop hold.
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Figure 3. The orchestrator’s job is concentrated in the layers above and around the delegated system: objective, authority, context, evaluation, and the evidence chain — with human oversight at the boundary.

Notice what is not on that list: writing the implementation. The delegated system produces the work. The orchestrator produces the conditions under which the work can be trusted — and absorbs the responsibility when it cannot. That is why the role is a promotion of responsibility rather than a retreat from it. Chapter 3 gives the formal definitions of delegated intelligence, orchestration, and the orchestrator; the point here is the job’s center of gravity: the farther the systems can drive on their own, the more of the job lives in the grant of authority and the preservation of oversight.

The same pattern shows up well outside a home-goods returns flow.

Example 1 — a public-service website. Consider a permit process website where residents report that the online application is confusing. The old process waits for a quarterly review and then moves through policy, design, legal, accessibility, and engineering. An orchestrated system can group the complaints, compare them against abandonment logs, identify the specific question that causes people to quit, generate clearer language and alternative form sequences, test those against accessibility tools and synthetic applications, and prepare a limited deployment. The responsible person still has to decide whether the revised language is legally accurate, and whether the system has quietly excluded residents who use the form differently from the majority.

Example 2 — financial reporting. Consider another hypothetical: a financial-services company discovers that a dashboard is showing inconsistent numbers across mobile and desktop. Rather than spending days routing the question between finance, analytics, product, and engineering, connected systems could reconcile the data sources, trace the discrepancy to a release or a tracking change, reproduce the affected queries, and prepare competing fixes along with their expected effect on reporting accuracy and latency. The orchestrator decides which fix to stage.

None of this is an autonomous fantasy. These systems can explore several answers at once, but only because somebody already taught them the product, supplied the relevant memory, defined the measurements, limited the permissions, and built a path for a human to challenge the result.



1.3 The orchestrator job changed before the title did

What changes the game is the ability to create layered systems that are able to make decisions about next steps. These systems do not merely help an employee perform a task; they operate bounded parts of a business.

Which is the difference between assistance and orchestration. Assistance improves one step inside an existing process. Orchestration changes the process. The unit of work stops being a function, a ticket, or a pull request, and becomes the system that turns a signal into a decision, an implementation, a test, a release, and a result.

Jack Dorsey was reaching for this distinction when he started describing Block — the company formerly known as Square — as an “intelligence company.” In Block’s own account of its operating model, most companies are treating AI as a productivity enhancer, while Block says it is trying to use intelligence to change how people work together: maintaining a continuously updated model of the company, replacing some of the information-routing work that hierarchy used to do, and letting smaller teams move with more context. That is a different story from just buying everyone a license to ChatGPT or Claude. Jack is saying they are going to change how the business works, not just use a tool to make it work faster.1

The message arrived with an ugly footnote attached. In February 2026, Block announced it would cut more than 4,000 roles — from over 10,000 employees to just under 6,000, a reduction of more than 40 percent. Dorsey tied the decision to intelligence tools, and The Guardian covered it as a public case study in which a CEO said those tools had changed what it means to build and run a company; the stock rose sharply. Block had also grown and cut before — its headcount nearly tripled from 2019 to its peak — so the AI explanation is the company’s own, not a settled causal finding. It was reported primarily as a layoff story, which it is; thousands of people were asked to leave while the company argued that a smaller team could do more. But set aside for a moment whether Block’s decision was wise, because the announcement captured a transition that is real regardless. Organizations are going to have to stop thinking about AI as a tool that accelerates existing work, and start asking what happens when the tools operate the work.2



1.4 What the new job requires

The first of those responsibilities is the hardest, because almost none of it is written down anywhere the system can reach. It includes the product history missing from the current repository, the customer cases that actually matter, the metrics that distinguish improvement from damage, and the situations in which the system must stop and ask. The more capable the systems get, the more that human work matters.

The same distinction is surfacing inside the companies building and deploying these systems, though it is arriving wrapped in workforce decisions that are neither settled nor comfortable. Marc Benioff has described Salesforce’s support organization shrinking from roughly 9,000 people to about 5,000 and connected the reduction to AI; headcount reductions can include layoffs, attrition, and roles not refilled, so the mechanism is his account, not a verified accounting.3 Amazon’s January 2026 statement said roughly 16,000 roles were affected; the company framed it as restructuring and efficiency, while the broader reading — that AI is changing the shape of organizations — is mine.4 Those are consequential and contested decisions, and I am not offering them as a model for the profession this book describes. They are evidence of something narrower: major companies have stopped treating AI as software that helps an employee work faster, and started treating it as part of the machinery by which the company operates.

The question for an orchestrator is what happens after that recognition lands. Do we use the machinery only to remove people from an old process? Or do we use it to create new forms of invention, service, analysis, and care, with humans deciding what the machinery is for?

Answering that in practice runs straight into the second responsibility, and the hard part is not writing the boundaries down but sizing them: the system gets enough authority to do the work, never enough to end the conversation. Those boundaries are not bureaucratic residue. They are part of the design, and calibrating them is most of the design.

