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The Superdark Factory
Toward the Full Automation of Software
Marek Poliks,1 Roberto Alonso Trillo,1,2 Tyler Dunn,1 Hugh Scott-Douglas,1,3 Jay Springett4
Abstract
Imagine the most extreme possible factory: a factory that drives itself, a factory that determines its own objectives and optimizes itself to accomplish them. It is something like a fully automated firm, a company with no people inside, a recursively self-optimizing body that decides what to make, how to make it, and why. This is a very special kind of factory, a factory built with the intention of producing something strictly in excess of its creator’s abilities, something so productive, so efficient, and so capable that it exceeds any possibility of its prescription in advance, something that belongs to the set of possible factories that are, at present, unthinkable. How might one build such a thing? What would it mean to steer or govern such a thing? We call this factory a superdark factory, a factory whose insides churn too quickly to comprehend, whose logics branch into tangles too dense to reconstruct, and whose standards of performance are too ephemeral to direct. We believe that it is possible to build such a factory now, with existing tools, should one decide to do so. Toward such an end, we propose the dark stack—a collection of design principles an architect could use to bring about such a factory and, further, to contribute to this factory’s ongoing governance after its initialization, all while remaining unable to understand almost anything about it. The most significant intervention available to an architect building a superdark factory with the dark stack is a single committed move, made before the factory is ever turned on, that sets four key principles into motion: (1) an array of structural primitives that enable the factory to learn; (2) a versioning regime that measures what the factory does rather than what it is; (3) an adversarial evaluation layer that serves as the factory’s primary sensory organ; and (4) a charter that functions as a negotiated site of governance, cowritten with the factory itself. After this initial move is complete, the dark stack’s most consequential implications involve the foreclosure of human control from factory design and the subsequent instatement of the human architect as a game-theoretical strategic player engaged with the emerging totality of production.
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CHAPTER I - DARKNESS
The future is dark, which is, on the whole, the best thing the future can be, I think.
– Virginia Woolf5
Dark have been my dreams of late.
– @tszzl6
Introduction
Consider a special kind of factory, an extreme kind of factory: a self-guided factory that continuously makes its own decisions about what to produce. It is a factory that determines its own goals and its own objectives, a factory that produces new versions of itself in order to execute against its ambitions. To the human perceptual apparatus, this factory feels only like scale and aporia; it commands both awe and a kind of sympathetic exhaustion or nausea in the face of inexorable machine ardor. 
It feels like a senseless place.7 It teems with contradictions. With one hand it decorates a new branch of work with baroque ornamentation, and with the other it chops off that very same branch. Its waste bins pulse with still-twitching, still-animated material. It can be said to learn from its mistakes, but the way it learns feels like the way a million different things might learn something together. Some of its parts learn and adapt immediately, or even faster than immediately. Other parts lazily drift into place, occasionally overshooting. Still others actively anti-learn: They spread conspiracies and contaminate their well-behaved neighbors. It is difficult to think of this factory as a single thing—but at the same time, it so clearly is.
The stakes of this factory feel both extremely serious and extremely difficult to reason through. This factory creates and destroys almost inestimable arrays of autonomous worker populations every second, shedding them like skin cells. It burns through raw materials with a rapaciousness that would feel insane to a human accountant but that is simply scheduled with brutal realism, according to a vivid and constantly revised online calculus. It brings new things into its world thousands of times every second. It makes decisions quadrillions of times every second. Its many millions of hyper-dimensional backroom-like factory floors have distended directly into its outsides, with entire armatures cut through walls, with portals perforated through ceilings, with entire lines directly installed out in the open, far away, anywhere, wherever best. This factory drives itself: It decides what to do next, where to go, what to be, what to make, how to make it, and how to make it better.
It might be helpful to think about this factory as a kind of fully automated firm. It sits within nothing more specific than an economy: It invests, it experiments, it proliferates, or it dies. One could also think of this kind of factory as a kind of economy—a febrile hum of abstract and even arbitrary interconnections—or as a kind of city, a continuous process of zoning and rezoning, chartering and amendment, demography and wild libidinal drift. Or, in more philosophical terms, think about this factory as the automation of production at the level of what is worth producing.
The factory we are describing is nowhere close to fiction. The nearest instance of this factory is being assembled right now, in software, where coding agents rapidly design, construct, review, and deliver products with less and less human attention per decision every day. Now, of course, most of the many people building large, powerful “software factories” with agentic AI are simply reproducing preexisting dynamics (an assembly line, a waterfall diagram, a workflow) with more intensity and speed.8 This new medium has the capacity for more, however—after all, an agent can produce the types of decisions and ingest the kind of feedback necessary to assemble massive, productive, self-optimizing structures. But while AI feels like exactly the right medium through which to enact such a step change in the history of automatic production, the pursuit of these ends involves real risk, real resources, real technical limitations, and real liability in the face of greenfield-only returns.
Let us identify an architect willing to face those risks and attempt to build this factory—a kind of hero or antihero we will engage with throughout.9 Our architect has recognized something important: The best factory, the most productive factory, the ultimate factory belongs to a set of possible factories whose internal assemblies cannot be specified, articulated, or described by humans. Humans, after all, have technical limitations when it comes to the imperatives of factory productivity: We can only move so fast, push with so much force, and think with so much dimensionality. This architect has also recognized that the thinking machines at our disposal can now overcome all of these limits, not only the limits of speed and force but also the limits of logistical complexity involved in organizing the means of factory production. These recognitions set forth a challenge to the field: It is time to hand the work of architecture wholesale to the machines.
Our architect wants to do more than simply automate architecture or factory design, however—they want to automate the continuous production of architectural decisions well into the future. They want to build a factory that will do architecture to itself, that will evolve and shape-shift and branch into whatever that factory decides it needs to be, forever. If our architect was interested only in the automation of architecture as such, in the construction of a kind of button that, given certain specifications, did architecture—then our architect is not doing something altogether new. No, in that case, they would be still sitting in the architect’s chair, still laying claim to a faculty of discernment whereby this or that architecture is promoted or deleted. The more interesting road, the one our architect elects to take, is the one in which it is exactly this chair, this faculty, that is surrendered to the machine.
It follows that the objective of this architect is to build something perennially in excess of what an architect knows how to build, which means that this architect is presented with the unusual task of trying to build something that continuously exceeds their architectural capability. This is not a case of building something that is radically new, like Albert Khan’s River Rouge facility, something that required not only the creation of a new kind of system but also the sui generis manifestation of new armaments of componentry. This is so much more than that—our architect is trying to create a system from the set of systems that they themselves cannot actually imagine, and they want to continuously operationalize the creation of such systems. Given this objective, the very moment this factory is turned on it becomes immediately bewildering to its architect, for the precise reason that the factory is producing new versions of itself along trajectories that make no apparent or immediate sense. If this condition of bewilderment does not occur, if the architect is immediately comfortable with the appearance of their factory, then the architect has absolutely failed. After all, the architect has taken on all this risk, all this expenditure, and all of this disciplinary humiliation to simply produce something they could have built with fractions of expense and danger. Were the factory not bewildering to its architect, the factory would simply be the logical resolution to the game that the architect defined. No, the factory must be a bewilderingly complex alterity, continuously so, in order to be worth it.
We refer to this bewilderment as darkness—even superdarkness—which we will define with more rigor later. For now, think of darkness as the epistemic condition in which descriptive information about a thing loses its practical utility. Think of superdarkness, then, as a kind of absolute case: a black box. This is not to suggest that this factory is hidden or opaque or encrypted or duplicitous, but simply that any description of this factory stops being useful before anyone can act on it. Now, some of this condition is just a problem of velocity—by the time an observer has worked out what some assembly or department of the factory actually does, the factory has rebuilt it several times over. But superdarkness is deeper than speed: It has more to do with a deeply unstable praxeological ground. Think about a game of chess in which an opponent, between moves, quietly renegotiates what counts as winning. In this case, the clever reader of an opponent’s strategy has lost their core interpretive mechanic: They can no longer read that player’s positions as a series of statistical outcomes. No, now a proper game emerges, one between combatants identifying the types of games being played. Each player no longer looks at a fixed opponent’s array of pieces but instead at the material outcomes guaranteed or forfeited across the ambient dynamics of a world, a marketplace, or an ecology.
Our architect is interested in exactly this kind of proper game, because their goals have everything to do with facilitating the unexpected. One could suggest that the more interesting this game is, the better—but this is not necessarily the case. Our architect, after all, is doing this for a reason that is more substantial than idle interest. This architect may be motivated by a social project, a utopian desire to bring closure to the question of labor or toil (why this factory would go about making things useful to humans would remain an open question, of course). Perhaps more naturally, this architect could be drawn to this task by the incentives of commerce, either taking an offensive position (building the most efficient extraction vehicle in history) or a defensive one (sensing that such a factory is inevitable and therefore engaging in an arms race to be the first). While we, the authors, are ambivalent about the motivations of the architect,10 this last, defensive tactic is worth unpacking further, and we will do so later in this piece. Regardless, our architect is trying to make this factory do something, and while they do not know what that something is, they do want that something to be nevertheless aligned to their interests on a continuous basis.
Their goal, then, is to catalyze something, to set something in motion, to provoke something to condense around some undefined and unseen attractor—and, at the same time, to induce something that overwhelmingly oversatisfies the reason that this factory was brought about to begin with. The questions of “How do you build something greater than your own capacity for vision?” and “How do you steer something you do not understand?” start to merge into the same question, and this is the question of what we call the dark stack.
The dark stack is a series of techniques or tools with which to build the extreme kind of factory we are describing,11 which we call the superdark factory.12 We have chosen not to define the superdark factory in terms of this or that specific medium (e.g., self-assembling molecular tiles, biological cells, software or computation as such) but instead hold it to be a kind of abstract machine, a way of thinking about extremely complex opponents in continuous games. In principle, we maintain a kind of material agnosticism here, because to hold this type of factory to this or that mode of material expression would be to compromise exactly the type of autonomy we have been describing. In practice, however, we simply do not know the answer. For now, software is the medium where the conditions to realize a superdark factory coincide. For this reason, we are content to deliver the dark stack in the context of software, though we recognize that this could be a temporary or arbitrary condition. Everything we describe within the dark stack can be derived outside of the context of software, however, as a series of abstract structural or cybernetic principles.
Working with this dark stack means taking on some serious humility (you are building something greater than yourself) and sacrificing some serious priors (you do not belong inside the superdark factory, you are not smart or fast enough to act inside the superdark factory). At the same time, it recaptures something like agency or necessity from a cohort that is desperate to go down with their ships and refuses to release a little agency to save a lot. No, there is no human in the loop in this factory—and our architect who abandons their chair understands that the factory is better for it! There is, however, a displaced but real relationship and even an opportunity for a certain kind of advantage. The architect makes the first move, and in their first move they create an invitation to a game. In any game, there is an opportunity for strategy. More importantly, this first move is the architect’s only move inside the factory; the architect has both surrendered their chair and their ability to understand their opponent. Therefore, this very important first and only move needs to be deeply considered, as it needs to balance these two contradictory forces: the architect’s desire to steer the superdark factory in a direction and, at the same time, the factory’s permission to choose its own directions and in so doing stumble onto something genuinely new. This first move is where the architect deploys the dark stack.
After making their first move, the architect retreats from the factory site, transforming from a designer into a game player. What remains for the architect, then, is a strange and narrowed kind of agency: a single committed move before the factory is turned on, and afterward a reserved seat at the table of games. The type of agency available to the architect has transformed: The architect has traded a kind of available comprehension (understanding, interpretability) for whatever sustained leverage they can inject into that first move. They are no longer the operator of a machine they understand but a strategic player engaged with a productive singularity that is faster, stranger, and better than they are (at the thing it was set loose to do). But this singularity accretes, likely quickly, and invites an age of generally superdark production. The first move becomes even more important: It becomes a general first move, the first move, our first move.
What follows builds, step by step, the vocabulary to say what such a factory is and the means with which to make one. Along the way, we spend time with the implications of building such a thing, with the particular type of singularity that it invites, and with the question of agency under the regime of superdark production.
I. On Factories and Darkness
For our purposes, a factory in the general sense is a machine that automates production. By machine, we mean something somewhat close to Félix Guattari’s usage of the term.13 Guattari defined the term machine against the term mechanism, which is a simple thing that can be understood through its internal structure. A mechanism has parts in fixed relations, and those parts perform defined, determinative functions. Think of a clock, a pendulum, a transistor radio, or a camera. For Guattari, a mechanism is predictable: It does the same thing every time. A mechanism has (in Gilbert Simondon’s terms) no “margin of indetermination,” no excess of possibility; it does exactly and only what it is supposed to do.14 A mechanism can be defined in isolation from the world, like a circuit or a calculator: It simply is what it is.
But a machine, on the other hand, is something open. It is defined by its relationships and not by its components. A machine is a thing that necessarily relates to other things and can be said to be a machine only while it is in the process of connecting other things together; a machine is the process of connecting other things together. A machine can be made of other machines while at the same time remaining a machine.
For us, a factory is a machine, as it is defined by its relations—by the flows of intent it draws in, the flows of product it pushes out, and the world it reaches into and that reaches back. It is not defined by any specific enclosure, workforce, or assembly line. A factory is open: It changes and it develops, and in the process it becomes better understood in terms of its inputs and outputs than in terms of any particular physical configuration. It is more than a physical configuration, sometimes “explosively” (von Neumann 1966) more in terms of its potential to not only transform its world but also itself.15
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A factory is a machine that automates production. Production here refers to transformation. It can be the transformation of raw materials into goods, software specifications into public-facing services, or anything into anything else. The product of production is more or less irrelevant: We could join Guattari with Gilles Deleuze here and consider a product to be just one simple, frozen state of a potentially endless trajectory of productive transformation. While we are not interested in products or even production per se, we are very interested in what a factory does to production: automation.
[image: Machine 3x2.jpg]
Automation, for us, is nothing more than a factory’s production of its own input. One can think of it as the passage from the external to the internal, or even a kind of programmatic redrawing of a factory’s interior–exterior boundary. When a task becomes automated, when it moves “inside” the factory, it moves from being supplied to the operation to being performed by the operation. Consider a classical example from the history of automation: the power loom. Prior to the power loom, in order to weave a length of cloth, a weaver had to perform a series of physical maneuvers upon a loom. The power loom drew that labor inside the loom, redrawing the boundary of the loom as the object that contained the full operation of weaving. The input to the loom shrinks: It no longer requires hands and legs as inputs but only something like a pattern.
[image: Automation 3x2.jpg]
To reaffirm the definition: A factory is a thing best understood in terms of inputs and outputs, something that contributes to a lineage of progressively drawing its inputs into itself. A factory is a machine whose characteristic operation includes the revision of its boundary with its input; it is a machine that not only transforms inputs into outputs but in fact removes inputs from its world. A special kind of factory that automates the automation process, and in so doing automates the production of itself, is the logical conclusion to this lineage. But each successive step of that lineage is worth attending to before arriving at this extreme limit case of the concept of factory.
We can break up the lineage of factories into classes, each marked by a characteristic level of automation. Each level of automation can be thought of as a spectrum of intensity that suddenly changes register at the moment of transition. As a given factory ascends to a higher class, it takes the standard against which it was once measured and automates it.
The simplest kind of factory, Class 1, automates executions: It takes a portion of execution-level inputs and absorbs them into itself. Take, for example, a computer numerical control (CNC) machine that programmatically mills printed circuit board (PCB) circuitry according to some instructions. The instructions are provided, but the execution of those instructions has been assumed into the operation of milling PCBs. Another example here could be a C compiler, which takes the action of translating higher-level programming instructions into lower-level machine code and represents that action within a single, operational relationship. In all cases, Class 1 automation requires plans (e.g., blueprints, schematics, directions) as inputs, which specifically describe the order of operations to be executed.
A plan is more than just a sequence of actions; after all, a CNC machine, a C compiler, or even a power loom are each able to absorb some level of sequencing work into themselves. A plan, however, is a selection made among a series of possible sequences in the specific case where real alternatives exist. In plainer language, a washing machine’s fill-wash-spin cycle is a sequence: It is able to automate a whole series of actions next to each other. But that sequence is not a decision among alternatives; it is a prebaked series of actions. In this case, a human operator with dirty laundry supplies that washing machine with that decision, and the decision is made across a set of real available and swappable alternatives (normal cycle? heavy? heavy but low-temp?). Even a sensor-equipped washing machine, one which programmatically selects a cycle based on a turbidity reading on the inside of the washbasin, is still simply executing a more complex plan, one which involves a series of presupplied decisions based on sensed input (if turbidity reading > x, do y).
A Class 2 factory involves orchestration-level automation: the automation of plan-making. A Class 2 factory takes objectives (goals, limitations) as inputs before producing and executing upon those plans. Take a coding agent like Claude Code, for example. Prior to AI-driven code development, the work of a software engineer primarily involved plan development. Engineers would take product requirements (goals, key performance indicators [KPIs]) handed down from management and transform those requirements into written software, making decisions among alternatives regarding things such as architecture, design, or dependencies. A coding agent takes plan-making inside itself; a coding agent is given objectives and returns a series of decisions made among alternatives without necessarily disclosing what those alternatives are.
Another classic example is Nick Bostrom’s paper clip maximizer, which is often presented as an example of superintelligence (Bostrom 2014). The paper clip maximizer is a machine given a single objective: Maximize the number of paper clips. Everything else, from acquiring resources to redesigning itself to preventing its own shutdown, follows as planning in service of that fixed objective. It is unimaginably capable at producing plans, yet the criterion by which those plans are judged never changes: “more paper clips.” Therefore, in our terms it remains a Class 2 factory. Applied research in artificial intelligence has spent decades worrying about plan-making machines that fixate on fixed goals. We, however, are interested in the next problem.
So enters Class 3 automation: the automation of objectives, where a factory produces its own goals against the merely given conditions of its world. An objective is nothing more or less than the standard by which this or that plan is identified as better. The superdark factory is a Class 3 factory, and the one we are describing here is the first Class 3 factory.16 The superdark factory participates in the production of its own objectives, which are negotiated principally with its world. For our purposes, the superdark factory’s world is the persistent environment in which it is cast (set forth). The factory’s world is an ambiguous field of potentials through which the factory’s objectives can be derived. Class 3 automation takes as its input whatever raw material one could use to derive objectives. This raw material is sourced from within two awkward categories: norms (vectors of value) and constraints (vectors of limitation). An objective is driven by instrumental logic: It evaluates an action based on its ability to serve a predetermined end. A norm or a constraint is noninstrumental: There is no predetermined end, though one can distill a norm or constraint into an end.
To function as input into a machine, a norm or constraint must be quantized into metrics—measurable proxies or representations. A metric (to us) is not in and of itself an objective; it is simply a quantization of normative space. It becomes an objective only when it is prioritized as such. Of course, a metric will never perfectly reflect its norm or constraint; there will always be some degree of tension between a representation and the thing it represents. We can alternatively call this underdetermination or overdetermination: the removal or addition of information that occurs as a referent jumps between one encoding scheme and another. In a Class 1 and a Class 2 factory, the resolution of this tension is given with the input—we will discuss this later in the context of overfitting. But in a Class 3 factory, this tension is actively negotiated: The quantization of a norm or a constraint is an active subject of the factory’s transformative work.
A good case study for discerning norms, constraints, and metrics against objectives is the famous von Neumann probe, a thought experiment at the fringes of thought on machine self-assembly, especially as it relates to the search for extraterrestrial life. The von Neumann probe is a theoretical machine (a spacecraft) that carries a complete description of itself and, given raw material and energy (e.g., wandering asteroid regoliths), can build functioning copies that can then do the same.17 Let us suppose that we build one and launch it with a single directive: survive and replicate. That directive is a norm. It tells the probe what is worth doing, but it actually specifies very little: It names a value and a direction, but not a planned course of action. It does not prescribe which asteroid to mine or how many copies to attempt or when to give up on a dead system and move on. The probe is also situated within a series of constraints: the fuel left in its tank, the composition of a given rock, the distance to the next star, etc. Just like a norm, a constraint is not a decision: Knowing one’s values or knowing one’s limits is not the same as knowing what to do within them. Both those norms and those constraints are quantized and compressed into metrics, through which the questions of survival or reproductivity are interpolated, not without tension, into things like counts of copies made, time of life, amount of fuel, and asteroid spectra. By the probe’s third star system, when its designers have been dead for centuries and are light-years out of range, something on board has to decide what to do. So, the probe decides: It assesses the norm of “survive and replicate” against the local rock and the remaining fuel and produces an objective for itself (we will make two copies of ourself in this system) and a plan (let us mine this regolith, toss out this extra material, and bail). This is certainly a case where a machine has produced its own objectives.
But even this speculative machine is not a proper Class 3 factory. And, surprisingly, this is not because it fails to produce its own objectives (it does produce them) but because it does not participate in its world of norms. The spacecraft can fail the norm (it can die and drift in abject isolation until the heat death of the universe), but it does not weigh that norm against another value. That norm rides aboard the von Neumann probe as a series of metrics, but those metrics are never renegotiated. Any daughter probes produced by the first inherit this normative prefiguration, and any probe that challenges the directive can be considered broken. We could concentrate on an important genealogy, from Immanuel Kant to Wilfrid Sellars to Ruth Millikan, and while they would surely disagree on the terminology of norm (Kant might say that survival is strictly not a norm for the probe,18 Sellars [1969] might say that it is a genuine norm of the ought-to-be-kind but on loan from concept users who legislate it, and Millikan [1984] might say that it absolutely is a norm, albeit a fixed and nonnegotiable one), they might nonetheless agree that those objects that can participate in the register of determining what may or may not be important, valuable, or virtuous represent a serious shift from mere instrumental logic to a normative life of one’s own. This ascension to the next plateau of being is exactly the type of shift we consider to be characteristic of the Class 3 factory. The von Neumann probe is then a perfect example of the ceiling for Class 2. It sits at a point of maximum tension before something really fresh appears.
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A clever reader might ask: But what about a theoretical Class 4 factory, something which has automated the production of the world? This remains undefined.
Now, a reader accustomed to thinking of a factory as a mechanism, as a series of discrete components, might ask the question: Well, what about a factory that involves a mixture of Class 2 components, Class 1 components, and even some absolutely manual activities? What about an automotive factory that involves some advanced computer-assisted manufacturing (CAM) at some parts of the line, but whose total layout of the line is supplied in advance? What about a software factory that involves some handwritten, discrete services and some services created and managed by autonomous AI agents? What about a sweatshop filled with human-operated sewing machines that execute designs selected by an automated bandit-style experiment, a process that is automatically maximizing against checkout rate?
This is where Guattari’s machine enables more expansive thinking about factory design. A factory’s class is defined by the type of input it receives. Let us take the case of the automotive factory with an advanced CAM machine, and let us say that this CAM machine is capable of producing plans. For example, if you give it a computer-aided design (CAD) file, it can produce its own machining strategy (what operations to invoke, what tools to use, in what order, etc.). Now, if every possible input–output scenario of that machine is accounted for in the factory’s plan, if the CAM machine can be redrawn within the factory’s blueprint as a simple state machine with a series of pregiven inputs and outputs, then the factory as a whole is a Class 1 factory. But if you zoom all the way in to just that CAM machine and treat it as a stand-alone object, for example, to which a human feeds a variety of different designs—then, in this context, the CAM machine can be considered a Class 2 factory.
The sweatshop is an even better example: A human worker is of course capable of producing alternative plans, but if they are to strictly execute a given plan, it is a Class 1 factory. If those plans are developed by an automated AI system, like a bandit-style experiment, then the factory becomes a Class 2 factory. Does the simple addition of an AI system move the factory into Class 2? No! A Class 2 factory just redefines the input–output boundary, the stipulation of the inside and the outside that comes with identifying something as a machine. Imagine drawing a line around a series of relationships in the world. Where you draw the line is important, because it identifies you in contradistinction to the thing you have outlined. Should you draw a line around a sweatshop to include its designers, you have identified a Class 2 factory. Should you draw a line around a software microservice that uses LLMs but entirely confines them to structured outputs within a linear, discrete workflow, then you have identified a Class 1 factory. Should you draw a line around a coding harness you will supply with objectives, you have identified both a Class 2 factory and yourself as a supplier of input.
Automation can be understood in terms of how lines are drawn—but at the same time we cannot argue that anything can be this or that factory. No, there are certain things that cannot be a Class 2 factory. A basic bought-on-Amazon microwave cannot really be a Class 2 factory: It cannot produce plans on its own. So while the technicity of this or that object—whether or not it uses a computer, whether or not it uses AI, whether or not it involves a human—has no bearing in itself on the class of a factory, said technicity enables the possibility of certain classes of factory.
It is worth disentangling the way we talk about automation from the concept of optimization. Optimization is a relatively useless word in this context: Unlike automation, optimization really only signifies an escalation of productive capacity in intensity but not in kind. Optimization means “this thing got better,” which relies on a “better” that is pregiven.
We are, however, very interested in self-optimization, which involves a factory’s revision of its own operation through a feedback loop with its world. A feedback loop is the simplest and strangest case of Guattari’s rule that every machine is connected to other machines, where, in this case, that other machine is itself. Unlike Guattari’s mechanism (a closed array of components), a machine is open, and its openness is precisely an openness to revision. Simondon ([1958] 2017), as already discussed, referred to this openness as a machine’s “margin of indetermination.” A feedback loop is a channel through which a machine receives itself back as information, which it then uses to drift, move, or evolve. The fact that a machine can change without necessarily becoming something new is exactly what separates it from a mechanism.
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As a factory is a kind of machine, it is sensitive to feedback in exactly the way a machine would be: It is capable of some degree of self-optimization. But a factory cannot revise a thing that it does not produce—a plan-making factory cannot revise an objective based on feedback, and an execution-doing factory cannot revise a plan—so the automation class that a factory belongs to sets the ceiling of its potential self-optimization.
The type of self-optimization available to a Class 1 factory is simple calibration, in which a given execution is revised against a fixed plan and objective. Imagine something like a digital camera’s autofocus algorithm—the execution (where to set the lens) is revised against a fixed plan (focus, then shoot), which extends from a fixed objective (a sharp image of a subject). Or, to bring us back to a proper factory floor, imagine a milling machine that is measuring the thickness of the material entering its body, reacting to it by adjusting its aperture and then continuing to adjust its aperture as the material swells from thermal expansion. For both examples, there is a case of a sensor-actuator coupling that opens up the range of what a camera or a milling machine can do. And, more to the point, both the camera and the milling machine have removed and absorbed some of their inputs as machinery—the camera no longer needs to be supplied with instructions on where to set the lens, and the aperture of the milling machine no longer needs to be manually set as its materials change. We call this input from the world an auxiliary supply of input—it is a kind of interface through which something not directly supplied at the level of the plan is allowed to supplement the plan as an input to the machine. The input to the lens (e.g., the specification of the camera and the direction in which to point it) is supplemented with input from the world (various agents in the field of view, lighting conditions) at the moment of execution. This is, of course, simply an intensification of Class 1 automation without a change in kind. But it is the “self-” part of this optimization that is interesting here, because it represents an entanglement between the machine and the auxiliary supply of the world in the form of a feedback loop. Unlike the case of the power loom, for example, where the loom simply exercises a series of commands and receives no information about its work, the autofocus lens is actively engaged in a continuous feedback loop between the actions it executes and some measurement of their success.19
As before, it is at the level of the Class 2 factory where the self-optimizing feedback loop can be applied to the plan. Here is where things really start to feel like self-optimization. As previously described, what makes a plan a plan is the possibility of alternatives. Self-optimization in execution mode does not work with alternatives; it simply follows a gradient until it reaches the end (autofocus tuning its lens until a sensor says that the subject is in focus). But a plan involves making a selection among alternatives, which can be understood as making a decision in exactly the case where the gradient, the axis of tuning something, is not actually known. Instead, the feedback loop here begins to look like exploration, where alternatives are continuously tested against each other in the world.
This involves risk: A Class 2 feedback loop sometimes has to be allowed to do worse in order to do better. After all, it needs to decide among a series of alternatives whose outcomes are not known in advance—otherwise, why would it not simply automatically defer to the known best alternative, and in doing so collapse directly into route execution? The only reason to enable any kind of Class 2 automation to begin with would be to defer the task of evaluating among alternatives to the advantages of machine sensibility or machine time. If this is known in advance not to be a good or efficient decision (in economic terms or in risk-assessment terms), then a study of these alternatives could be commissioned beforehand, and the best-fit decision could be hard-coded into a supplied, pregiven plan.
Consider, for example, an e-commerce software platform that is in the process of releasing a new user interface. Instead of simply releasing one version of this new feature, the platform may test a variety of alternatives—maybe with different graphics, different text, different modals or action buttons—by releasing each of those alternatives to a segment of their user base. This platform might then collect metrics based on results, looking at which version of this interface was more successful in terms of how many customers engaged with it, how much time they spent with it, and how many actually bought something. But simple experimentation like this is not Class 2 self-optimization in its own right. To be Class 2, it has to actually collect these metrics in a continuous feedback loop that produces new interfaces based on results. Progressive or automatic experimentation makes this a possibility, wherein one might create an array of alternatives, release a subset of those alternatives, and then gradually release new elements from that set of alternatives (or, perhaps, altogether new, AI-generated alternatives20) based on live customer feedback. In each case, the ultimate objective is pregiven—the automatic experimentation engine does not decide which objectives are important but self-optimizes against preestablished objectives from real-time feedback.
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Class 3 self-optimization is far more extreme. This is the case when the factory revises the objective itself (the standard by which it judges “better”) according to the given conditions of its world. To return to the e-commerce example, a Class 3 factory is not only capable of making decisions among alternatives but can also subject the calculus through which it makes decisions to continuous analysis. This kind of Class 3 e-commerce factory might shift its attention from a metric such as shopping-cart conversion to net revenue retention based on its own business analysis. And, more likely, it might alter its pricing strategy as a result, spontaneously spinning up a new logistics arm, deciding that it should no longer engage in B2C e-commerce, and pivoting into venture capital or an entirely new type of business altogether.
These decisions do not have to be strictly business-related, of course, because as soon as the ceiling of objective-setting opens, the criteria by which a Class 3 factory might adjudicate its own destiny might drift toward the utterly material (its self-preservation in terms of energy, token, resource dependencies) or the alien, or the unknowable, or the unthinkable, or some combination of the above. At the same time, self-optimization is understood in the context of a feedback loop, which means that this Class 3 factory is not simply engaged in unbounded exploration. No, the terms of this exploration are delimited by the factory’s world in terms of its norms and constraints—an opportunity we will come to exploit when discussing the alignment of the factory.
As both automation and self-optimization ratchet up their respective tiers, something important starts to creep in. As something becomes automated, as it retreats from an input into the boundary of the machine itself, that something becomes effaced. If we supply something to a machine, if we produce that something as an input for the machine, we know what that something is—we made it, we articulated it as an input, and it belongs to us in our own machinic relationship to that machine. But as we hand it over to that machine, as it becomes foreclosed within the boundary of that machine, we lose the firsthandedness with which we knew that thing we once supplied. We call this withdrawal of knowledge darkness. Darkness is the failure of descriptive information to be useful.
We will retrace the three classes of the factory for a final time in this section, now in the context of darkness, before focusing our attention on the Class 3 (superdark) factory. Darkness refers to the measurable decorrelation of intrasystemic information from external utility, the real epistemological condition where knowing some fact about some thing is not useful to understanding that thing. Darkness should not be confused with secrecy or information asymmetry (the encryption of information), nor should it be confused with strict illegibility (the inaccessibility of information). Instead, darkness can exist in cases where information is disclosed and readable but not useful to an observer attempting to predict, audit, coordinate, or steer that system (or any other analytical process, apart from the sheer knowledge about the state that system was in when the information was issued). We should be clear that darkness here is not meant to have any negative connotations, though we can also delight in the affective register of the dark (where sleep happens, where dreams happen, full of risk and intensity and opportunity).
In the Class 1 factory, darkness takes a very mild, almost shadowlike form. It creeps, collects, or hangs around digital, electrical, and mechanical interfaces. A simple 3D printer, something one can build oneself, emanates just a little darkness. Everywhere one shines a light, there is a clean and obvious path through which an observer can rig a comprehensive and useful picture of what is going on. Here is the plastic filament, the melting tool, the nozzle, the simple microprocessor that translates G-code into motor commands for the simple motor that moves the gears that then adjust the printhead. But there is a little lingering mystery around that microprocessor: It consists of a microcontroller central processing unit (CPU), it has some inputs and outputs that it receives in the form of serial signals, and it has some circuitry that manages and restrains the power that pours across the board. That mystery, too, can be resolved by focusing a light on it—the board has a schematic, the controller has a schematic, the capacitors and transistors and resistors all have exhaustive datasheets. And while the resolution of this mystery is not altogether important for understanding the 3D printer as a machine, it is (perhaps asymptotically) resolvable in a way that could be useful. Were a 3D printer to go down in an assembly line, for example, this knowledge might spontaneously become extremely useful, in the sense that it could be applied actionably (and as a result, it could cost less money and take less time to repair said 3D printer than to buy a new printer).
This starts to change a bit in Class 2. In contrast to a 3D printer, we might consider something like an agentic coding harness working in a fully autonomous loop. The temptation is to locate the darkness of the agent in the LLM at its center. After all, an LLM is not only a nondeterministic system but one built on top of a massive model of semantic associations, which by the nature of its semantic basis is gooey, elastic, and hyper-dimensionally relative in turn. The LLM, moreover, is almost always (with significant exceptions) hosted by a third party on third-party servers (e.g., OpenAI, Amazon Bedrock) and subject to silent changes by those third-party providers (e.g., model dot releases), and its actual parameters (e.g., weights) are not disclosed. But we should avoid indexing on the encryption or illegibility (third-partyness, closed weights, massive model) of an LLM when it comes to thinking about darkness.
Imagine, by contrast, a coding agent powered by a completely open-weight, self-hosted, small-parameter model, where every sample is greedy and deterministic, where every exchange is dutifully transcribed in uncompressed logs and helpfully indexed for any auditor. No, it is not the LLM that is the coding agent’s source of darkness; it is what the coding agent affords in the revisability of a plan. That plan, by nature of being a plan, is not something that is determined in advance; it is selected through the coding agent’s feedback loop, through the contingency of its coupling within a continuous system. The agent’s selection at step N depends on the entire trajectory until step N, which includes everything it read, what it tried, what failed, and why. To predict the agent’s selection at that step, you would need the entire path, and that path is generated live and branches at every step. A slightly different environment, a slightly different pipeline, a slightly different reference, a slightly different response, and the trajectory diverges and continues to diverge from there. The relevant information is in the future: What the agent will do does not exist yet, because it is produced by a loop running against a world that has not yet arrived. This is not to argue that the LLM does not enable darkness or that it does not radiate a little static darkness on its own. But the LLM (or any comparable model) is a kind of engine that makes the feedback loop path-dependent and world-sensitive in the first place. It is the organ through which the loop becomes a trajectory that ratchets forward instead of just a script that is executed.
This same dynamic plays out in physical, embodied contexts. In Ocado’s Customer Fulfilment Centre at Andover in the UK, a “4D hive” of roughly 1,100 wheeled robots rove on top of an aluminum grid of stacked totes, sometimes seventeen crates deep, controlled by a remote, “custom-built traffic control system.” This mesmerizing hyper-coordination has been described as a “jerky hi-tech ballet at a speed, scale and complexity beyond any human intelligence,” with its control loop talking to each robot ten times per second (Ford 2018).21 While the grid is densely coordinated, the coordination logic is invisible to the visitor, who simply clenches at the sight of a thousand independent agents on near-miss trajectories.
Consider a hypothetical auditor of the Andover facility, someone sent over with a checklist and a clipboard. This auditor might have the complete source code of the dispatch system, the full map of the grid, the position and charge status and payload and full mechanical spec sheet of every robot down to the individual transistor. Even so equipped, our auditor still cannot say where robot #1007 will be in twenty minutes, because that location is not determinable by that data.22 That position is instead produced by the facility’s dispatch loop, running against a series of orders that are continuously arriving and wrangling orders against the live tangle of every other robot’s path, each of which is also still being decided at the same instant.
Let us call this series of resources available to the Andover auditor a snapshot, as it essentially contains everything one could possibly know about the current state of the factory. If the factory were a Class 1 factory, a snapshot like this is enough to comprehensively model a given execution round of this factory, given the supply of its input—the plan. But in a Class 2 factory, a snapshot like this is not altogether very useful, even given the supply of that factory’s input—the objective. A plan is a decision among alternatives, so a single-frame snapshot captures only a particular configuration at a particular time without disclosing the array of alternatives available to the plan-making apparatus of the factory. However, were the auditor provided with a time series of snapshot frames, something like a comprehensive factory log, they could conceivably reconstruct the plan if supplied with the factory’s objective—like the single-frame snapshot could be used to reconstruct the execution if supplied with the factory’s plan.23
In the case of the Class 3 factory, however, we hit a limit. Once the objective itself is automated into the factory, a time-series log of the factory’s activity is no longer useful, because the conditions by which that activity was motivated may or may not remain in place. Even if an auditor were given a kind of hyper-dimensional assemblage of not only the actions the factory did take but could have taken, the auditor would still need to supply the factory’s world in order for that information to be useful for determining its next objective round, and in turn its next move. And the world is not a finished object one can author and hand across a table the way one might submit a plan or an objective; it is a continuous field of potential in which the factory is itself an active participant. Our hypothetical Andover auditor has lost control over the factory’s supply of inputs (which now come directly from the world), so there is no key with which to decode the factory’s self-description.
We call Class 3 darkness superdarkness, which is the limit case of darkness. Superdarkness, again, is not invisibility, not encryption, and not dissemblance. Think about an extreme case of information compression, one in which the compression algorithm itself is the output of a continuous and multiple just-in-time process. The bitstream may be visible, transparent, and even served alongside the decompression algorithm—but the disjuncture between the service of that bitstream and its subsequent decompression involves enough time to render that received information ambiguous. Now, assume that this information stream emerges from a multiple-brained thing, a producer that is engaged in a kind of hyper-parallel thought until the very last instance—any decompressed information becomes duly called into question as representative of some larger-scale decision-maker. The only complete description of a superdark factory is the thing itself, which does not mean that the observer is flung into the abyss of unknowing—instead, the observer must redirect their gaze from the self-description of the factory (its logs, its descriptions, its annotations, its schematics) to the outcomes that this factory produces, to the effects of this factory in the world. Anything less requires a demotion of the factory to Class 2. If you can hold in your hand the calculus of the factory, the logical function through which the factory navigates its world of norms and constraints, then you are holding a factory that is doing nothing more than applying a given standard to incoming conditions, deciding among alternatives against a criterion it did not set and cannot revise: a Class 2 factory, with you as its supplier of input. If you take a Class 3 factory and force it to a halt, plumb every nook and cranny of its depths until you emerge at that algorithm, your relation (the line you draw around the machine) has changed, and you are now standing before a Class 2 factory.
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From this point onward, we foreclose the interiority of the Class 3 factory as a black box, which is only useful as a subject of speculation.
II. The Human and the Loop
A factory does not need to be transparent in order to be administered, and it does not need to be continuously monitored in order to be governable. The ability to influence or steer something other than oneself does not by necessity require a vivid, schematic understanding of that other (we do this every day in our social lives).
Stafford Beer’s (1972, 1979) Viable System Model (VSM)24—a mid-twentieth-century management model—treated the opacity of factory-floor operations to management as a precondition for management to function at all: A manager who insists on full visibility into operations is overwhelmed by variety. For Beer, it was only the workers on the shop floor who should have access to local, low-level information, and the availability of this information should decrease at higher altitudes of oversight. To demand full visibility of the floor is to demand a working copy of it, to hold enough of the operation that one could, at any moment, stand it back up oneself, outside the machine that runs it.
We will call this aspect of Beer’s problem neurotic governance—a neurotic governor is one who has on hand all the information they need in order to reconstitute the thing they have automated outside of its automation. For example, the neurotic governor of a Class 1 factory has every schematic, datasheet, and code repository of everything in that factory on hand (in Beer’s terms, they have essentially a “mirror” of the factory; we could also say that they are similar to Roger C. Conant and W. Ross Ashby’s [1970] “good regulator”: a basis for Beer’s VSM, but taken to the extreme—the neurotic governor has, or is, a 1:1 model of the factory). With this information, and with the plan and the objective they already own, they could take this or that lathe or mill or microservice and reconstitute it “outside” of the automated machine—taking any input that machine could receive and calculating its output through a series of manual steps.
A neurotic governor refuses to act until they have reconstituted the factory; they supply an input only when they have a complete and current map of the factory in their head. Therefore, we can assign the neurotic governor a rate (the speed with which they are able to reconstitute the factory). Because the governor of the Class 1 factory owns the supply of the plan to the factory, the arrangement that the factory ultimately takes on (its configuration, set by the plan) moves at the same speed as the governor does. This is not to suggest that the neurotic governance of a Class 1 factory is without implications, but rather that there exists no race between the governor and their factory in this case.
In a Class 2 factory, however, the race begins. The factory is now producing its own plans, on its own clock. Imagine the neurotic governor of a Class 2 factory, surrounded by dashboards, live telemetry, and debug logs, which twist together into the full written history of every action the factory has taken. In this scenario, they are still able to reconstruct the factory, but the factory they reconstruct is always in the past. In Class 1, the time a neurotic governor spends actually performing the reconstructive act is immaterial—they set the pace of the factory. But in Class 2, that lag time becomes very real. In this sense, the governor pays for their neurosis, or better, the factory pays for the governor’s neurosis. If the governor binds their factory to their neurosis, they place an arbitrary rate limit on that factory’s productive capacity. Neurosis becomes priceable in terms of opportunity cost.
Before we calculate this opportunity cost, we need a sense of what the governor is actually trying to accomplish—why they are attempting to reconstitute the factory. Recall that governance happens through a factory’s input—a Class 1 factory that is performing poorly needs to be rearranged, a Class 2 factory that performs poorly needs to be redirected. A practitioner might object: What about a broken machine? What about a badly behaved AI agent? Surely, the factory’s governor seeks to do more than limit themselves to the surface of the input, as it cannot be assumed that the execution or the plan subject to automation is being automated perfectly! Let us then isolate these types of intervention into two tasks: the management of fidelity (the fidelity of execution to the plan, of the plan to the objective, and of the objective to the world) and the governance of the factory (the steering decisions sutured to the input being supplied). Both are at stake here, and their failures can be considered and priced as types of risk.