The evaluation loop is where most of the difficulty actually lives, because the measures compete. A change that lifts completion rate can raise fraud; a change that cuts latency can cut accessibility. If the system investigates a reporting discrepancy, someone has to decide in advance what evidence would distinguish a data bug from a genuine change in customer behavior. None of this is ceremonial human approval bolted onto the end of an automated process. The human is developing the system that produces the options, choosing what it is allowed to learn from, and deciding whether the evidence is good enough to change the company’s behavior.

The company changes along with the job, and the changes are visible in the calendar. Product meetings become decisions about tradeoffs rather than reconstructions of customer complaints. Engineering meetings challenge an architecture map instead of rebuilding it from memory. QA reviews whether the evaluation reaches the real failure, security reviews the authority granted to the systems, and managers start budgeting for review capacity, memory, operations, and recovery rather than only for implementation.

The teams still exist; what changes is the handoff model. The connected system prepares a common working object that all of them can inspect and challenge.



1.5 The real revolution

The real revolution is not that a model can write software, and it is not that a person can produce more in a day. Generative AI’s larger impact is that it lets us orchestrate and automate. We can now build systems that write software, test software, watch software in production, and propose what to build next — systems that can be autonomous in bounded ways, running experiments, responding to signals, and keeping a business process moving.
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Figure 4. Acceleration and orchestration are different bets. One fits more output into the existing workday; the other changes what work is and who carries it.

But autonomy does not answer any of the questions that matter. Who designed the system? Who taught it what the company remembers? Who decided what counts as a successful outcome? Who reviews the evidence? Who can stop it?

An orchestrator is the person who answers those questions, and that person is, above all, a highly technical worker. They are becoming responsible for the system that creates the work, rather than for the artifacts it produces.

These systems cannot decide what the company ought to value, what a customer is owed, when a tradeoff is unacceptable, or whether a technically successful outcome is strategically or morally wrong. That is why the work creates jobs rather than only removing them: autonomous systems need human direction, and they need people who can say stop and have that decision recorded, respected, and acted on.

Which is why you cannot hire an orchestrator into the chair a developer just vacated and leave everything else the same. The role depends on new authority, new evidence, new measures, and new relationships across product, engineering, analytics, security, finance, operations, and support. The organization has to change its meetings, its staffing, its budgets, its architecture, and its definition of done, and it has to decide who can act, who must review, and who can stop the system before the system changes something outside the building. In 2026, the person qualified to do this work is very likely a senior developer.

So the first question is not “how do I get a model to write more code?” It is “what system am I building, what will it be allowed to do, and who is responsible for it?”



1.6 Why professions change their names

People once called this work programming. As software grew more consequential, the name stopped covering the responsibility, and what was called programming became software engineering. Margaret Hamilton, who led the team that built the Apollo guidance software, championed and helped popularize the term — it has earlier uses, and the 1968 NATO Software Engineering Conference is part of the same history — to insist that software work deserved the same seriousness as any other engineering discipline.5 Software engineering did not make programmers obsolete; it gave a larger body of work a name, and programming became one part of that practice.

Orchestrator is the next inflection point from software engineering. It does not announce the end of programming or of software engineering; it names a scope of responsibility becoming visible around them — the development and governance of systems that can propose work, carry it out, and alter the process itself.



1.7 The knowledge boundary

There is a widely held concern that generative AI is forcing developers to give up their understanding of how their systems work, and that we are heading toward a profession that ships code it does not comprehend.

Here is the thing: most developers already do not comprehend it.

We have always worked in a state of incomplete knowledge, and the incompleteness runs deeper than anyone likes to admit. Not many developers know how to fabricate a microprocessor from silicon, or how the carefully controlled dopant atoms and transistor structures that alter its electrical properties are made. Only a minority have a real working model of how an operating system behaves — how interrupts fire, how I/O scheduling works, how memory pages get swapped out. A modern Java application is not one block of code. It is an assembly of the application and dozens or hundreds of separately compiled libraries, all of which change over time. When one of those libraries is upgraded, the JVM has to connect the existing compiled code to the new version. A change can look harmless in the source code and still produce a NoSuchMethodError, a NoSuchFieldError, or different behavior at runtime. This is not an exotic corner of Java; every production system relies on these compatibility rules whenever its dependencies change. Yet in one study of 414 Java developers, participants answered only 51 percent of questions about what happens when a program runs against an upgraded library correctly. Even self-described experts and developers with more than a decade of Java experience managed only 60 percent.6 The abstraction had succeeded: developers could build and operate useful systems without fully understanding one of the basic mechanisms that allowed those systems to run.

That is not a failure. It is how engineering works: you understand the layer you are working in, you trust the layers below it to honor their interfaces, and when something breaks at a boundary you do not understand, you call a specialist. All of which is already delegation, and none of it is permission to be careless. It is the practical condition of building anything complicated, where nobody owns every layer and the skill is knowing which layer you must understand, which boundary you can trust, and who to call when that boundary fails.