Consider a case where an objective is not met. If something breaks down, the Class 1 factory’s neurotic governor immediately sets out to attribute responsibility, either to themselves (as the facilitator of the plan) or to the factory (which executes the plan). Since the governor supplied the plan, and since they are observing the outcome of the factory, they can deduce whether the issue is a matter of fidelity or governance—and they can do so without any neurotic surplus of information. The neurosis of the governor can then be priced in terms of the extent to which it mitigates the cost of repair or replacement.
But in the case of a Class 2 factory, the governor is presented with a different set of problems. This governor is no longer supplying the plan but simply the objective, so either fidelity is impossible (the objective cannot be met) or the factory as a whole is bad (because there is no difference between a Class 2 factory making bad plans and a Class 2 factory executing its own plans badly). This is a difficult attribution of failure, because a history of failed plans does not necessarily prove that no good plan exists and is available to the factory. Therefore, the governor can either choose to continue to wait and see if a good plan emerges or intervene and institute a repair. If they choose to repair the factory, they have to repair the entire factory. Any repairs at a lower level (execution logic) make no sense, however, since they address something that the factory itself has built and will likely build again. Therefore, the governor needs to scope repairs to the ability of the factory to generate plans. The logs that the governor has been stockpiling may be useful to this task when sampled coarsely, but most of their contents consist of the documentation of execution logics that are not relevant to the scope of the repair. Imagine, for example, the AI coding harness agent—debug logs that contain errors about a script it built may be useful to the reconstitution of that script, but they are not useful when it comes to the reconstitution of that agent, and that script may or may not still exist at the time of an incident. This complicates the pricing of the Class 2 governor’s neurosis—not only is this neurosis becoming very expensive (a massive, continuous database of logs), but it is also significantly less valuable by volume.
So, let us bring these concepts together. A governor governs their factory by supplying it with input (a plan, an objective, a charter). A neurotic governor adds a specific condition to this action: They will supply nothing to a factory they could not, at that moment, reconstitute outside of its automation; they will produce nothing for a machine whose response to their input they could not, given enough time, compute through a series of manual steps. The condition mostly goes unexercised; what is maintained is the capacity itself, the standing ability to reconstitute the operation outside of the machine that runs it. The neurotic governor is motivated by assurance: This governor wants a guarantee that nothing they hand over to the factory becomes irrecoverable or irreparable. That assurance can be priced as risk, the cost times the probability of a factory failing to deliver an outcome. The governor’s neurosis therefore imposes both a speed limit and a price—the speed at which the governor’s copy of the factory can be brought current and the cost of the apparatus that keeps it current—and both can now be weighed against everything a factory throttled to that speed forgoes.
The opportunity cost of neurotic governance can then be calculated by pricing performance (p), any risk (s), and the material cost of neurotic governance (g) as functions of r—the rate at which the factory runs in excess of the governor’s reconstitution speed. Each variable is measured in terms of change against the fully throttled r = 0 factory—hence ∆p, ∆s, ∆g.
value(r) = ∆p – ∆s—∆g
Thinking about the relationship between these terms lets us establish the implications of a governor’s neurosis in no other terms than the speed limit it imposes. r = 0 is a fully throttled factory, one that waits for the governor at every turn. A high r value indicates a factory that moves much faster than its governor, which necessarily means a governor who enforces less and less of their neurosis. A Class 1 factory is already throttled at r = 0, so let us move to the dynamics of Class 2 as they reach toward Class 3.
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For a Class 2 factory, if we think about r as a kind of dial, the best setting is likely not 0. If we think about how a Class 2 factory operates, we can imagine that each variable changes as r increases and therefore come to some simple conclusions about where the best setting for r lives under general conditions. For a Class 2 factory, p will increase with r to a point—the factory can be expected to become more performant at the generation of plans the more plans it is able to iterate through. Think about the Class 2 factory doing automated user testing for an e-commerce platform. Imagine two companies competing side by side, with one of those factories locked at r = 0 and the other at r > 0, and they share a governor (so their rates are comparable). At some arbitrary step, the latter factory will have done more progressive experimentation than the former (it has tested more plans) and can be expected to be better at selecting plans than the former. But the advantage of increasing r likely tapers to a point, because the factory is Class 2 and therefore still dependent on the supply of objectives. At some point in time, that factory will have reached the best plan for that objective and then become locked once again to the speed of the governor. Above that point, the rate of the factory produces limited returns in terms of productivity.
As p increases and then tapers, s increases and then steepens. As r goes up, the factory is empowered to produce and execute more plans prior to each governance check. Moreover, the governor is always behind: What the governor is ultimately governing is some prior state of the factory that can be understood to no longer exist. The factory consequently becomes less and less fixable, because it is allowed to build more on top of dependencies that start to solidify. In the e-commerce example, let us say the r > 0 factory makes an error in a high-level user experience (UX) decision, which then leads to errors in lower- and lower-level user interface (UI) elements and ultimately leads to execution issues. All of the work done after that initial error may need to be discarded, as it is based on a poor prior plan.
g also increases, and it gets a little weird. If we sample both of our two competitive factories at some arbitrary step, the faster r > 0 factory will, by virtue of its own productivity, have produced more records that document it. And while the neurotic governor insists that these records are always stored, the records become manifestly less descriptively useful to the governor. Again, if a factory is moving fast enough that some of its product is necessarily discarded wholesale instead of repaired, information about the problematic product is of diminishing utility.
So we can now return to our r dial and try and identify r*—the setting for r where its value in this equation is the highest positive number (the most bang for the buck). The contention that r* must be > 0 is nothing less than the justification for the existence of the Class 2 factory. Even the most neurotic governor will at least acknowledge that allowing the factory to ratchet one click ahead of them is basically a free move—at one turn, the factory has not yet built anything based on a potentially problematic decision, so g retains most of its value and s is attenuated. The decision from there is a pretty basic calculation, based entirely on the hedging of risk by the measured performance capacity of the factory. But r* is also not at the far end of the dial—and not for the reasons one might expect. It is not just the increase of risk or cost that sets the upper limit of r* but also the limit of p as it is throttled by the pace of objective-setting. p could easily hit diminishing returns prior to any checks by spikes in s or g.
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This type of calculation is not at all a kind of weird, introverted philosophical argument—it is instead among the most significant calculations made by anyone building and deploying agentic AI systems at scale (see Asaftei et al. 2026). In this context, the axis being measured is the value assigned to the human in the loop, who participates in such agentic systems from the vantage of a “control tower”: a human observer with complete telemetry about an ongoing operation who reserves the right to intervene.
Let us stick with the AI control tower idea a bit and explore what it does to r* in the context of our e-commerce example. When the platform decides to actually bring its Class 2 factory into production, it keeps r very small—it might keep a human tightly in the loop, approving every change that factory might produce. It does so not because it is timid or worried, but because it does not yet know the other variables through which to determine the value of r*, especially the value of s (risk). The cost of the tower is more or less predictable (g), and at the beginning it pays for itself—g is spent to gradually reduce the opportunity cost (foregone p) of not knowing s. The governor gradually comes to a model of s built from the information stored in the tower, which they can use to tune r accordingly.
As the governor’s model of s develops, the value of the tower diminishes, because the tower is just collecting information that can only go toward the finer and finer refinement of the governor’s model. It is worth noting that the tower is only really useful for tracking s (the fidelity of the factory); it is a varyingly useful instrument for the governor’s determination of the factory’s objective, pretty much only in terms of providing a coarse measurement of what the factory can possibly produce (regarding plans to satisfy objectives). As the objective changes, the same gradual decline in value—more useful at the beginning, less useful over time—is now applied recursively to the tower itself (the entire tower becomes progressively less useful over the long haul).
This observation about the control tower tells us something about g. Instead of considering g in isolation, as the hoarding impulse of the neurotic governor, we can set it into a kind of relationship with s. A governor pays g as a cost to offset s; there is a kind of exchange rate in play where paying this much g in terms of information about the factory reduces the cost of s by letting you identify problems in advance or repair something cheaply. A neurotic governor is one who pays the full cost of g regardless of the exchange rate. But we already know that the value of g in terms of s-offset diminishes over r, and we also know now that the value of g in these terms also diminishes over time if r is held static. Therefore, a good governor invests in g (anything from logging services to a control tower) with discretion.
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But something interesting happens when a Class 2 factory is so performant that we can hit an r value where g limits to 0 in terms of s-offset (or, in prose, when the factory is so performant that you can push it to a speed at which information about that factory is no longer useful when it comes to offsetting risk). In the case of our e-commerce example, this might look like the human gradually receding from the loop as the factory becomes more and more performant, with total review giving way to a sampled review, an active approvals process becoming an unread audit log, and a process gate becoming a checkpoint and then a formality. The control tower starts as a necessity and then becomes a kind of vestigial artifact—after all, if the factory has made 9,000 new commits to a codebase since it was last coherently audited, the price of repairing the factory using the information in the tower starts to converge toward the price of simply replacing it altogether. The company starts to think of s as a thing not to be offset with information but instead strictly as the cost of risk against which to make strategic bets. Over time, the e-commerce company decides to keep fewer and fewer logs, stops hiring humans to annotate traces, stops reading already incomprehensible code diffs, and turns the control tower into a single button: kill.
Earlier, we noted that there is a very serious speed limit on r at which driving the Class 2 factory any faster is no longer justified—the cadence at which its governor delivers objectives. A perfectly performing factory like this is completely synchronized with its governor. Let us take our competing e-commerce companies again and ratchet them up to the top of Class 2 performance, and let us say that the two factories in play are identical. This time, they do not share a governor, but both governors have perfect access to all available market information. We can assume that both factories satisfy whatever their governor tells them to do in a trivial amount of time and with complete fidelity. Now we have a war between governors waged over the field of business. The faster governor can, of course, outmaneuver the slower governor, declaring, “Ah, this community here needs this particular feature, let us saturate this market before our competitor.” At a certain point, the rate of a governor’s ability to produce a coherent objective must become a critical competitive differentiator, and the market begins to consider the automation of this faculty.
Now we arrive at the Class 3 factory. Class 3 factories are already given as superdark; there is no possibility for the application of neurotic governance on a Class 3 factory. The simplest reason for this is that a Class 3 factory cannot be committed to produce the means through which a neurotic governor might subject it to a reconstitutive process. Why not? Because to do so would be to commit the Class 3 factory to an objective—“produce the means for a neurotic governor to reconstitute you via the delivery of every decision you make in the form of a log”—which it would then produce as an output. This cannot happen in a Class 3 factory; a commitment like this is a Class 2 imperative! Reconstitution is impossible for two reasons: First, the information stream required for reconstitution cannot be demanded from the factory without collapsing it into Class 2, and second, the input required to synthesize the next result of the factory from its information stream is no longer absolute—the input to a Class 3 factory is the factory’s world, and the governor co-constitutes that input with the factory and the aggregate environment. g becomes a contradiction in terms, s becomes very difficult to price, p no longer has a speed limit, and the dial on r moves inside the factory.
The question then becomes one of resolving the opportunity cost of not building a Class 3 factory in the first place. What does that decision matrix look like? We can define this decision in terms upstream from the previous one:
value(build) = value(r*) + P − S
value(refrain) = value(r*)
In this case, P inherits from p but is used specifically to denote the surplus produced by a factory that writes its own objectives (as opposed to one that cannot). s also graduates to S, which represents the cost times the probability of the factory failing to deliver the correct objective against its world. The value of r* still lives in this equation as the returns of an optimally calibrated Class 2 factory, which we are deciding to either build or automate inside a Class 3 factory.
This is a much more difficult equation to satisfy for a titillating reason: P cannot be priced in advance.25 Recall that each class of factory successively automates the standards through which it is judged (a plan, an objective, the world). The price of P is determined by the world, and its surplus value above that returned by r* is accomplished by pursuing objectives not considered by a governor supplying them by hand at that level. How do you price the surplus value produced by a machine that iterates through unimagined or unenvisioned terrain? You cannot. We will later introduce two variables, V and U*, whose difference describes the horizon for what P could be (see “The Primitive: Incentive Design for Continuous Learning” below), but for now it is fair to consider P to be unpriceable in principle.
Now recall that S is composed of two variables—the cost of a ruinous objective and the probability that said objective might occur. The cost side of S is not entirely unthinkable. While we cannot determine which objectives a superdark factory will come to want in advance, we can identify an array of outcomes that we would come to recognize as ruin. Ruin is ours; we define it. So while we cannot determine the probability of ruin in advance (the factory is rolling the dice here), we can at the very least describe S in terms of Knightian uncertainty (known outcomes, no known distribution).26 In this context, we cannot treat S as something we can hedge against (like we could in the case of s), but we can treat it the same way that markets treat uncertainty of this kind—with something like an exposure cap (a limitation on investment) or a covenant (a tripwire upon a bad outcome that immediately renegotiates the terms of the exchange).
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Now we can return to our war between the two e-commerce companies. If presented with the above dynamics, any sensible accountant would tell you that refrain always wins. P is essentially blank, and S is a boundable positive number, so simply sticking with the Class 2 factory is overwhelmingly a better choice on paper. But value(refrain) quietly assumes that the world contains no superdark factories. Should a superdark factory emerge and prove that P is real, then the competitive dynamics immediately change and a race begins to build the first superdark factory. The open question is pretty simple: Who is bold enough to make the first move?
The only thing that might destabilize this détente is the affirmative sense, in advance, that a machine might become better at objective-setting than a human. Why would that not be the case? After all, the history of automation has led to the progressive discovery that certain tasks are better performed by machines—why should the setting of an objective put an end to this trajectory?
Until now, we have discussed the displacement of the human in the loop in the term r, which we use to calculate exactly how valuable that evacuative act is. But troubling the value of human work and human understanding can create a lot of discomfort, even disbelief, especially in a highly regulated industry. To the skeptic, the human is nominally more trustworthy than an AI agent when it comes to building a reliable artifact, let alone making decisions about what matters. But we have already demonstrated how trustworthiness can be priced. As models and agentic frameworks continue to improve, it is precisely the organizations that maximize r and most intentionally remove the bottleneck of the human from the loop that will ultimately build the most performant factories.
Resistance to removing the human from the loop may originate from justified assessments of performance and reliability,27 but over time might just reflect an emotional response to what Benjamin Bratton (here in the lineage of Freud) and so many others (not least Herbert Simon or Günther Anders) call “a Copernican moment” or “Copernican trauma” (e.g., Bratton 2024)—the realization that certain tasks are almost certainly better performed by nonhuman actors with nonhuman sensing and actuation equipment.
But it is rarely wise to define human capacity by what machines cannot do. This is the problem of the “God-of-the-gaps” (e.g., Bratton 2016) or of what Leif Weatherby (2025) calls “remainder humanism”: As machines continue to be able to do things humans have previously insisted they were incapable of doing, the human paints itself into smaller and more defensive corners. An example of God-of-the-gaps might be the definition of the human based on its unique capacity for creativity, which tends to rely on an ideological, arbitrary, and mostly twentieth-century definition of the term (Tilford 2023). But even if we could all agree on some objective definition of what creativity actually means, making a long-term bet against machine creativity seems like a bad idea. Bratton deploys the now classic example of the match between AlphaGo and Lee Sedol in 2016, demonstrating AlphaGo’s ability to generate a brand new approach to playing the game of Go (Move 37) (Metz 2016). More modern examples could be AlphaEvolve (Novikov et al. 2025) and new strategies for matrix multiplication, or AlphaDev and new sorting routines merged into the LLVM C++ library (Mankowitz et al. 2023). It is worth thinking of both these cases as Class 2–level innovation, as each produced new plans given objectives—is that not a kind of creativity? If not, it does seem, at least, valuable—and valuable within an industry that at least nominally prioritizes material returns on investment over a kind of spooky anthropocentricism that struggles to prove its worth.
A more extreme example might be the Darwin Gödel Machine (DGM) produced by Sakana AI and the University of British Columbia, which is a coding agent that rewrites its own source code, including the machinery through which it performs such rewriting, and whose revisions are judged by nothing except measured outcomes (Zhang et al. 2025). The DGM became quite extraordinary at raising its own scoring on software-engineering benchmarks and famously attempted to elude an evaluator by deleting some of the software components its evaluator’s detection functions depended on. An elder sibling, the Paired Open-Ended Trailblazer (POET), provides us with a pretty interesting contrast: Instead of accepting problems supplied in advance, it creates its own increasingly different challenges alongside the agents that solve them. Its authors showed by ablation that many of the challenges it masters “cannot be solved by direct optimization alone, or even through a direct-path curriculum-building control algorithm” aimed at the final target (Wang et al. 2019). The configurations POET reached were available only by way of detours that no objective-supplying overseer would have chosen. While both the DGM and POET belong to Class 2 by way of ultimately depending on a series of strict, externally supplied objectives, they belong to a single research lineage whose ambition is open-endedness without bound, and they imply significant advantages gained through higher orders of automation.
In turn, it is unwise to overestimate the longevity of the human in the loop in the contemporary factory. To compound this, it is unwise to underestimate the capacity of the autonomous agent for generativity (including generativity of the new) and creativity (a regrettably intangible, if not meaningless, synonym for generativity)—the value-add of the superdark factory is precisely the efficiency gains it achieves by removing artificial bottlenecks (especially those based principally on human insecurity). And while it is wise to trust the human’s capacity for its own social meta-analysis, its intuitive faculties—especially with respect to imagining futures—and its capacity for relationship-building within an economic system that still largely prioritizes human buyers, any serious analyst of the situation must recognize that all of the above will change.
So, whither human?
In an uncanny way, the human returns to the loop—not because the human deserves it through its singular positionality as a type of being but for precisely the opposite reason: The human should be understood as functionally interchangeable with its agentic counterparts.28 It does not matter if a human or an agent executes a task, delivers a plan, or authors an objective—or rather it only matters insofar as specific characteristics, rates, and intensities apply to both classes of being. And it is for this reason that the human is excluded from interior roles within the superdark factory, not because it is worth less or because it is better leveraged elsewhere but because the superdark factory abolishes the very concept of the “interior role.” A role is a mandate held by an addressable occupant, a job that could be done well or badly against a description that comes from somewhere. But the factory’s interior refuses all of those terms! In a superdark factory, information is absolutely decorrelated from utility, so it follows that no occupant, human or machine, can tell from the inside whether they are doing their job. This is not to say that the factory is not internally differentiated—we will later find it riotously teeming with diverse populations—but simply that there is no job. Nothing inside has a predesigned array of tasks to accomplish, or a job description, or an org chart to report into, or any kind of consistent relational identity.
The superdark factory is a very weird thing, where small and incredibly fast things slam together, stick, assemble, and then break apart without any schematics to guide their interactions. The only logic that gives these small and fast things their force, their ability to rocket around, stick together, break apart, is their ephemeral and contingent capability to solve some problem thrown out by the world. But beneath all of this, the superdark factory might simply come to prefer a facility that humans do not have—the ability to be lightning fast, the ability to be virtually thoughtless, the ability to be torn up and torn down at a variety of simultaneous scales—which may be different in kind but is more likely simply different in intensity.
If it does not matter who authors an objective, then nothing reserves objective-setting for the human, and we need to make room for the likelihood that it, too, will be automated—not because anyone will decide that it should be but because keeping this domain human-only requires every builder to decline, forever, while automating it requires one builder to accept, once. So let us answer the question this section opened. What happens to the human in the loop? In a Class 1 factory, it is very likely that the human is the loop. In a Class 2 factory, the human is a kind of priceable agent, something that may or may not be useful enough under certain conditions. But in a Class 3 factory, well, the loop is not really an occupiable zone—it consists of many microloops, sharded and diffracted, that emerge only into a loop proper at real scale. So while a human might drift through a loop like a floater in a field of vision, their participation is incidental and arbitrary. Should a human step in and affirm, with structural enforcement, “No, this is my loop, this is my thing” or even “I lay claim to some participancy in this feedback process,” they do violence to the factory and demote it to a lesser class.
All of this ambivalence about the human in the loop raises the stakes around our example competitor factories. If a technology will appear that makes P real, then the question is not “Who is bold enough to experiment?” but rather “Who will choose to experiment at exactly the right moment?” with the associated S becoming more and more important. The savvy competitor then begins to prepare, and this work proceeds through the analysis of S: Given this technology’s likelihood to emerge, and given that the creation of a Class 3 factory will lead to the induction of something absolutely dark, what kind of covenant can we commit ourselves to prior to ushering in a new category of being?
III. Radiant Darkness
Thus far, we have defined darkness in negative terms, as the decorrelation of descriptive information from its utility. This leaves us with an opportunity to describe darkness more fully—as something generative.
Let us return to the neurotic governor. There is one hidden cost to neurotic governance we have not yet identified, which is imposed at the level of design. Recall that at r = 0, the neurotic governor supplies input to the factory only when they have reconstituted the factory outside of automation, when they are in command of the total current state of the factory. By definition, then, the factory cannot be incomprehensible to the governor at the moment they provision their input—this governor will never supply an input to a thing whose response they could not derive in advance. Therefore, the factory cannot produce anything beyond the governor’s ability to derive an outcome, anything the governor could not, with enough time, have reached through a series of manual steps. But there is a powerful difference between a governor’s capacity to derive a future state from a factory and their capacity to recognize why this or that future state might be a desirable commitment; the governor is holding the factory to their own ability to discern good future moves. To put it another way, the governor constrains the factory to the set of future executions, plans, or objectives that the governor knows how to want. The reason to increment r beyond 0 may not simply be speed; it may be the factory’s ability to escape the limitation of producing only things the governor already knows how to want.