So what generative AI changes is not whether developers understand their systems. It changes which layer they understand. A developer used to understand the application because they wrote it, and now the application may be substantially written by a model — which leaves the developer still needing to understand what it does, how it behaves, and where it fails, while no longer having read every line. That is a shift in where the understanding sits, not the loss of it. The job was never to understand everything. It was to understand enough to be responsible for what ships.

HQ 8 — Authored. I wrote the argument, structure, examples, and prose. AI tools were used for research assistance and light editorial polish; the voice, ideas, and substance are mine.
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Chapter 2
You May Already Be an Orchestrator

Chapter 1 argued that a new job is forming. This chapter is about the people already doing it — usually without a title, without approval, and without anybody to compare notes with. It follows Maya, a senior engineer who runs her own fleet of agents on her laptop, through the same returns problem from Chapter 1.

At 9:12 on Monday, Maya has three private agent workflows running on her laptop and one pull request open in the checkout repository.

The first agent reads the customer-service export and groups complaints by the problem customers are actually describing rather than by the tags the support team happened to apply. The second agent turns the resulting cases into regression tests. The third agent reads the Jira backlog, compares issues against recent support volume and incident history, and proposes what the team should look at next. None of these systems came through the company’s architecture review, and Maya built them because she was tired of waiting three weeks of meetings for an answer she could get in a few minutes.

She is a senior engineer at a company whose website sells home goods, and her title is still “platform engineer.” She is not writing code faster. In fact, she is not even writing that much code, because as an orchestrator she is directing the system to write code for her and then reviewing it at times. She is connecting customer evidence, product decisions, repositories, tests, and release signals into a working system that can decide what deserves attention next.

She is also doing all of this with tools nobody has approved. She runs a fleet of Hermes agents on her laptop and has worked out how to do it without attracting the attention of Infosec, and each agent carries a curated set of skills and a memory system she has been cultivating for months — systems she uses to orchestrate both how the product gets developed and how it responds to customers.

At 9:18, a product manager messages her: “How did you already know this was the returns API? We haven’t even had the support meeting yet.”

Maya has already read the conversations, or rather her systems have. They have found the main pattern, separated the cases that need different treatment, and shown her where the real problem is.

Her answer to the product manager is simple: “I let the agents do the work.” The product manager still doesn’t know what that means. He just says thanks.


2.1 What an orchestrator actually does


2.1.1 The existing process, step by step

Customers send feedback through the website or in a store. Support tags it and summarizes it. Product asks for the underlying data, turns the summary into a ticket, and eventually sends the work to engineering. Engineering makes reasonable assumptions, writes one implementation, and sends it through QA, security, and release.

The process works, in the narrow sense that a fix eventually shipped. It is slow because it was never organized around the outcome; it was organized around the team structure and the human process, built for specialist groups scheduling



2.1.2 Maya’s morning, step by step





2.1.3 Same request, same clock


[image: Figure 5. The same customer request on the same clock: the existing process spends weeks of handoffs; the orchestrated version finishes before the old process has left its first meeting.]
Figure 5. The same customer request on the same clock: the existing process spends weeks of handoffs; the orchestrated version finishes before the old process has left its first meeting.





2.1.4 Where the difference comes from




[image: Figure 6. The old process pays teams to forget the customer at every handoff. The orchestrated system keeps the evidence connected from conversation to decision.]
Figure 6. The old process pays teams to forget the customer at every handoff. The orchestrated system keeps the evidence connected from conversation to decision.






	“Why does product need a meeting to discover what customers are saying when the conversations are already searchable?”

	“Why does QA need a meeting to understand how to test the change when the system can generate cases from the actual failures?”

	“Why does engineering need to wait for a Jira ticket to inspect the repository and estimate the options?”

	“Why does a team need ten people to decide whether it has capacity when a system can show the current review queue, open branches, incident load, and available specialists?”







2.1.5 What the systems do






2.2 The conflict





2.2.1 Working alone, unapproved







2.2.2 The threat your colleagues feel







2.2.3 From authority to execution








2.2.4 Make the work visible










	Question
	Answer





	What outcome are we pursuing?
	Solve the customer problem without losing the original context



	What is running?
	Support analysis, solution modeling, two code branches, and QA replay



	What evidence supports the work?
	Customer conversations, incident history, API traces, and abandonment data



	What remains uncertain?
	Split payments and partial returns



	What can the system do?
	Read data, model options, write branches, and run tests



	What requires human judgment?
	Customer impact, privacy boundaries, and release approval



	What stops the work?
	Identity exposure, missing tests, or no proven rollback path










2.3 For people already doing this work



2.3.1 Identifying what you do



	connects information that normally belongs to different teams;

	gives systems enough context to work on a problem without a meeting at every step;

	defines what the systems may change and where they must stop;

	asks for alternatives instead of accepting the first answer;

	reviews the evidence and the outcome rather than reading every line of generated code; and

	improves the system when it gives you a poor answer, so it does better work next time.






2.3.2 Evaluate your practice against the definition











2.3.3 Engaging management, and finding allies









2.4 For managers







2.4.1 If you discover an orchestrator
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