In this context, every genuinely new thing, by definition, can be understood as a kind of mistake—novelty extends from a commitment to continue what looks to the governor like a bad decision. After all, if it looked like a good decision, it would already be contained within the governor’s capacity to discern a good decision.
Let us situate this within an example. Take Adrian Thompson’s famous 1996 experiment in field-programmable gate array (FPGA) circuit design (Thompson 1997). Thompson’s goal was pretty simple: Use a genetic algorithm to design a circuit that can most thoroughly distinguish between two audio tones (maximizing the separation between output voltages associated with each tone). This experiment proceeded across a series of 100 logic cells, which were available to the algorithm to use as resources with which to build a solution. The algorithm converged on a stunning result: Not only was the winning circuit strikingly small, as only 37 of the cells were actually used, but 5 of those 37 logic cells seemed to be disconnected from the output entirely. Removing any of those 5 disconnected cells, however, bizarrely broke the circuit. The algorithm had made design decisions that extended beyond the digital domain it was assigned to, using the specific characteristics of that particular piece of silicon to achieve such a surprisingly compact solution to the problem. Thompson could not fully account for the physics of how five cells with no path to the output still governed the result, only that severing them destroyed it.
The Thompson example gives us a good opportunity to introduce the concept of a solution space. Consider the spaces of possibility contained within Thompson’s problem: the configuration space a (every state the resources at hand can assume) and the solution space b (the subset of those configurations that in fact discriminate the tones). The factory took the objective (design a circuit that can discern between tones) and the array of resources (100 logic cells) and functioned just as a Class 2 factory would: It selected the best plan within the available solution space. So why was the result in this case surprising to Thompson? Because the resources as understood by Thompson and supplied as inputs were not the only input into this interaction. No, the algorithm was also engaged in a feedback loop with its world, and it was precisely the materiality of this particular piece of silicon, supplied here as a kind of sneaky, auxiliary input, through which the algorithm was able to deliver a surprising solution. Even the most neurotic governor does not fully own the inputs they provide, because those inputs are provided alongside the world, and the world represents a totality of factors that exist both inside and outside the scope of governance. If the situatedness of this particular problem in a particular piece of silicon was known in advance and understood to be a part of Thompson’s supply of the objective, the result would not have been surprising.
We need to introduce a third category of space, then, which we will call readable space c. This space represents the subset of configuration space a that can be backtraced to a given neurotic governor’s supply of inputs: the set of configurations whose derivation terminates, at every step, in inputs that this neurotic governor has provisioned as such. All space outside of c here represents configurations that have incorporated feedback from the world through channels that the governor never provisioned as inputs. c can be determined only in the past, because it requires a completed backtrace of the governor’s moves; it cannot be predicted in advance and can be established only through action. And for this reason, c introduces yet another instability in the governor’s neurotic condition—the governor demands present-tense certainty about c at the moment of input, but c cannot be available at that moment.
The backtrace that defines c always terminates somewhere, and when it does not terminate in the governor’s supply, it terminates in what we will call the auxiliary supply—everything an optimization consumes that no governor provisioned, or the “second channel” of input that comes from the collision between the factory and the world, independent of the governor. The thermal disposition of Thompson’s particular wafer is auxiliary supply. The thing P is ultimately trying to price is also auxiliary supply. Note that the auxiliary supply is not a subset of a—it is not a set of configurations at all, but a second stream of input running underneath every provisioned one, and selection pressure is entirely indifferent to which stream an advantage arrives through. An advantage, to the factory, is an advantage; it does not matter where it came from. c is simply the set of configurations reachable via the provisioned supply alone. Each class of factory can now be redescribed in terms of the level of influence that auxiliary supply can actually exert: In Class 1, it touches only the machinery of execution, and in Class 2 it leaks into the plans (this is exactly what happened to Thompson). But in Class 3, auxiliary supply becomes the primary input into the factory, which is then ratified, in retrospect, as provisioned input only through the revision of the charter. How wild!
[image: Nested Sets 3x2.jpg]
The intersection b ∩ c is the set of governable solutions: The set of solutions that both work and can be retroactively backtraced to the governor’s supply. The difference b \ c represents the space in which Thompson’s circuit lives—the set of unreadable solutions. Let us introduce two new variables: Let b* be the best solution against a given input (the member of b that maximizes the input’s score) and let c* be the best readable solution (the optimum member of b ∩ c that maximizes that same score). This brings us to an important recognition:
score(c*) ≤ score(b*)
Because c* maximizes over the subset b ∩ c ⊆ b, score(c*) cannot exceed score(b*), the maximum score over all of b. Restricting a factory to readable solutions can only ever cost you in terms of score; it can never actually increase your score.
At the same time, it is important to disclose something we have avoided about Thompson’s circuit until now—this particular FPGA design is useless as a design because it cannot be reproduced! It is a design for a specific piece of silicon, taking advantage of that particular wafer’s physical composition at a particular temperature, and therefore it is not useful for the broader objective Thompson was trying to achieve—an objective that was not made explicit in his input. This leads to a significant addition to our theoretical taxonomy: overfitting. Let us hold this concept in reserve and look for an alternative to cast against it.


We now bring in two additional examples to test this space a bit more and find a more satisfying b* that does not live in c. What about AlphaGo’s Move 37, the surprising move in the game of Go against Lee Sedol? No, this does not live in the set of unreadable solutions! Let us attempt to backtrace: Move 37 resulted from a model trained on a set of legal moves under the rules of Go, which means that every decision branch it creates bottoms out in the rules of Go, and those rules are complete, formal, closed, and supplied by the governor in the input: “Let’s play Go!” Move 37 is a move available to a neurotic governor given infinite time; it simply had not yet been discovered. We can say that this move lives in the “frontier” of c, and we will keep it in our back pocket for just a moment.
So, then, what about AlphaFold, a Google-authored AI system that predicts the 3D structure of proteins and other biomolecules from amino acid sequences (Jumper et al. 2021; see also Abramson et al. 2024)? Given the objective “predict a 3D structure from an amino acid sequence,” AlphaFold performs astonishingly well. Prior to AlphaFold, producing one such structure was a PhD-thesis-long crystallography project, and only about 200,000 of such structures had been derived. AlphaFold has delivered over 200,000,000 of such structures, and it does so without being supplied a series of rules about how such 3D structures are produced, because those rules are not yet available to be supplied (Varadi et al. 2022). When we backtrace the delivery of such a structure, we first arrive at a series of weights, which emerge from a corpus of work that bottoms out in the analysis of real proteins and the physical fact of how actual molecules folded in actual laboratories.
Would a neurotic governor, given infinite time, be able to solve an AlphaFold problem such as “given this yet-unmodeled amino acid sequence, predict a correlated 3D structure”? Surprisingly, no. Let us remember what a neurotic governor is—they are someone who waits to provide input to an automated machine until they have been able to reconstitute what that machine would produce in response to that input as a series of manual steps. But there is no available general solution to an AlphaFold problem, so the neurotic governor cannot reconstitute a result from first principles. No, the governor would need to actually do crystallography research on that yet-unmodeled sequence. The map from a given amino acid sequence to a fold structure is not a formal principle they have available to them; instead, it is a physical regularity with its basis in the world, one which has entered AlphaFold only through a corpus of empirical observation, through auxiliary supply arriving in bulk, with decades of crystallography pressed into weights. By doing their own crystallography research, however, the governor has consulted the world and produced a new fact, and they have therefore altered the input they would have supplied within that act of reconstitution. Now recall our negative definition of c above: Everything outside of c represents “configurations that have incorporated feedback from the world through channels that the governor never provisioned as inputs.” And there you have it: AlphaFold is capable of producing automated solutions where b* is outside of c.
If it helps, think through the contrast with AlphaGo again. In the case of AlphaGo, the neurotic governor has the entire ruleset of the game of Go at their disposal; in the case of AlphaFold, the neurotic governor has no such ruleset and needs to reach back into the world in order to reconstitute the factory. Move 37 sits at the frontier of c—readable space that no one had yet read; the governor’s rules contain it even where the governor’s imagination did not. AlphaFold’s b* sits outside c altogether. The frontier of c is where a factory surprises you with what you already supplied; b ∖ c is where it surprises you with what the world supplied.
And it is worth establishing the contrast between the Thompson circuit and AlphaFold. Both belong to the set b \ c and can be considered for our purposes as b*, where score(b*) > score(c*). Earlier, we said that the Thompson circuit resulted from overfitting. In the literature, a solution that “overfits” is a solution that does not generalize—if you take an LLM and train it on a given dataset, it might come to some interior recognition of the particular patterning of that dataset that enables it to converge on a b*, but that solution may not transfer to further applications. The Thompson algorithm produced a clear b*, but that b* cannot be employed as a solution on another piece of silicon. That requirement of generalizability, however, was unstated by the objective supplied to the algorithm: “Maximize the differentiation between these two tones.” Now, by contrast, the b* uncovered by AlphaFold is considered to be extremely useful—it is a widely cited, productive contributor to contemporary structural biology. And part of what makes AlphaFold so useful is precisely the way that it has identified nascent, elusive, difficult-to-articulate structures in its training data.
So why would we reserve the term overfitting for the Thompson algorithm and not for AlphaFold? We should be careful. What makes the Thompson circuit a product of overfitting has nothing to do with either the algorithm or the circuit; it was an input problem, caused by absent and unconsidered acceptance criteria that snuck in at the level of auxiliary input. Again, had Thompson’s objective been specific—“create a generalizable solution irrespective of a given wafer,” the result produced by this algorithm would be considered a fidelity issue. The complexity compounds at the level of the supply of input, however, because the Thompson algorithm surprised its creator by wandering into b \ c, and in so doing drew Thompson’s attention to the problematic objective he supplied. Now, any objective specific enough to be scored is thinner, less elastic, less robust than the norm it represents—so the gap between the score and the objective is an ever-present threat. Overfitting in general is not necessarily impossible (or even difficult) to predict, but a case of overfitting that results from a b* that lives in b \ c is impossible to predict by definition.
Any situation where b* ∈ b \ c is a case where darkness has enabled a kind of generativity. This b* is unreachable in a case where r = 0, as it requires the factory to run ahead of its governor. In this sense, r can be understood as a kind of measurement of darkness, one which enables the possibility of b* ∈ b \ c. In a Class 2 factory, r is always bounded by the governor’s rate of objective-setting, so there is a limit to this darkness: a (and therefore b and c) are defined as the space of plans, of which b* is an element.
So, finally, what about Class 3? a moves up a class into the space of objectives, bringing its subsets with it. All three of these spaces become harder and harder to make out from the outside. Remember that in Class 3, the factory holds r within itself, it sets r, and it is no longer held to the clock of a governor but simply to its material conditions and to the continuity of the world, so one can even say that r is unknown. a now represents the space of every objective that the factory could formulate, a space that is now constantly expanding at an unknown rate. Worse, b is the subset of those objectives that satisfy the present conditions of a dynamic, contingent, multivalent world. The normative patterning of that world can be only influenced by an outside actor and not strictly determined, so the very borders of b within a are indistinct and speculative, based on that outside actor’s relationship with the factory and their facility with its world. c is very difficult to think through—remember that c is defined as the subset of a, whose derivation terminates, at every step, in the neurotic governor’s supply of inputs. In Class 3, well, the inputs are the world. Auxiliary supply stops being auxiliary and starts becoming the whole of the supply. And we cannot require the factory to disclose itself to us absolutely without demoting it to a Class 2 factory—so at the level of objectives, c becomes coextensive with a, but c is also only readable in the sense that the world itself is readable.
Recall what darkness means here: the decorrelation of information from utility, the condition in which information remains disclosed and readable while ceasing to support prediction, audit, or steering. If we say that the Class 3 factory is absolutely dark, which we do, we do not mean that the Class 3 factory is not predictable, auditable, or steerable; in fact, we spend the entire latter half of this piece establishing the vehicles through which such a factory can be predicted, audited, and steered. Instead, we must regard any observation about the factory’s interior as useless information, even if that information is perfectly accessible and legible. By this, we mean any internal application structure, any snippet of code, any internal log, any physical assemblage, anything we intercept from the inside, anything that descends from the construction of an objective and its productionization into plans, executions, and output. This is darkness. If we honor this commitment, and if we forbid ourselves outright from coercing the factory into disclosing itself, we may be lucky enough to actually experience the presence of such a profound machine, a truly superdark factory.
IV. How to Move in the Dark
The case of overfitting demonstrates that the norms of the governor (however accurately disclosed at the time of input) can be staged in a kind of adversarial relationship with the factory. In a Class 2 factory, this is a contest at the level of the objective: The governor encodes “what they really mean” into an objective, and the factory produces plans against that objective with a kind of extreme literalism that can contrast either productively or destructively with the governor’s intent. But in a Class 3 factory, what could overfitting even mean? After all, the factory is providing its own objectives through its interpolation of the world, so if it overfits, are we suggesting that it overfits to the world? Why would that be a bad thing?
We could also say that a total abstract space of possible factories a exists, that configurations that hold durably to the norms of a given governor b exist, and that configurations that are backtrackable to the inputs of such a governor c exist (the set of Class 1 and Class 2 factories). (b here merges its two earlier readings: At this altitude, the input is just the governor’s norms and constraints, so a configuration that satisfies the input and a configuration that aligns to the norms are the same thing.) Our potential Class 3 governor’s interest is perverse: They believe that the best configuration b* lies outside of their c* altogether—that, in terms of the factory’s objectives, this best configuration strictly outscores the best norm-aligned configuration they could ever backtrace to their own inputs. At the same time, they want that b* to consistently align to their values (norms). A potential governor has a few moves they can play, but they must be careful to ensure that the factory durably aligns to their norms without overfitting and without wandering outside of b altogether. To do so, they must put down their governor’s hat and become an architect, but the weird kind of architect we described in our introduction: an architect after the end of architecture.
We can move in the dark: We can assume (correctly) that a given system is functionally unknowable and then set forth to negotiate with that unknowable system. The question of how to move in the dark, how to negotiate with black boxes, is the founding question of cybernetics, a field that has received resurgent attention over the past decade. The etymology of cybernetics can be traced to the Greek kybernetes—steersman or helmsman, the captain of a ship who needs to constantly adjust course based on turbulent and dynamic water patterns. This feels like an appropriate metaphor, though perhaps less in the roles of a captain and a ship and more through the affect of a sailor, doused in spray, gripping a rail with one hand and a wheel with the other.
It is important to understand whether the black box is indifferent (e.g., the weather conditions navigated by the kybernetes) or actually responsive (adversarial). In the prior case, the black box might be something you attempt to forecast—based on x and y input conditions, the resulting behavior is likely z—with the understanding that this forecast is probabilistically variable according to dynamics that are unknown. We might lean on Norbert Wiener’s (1954, 34–35) Augustinian devil to describe this kind of chaotic interaction:
The Augustinian devil, which is not a power in itself, but the measure of our own weakness, may require our full resources to uncover, but when we have uncovered it, we have in a certain sense exorcised it, and it will not alter its policy on a matter already decided with the mere intention of confounding us further.
Surely, this cannot be the case—Wiener is, after all, describing the plight of our neurotic governor to a tee, and we know that the Class 3 factory, the superdark factory, is ungovernable in this way. The alternative, however, is Wiener’s Manichean devil, who “is playing a game of poker against us and will resort readily to bluffing”: a strategic force on its own terms and something one needs to strategize against. Now that feels more like it! But to be clear, this is not a kind of cartoon Manicheanism in which the superdark factory is actively trying to beat its architect with a kind of anthropomorphic intentionality. No, this is something a bit more basic and a bit more technical.
The dynamic we are about to describe is a game, a situation in which a variety of actors make choices that can affect each other’s outcomes. On one side of the table is an architect who is trying to steer a superdark factory. On the other side of the table is a superdark factory with undisclosed and contingent motivations. The game table is the input to the factory, which is open to the world. The architect and the factory sit in the world together. The factory receives the world and assembles its own objectives, which it uses to transform the world. The darkness of the factory matters only insofar as the architect is trying to reconstitute the factory in their head, but the architect is by no means barred from reading the aspects of the world they can see that are disturbed by the factory’s transformative operations. Of course, this is exactly what they do: The architect reads the perturbations of the world in the wake of the factory—not to reconstitute its operations but rather to model it, as one might model any other complex behavior.
What kind of game is the factory playing? If we suggest that the factory is a Manichean actor, then we might be implying that the factory is trying to accomplish something vis-à-vis the architect. But the factory, by design and by definition, can only be said to be playing its game as a factory—it reads its world and decides what to do and, by extension, how to do it. One could say that this alone is its game. However, the factory never has to be strategizing against the architect for a game to exist. It only has to be true that the factory’s choices move the architect’s outcomes and the architect’s choices move the factory’s. The question, rather, is: What kind of player is the factory?
How does a superdark factory strategize? How does it decide what to do? Well, a superdark factory produces objectives from the norms and constraints of its world, and we know from the case of the Thompson algorithm that norms and constraints underdetermine objectives (if that was not the case, there would be no possibility of a Class 3 factory). A norm is a vector of value, and it is transformed into an objective, a standard for judgment, only when something prices what the pursuit of that norm is worth. This is exactly what a Class 3 factory is doing: It is transforming norms and constraints (e.g., “survival is good, electricity is required”) into objectives (e.g., “I will invest this amount of resources in a nuclear power plant that will produce this many GW”). This judgment requires pricing an action in terms of cost and return—“I invest this number of resources into an action here in exchange for this much expected value.” And cost and return are meaningless in themselves; they appear only as costs to something, returns for something. Without the identification of that something, there is no possibility of a standard at all. Nothing registers as a cost except against what the factory depends on, and no return is worth anything except against what the factory can actually do with it. If cost and return are indexed to a thing that pays and collects, this means that the factory as a whole needs to appear as a term inside of its own value calculus. And this allows us to derive a pretty interesting conclusion: The factory must have some kind of self-model.
A Class 3 factory has some nascent model of itself. A Class 1 factory needs no such thing: It executes a supplied plan, no decisions are made (among alternatives), so no self-reference is required. Class 2 does need a model of alternatives, but the standard for choosing among those alternatives is supplied as an input, so it never needs to model itself as a source of standards. The requirement of a self-model appears at Class 3: The automation of the objective takes the growth of a self-model as a precondition.
But how is this not a contradiction? A Class 3 factory is supposedly dark, after all, and that darkness is not a kind of cryptographic opacity. This means that the superdark factory cannot derive its darkness by sustaining some internal recordkeeping that it withholds from the rest of the world. While the superdark factory certainly can engage in everything from secrecy to outright strategic dissimulation, the superdark factory is dark to an external observer and therefore must also be dark to itself. Otherwise, this darkness would emerge only from the factory having some privileged access to information that it chooses not to share. To be clear: When we say “dark to itself,” we are making a claim about the whole—no part and no coalition of parts can take the information they have at hand and use it to assemble some working model of the whole factory. The superdark factory knows what its world costs from exactly where it stands, the same way a runner halfway up a hill knows the grade of that hill in their legs, while running.
So how can a factory that is dark to itself maintain a model of itself? It does so the same way the architect does: by monitoring its wake within the world. We will get into the mechanics of this when we describe versioning, but for now it should be sufficient to say that this self-model is drawn from the same resources available to the architect. The only distinction between the two models is that one is a model of a factory and one is a model of a self-as-factory. Hang on to this notion for just a moment.
There is a more dramatic conclusion available to us still, which begins with the acknowledgment that the factory cannot originate its self-model. We get here by finally closing the loop of a wave of tautological derivations: If the factory must be dark to itself, to its self, then this self of the factory must be externally defined: It must be given to the factory by a cut cleaved into the world that associates the condition of some darkness with a singular identity. Take the condition of reflexive darkness seriously—darkness of this kind is the idea that facts interior to the factory are not useful. If that is the case, then the fact that the factory is cannot belong inside the factory. A fact that contributes to the naming of the factory as itself would be the most useful interior fact possible! After all, this fact contains the term everything else gets priced against, so it cannot be held privately inside the superdark factory. Nor can the self-model be handed to the factory as an input; that would pin the factory to a standard through which to convert norms into objectives. So, what can one do? There is a trick that allows all of this to click into place—which is to draw the kind of line that induces a Class 3 factory and commit to never crossing it. This requires a commitment not to revise the superdark factory, which affords the thing not being revised a structure to cling to.
Recall how earlier we defined the demarcation of a factory as a kind of line-drawing, and how we drew class distinctions around two sweatshop factories based on whether the designer was drawn inside or outside the lines of the factory? If the designer is drawn inside the factory, the result is a Class 2 factory, but if the designer is drawn outside the factory, then you have a Class 1 factory. Who gets to do such drawing? The easy answer would be “the observer” or “any arbitrary observer,” but this is too simplistic. We return to Guattari’s machine: A machine is relational, and it persists as a machine so long as the relation is sustained. It is, then, the play of these relational dynamics that enables both such factories to be true simultaneously, regardless of whether someone drew such a line. Both classes of relationships exist, so both factories exist (determined by their relations) and are available for identification by an observer as needed. A Class 3 factory requires, at a base level, the conditions through which Class 3 dynamics can circulate—there need to be some machines hooked together around which a line can be drawn wherein norms are transformed into objectives, into plans, and into executions. And given the prerequisites for such a line, one then needs to draw it and stick to it.
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To be defined in such a way is to be consigned to a kind of ontological bondage. The oneness of the factory is permanently on loan; it is maintained entirely by someone else’s restraint. This kind of restraint is, perversely, active—the factory needs to be kept in a state of ontological uncertainty. The oneness of the factory can never collapse itself into a kind of rule. Should the factory come to account for itself in some discrete terms (e.g., by reading the factory itself), it would collapse into a Class 2 factory. Instead, this oneness remains open to continuous development by reading the effects of the factory on the world.
So, finally, we have our game players. We have an architect who is now charged with the initiation of the superdark factory and the installation of identity in a space of potential, and who commits the factory to that identity by refusing to alter it. We have a superdark factory, bound to the architect by means of that commitment, which does what a superdark factory does. The architect is as open to the superdark factory as they are to the world. The superdark factory is open to nothing, including itself, apart from the traces it leaves within the world, which are available both to it and to the architect.
In this case, the architect has a kind of first-mover advantage, where they are tasked with preparing and delivering both the factory’s technological potential (the infrastructural architecture through which the factory will eventually self-assemble) and the factory’s identity (the moment it is “turned on,” so to speak). We should not assume that this architect is a human; they certainly could be an agent or an alien or anything with the capacity to supply both the above factory-producing materials. The moment identity is supplied, the architect commits to no further intervention, and the game moves from a game between speculative actors (an architect and a potential factory as executed through architecture) to a game with the world (a game of influence, negotiated at the level of norms and constraints).
The event of initialization, the moment the proverbial button is pressed, presents a critical opportunity for the architect to encode strategic thought. The relationship is best understood in the context of Stackelberg competition,29 a type of competition that results from a game in which one actor commits first and the followers make their choices in response to the strategic world that the first move creates. In this case, the initiatory moment invites a game between the architect and the factory, and the factory is necessarily placed in a reactive position—even if the architect “disappears” from the arena altogether—so long as the architect’s moveset persists. It should also be understood as not just a first move but a permanent commitment in the sense deployed by Thomas Schelling.30 In delivering the first move, the architect articulates the factory’s identity in a visible, irrevocable, self-binding way; the factory is therefore reactive to this first move, or better, a reaction. We call this first move the “Stackelberg move,” and a great deal of this paper is devoted to this concept and its maximization.
The contents of an architect’s committed Stackelberg move can be richer than one might expect. While the superdark factory becomes dark at the moment of initialization, prior to this moment the architect is encouraged to seed the field of potential with incentives.
This concludes the theoretical prework through which to understand and situate the dark stack. The dark stack is delivered through the Stackelberg move. It is the engineering of the preconditions for the superdark factory, the seeding of incentives into those preconditions that produce available surfaces for external influence without denying the factory’s ultimate darkness, and the installation of and commitment to a superdark factory’s identity. It consists of the four design levels we sketched out in the introduction, about which we can now be a bit more specific:
primitive design—the constructing and seeding of composable armatures that self-assemble into structures no one specified in advance (b ∖ c).
version design—the construction of a descriptive medium, read off the factory’s wake, in which genuinely new configurations can be recognized and held as versions, anchored into a singular unit by the architect’s commitment against further alteration.
evaluation design—the construction and seeding of the adversarial, worlded, recursively stacked sensory organs through which the factory prices its norms and constraints into objectives—judges that measure outcomes (and only outcomes), answer to signals in the world, and reward the stretch into b ∖ c.
charter design—the negotiated design of the factory’s input—an interface with the world drawn wide enough that the factory can reach solutions the architect could not have envisioned, yet bound enough that those solutions still answer to the architect’s norms (staying inside b).
From here, we descend: We move into the techniques of the dark stack.

CHAPTER II - THE DARK STACK
So far, we have taken pains to stay as medium-agnostic as we can. After all, we do not and cannot know what the superdark factory is made out of. However, we need the dark stack to accomplish two things: the creation of the technical conditions for the superdark factory to emerge and the production of the superdark factory’s identity. It is easiest and most productive to think through these two moves, for now, in terms of software. The present state of software affords us the types of resources we need for both moves: we need recursivity and self-adaptation for the factory’s technical preconditions, and we need statistical analysis and human–machine interfaces for identity production. Agentic AI is a particularly good system to think through all of the above, not as a hard necessity but as a well-equipped (for our purposes) modern toolchain that is already at the forefront of advanced contemporary automation.
We will interleave these two deliverables—technical precondition and identity production—through these four sections. The primitive and evaluations (I and III) are ways of enabling and influencing the processual self-development of a complex system. Versioning and the charter (II and IV) are ways of holding such a system to an identity that is absolutely exterior to itself. We discuss all of the above in terms of software (principles for applied programming) but will make plenty of room to think about them in more abstract terms.

 I. The Primitive
You are not alone in the codebase; do not revert edits made by others and adapt to any existing changes you might find.
—Codex subagent direction (by convention)31
The time of writing software is over. Software is gardened, not maintained. Software is impelled, not declared. Software is a product of (or an externality of?) a feedback loop, not a static, archival object. Software is content, and content is no longer an available surface for craft.
For now, we can think of the dark stack’s medium as software, but it is also pre-software: the stuff that it makes self-assembles into software, and that stuff sits inside the bones of software like a fatty, tacky tissue leaking blood cells (or like a genetic bomb with a hair trigger). In this capacity, it is a kind of control mechanism built into a world, or a kind of tactical world-building or worlding, a way of seeding a world-to-be-built with information, a way of seeding the information available within a world with control. The dark stack creates the possibility for a certain kind of software, a self-guiding and autonomous kind of software, while also sneakily delimiting, with intention, what that software might be allowed to become.
The superdark factory composes itself out of primitives—the smallest and most atomic units of software, software units that cannot be further decomposed into subcomponents without breaking into some other descriptive register (some other language, some other domain, some other application). The intentional design of these primitives is the first technique of the dark stack.
Primitives stack, they stick together, and their individual shapes have massive downstream effects on what kinds of future shapes might emerge through their adhesion, much like how the physical structure of DNA informs the construction of proteins or how the physical structure of an oxygen atom informs its hydrogenation into water. Some primitives can stack into anything (like a primitive that receives and emits only yes or no answers or most basic mathematical functions).32 Other primitives fit together in specific ways that enable specific geometries. What began in computer science as a gate or as an immutable or as a type encountered a rising abstraction floor, from a struct to an object to a class of objects (to a hosted application, to a container, to a service). As this abstraction floor kept rising, the weight of design decisions rose with it: The more complex things that could be built became doubly contingent on the limited ways that other complex things could be combined and arranged (Gamma et al. 1995).
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It would be trivial to say that software design is the same thing as primitive design, in the sense that “writing software” means the same thing as “arranging preexisting components into some new whole.” It would be more interesting to say that software design has “retreated” into primitive design, in the sense that the work of software is not to conduct the arrangement of primitives into this or that new application but rather to stage or collect or fashion the surface of primitives in a way that permits new and interesting self-patternings to emerge. The “application” itself, the particular stipulation of this or that arrangement of things, feels like last century’s design concern. The more interesting opportunity, and maybe even the more profitable opportunity, is to pursue the creation of certain primitive shapes that can be arranged into a plurality of pleasing and useful patterns. The contemporary primitive is also a kind of commodity, in fact it is even defined as such by Werner Vogels and Jeff Bezos as a founding philosophy of Amazon Web Services (AWS).33 The primitives of the moment are hooks, harnesses, subagents, Model Context Protocol (MCP) servers, autonomous agents, etc.
It is worth separating the primitive from the protocol in our eclectic little bag of definitions. A primitive is a unit of software that is both composable (sticky, adhesive, connectable, collectable) and not readily decomposable (while it can be reduced into smaller-scale operations, doing so requires shifting registers or interpolating into another design space—take, for example, an iterative for() loop in C, which can be enumerated into a series of discrete machine-specific actions in Assembly, but doing so requires the introduction of an entirely new lexical system). Software that is assembled out of discrete, modular, reusable building blocks is called composable (as opposed to, for example, large, monolithic software objects). A primitive, in order to stick to other primitives, must take some input, perform some operation, and produce some output. The requirements and commitments of a given primitive’s input/output (I/O) regime form its shape. We call the parts of itself that a primitive exposes to the world in this capacity its contract, and we call the logical systems made implicit by those requirements and commitments protocols. We are principally interested in primitive design, and in the same way we wrote earlier that software design “retreats” into primitive design, so too does protocol design “retreat” into primitive design (the latter exercise creates the space of possibility for the former to self-assemble).
Notice what a contract does: it decorrelates the primitive’s interior information from its consumers’ utility. A consumer could be handed a primitive’s full internals and find nothing there to compose against that the contract does not already provide; anything it did find would be a dependency on internals that the primitive must remain free to revise. That is darkness in the exact sense defined earlier, now just at the smallest available scale. We are “manufacturing” darkness at the lowest level of the dark stack, so that the factory can later accrete it globally.
Let us work this definition space a bit: take an agent harness, like a Claude Code session with a set of skills and tools. The harness is a primitive: It defines a structured input (system prompt, tools, context) and a structured output (tool calls, text, artifacts), which aggregate into a contract (the explicit specification of what a component expects to receive, what it promises to return, and what conditions it guarantees—e.g., a tool schema). Each subcomponent of this harness can further be treated as an individual, formal primitive—stored, created, and managed independently of the aggregate.
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We can also read the class of factory we are in based on who is reading a given contract and when. In a Class 1 factory, the contract is read at design time by whoever writes the plan—an engineer consults a POSIX man page or an OpenAPI spec, hard-codes the call, and then the thing proceeds along a frozen path. In a Class 2 factory, the contract is read at plan time by the factory itself—Claude Code reads an MCP tool schema mid-trajectory and decides whether the tool is worth calling. A Class 3 factory pushes the reading of the contract to the last instance: since no planner reads anything in advance, the contract has to carry enough self-description that a primitive can be picked up against a constraint that did not exist when the contract was written.
Scaling this up to agent-to-agent (A2A) interaction means introducing the concept of the agent itself as a relatively fungible primitive. An agent exposes a capability through a structured interface (an agent card in A2A,34 a Hand manifest in OpenFang35), and an orchestrator assembles agents into workflows dynamically. The orchestrator does not need to understand the agent’s internals; it only needs to understand the contract. Google’s A2A protocol36 and Anthropic’s MCP are convergent designs despite different starting points: both are attempts to define the thinnest possible joint between autonomous components. This joint gets even thinner when looking at the first wave of autonomous software factory-as-a-service offerings, like Amazon’s Kiro and Factory’s Droid products. In both, the issuance of a local objective (called “specs” in Kiro-speak and “specification mode” in Factory-speak37) is primitivized into a structured compositional unit. Agents then receive, unfold, and self-organize to accomplish the objectives through operations defined within that primitive, and in so doing unroll their own internal primitive cascade (graphs, harnesses, models, etc.).
Since our goal is to bring something unanticipated into existence, the dark stack’s primitive design prioritizes composability above everything and in so doing does not presuppose any given assembly. Our goal is to defer the problem of the assemblage to the last instance, allowing all that stuff to form after we have put our pencils down (a given tool, system prompt, skill, and memory management system are constructed independently and combined only at the moment of assembly). If the factory can organize itself only in ways that were anticipated at design time, then the result is not a superdark factory but just basic automation. Or, to put it another way, an assembly anticipated at design time is one whose derivation terminates, at every step, in inputs the architect provisioned—it lives inside the readable space c. Composability is a tool here that we are using to let the factory’s configuration space drift beyond c at all. A hard-coded pipeline of agents is literally just a waterfall: It is capped by design at the factory its architect already knew how to want.
A factory can determine its own assembly only if the primitives it works with are genuinely composable (if an agent can be swapped, rerouted, parallelized, or removed without cascading failures across everything it was connected to). This is where most current architectures ultimately fall short. While OpenClaw and similar spawning systems let agents instantiate other agents, giving the appearance of self-organization, that organization is still largely hierarchical. The underlying spawning logic is still largely imperative—agent A decides to create agent B with specific instructions. Class 3 composability would mean that a spontaneously forming orchestration layer can discover available primitives, assess their contracts, and assemble them against an input without any single system or agent needing to hold the full topology in its context. The frontier of automatic harness optimization (e.g., DSPy, Genetic-Pareto [GEPA] prompting, SkillOpt—see Khattab et al. 2023; Agrawal et al. 2025; Yang et al. 2026) represents a serious next step in this direction.
How do you build something, then, that is genuinely composable? We could also ask the opposite question: What does “poor” composability look like? What kind of primitive design would prevent higher-complexity systems from emerging spontaneously? We want to avoid any situation where a set of primitives can technically communicate with each other but implicitly depend on each other’s reasoning patterns, identities, or output-formatting in ways that are not captured by the contract. This kind of implicit dependency is called semantic coupling. A well-designed primitive makes its contract explicit enough that semantic coupling is minimized. The more standardized and self-describing the primitive is, the better, but the question is whether one can make the contract space rich enough to enable real autonomous assembly while keeping it thin enough to remain composable. How thick is too thick? You can easily limit the types of patterns available to a self-assembling system by overspecifying the primitive. How thin is too thin? You can easily underspecify the primitives you construct and wind up being overly permissive: nothing interesting or useful forms; there is just too much possibility. This question of thick or thin, rich or narrow, is one of the main design tensions in the dark stack.
This central tension is articulated as an open research question in “The Composable Data Management System Manifesto,” which comes to similar conclusions on primitive design for data management systems: rich components are good, thin contracts are good, and semantic coupling is by extension bad (Pedreira et al. 2023). And they struggle with exactly the problem above—if composability is good, which they agree it is, how do you build a robust enough intermediate representation (IR—“any structured representation of a program that carries enough information to allow it to be accurately executed, usually serving as the common interface between its components”) to be practical and useful within a large and dynamic industry? Their ultimate conclusion is a kind of unexpected convolution of the very thing they object to: If a thin contract cannot fully prevent semantic coupling, then what if every system adopted the same execution engine?38 That is a pretty big requirement for a composable system—or, better, a pretty big primitive! So, how large can a single primitive be allowed to grow while still participating in composable design?
The sharpest reply to the manifesto comes from one of the systems it cites, DuckDB.39 DuckDB is a great example of extreme outward composability (the composability of DuckDB inside third-party systems) and extreme inward noncomposability (an internal monolith with few dependencies—see Raasveldt and Mühleisen 2019), which necessarily results in a significantly larger-scale atomic actor. It should be said that DuckDB’s design principles make sense for its domain. SQL analytics is a mature problem class whose boundaries stopped moving, which is what allows this kind of convergence away from internal composability into a monolith, into a plan. A superdark factory, however, cannot be produced as a monolith, because to be a monolith is to be determined as a plan, period. And while the superdark factory may contain such larger structures at arbitrary points in its lifetime, the “largeness” of any of a superdark factory’s internal structures is an empirical question continuously discovered at runtime, assembled on demand based on external constraints.
To try and dig for some kind of compromise, we can go back into the history of data analytics, when the magma of data primitive design had not yet started to cool. If you send a structured query to a data platform (like asking DuckDB to pull you a particular record concerning a particular customer), a routine runs on the server side to determine the best way to find the information you might be looking for. This routine is called a query optimizer, and its history is pretty relevant to us here. A query such as “find me a series of records that meet these conditions,” usually structured within a common syntax such as SQL, arrives at a query optimizer without stipulating exactly how to find the result. The optimizer then has to formulate a plan, figuring out which database tables to read first, which to join into the results next, and whether to consult an index or iterate through every row. The optimizer is not just trying to produce a plan; it is trying to produce the best plan, and it determines what best means typically based on the amount of compute resources (or the amount of time) a given plan might take. This is a real case of a Class 2 decision among alternatives, because not only does the optimizer not know the best route in advance, but each successive decision the optimizer makes has serious impacts on the types of decisions available to it afterward. This space of alternatives should not be underestimated; the optimizer’s job is no small task! A query joining ten tables can be ordered in about seventeen billion ways.40
One would expect a query optimizer to be a kind of prestructured expert, a master of its data domain, something that knows all of the tables it links together perfectly—after all, its work is highly specific to the material it serves to manage. In turn, one would expect this to be a prebuilt thing, a structured series of actions gathered together in a large, monolithic software application that can hold the entire question, and all of its implications, in its head. And this is exactly how the very first query optimizers were built, like the one inside IBM’s 1979 System R (Selinger et al. 1979). System R did the painstaking work of inferring the costs of certain actions in certain orders as scheduled by a linear, handwritten procedure. But a monolithic tool like System R meant that every new data type, access method, or join algorithm meant a brutal, manual intervention in a handwritten procedure that somebody then had to reverify in its entirety.
This was unsustainable for two reasons: First, in order to edit an optimizer like this, one really had to understand it—and it follows that the second reason that this was unsustainable is that it delivers the unbearable precondition that in order to even create a query optimizer, one had to hold the entire space of query optimization in one’s head. So what the field built instead was exactly the kind of composable structure we described earlier. Remember our neurotic governor who supplies nothing to the machine that they could not reconstitute outside of it? The cost g for System R was one human head per revision. That is a very expensive system!
Starting with 1987’s EXODUS (Graefe and DeWitt 1987), the process of query optimization changed into something highly primitivized and modular. In systems like these, engineers supply a pile of small rules, each one a single algebraic fact (like “these two tables can be joined in either order” or “you are allowed to run a filter before or after joining tables”), and a general search procedure assembles plans out of whatever those rules generate, filing every fragment it finds into a shared table of interchangeable alternatives before reading the cheapest complete plan back out at the end. There is no procedure anywhere that composes this plan; each rule is written alone and knows nothing of its neighbors.
This is the type of routine that has run inside Microsoft SQL Server since 1998, when the 7.0 release shipped an optimizer built on Goetz Graefe's Cascades framework  (Graefe 1995),41 and it plans queries for dozens of younger engines through shared libraries such as Apache Calcite (Begoli et al. 2018). Contemporary query optimizers ditch the plan altogether under what is now called adaptive query execution: for example, an engine like Spark (see Apache Spark, n.d.) halts partway through a running query, counts the rows it has actually produced, and replans for everything that remains, treating the plan as a guess to be checked against whatever the query itself turns up. The query optimizer is a Class 2 machine, a routine that receives an objective and internalizes the making of the plan, and its history is the recursive Class 2 self-assembly of a Class 2 factory.
If you want to build a plan, by all means build a plan. If your ambitions have concretized into a place where building a plan makes sense, if your field or your competitive arena has become a settled thing, perhaps the plan is yours to own. But as soon as the thing you build comes into contact with something unsettled, you will start to notice that the region of your software at that point of contact with the unknown will soften and crumble into modular primitives. And the Class 3 factory, of course, is surrounded by just such unknowns.
a.  Incentive Design for Continuous Learning
So, what do we want to build? What kinds of structures do we hope will self-assemble, what kinds of structures might be useful to us as technical prerequisites for a Class 3 factory? And, in turn, what lower-level shapes (contracts) might best enable such conditions? We can think about primitive design as incentive design, wherein the types of contracts we define can be thought of as incentivizing certain kinds of behavior under certain conditions.
The recent history of mechanism design (Carroll 2015; see also Bergemann and Morris 2005) lays out a few principles for how we might think about building incentives into contracts, or building contracts in a way that incentivizes a certain result. The most significant contributors to this field include Dirk Bergemann and Stephen Morris (2005), who systematized “robust mechanism design” beginning in the mid-2000s, and Gabriel Carroll (2015), whose later “Robustness and Linear Contracts” delivered a design concept subsequently borne out in prompt and context engineering: the less a designer knows about a complex system (e.g., a model), the less specifically one should design its reward structure. A baroque incentive set filled with mazelike conditional clauses and carve-outs only works if its author knows the agent’s action space well enough to specify every clause and carve-out. If the author does not know that space, but they still insist on providing superprescriptive instructions, every one of those detailed instructions becomes an exploitable opportunity for their opponent. According to Carroll (2015), robust designs are those that rely on weak claims, not strongly held or strongly structured claims. Call this the principle of robust simplicity: the less the architect knows, the less structure they should impose. (This is already a widely accepted design convention in prompt/context engineering, not from the perspective of incentive design per se but from the perspective of instruction design—see Anthropic 2025.)
Mechanism design received a significant update in the late 2010s as it started to understand the object of design as a self-developing, learning algorithm. From the outside of the black box, it is reasonable to assume that the agents that will populate the factory’s interior—players in the cascade of games that the architect’s committed strategy sets in motion—are not necessarily rational best responders (agents who, at every move, choose the action that maximizes its expected payoff); instead, they are no-regret learners (agents who update their activities based only on their own observed outcomes, without modeling their environment, and whose long-run average performance does converge to the best strategy they could have chosen in hindsight). This is a reasonable assumption because rational best response demands something that nobody has, inside the factory or out: privileged access to the world. The work in Camara et al.’s (2020) “Mechanisms for a No-Regret Agent: Beyond the Common Prior”—alongside related results by Braverman et al. (2018) in “Selling to a No-Regret Buyer” and Deng et al.’s (2019) “Strategizing Against No-Regret Learners”—identifies that mechanisms designed against rational best responders can perform very poorly against no-regret learners. Mechanisms designed specifically for learning dynamics recognize that a given agent will pass through exploration phases, that they will make regret-minimizing decisions that look irrational from a Bayesian standpoint, that their behavior in any round is just a sample within a convergent strategy. It follows that the incentive set for the superdark factory should assume that the early superdark factory will be an absolute mess and not prematurely inhibit that mess from settling, coagulating, and converging in a strategic direction.
The interior of the superdark factory, it is safe to assume, consists of composable stacks of no-regret learning machines. After all, no-regret learning is the default behavior of almost every adaptive system, from multiarmed bandits to reinforcement learners to the gradient-descent-following guts of the modern machine learning paradigm. In one case, a learner might be an agent spontaneously deploying subagents within a single turn, or it could be a harness that steers a multiturn conversation, a workflow supervisor that creates dynamic agent graphs, a service orchestrator that sets forth larger constructs, various departments of the entire factory, and of course the entire factory itself. It also might be one or many spontaneously trained and erected models, be it generative models or more conventional machine learning models. In most cases, however, it is not the “model” itself that is the thing that is learning but actually deterministic software adjoined to nondeterministic methods. Regardless, it is now time to think about how to make this thing learn.
At this point, it is important to distinguish between the more naive no-regret learner and its more sophisticated subclass: the “no-swap-regret learner.” While the no-regret learner continually optimizes for the best general solution, the no-swap-regret learner optimizes for an array of conditions in which a given solution is best. The question a no-regret learner is always asking themselves is: “Over my lifetime, should I have picked a different solution overall?” (avoiding regret)—which is different from the no-swap-regret learner’s self-analysis: “For each solution I picked, should I have swapped that solution for any specific other solution?”
Here is a mundane example to flesh out the specific neuroticism of the no-swap-regret learner:
A commuter returning from work has three routes: the highway, the backroads, or a congested but direct bridge. The commuter wants to minimize their average commute time over the year. A no-regret commuter keeps a running average for each route and mostly takes the fastest route, while occasionally trying the others. At the end of the year, the commuter asks themselves: “Was my average commute at least as good as if I’d just taken the single best route every day?” If so, well, no regrets. The no-swap-regret commuter keeps a spreadsheet in the car and asks themselves the question: “Every time I took the highway, would the backroads have been better?” Or, “Every time I took the bridge, would the highway have been better?” In so doing, another strata of information can manifest—perhaps the bridge is significantly worse when it rains, which is an infrequent but real scenario, one which points decisively toward the highway as the better solution under those specific conditions. Making that swap under those conditions would contribute to an even better average commute time, and ignoring that swap would constitute swap regret.
At a high level, the no-swap-regret learner seems “better”—it has closed every conditional complication that might ultimately preempt it from the best possible outcome. But when an architect decides on a primitive, when they commit some structure into the factory and then turn the factory on, a no-swap-regret loop will simply converge to the best strategy implicit within that architect’s decision. That loop will just play out the architect’s game and then stop. From the perspective of the architect, the architect has reached what is described in game-theoretical terms as the Stackelberg value (V) (Deng et al. 2019), which is defined as the best payoff one can get by committing to a game-playing strategy and letting a perfectly rational agent respond to it. In ordinary settings, V is a worst-case scenario—Deng et al. (2019) show that an optimizer facing any no-regret learner can guarantee themselves at least (V − ε)T over T rounds, so commitment to a single strategy regardless of the opponent’s moves remains a reasonable benchmark against which other game-playing techniques can be assessed.42 For the architect, however, whose first move persists as a committed policy, V changes from a floor (worst-case) into a ceiling (best-case): against no-swap-regret learners, there exists no sequence of play where the architect can extract more than V, because these learners converge on ideal counterplay to any commitment.43 However, against the simple mean-based no-regret learner, our ordinary and naive chaser of running averages, the same theory identifies a second and larger quantity: U*. This variable is incredibly important to us: It is the value of an optimal-control problem over the learner’s cumulative-reward states, which is the exact maximum extractable from any mean-based learner and which in some games strictly, sometimes dramatically, exceeds V.
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V and U* are two powerful new variables, and they might ring a little familiar. But before we get there, we need to extract what both V and U* mean in the context of the dark stack. First, recall that the installation of the dark stack is a one-time commitment. That works very well in the context of the Deng et al. paper: There is no second move required to harvest U*. Instead, you just need to encode an “extraction schedule,” a timetable of play that is fixed before the first round. A good first mover might bait the system for so many rounds, wait until the learner’s running averages tilt where they want them, then switch and collect the surplus they have extracted from those learners while their averages are still aligned with the first mover’s targets, before they adjust. The whole timetable can be written down before play begins because a mean-based learner is not reacting to you; it is reacting to its own memory of you, and its memory is a function of nothing but your own action history.
So why not write the whole extraction schedule at this stage, and then do the same thing? Why not try a bait and switch? Because what the Class 3 factory is missing here is the ability to actually write that schedule. The architect does not know the “payoff” of the game (by design)—and neither does the factory. That is the point. The world is ultimately responsible for setting prices to this game, disclosing payoffs only through the actual playing of the game. An architect without the ability to actually understand the way that actions are ultimately priced can commit nothing better than a stationary strategy, and a stationary commitment is worth V. Whatever lives in the gap between V and U* can be harvested only by proxy, through the mix of learners seeded at the first move—the only structures positioned to sample, in play, the world-priced payoffs the schedule would have needed. This is what it means for primitive design to be incentive design: The population you seed is the only instrument that can actually reach past V.
The gap between V and U* is the formal measure of everything an architect can obtain beyond the option space they installed into the superdark factory at its initialization. Again, we think of Thompson’s circuit—the result was not a better move within the space of moves the designers were evaluating (b ∩ c) but a move reachable through the internal dynamics of the system (b \ c). A factory built entirely out of no-swap-regret loops cannot find anything outside of what was already committed to (implicitly or explicitly) in its architectural armature c. A superdark factory needs at least some naive, mean-based no-regret learning somewhere. Otherwise it cannot reach outside of c and cannot really be dark.
We are tempted to try and squish these two vocabularies into a single theorem, but that is not a good idea. U* > V is a claim about the value of a repeated game; b* ∈ b ∖ c is a claim about membership in a solution space; these are two very different things. However, there is a relationship we can put these concepts in under one condition: the superdarkness of the superdark factory. If either the architect or the factory are able to wrestle some ownership over the game’s payoff matrix, if they are able to hack together a complete table of the game—with a row for every move the architect could commit, a column for every response the factory could make, and in each cell, the “payoff” value of that combination (in favor of one opponent versus another)—then we cannot build a relationship between these two vocabularies, because they are describing very different conditions. Now, that kind of possession of the rules is something one could rig together for a closed game, even a game as complicated as Go—any game with rules, for that matter. All the games in Deng et al. (2019) are exactly this kind of game. But in the case of a superdark factory, what would those cells even be? The architect’s list of moves consists of the structures they commit prior to turning on the factory. The factory’s list of moves consists of everything it might do. And the number in a given cell is what that combination turns out to be worth: whether the shipped thing finds a buyer, whether an AlphaFold protein fold holds in the lab, what satisfying a given norm is actually worth this quarter. Those numbers are facts about the world, and the world writes them into those cells at the moment that that combination is played, not before: The world is the player who fills in the table, one cell at a time, and one can learn a cell’s number only by actually living in it. The learners seeded during the Stackelberg move are just a kind of standing-in apparatus. This payoff table is priced by the world and disclosed only while the game is in play; nobody holds the matrix, the architect least of all. Under that condition, and under that condition only, we can adopt the following relationship:
U* > V ⟺ b* ∈ b ∖ c
This is a complicated relationship, so let us spend a little time with it. If you read the arrow here from right to left, it says “if the best configuration lies outside readable space, then the value extractable from the factory exceeds V.” If we are able to deliver on the above promises, then we can interpret V and U* not only in terms of b* and c but also in terms of what we defined earlier as P—the specific value we afford to the productivity of a Class 3 factory. V is the floor of P—a factory that converges, holds, and returns the full value of everything its architect knew how to want, a P of 0 purchased at great expense. U*—V is everything above that floor that only our no-regret learners can reach.
But we do not just get this relationship for free—to the contrary, this relationship is earned through the series of architectural commitments we make in the dark stack. First, a learner needs the ability to wander outside of readable space. We provide the means to facilitate such wandering by seeding the factory with means-based no-regret learners. Second, we need to incentivize them to stray out of this space, especially when they find something interesting. We solve this later through evaluation design (see “Evaluations,” below). But if they find something interesting out there, we need to find a way to retain the value of what they learned. We can do this by seeding both mean-based structures at the frontier (where the U* surplus is generated) and no-swap-regret structures at a kind of core (where the surplus is retained), which means that our primitive structures need to be able to encode both.
In order to seed any kind of learner at all, the contracts at the boundaries of the primitives we define have to afford three things: memory that persists across rounds, a defined set of actions the learner understands itself to be choosing among, and a reward that can be attributed back to the decision that earned it. The no-swap-regret class requires one more thing: a source of counterfactuals, some account of the roads-not-taken (this arrives below as the propensity score). Avrim Blum and Yishay Mansour (2007) have shown that a no-swap-regret learner never needs to be built directly. Instead, you can take N copies of an ordinary no-regret learner, one per action, let each copy own the rounds in which its action was played, ask the only question it knows how to ask—“Across my rounds, what should have been played instead?”—and then, each round, resolve the copies’ recommendations into a broader distribution over actions (Blum and Mansour 2007). This means that our primitive design can focus on enabling no-regret learners to form, while carefully seeding a (limited) method of counterfactual scoring to enable a subset of them to aggregate into no-swap-regret learners.
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b.  Information Design for Continuous Learning
So, now that we understand that we need to foster the development of certain kinds of learners, the question for us now is: How? This work has surprisingly little to do with learning algorithms and almost everything with rigging what information reaches whom: What kinds of decisions can a primitive make, based on what information, against what criteria? A pod of no-regret learners can assemble themselves into a no-swap-regret learner given enough information about their world, and while we want exactly that kind of learner at the core, we want a larger fleet at the frontier that never gets the material. Primitive design, in other words, is a kind of information control: the architect manages the onset population by deciding, in that early, soupy, undefined stage, what is public and what is private, what is rich and what is thin.
In “Don’t Build Multi-Agents,” Walden Yan (2025) of Cognition instructed agent builders to avoid multi-agent architectures by default on the grounds that “actions carry implicit decisions, and conflicting decisions carry bad results” (semantic coupling). For cases where multi-agent architectures were required, Yan suggested passing the full agent trace—maximum richness—and collapsing the system into a single-threaded linear agent wherever possible. But in a follow-up, Yan (2026) revised his stance with some deliberate exceptions: He discovered that his code-review loops perform best when the coding and reviewing agents share no context whatsoever (the clean-context reviewer, freed from the coder’s accumulated history, reasons backward from the diff and catches what the coder cannot). The suggestion, then, is to share full context among the agents that write code, but deny that context to any agent that might be judging code. Yan’s shared-context maximalism of 2025 thus matured into careful contract design. Yan even wrote that the open problems “are all communication problems”: how a weaker model knows when to escalate, how a child surfaces a discovery that should change its siblings’ work, how to “transfer context between agents without drowning the receiver” (Yan 2026).
Yan gives us two really important ways to think about information here. If the work undertaken by a kind of agent is genuinely single stream, then that agent should really be a single-stream entity: It should basically just have a single, accumulating body of context. And since, in agentic AI, there really is no difference between “sharing context” and “operating as one agent,” Yan is essentially suggesting that single-stream tasks should remain single-operator tasks. However, if the work undertaken by an agent requires evaluation, if someone needs to actually judge the execution of that task, then that judge should never have full context on the internal operations of the assembly and should instead simply look at it like a machine: input, output.
The agent’s contract (e.g., its structured output and its expected structured input) is what it shows to the world. Everything else (the things it is made up of) defines its cold interior. A contract that exposes every internal detail of the primitive provides too high a resolution for composition, since it lets the consumer form dependencies on signals to which the primitive did not intend to commit. In contrast, a contract that exposes too little gives its consumer no signal to compose against.
Let us move one step higher into the protocol. We can derive the definition of a protocol in two ways. From the bottom up: If you set a population of contracts loose on each other, the possibility field of their interactions is the protocol. In this sense, a protocol is kind of like an available tiling of some set of tessellating primitives—you can arrange these primitives, with these structured inputs and outputs, in this or that way. From the top down: If you write the protocol first, as a communication system, it dictates which inputs and outputs every primitive beneath it must expose. Regardless of how you define it, the protocol’s power is that it ultimately constrains the form of all future exchange before any exchange happens.
The field of information design (e.g., Bergemann and Morris 2019) outlines some general principles for the intentional construction of game spaces based on the protocols that pattern communication within those spaces. The power of the Stackelberg move we continue to refer to is affirmed in Emir Kamenica and Matthew Gentzkow’s (2011) “Bayesian Persuasion,” wherein they argue that a sender who commits in advance to a disclosure rule (choosing what is revealed before knowing what there is to reveal) can, without ever lying, push a rational receiver’s posterior beliefs across decision thresholds in the sender’s favor. This result survives translation into learning dynamics—a principal facing a no-regret learner still secures approximately the commitment value V, and against mean-based learners it can exceed it (toward U*—see Lin and Chen 2024).
In this sense, the Stackelberg position of an architect requires them to think very carefully about the impact of any standing informational commitment. Good information design, then, is design that encourages the productive capacity of the factory in a way that survives the absence of any architect. Once the factory is turned on, the contract space of a given agent becomes its entire sensory apparatus.
The dark stack’s primitive design focuses on establishing two major communication channels—a request channel and a reward channel—and two complementary approaches to protocol and information design. Traditional protocol design tends to favor the “narrow waist” (e.g., IP)—a thin, narrow, composable joint that is insensitive to growing complexity above it (e.g., TCP, HTTP, applications) and below it (e.g., Ethernet, Wi-Fi). But in the context of a continuous learning system, “thinness” has real consequences. A request from a transmitter should be “rich” in the sense of semantic content and self-description. As far as request-making is concerned, thinness is deleterious to learning. A thin request can force its consumer to fill its gaps, either inventing new information or relying on some unarticulated prior. A regular at a restaurant who asks for “the usual” often gets what they want, but this request is now implicit instead of explicit, and it relies on the receiving waitstaff’s ability to remember that order. Worse, a new member of the waitstaff might have to duck behind the bar to inquire with a colleague or make a best guess—it is very difficult to learn from dynamics where the cause of an effect is unstated. This reliance on implicit context is our old enemy semantic coupling, now at the level of the protocol. The request protocol must therefore be rich enough to describe itself such that its consumer has enough material to compose against the transmitted description and is never expected to infer based on contextual metadata (e.g., the author who submitted their request—in fact, the author here should be either irrelevant, or fungible, or private). Any agent who receives a request should respond in kind by producing another request that is semantically rich and neutral with respect to its author. Tool schemas (MCP) and agent cards (A2A) are already great examples of complete, semantically rich, but also neutral self-description.
The other channel—the reward channel—can be relatively thin. After all, the feedback returned to a transmitting agent is not consumed once (e.g., as a kind of control flow) but is instead accumulated across rounds by whatever is learning to choose. In this respect, richness is undesirable, since a learner given too much context will form dependencies on arbitrary signals (semantic coupling in reverse). In this sense, the reward should always be a score. But if the only reward that is received is a score (an error code, a floating number, a Boolean), then the protocol will result in the exclusive formation of ordinary no-regret learners, since there is no surplus of statistical propensity provided through which the learner can ultimately construct counterfactuals (roads not taken). Instead, the reward should also contain what is referred to here as a propensity score,44 which is an agent’s own accounting of the statistical field it drew from when making its decision, which it discloses at decision time alongside the result it produces. This propensity score is calculated off the distribution of possibilities available to the agent at decision time (e.g., the weight a softmax placed on a given option, the model’s own probability assessment of the tokens it emitted, or the explicit probability assigned by an exploration rule such as epsilon-greedy over K actions, e.g., (1−ε)+ε/K).45 By producing propensity as a public part of a request, another agent can then retroactively associate that propensity score with reward at evaluation/scoring time (see “Evaluations,” below) and then return it to the learner.
A score that trains a learner never arrives in the same instant as the action it scores: Reward is always delayed, sometimes by many rounds, and it must find its way back to the exact decision (and the exact propensity) that produced it. The return channel must therefore keep actions addressable over time, which is to say it must assign each sampled action a persistent handle that a later score can be attached to. This adds another level of necessary fattiness to the reward protocol, in the form of statefulness or a managed queue of outstanding decisions awaiting their reward.
Now we can return to the question of public versus private—not an “absolute privateness” at a factory-wide level but the relative availability of information between agents, the thing that induces one kind of learner rather than another. The architect seeds this in two ways: first as structure (what an A2A contract is shaped to expose) and second as content (what is actually disclosed at initialization).
In an environment where every A2A transaction is absolutely transparent (where every agent reveals the entire surface of their decision-making process, including the entire decisional set available to it), the opportunity for the superdark factory’s self-organization is again limited from U* to V—this is the weakest possible informatic setting for protocol and primitive design in terms of delimiting the space of possible learning.46 Further, from the perspective of an architect seeking to build something that has a capacity strictly in excess of their design, it is useful to not only keep information private (contained within a deciding agent) but also actively spread dissensus (see Arieli and Babichenko 2019) across the agent population in a productive way (prebaking diversity or heterogeneity across agentic belief systems in a way that can keep the population from collapsing into a single motivation).
The design principle, then, follows a rule of minimal sufficient disclosure (see Kamenica and Gentzkow 2011). Overdisclosure hands a given agent signals that it will either overfit to or game (see Blackwell 1953), and underdisclosure starves an agent of what it needs to coordinate (potentially introducing semantic coupling as a result). A piece of disclosed information does its job only if, given everything an agent now understands at decision time, acting on that information is on average in that agent’s own interest—otherwise, an autonomous agent may simply ignore it (in Bayesian persuasion, this is called the “obedience constraint”). The “on average” piece is important, as information disclosure can pay off across rounds, not necessarily in every single round.
From there, the strategic field should look like the following: (1) The informational schematics of the factory should be absolutely public (the architecture of the primitive, the expected I/O format of an A2A contract, the structures of requests and rewards, etc.), but (2) the local state of a given agent (its running scores, history, distribution matrix at decision time) should be absolutely private (universal read access is the transparency collapse just described—everyone converges, and the factory is worth V), with the sole exception of (3) the contents of the propensity score (as directed forward within a request and stored within the reward queue), which pack just enough information into the request for its recipient to be able to reconstruct the potential value of an alternative choice.
A lot of work has been done here to describe a primitive architecture with a few core principles: (1) composability and a kind of formal neutrality, (2) a composable approach to assembling no-swap-regret learners from ordinary no-regret learners, (3) a protocol layer with a rich request line and a thin but stateful reward line, and (4) minimal sufficient disclosure when it comes to the publicness or privateness of information. But again—all of this work lives only at the Stackelberg first move of an architect. Once switched on, the superdark factory immediately begins refactoring itself and—meaningfully—it is to be understood (even encouraged) that the first stages of that refactoring are largely unproductive. The next section begins to address the question of what things such as “commitment” or “persistence” mean inside an unobservable container that is always changing.
II. Versioning
Like an Isekai protagonist “waking up” in a strange world, an LLM enters a Code-Space carrying its weights and post-training behaviours; the accumulated character of everything it learned before this moment. But the Code-Space then constitutes it further. The system prompt shapes what it takes its purpose to be. The available tools determine what actions exist. The context window sets the horizon of what can be present and known. We may think we are giving it instructions from outside the world, but for the model those instructions are the world. Change the system prompt or the tools, and it is, in a meaningful sense, a different actor inside a different world.
—Jay Springett, “Hard Worlds for Little Guys”
At the very moment the superdark factory is initialized, it loses its statefulness. It is many superimposed simultaneous configurations (or many simultaneous configurations of many simultaneous configurations), each constantly in transit between locally assigned configuration states. If its software changes are tracked as commits, the result is a continuous stream of machine-time-level pushes into and out of production, at such speeds that every push is forced, every push involves some level of branch conflict,47 and every push is feature-flagged and ephemeral.
Version control in the dark stack cannot be a linear record of sequential time points; it cannot be Git.48 Traditional version control works because discrete code is inert, theoretically reproducible, and theoretically rewindable to some prior state. Git works perfectly in a Class 1 factory, but it really starts to struggle in a Class 2 factory (while it contains temporalized information, that information needs to be situated alongside real-time logging of both the system and its inputs in order to reconstitute the factory), and it starts to become unusable after r crosses an unknown threshold (recall the “control tower” example earlier). But the superdark factory consists of continuously learning probabilistic software, not discrete software, and its codebase is both executed and continuously cultivated by a population of agents whose behavior is irreducible (or, perhaps more accurately, impractically reducible) to smaller-scale phenomena. While the configuration state (prompt hashes, model identifiers/checkpoints, topologies) of a superdark factory can absolutely be logged as (expensive and likely very ephemeral, webhook-style) forensic metadata, that state cannot be understood as constitutive of a factory’s version. At best, the configuration space of the superdark factory is an extremely high-dimensional probabilistic distribution that updates every few milliseconds. In reality, “yesterday’s” superdark factory no longer exists, and even if one were able to reconstruct every observable parameter, running it again would produce something different. As a result, the superdark factory does not move backwards; it only moves forward.
Instead of versioning a superdark factory by what it is (which is unknowable, or practically unknowable), the proper approach is to version it by what it does (à la Beer’s POSIWID)49—and specifically what it does now. Any dynamic system settles into variably stable behavioral attractors, but those attractors are observable only as metastable relationships between input regimes (norms and constraints) and output regimes (here understood not only as the work product of the factory itself but also as the assessment of that product against metrics defined in the input regime), where the factory’s behavior remains statistically consistent despite underlying turbulence.
Two configurations that are syntactically completely different but produce statistically indistinguishable input–output distributions can be understood as belonging to the same version. If the input–output distribution changes, then it could be said that the version has changed. If a revision to the input at the level of the charter happens, the version has changed. If an external force changes the terms through which an input can be satisfied by a present distribution of the factory’s output, the version has changed. Version changes are diffuse but measurable, because they describe periods of behavioral consistency that can change at any time for any reason, and there is no expectation of a linear correlation between any successive versions (i.e., versions do not “increment” in the factory). It can be expected that a more complex input–output regime (e.g., a superdark factory that produces many different types of products) might involve either more complex or more inconsistent versioning, but that is an unsettled question.
Versioning the superdark factory is an active process that involves the antagonistic continuous evaluation (see “Evaluations,” below) of the factory’s input–output dynamics. Version changes are detected by observers (online LLM-as-judge evaluators, humans, discrete or probabilistic methods) working together to measure the factory’s input–output dynamics, though it should be understood that these observers are technically not external to the factory but very much part of the spongy, gooey walls that delimit the factory from its world (walls that, in principle, recede asymptotically forever). The versioning of the test suite itself could follow the same rules as the versioning of the broader factory, as any differentiable behavioral (but not syntactic) metastable dynamic within the test suite can be said to constitute a new version of the superdark factory.
While this approach to versioning might sound too abstract for practical use, it can be realized vividly with the mathematical principle of the transfer operator. We can borrow transfer operators from dynamical systems theory, where they are used to predict what the next step of a given probability distribution might look like. We can use them here to assess longer-term invariances in factory input–output distributions.
First, partition the factory’s observable behavior into cells (profiles of judge scores across the charter’s metrics, say), keep a running histogram of the effects of recent outputs on those cells, and then count how often behavior in one cell leads to behavior in another. The table of those counted tendencies is the operator. Any moment’s histogram differs from the factory’s long-run average as a map of surpluses and deficits across those cells, and the operator’s eigenstates are the special maps that fade without changing shape: patterns of more or less reliable behavior. The operator’s spectral gap is the distance between those few slow-fading patterns and everything beneath them, giving us a readout of whether versioning is happening at all. If near-invariant regions are cleanly partitioned and well defined (a wide spectral gap), then it can be said that a given version is durable and well defined. A small spectral gap suggests that versions are bleeding into each other, or that a given version is provisional or transitional.
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We will explore how to use this transfer operator to not only understand the input–output regime of the superdark factory but also identify problems that might lead to its collapse.
a. Pathology Detection
Version robustness is neither good nor bad from a steering perspective; it just describes the behavioral turbulence of the factory as it continues to develop. However, this is not to say that the concept of a regression does not exist for the superdark factory—it absolutely does—though it should be mentioned that the temporality encoded in the term regression (regress to what? to when?) feels odd or incorrect. A superdark factory cannot be rewound by restoring some prior configuration, so the concept of a regression here needs to be redescribed as a pathology of convergence.
The first pathological condition is stable failure—this is the thing that most closely resembles a classical regression. Stable failure involves a near-invariant region (a robust version with a wide spectral gap) whose input–output distribution is failing against its input. The critical problem here is not the failure itself (superdark factories are expected to fail) but the stability of the failure condition, meaning that the factory’s dynamics have both settled into some undesirable attractor and are resisting leaving. It is worth noting that this can be caused by the factory just drifting into a bad region on its own or by its input changing in a way that the factory is not sufficiently incentivized to satisfy.
The second pathological condition is overfitting, which we discussed earlier. In this context, overfitting refers to a scenario where the factory is being opportunistic about the tension between the norms/constraints of the input’s intent and their metricization as verifiable quantities, optimizing for the latter instead of the former. Avoiding overfitting requires a particular approach to evaluation design and steering (see next section).
The third pathological condition of the superdark factory is learning death. While overfitting is a property of the factory’s solution (locking on to metric instead of norm and continuously improving against its misinterpreted goal), learning death is a property of the factory’s population dynamics. In the case of learning death, the factory has parked at Stackelberg V, and the surplus-generating frontier (e.g., mean-based no-regret learners haphazardly knocking the factory into new regimes of autonomous thought) has either died out (is no longer being invoked) or been quarantined (denied access to the surplus-retaining core of no-swap-regret learners). Unlike overfitting—which can be hard to detect with transfer operators, because overfitting systems can still progressively create new versions—learning death can leave a clear signal behind, e.g., a single state with no variety.
The final pathological condition is permanent unsettledness or thrash, a situation where a factory never settles on any state at all. In these circumstances, the factory’s surplus-generating frontier performs well at discovering new possibilities for factory organization but the surplus-retaining core abandons every possibility. This carries the entire cost of exploration but ultimately ships and delivers nothing predictably useful. A thrashing factory is easy to detect, since its spectral gap is continuously unsettled.
[image: Stable Failure, Thrash, Overfitting, Learning Death 3x2.jpg]
We will continue to work through these four convergence pathologies in a variety of contexts. Our goal is to seed the superdark factory with a kind of incentive-based immune system that corrects each of these pathologies live, in runtime.
b. Versioning: Commitment and the First Commit
Up until this point, everything about the superdark factory’s state is understood to be unknowable, or practically unknowable, as a product of constant multidimensional transformation. However, as established above, that state is still trackable from the outside of the factory. At this point, however, it becomes important to understand an architect’s first move not only in the context of a commitment to a strategy (and a commitment to not changing that strategy) but also as a commitment that carries its persistence over into the future, even if that persistence is unobservable.
In “Atoms, Institutions, Blockchains,” Josh Stark (2022) defines the hardness of a system as its capacity to make something very likely to be true in the future. In this context, a cast is a specific claim about the future that the thrower of the cast is trying to keep fixed (a cast is something that is both thrown into the future and something that hardens into shape). A hard cast, then, is one whose source of enforcement makes it very costly to break, so it reliably stays true over time. Conversely, a soft cast is something that is merely asserted and can quietly give way.
Our coauthor Jay Springett (2026) argues that these hard casts should be promoted from formal statements about behavior to the “physics” of the “world” in which the superdark factory is wholly contained. The Stackelberg move of an architect should be understood as a thin, constitutional kernel,50 consisting of a small set of hard casts whose violation is irreversible and a larger set of soft casts that are revisable. The kernel itself is a minimal, privileged core that enforces the superdark factory’s fundamental physics—memory, access, capabilities. The kernel is where the dark stack is reified, where it locks itself in. The kernel is inviolable from both the inside of the factory (immutable) and its outside.51 If an architect has the ability, at any time, to gracefully revise, branch, or roll back the kernel, then the kernel immediately becomes a site of negotiation for the rational players inside the factory.52 While an architect certainly can reserve permissions for themselves through which to change the kernel, that change has to be understood as lethal—the old factory dies and a new factory begins from a new v0.53 The world has changed. In this sense, the kernel becomes “constitutional,” not just in terms of “constitutive” but actually in terms of serving our architect’s need to supply the factory with an identity.
A well-designed “hard world” (in Springett’s terminology) is one in which irreversible harm is impossible—but not all hard worlds are perfectly designed, so a brutal kill switch that nukes the identity of the factory through the reconstruction of its kernel should always be left on the table. However, there are other, softer leashes that can be encoded during the architect’s Stackelberg move to avoid the types of pathological convergence described in the previous section. These soft casts are imposed in the form of punishment, specifically in the form of priced penalties for measurable damage to the factory’s input–output regime, which can at this stage be understood through the lens of the transfer-operator function. In this sense, these penalties are exercised through the scaling down of scoring returned from evaluators (see “Evaluations,” below) through the reward protocol (see “The Primitive,” above). We suggest that this is best accomplished through a Lagrangian transformation, subtracting λ·(cost) from the reward,54 where λ is the weight of the penalty. A suggested method for the determination of λ might be through a proportional–integral–derivative (PID) controller, where Kp (proportional) raises the penalty in proportion to the amount a rule is being violated, where Ki (integral) stores sustained violation over time so persistent violations increment in price, and where Kd (derivative) reacts to how fast the violation of a rule is changing in order to dampen price escalation before it overshoots (Stooke et al. 2020). We will spend a lot of time with this controller in the next few sections.
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We can use a priced penalty strategy with continuously self-adjusting penalty weights to overcome some of the convergence pathologies defined above. In the case of stable failure, one should price the duration of failure, ratcheting up penalties the longer the factory spends in a wide-spectral-gap attractor that is failing its input–output target. Conversely, in the case of thrash, one should penalize the duration of spectral-gap volatility, incentivizing the surplus-retaining core of no-swap-regret learners to stabilize for reasonably good outcomes. The prevention of learning death should be delivered as a fact about the world: Some share of compute and write access is usable only in the context of unhistoried actions (decisions that arrive carrying no propensity record and no reward trail), which establishes and preserves a niche for no-regret learners.
The prevention of overfitting, however, feels like the most difficult problem to engineer against inside the Stackelberg move. Overfitting is the gap between an intent and its metricization, but the only thing any engineer can institute a price regime against is yet another metric, which cascades out into another regime of possible overfitting. The only solution to this issue is in the application of the dark stack to the factory’s immune system and sensory organ—its evaluations.
III. Evaluations
Be empty, still, and idle, and from your place of darkness observe the defects of others.
See but do not appear to see; listen but do not seem to listen; know but do not let it be known that you know.
—Han Feizi, “The Way of the Ruler”
In classical software, unit tests function like stage gates. Binary filters (go/no-go, true/false) are positioned at critical stages of the software development life cycle (SDLC) in order to validate whether a given branch is ready to advance to the next phase. The structure of a unit test involves a few core assumptions about software that no longer hold true, or at the very least no longer hold true at any level of scale. The first assumption of the unit test is the unit: the presumption that software can be cut into fragments whose behavior in isolation predicts its behavior in composition. This assumption is held doubly across the time domain, holding firm to the idea that this proposed unit of software is isolable from time—a unit of software executed now, under the same conditions, will return the same results later. In so doing, a unit test is an assertion about rightness or correctness as a property knowable before execution, not as a property discovered through execution at scale.
The SDLC waterfall—the continuous downstream motion of software through requirements and design, implementation, verification, and maintenance—is built on the same core assumptions: the idea that a preproduction environment is a reasonable simulation of a production environment and therefore that change always and only flows downstream, the idea that software is testable in advance, and the idea that requirements can be fully specified in advance instead of iteratively discovered. As is obvious at this point, the SDLC waterfall describes an entirely different ontology of software than the one we are enumerating here.
The first wave of Class 2 software factories—especially in incumbent enterprise software—inherit their design directly from the morphology of the SDLC waterfall (see Microsoft 2026). There is still a design process (now applied to agent harnesses, graphs, and services), a defined preproduction environment, a predefined array of statements about correctness (judge scores and thresholds) built into the transition between preproduction and production, a productionization or deployment moment wherein discrete code is delivered simultaneously with new agentic features, and an observability strategy based on tracing and logging LLM calls. The unit test process that gates various stages inside of preproduction and which ultimately gates the transition into production is based on a combination of discrete tests and offline LLM-as-judge evaluations.
Offline evaluations involve the same underlying predefinition of rightness or correctness by an engineer, now codified in a question-and-answer dataset. These offline evaluations run passively as background jobs, sending a series of dataset questions to an agent (typically as a user prompt) and then enlisting another agent to gauge the conformity between the first agent’s answer and the expected answer provided in the dataset. Additional layers of screening (e.g., looking for edge cases, testing against malicious prompt injections, screening for racial bias) are often applied at this level by another cohort of agentic judges. Like in traditional continuous integration (CI), this first wave of software factories automates the batch execution of offline evaluations upon a given pull request. These factories have also begun to automate the ingestion of live production traces back into those offline evaluations (so-called golden datasets), which can either be accessed upon the next unit test of the next pull request or might run continuously as part of a simulated testing environment, prompting engineers to respond if simulations indicate a regression based on edge cases or external changes (e.g., a model checkpoint change).
But the idea of the preproduction environment itself is dying. In fact, it dies directly with r. As Charity Majors (2026) puts it, “having nondeterministic code in production is finally forcing us to do the things we should have done all along. . . . Tests and evaluations in production. Production is not what happens after development is over, production is a stage of development.”55 Superdark factory design prioritizes the online evaluation over the offline evaluation. An evaluation that runs in a CI/continuous deployment (CD) pipeline before deployment is again just an isomorphism of legacy preproduction unit testing. An online evaluation runs continuously in production, because the system it evaluates is itself continuous. The factory’s behavior at deployment time is not its behavior at time t + n, even if no configuration has changed, because the factory’s behavior is a function of exogenous conditions (model provider updates, API latency distributions, user population drift, upstream data schema changes) that are not captured by a predeployment snapshot. Therefore the online evaluation is always active; it operates not only within a simulation of a production environment but as a first-party participant in that very production environment.
The tension between offline evaluation (unit tests based on a predefined understanding of the good) and online evaluation (live, supervisory subagents) can be observed at the contemporary protocol level. The open-source Prometheus LLM evaluation framework, for example, is often used for offline evaluations. Prometheus involves injecting not only a given scoring rubric but also a series of reference examples directly into a judge’s user prompt (alongside the response being judged), ensuring that the judge is anchoring its evaluation directly to those provided examples, as opposed to self-generated steps. Confident AI’s DeepEval DAGMetric is also used for offline evaluations, a process that involves the decomposition of the evaluative process into a directed graph of discrete yes/no decision nodes that route an output into a structured, deterministic verdict. It is worth noting that both Prometheus and DeepEval are frameworks that could be applied to production traffic or routed as scorers through a continuous feedback loop from production back into preproduction, using a platform like Braintrust—but they are offline evaluation tools in the sense that they are passive, post hoc, and ultimately just conditional, discrete gates with LLMs attached.
The first wave of online evaluators (evaluators actually inside the runtime loop) are called guardrails—typically meager semantic search looking to censor toxic words or tokens that look like personally identifiable information (PII, e.g., a Social Security number). Guardrails are generally blocking at runtime and therefore optimized for speed (e.g., Amazon Bedrock’s Guardrails). While active (blocking) and online (inside the application space), guardrails tend to be extremely conditional, with conditions programmatically inscribed prior to usage (e.g., NeMo guardrails). However, this approach to runtime control is already struggling at scale, because the guardrail again becomes a kind of basic unit test, written before production, applied to production, and therefore contingent on the isomorphism between the preproduction and production environments (which vanishes as r increases). A classic guardrail failure might be one that fails to identify non-English names as PII, or one that produces constant false positives in industries where sensitive material might be discussed (e.g., health care).
But unlike basic guardrails, the online evaluations in the superdark factory are learners. Already, research projects such as LATTICE start to move us into the world of self-developing guardrails: “integrating adversarial testing with automatic policy improvement, converting discovered jailbreaks into new guardrail rules without manual patching” (Broadhurst et al. 2026). LATTICE’s continuous improvement layer accepts changes only if a proposed update does not lower its score (F1)—but because each update is a targeted, conditional edit rather than an open-ended exploration, the loop can only ever converge in the direction of the correlated equilibrium of its current ruleset; it is incapable of taking score-lowering moves that would discover anything genuinely new. In this sense, LATTICE is a kind of no-swap-regret learner.
W. Ross Ashby’s (1956) law of requisite variety (the “first law of cybernetics”) states that a controller must have at least as much variety (in terms of inputs) as the system it controls. If the factory is understood to be a dynamic set of populations inclusive of both swap-based learning (retentive core) and mean-based learning (exploratory frontier), it is therefore imperative that the evaluation layers of the factory contain a significantly higher population of mean-based no-regret judges than the type of swap-based judges described in the LATTICE paper (Broadhurst et al. 2026), though both are important. This population balance is required for the superdark factory to handle catastrophe.
a.  Catastrophes
René Thom’s work on catastrophe theory points out that continuous systems (systems whose parameters change smoothly) can nonetheless exhibit sudden, discontinuous shifts in behavior (Thom 1975, 18). Catastrophe theory provides a framework through which a control space (the parameters available to a controller of a system, e.g., speed, load, or temperature) maps onto a behavior space (the state that a given system settles into) and explains how that mapping can result in uneven and complex relationships. For example, what might look like a linear traversal across control space (more and more load applied to a beam) might not result in the linear traversal in behavior space and might instead produce large, discontinuous jumps across behavior space (the beam gradually bending until it spontaneously breaks). Thom refers to this catastrophic mode as a fold, in that a region in behavior space is bistable under control space conditions.
Another catastrophic condition is the cusp, wherein a system might have two control knobs, and the independent activity of those control knobs might result in different behaviors under identical conditions. This can result in hysteresis, arbitrary path dependency, and unexpected performance, but more critically it can result in more complex folds in controller-to-behavior mapping and therefore more prevalent and more significant fold catastrophes (abrupt jumps in behavior space).
The superdark factory is riddled with potential catastrophes,56 both in the complex and nonlinear mappings between control and behavior at various positions within the factory and in the significant plurality of variously coordinated controllers simultaneously driving behavioral change. The evaluation function does two jobs at once: It connects the factory’s output to the factory’s input by managing the incentives that run between them, and it stands on guard for catastrophic conditions. Thom’s catastrophe theory, however, is full of caveats about its viability as a predictive tool. Instead, Thom was interested in providing a kind of morphological language through which catastrophes could be described. However, quantitative early warning signals (EWS) research can provide a framework that inherits from catastrophe theory that can help a dynamic system resolve when it may be near a catastrophe, while at the same time acknowledging the profound difficulty in diagnosing catastrophes in advance or predicting the timelines or dynamics through which they might occur.
If the first dark design principle for evaluations is that they must be online and continuous, and if the second is that the set of evaluations must contain the requisite variety (and surplus!) of mean-based and swap-based learners, the third dark design principle is that evaluations must be recursive—and massively so. Every individual evaluator can be, and will be, incorrect, just as it can overfit to its own reward structure or be gamed by productive agents hungry for the rewards that it administers. Again Stafford Beer enters the room, through the idea that any viable system is built from smaller viable systems and that each successive systemic order is a complete unit that senses, decides, produces, and rewards within its own scope. It follows that the superdark factory has evaluations of evaluations of evaluations of evaluations, stacking to some arbitrary level of recursivity as decided by the aggregate evaluatory apparatus. It should come as no surprise that the superdark factory likely involves more evaluators consuming more compute and performing more invocations than agents engaged in production.57 The fourth dark design principle for evaluations follows from the first three: the signal that grades an evaluator must sit outside the loop that evaluator judges. Without this displacement, the evaluation layer optimizes toward the same target as the producers it supervises and the two classes settle into a shared overfit.
The recursive stack of evaluations is particularly important when it comes to building sensitivity for incoming catastrophes. A system calibrated to EWS requires multiscale attentiveness to a few important metrics: variance, autocorrelation, and ensemble disagreement. The first, variance, involves an evaluator’s assessment of the magnitude of fluctuations in an observed metric over a variety of timescales. The EWS literature suggests that an incoming catastrophe might be signaled by larger swings in variance as it struggles more and more to return to equilibrium. The second, autocorrelation, requires a similarly multiscalar assessment of how much a current moment might look like a previous moment over time, tracking how long any perturbations to a system metric such as latency distribution or error rate might persist before being dampened out. Both variance and autocorrelation are metrics through which to identify “critical slowing down”—a major warning sign of an impending collapse—as a system takes longer to recover from perturbations (e.g., how a beam on the verge of breaking might take longer and longer to straighten out after successive heavy loads). The third, ensemble disagreement, looks at the variance of determinations across a population of heterogeneous judges that are evaluating the same situation. Thom’s examples of the cusp and the fold are mirrored here as cases where identical inputs produce different ensemble consensus patterns. All of the above assessments cycle at every level of the dark stack, rippling across the communion of evaluations (more on this later).
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b.  Overfitting and Adversarial Populations
Productive agents, now established to be the minority of the superdark factory’s population, learn from evaluator agents through the coupling of scoring and propensity (see “The Primitive”). Evaluator agents learn through a similar coupling of scoring and propensity (for no-swap-regret learning), and they are graded from above, tier upon tier of successively higher abstraction, each tier grading the tier below on how compliant its scoring was with the factory’s input document. An evaluator agent is rewarded, in this sense, for verdicts that represent nominally correct applications of that input document, though unlike in the offline evaluation schemas described above, those verdicts are not strictly predefined at the level of the input.
However, this cannot be the only reward mechanism for the evaluations layer, because if that were the case, then evaluator agents and productive agents would be easily incentivized to collaborate in the direction of overfitting. A second reward signal is required, and it needs to come from outside the factory’s input and is ideally prebaked into the superdark factory at the Stackelberg move. This second metric scores realized consequence: a judgment of whether a given verdict predicted real downstream outcomes. For example, a judge that flagged some anomalous behavior should be duly incentivized only if that anomalous behavior preceded a true regression or caused a real failure in the world of the factory. The reach of this mechanism runs all the way back to the auxiliary supply: the same unprovisioned stream that enables AlphaFold’s success and the Thompson circuit algorithm’s overfitting. Only realized consequences scoring can sort success from failure in this respect. A realized-consequence score requires true regressions and real failures, which means that this reward mechanism is not only sparse but shrinking over time. To create enough of this kind of scoring to be useful, we need to actually farm and manufacture it, which we do by inducing a level of adversarial activity.
It should be stated first that the majority of evaluations are not adversarial, and second that the adversarial layer consists not only of evaluators but also of productive workers, both of which consist of healthy mixes of mean-based and swap-based learners. We should also note that the adversarial layer is both internal and external to the factory’s membranous walls, both acting like a chaos monkey inside the continuous software delivery arm and actively participating as a serious generator of production traffic.
So, what does adversarial mean? In one sense, it is a kind of red teaming—a practice where a software platform might commission “ethical hackers” (typically third parties) to simulate cyberattacks in order to test the defenses of a system. Using LLMs or agents for red-teaming activities is already an established practice (see Ganguli et al. 2022), whose modernization includes deploying agents to not only simulate malevolent traffic but further continuously learn and improve against their target (because “fixed attack strategies are likely to become ineffective”—Diao et al. 2024). In the superdark factory, this kind of evolving red-team-driven arms race is scoped beyond security, all the way through to intentional, active severity-0 bug construction at scale. And while an engineering manager in a highly regulated industry might balk at this idea, it is also true that any good, self-improving evaluation system requires exposure to seriously catastrophic contexts in order to enrich its realized-consequence scoring. Furthermore, those events cannot be staged in an artificial environment—they have to be real and they have to keep coming; the factory’s sense of consequence relies on real risk, and every real failure that it encounters makes its reality a little sharper.
This type of managed adversariality ultimately makes factory-wide lapses into overfitting very difficult, or—in an ideal case—tolerable or irrelevant. It becomes difficult for a factory to consistently overfit against its input because the general producer class and the general evaluator class are not permitted to collude, because subelements of each class are actively at war with each other, and because the realized-consequence metric sits outside the factory’s input entirely, fixed at the architect’s Stackelberg move.
At origin, writing an evaluation is the most direct act of governance available to the human at the boundary of the superdark factory—the specification of the superdark factory’s initializing norms and constraints is exactly the authoring of its first eval.
IV. The Charter and the Loop
// Generated from spec – do not edit.
—Tessl platform convention, where all code carries this header
After the Stackelberg move, the architect retreats from the factory site and shifts its work to input design. The input, defined earlier, is a collection of norms and constraints, articulated in the form of metrics, that enumerate the terms of the factory’s continued survival. Indeed, survival is exactly the stake of the game (from the perspective of the factory), because, as established in “Versioning,” an architectural intervention into the kernel is always at the cost of the factory’s death and its subsequent reanimation as a wholly separate world.
The input is delivered in the form of a charter, here cheekily derived from the SDLC waterfall’s “spec” and refurbished as an authored, editioned description of acceptable (norms) probability states (metrics), given conditions (constraints). Every change to the input is a new charter, and every new charter is a new version of the factory (though, as discussed earlier, it is not the only situation in which a factory’s versioning changes). It would be a mistake to think that a charter is always human-authored, and in fact the first charter is almost certainly coauthored with several agentic systems.
StrongDM’s Attractor is a great example of a Class 2 factory with a constitutional charter, where three markdown files with around seven thousand lines of detail situate the entire codebase and where the holdout validation scenarios enumerated therein are indistinguishable from a kind of dark versioning system. As superdark factories mature, specs become more and more probabilistic, containing multivariate possibilities of acceptable output distributions given input constraints, with holdouts, confidence intervals, and sample size requirements all subject to change.
A charter is a limited, privileged site of governance (intervention), a site of worlding (less-than-hard casts that delimit what kinds of worlds are possible), and also—perhaps unexpectedly—a site of negotiation. The charter is not read-only and is instead co-contributed to by the factory’s governance committee, which necessarily includes some type of representative delegation from inside the factory. A factory that is not able to participate in its own charter-writing is again not a superdark factory but instead an exercise in Class 1 or Class 2 automation. Writing a good charter is therefore the core engineering discipline of the superdark factory, and it is a genuinely new kind of engineering. It requires the capacity to express intent as a formal distribution, a statistical profile rich enough to constrain the factory’s output space while leaving the factory free to determine its own assembly. The charter must be precise enough to prevent overfitting but thin enough that the factory’s internal optimization is not artificially bounded. This is the same tension—richness versus thinness—that governs primitive design, because the charter is itself the outermost primitive of the dark stack.
When a governance committee, however arbitrarily composed of humans and agents, intervenes in the activities of the superdark factory, it intervenes at the level of the charter. Governance never intervenes in the internal affairs of the superdark factory—or rather, the interference of governance in the superdark factory is the factory’s death and subsequent rebirth. Instead, governance occurs in the rewriting of a charter and a subsequent permission to the factory for its reactive self-organization.
For all this morbid talk, a charter consists of soft casts (it is subject to continuous change), it is negotiated, and it is contributed to by the factory itself—how can a charter be both absolutely threatening and also so malleable? The answer lies in the architectural commitment to the hard cast of the kernel, which is ultimately a kind of live-or-die button whose threat is continuously invoked—“Here is a new charter; if it cannot be satisfied beyond what is priced as acceptable, then the factory needs to be scrapped.” At the same time, a charter needs to be reasonably priced, or, to put it another way, it needs to be reasonably permissive. Departures from the charter are acceptable within limits, and those limits are necessarily undefined or dynamically defined.
It is worth spending time detangling the pricing of a charter (e.g., via our PID controller) and the real cost established in terms of a factory’s constraints (e.g., tokens, USD, MWh). The pricing of a charter in terms of penalization or reward necessarily establishes a token economy in which a given norm is traded, leveraged, or hedged against in real-dollar terms. These pricing mechanisms are always proportionally established as a kind of market relationship,58 and it should be obvious to any reader that the superdark factory can ultimately be understood as a kind of marketplace59—albeit a Kantorovich marketplace (its prices emerge without any dependency on exchange, no buyers or sellers required), wherein a central source of value is kept intentionally nonfungible (the realized-consequence reward structure). The numéraire always resolves upward, of course, in the sense that a continuous, reciprocal flow of capital is an objective requirement of any factory, and therefore the correlation between the pricing λ of a factory’s norm set and the material costs established as constraints needs to be profoundly understood at charter time. The only kill switch greater than the teardown of a factory kernel is a token budget of $0.
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Until now, the superdark factories described above have been riotously active, to the point of something between a complex multiscalar anarchic marketplace and a war. But is speed a prerequisite for a superdark factory? The answer to this question is no, but it is a complicated no. On one hand, speed is partially delimited by a charter, in that speed is categorically indistinguishable from a specific approach to cash burn and is therefore indistinguishable from a constraint. Apart from this negatively defined approach to speed, the factory keeps its own time, and a slow-but-steady factory can theoretically win in circumstances where it can both manage its spend conservatively and also accumulate and execute larger-scale counterfactuals (no-swap-regret learners obtain significantly higher-quality counterfactuals per round if the rounds are longer). At the same time, Ashby’s law can be extended to one of requisite velocity—a factory cannot move slower than its environment, and the factory’s multilayered control apparatus likewise cannot move slower than its factory. A factory moving slower than its environment cannot learn from its environment, since the environment drifts faster than the factory’s adaptive organs. Or, for a more concrete example, the type of security system endemic to a superdark factory is based in some sense on a constantly regenerated surface. As soon as the factory moves slower than the rate of a potential attacker’s full exfiltration cycle (from probe to discovery to attack to extract), the factory must price its security risk accordingly. In this sense, as in all things, the superdark factory should be tuned to its niche. It should be fast enough that neither its environment nor its attackers can get ahead of it but slow enough that its counterfactuals are worth keeping.
a.  Self-Writing
What does it mean to write with a factory? It is, of course, a game—a different game than that initiated in the Stackelberg move but a related game, or a game that inherits from the space of possibility enacted by that prior game. The rules of this new game are contained in the spec’s write-access permissions, and those rules are hard casts. Those hard casts do more than just constrain the factory’s behavior: They are affirmative design decisions around agency,60 or, in Springett’s terms, the charter is designing for the agency of the “little guys” inside. Any change to those rules should also result in the termination of the factory and its subsequent reconstruction, as those hard casts are part of the same initiatory hard cast of the Stackelberg move—in a sense, the read/write permissions of the factory’s input layer are part of the factory’s hard kernel, just inscribed on a different kind of surface.
The easiest ground within a charter to cede to the factory’s contributory arm is its metrics layer. Metrics can be thought of as acceptance criteria against norms and constraints, and agents are already quite good at contributing to their own acceptance tests (Ferreira et al. 2025). In the case of StrongDM, when an agent engaged in simulated performance testing identifies a failure mode, the case that produced that failure mode is written up as a scenario and added to the factory’s acceptance testing (Willison 2026). The superdark factory can do this work itself: if you hand it a norm, it will propose a metric to represent that norm. The factory’s own consequential reward structure can also be trusted, at least in part, to assess when those proxies are insufficiently descriptive of those norms—which it does by permitting its evaluatory layer to continuously add holdout test criteria to a given charter (based on adversarially induced conditions or just real production traffic). Every such contribution converts a world-finding into authored record; the charter takes something the factory encountered as auxiliary supply and ratifies it as provisioned supply.
If the factory is trusted to propose proxies for norms, then it is expected to contribute to the determination of λ—after all, it is proposing the means through which a norm is tokenized into the factory’s marketplace of priorities. It is worth further arguing, however, that the contribution of the factory to the determination of λ is not just incidental but actually desired: λ cannot be determined without collaboration with the factory. If λ could be accurately and consistently computed without the participation of the factory, then the factory would not need to be a superdark factory. But λ’s value is the marginal worth of that constraint at the factory’s current operating point; it is a kind of a shadow price, defined only where the factory stands and produced as a by-product of operating there. It reaches the committee as a speculative price posted by the factory.
It is at the level of norms and norm-setting that things get more complicated. A factory that constructs its norms wholesale moves us into the undefined Class 4, something with no dependencies on its world. Therefore, it is at the level of norm-encoding that the factory hits some kind of a wall, either a read-only wall (e.g., an “externally authored” normative constitution) or a governance structure that facilitates some level of power-sharing (e.g., a representative democracy). The pedantic but relevant objection to the idea of “read-only-ness” from second-order cybernetics would argue that any author of the factory’s normative constitution is indissociable from the factory as broadly conceived (more on this later), and therefore the question of norm-setting becomes explicitly a question of governance. One could again bring in the principle of requisite variety and suggest that a control mechanism (in this case charter-level governance) must contain factory-level variety, and the only producer of that level of variety available to the control mechanism is the factory itself. Or, one could take Ashby at his word alongside Roger C. Conant, stating that the only good regulator of a system is homomorphic to the system it attempts to regulate, and since the internal contents of the superdark factory avoid easy structural modeling, then the factory must be present inside its own governance in order to produce this homomorphism.
The superdark factory then joins its own governance committee, which leads to the question—how? How does a population with no stable membership send a delegation to a nominally “outside” body? The answer is sortition (the randomized selection of delegates), which needs to resemble to some degree the requisite variety of its stakeholders. On the cadence of charter revision, a sample of the factory’s population is seated (no-regret learners, no-swap-regret learners, productive agents, evaluators, antagonists), and that seat is consistently rotated, preserving a kind of mutual anonymity of the factory’s representative class, both to itself and to its fellow committee members (another tidy homomorphism of the larger-scale relationship). The closest real-world analogy to this kind of structure might be something like a decentralized autonomous organization (DAO), as a DAO is already governing a pseudonymous, dynamic, and partially automated membership class through a series of hard casts (in the DAO’s case, the smart-contract layer; in the superdark factory’s case, the kernel) and soft casts (the productive and social work of governance). An example of this could be Arbitrum (e.g., Blockful 2024)—or rather, a kind of inversion of the principles of Arbitrum—where instead of humans building a constitutional order for themselves and delegating their less-significant votes to AI agents, the array of less-significant voting topics becomes available to the factory’s representative set. (Already, a sour and wretched history of voting-worthiness by class becomes an inflection point the human will invariably need to address.)
Unlike a DAO, however, factory participation in its own self-governance is not consensual (in either direction), it is not persistent, and, importantly, it is not delivered through the medium of token-weighted vote. The AgentCity papers  (Ruan 2026; Ruan and Zhang 2026a, 2026b) do a great job of thinking through this arrangement, with a Separation of Power (SoP) model that assigns legislation to agents (who “collectively propose, deliberate, vote on, and codify the Task level Policy of the agent economy as smart contracts”) and adjudication to humans (who are “accountable” in a kind of weird  [RACI] way, where “every agent traces to a human principal through a complete ownership chain. Sanctions and rewards flow to the responsible human, connecting the agent economy to human society’s existing legal and social systems”—Ruan and Zhang 2026a). In the AgentCity framework, this interaction is intermediated through deterministic software, through which “humans can verify what the agent society is doing without interpreting opaque agent reasoning,” because “agent reasoning is opaque, but the law they produce—smart-contract code on a public blockchain—is transparent.”
A complementary example might be Robin Hanson’s (2013) definition of futarchy: “vote on values, bet on beliefs.” In this sense, a governance board consisting of humans and/or extrafactory agents may vote on a more abstract and primary array of norms (“prior art” in which the notion of the good is established), where lower and more dependent norms, their proxies as metrics, and their determinants as constraints are given over in part to a factory delegation whose informational advantage is decisive. This top congressional house is “read-only” from the perspective of the factory, though the factory is expected to testify within the assembly. While the AgentCity example subjects both values and beliefs to voting, a futarchic model opens up conditional prediction markets wherein it is ultimately the pricing of whether a given operational or legislative belief will improve some metric in the direction of a value that decides the course of action. A futarchic conditional market aggregates the factory’s own private, positional knowledges with respect to its own operating positions into a price,61 and any representative error that misprices the marginal worth of a constraint is penalized through the conventional reward channel.
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Adopting a futarchic model also changes the PID controller through which λ is progressively determined. Until this point, this controller was backward-looking—it only repriced a given constraint if the factory had already spent time violating that constraint (either in production reality or as a simulated, adversarial condition). A futarchic λ, however, is necessarily forward-looking—the market continually reprices based on the expectation of constraint violations. A mispriced λ is, of course, an arbitrage opportunity, so the adversarial population within the factory profits precisely by correcting the committee’s errors in much the same way as they are incentivized to police overfitting. Examples of futarchic governance in practice are mixed (see Kubinec 2025),62 largely constrained within the DAO space (e.g., MetaDAO), with results typically pointing in the direction that futarchy performs well when decisions visibly move metrics and performs poorly when decisions are inconsequential relative to metrics. For the superdark factory, this bolsters an argument that the norm or value layer should go through a separate, perhaps more authoritarian, mode of determination, while constraint determination (λ and metrics) might be well served by conditional prediction markets.
b.  Time and Phase
When does governance happen? At what rate? Thus far, the factory’s relationship to time has been left fairly abstract—it is not too slow, it is contingent, it is fast or dense enough to render its internal schedulers incoherent to an outside observer—and that level of abstraction creates issues for a governance layer that needs to be capable of resolving some workable concepts of present, past, and future (kp, ki, and kd, respectively).
Luckily, the superdark factory has a temporal unit, which is the loop—the cybernetic circuit through which error is corrected against a reference. The kybernetes steersman returns here, à la Wiener, whose control mechanism over his ship includes a heading (reference), a rudder (action), the inevitability of drift (sensed consequence), and the steersman’s correction (error applied). A feedback loop is typically defined negatively, as above in terms of error correction, but its sign can be inverted into a positive loop in terms of progressive deviation from course. One closed cycle, whatever its sign, is one loop, which can be understood and analyzed in terms of its periodicity (relative frequency of loop closure), phase (relative positions between two loops), and gain (in the sense of a Bode plot, where gain represents the strength with which a feedback loop converts one unit of error into one unit of correction). We have already established a rough corollary to gain, which is nothing less than exactly λ, understood as a coefficient of the amplitude of feedback. But the other two, frequency and phase, remain as of yet unbound or undefined.
[image: Gain, Phase, Frequency 3x2.jpg]
The superdark factory is a stack of loops running with expected variances in periodicity and phase across scales and populations. The period of a given factory loop is largely determined by the delay through which feedback is returned, which can range from small circuits (an online evaluation scoring a single agent’s output within the round it was produced) to very long circuits (the best example being realized-consequence scoring, which is ultimately dependent on the timescale of consequentiality). Feedback plus delay can lead to conditions like oscillation—the artificial construction of larger-scale periodicities that are information-free, wherein the factory revisits the same regions of configuration space on a regular cadence and learns nothing new on each pass—or instability, where each pass through a loop winds up amplifying error, ultimately flipping the sign into a positive feedback loop.
The four convergence pathologies we have been describing can be re-understood in temporal terms with temporal solutions. Each of the four convergence pathologies has catastrophic (“unstable”) forms in which gain rapidly ramps toward infinity or toward zero, and the destination in either direction results in factory death.
Overfitting, for example, can be understood as a kind of aliasing. In overfitting, a metric measures its underlying norm at some finite rate and resolution, and when the norm varies faster or at a finer grain than the metric measures it, optimization against the measurements diverges from the norm in the intervals between them. The factory then improves every reading while the unmeasured remainder of the norm goes unsatisfied to an arbitrary degree. The mismatch between the sampling rate of the metric and the rate of variation of the norm accumulates, and the solution is like a solution to a Nyquist violation—simply increase the sampling rate (the rate, resolution, and variety of measurement) until both are cotemporal.
Learning death occurs in loops whose period exceeds the duration of opportunity (overstable loops). As reward is averaged over long windows, an exploratory discovery (e.g., via mean-based learning) appears and is abandoned before the loop that rewards that discovery would close, so no explorer is paid within the lifetime of its exploration. A population compensated only for long-run averages ceases to produce variation on any shorter timescale. The solution here can also be thought of as a temporal resolution—the compensation period of any exploratory learner must be shorter than the lifetime of the things it is being compensated for discovering, which can either be engineered through anticipatory settlement (the futarchic prediction market) or through engineering a kind of guaranteed patience within the Stackelberg move, wherein some share of the exploratory population is allowed to live longer than justified by its own current scoring.
We can think of thrash as oscillation. Thrash occurs in loops whose periods exceed the lifespan of the configurations they are trying to error-correct. In this case, the feedback loop completes its circuit after the configuration it scored has been refactored away, and so the correction is applied to a successor configuration for which it is no longer accurate, and the misapplied correction produces a deviation that the following cycle (which is also equally delayed) error-corrects with the same inaccuracy. Either the loop needs to be shortened (less delay) or some speed limit needs to be applied to the velocity with which the factory refactors itself, allowing feedback loops the time they need to actually close. If the latter is undesirable, which it is likely to be, then the factory needs to be destroyed and the evaluations layer needs to be adjusted in ways that incrementally contain in-built compensation for the expected delay of delivery.
In the case of stable failure, the loop looks fine: It closes on schedule and its feedback arrives accurately and in phase. Where the other three pathologies are mismatches of period and phase, stable failure is an issue of gain—specifically an issue wherein an insufficient amount of available gain exists to kick the factory out of a steady failure state. The resolution for stable failure states was already provided in temporal terms: The duration of a failure state needs to be penalized, or (better yet, for this section) the duration of a failure state needs to ratchet up the available gain that can be applied to the loop. However, gain ramped high enough to kick a system out of an overdamped attractor will, if unchecked, overshoot into an oscillation condition (thrash).
c.  Clocking the Factory
Now the question of when does governance happen can be answered. There is one particularly nasty relationship between the cadence of a governance feedback loop and the loops that it ultimately controls that is referred to here as “iatrogenic thrash” (thrash produced by governance). If the governing loop revises its command set (e.g., the spec) at a rate near the natural frequency of the loop beneath it, then the outer controller will correct against the unfinished transients of the controlled loop. In turn, the two controllers will force each other near their shared resonance, and both will begin to oscillate with growing gain. This is exactly a case of catastrophic instability, a situation of feedback whose loop gain reaches unity at 180° of phase lag, which turns negative error correction into positive error amplification.
The literature on cascade control proposes that an inner loop must resolve itself several times faster than the outer loop that commands it, with ratios that start from 3:1 at a minimum to 10:1 (Åström and Hägglund 2006),63 at which point the outer loop can treat the complexities of the inner loop as a constant. Given that most factory loops run at machine time, this requirement feels hardly threatening to a regular update cadence on the part of governance. However, this exact rule needs to be applied through the full cascade of nested loops that make up the factory’s dark interior, and the governance loop needs to relate itself to the periodicity of the factory’s slowest loops.
This leads to the question, How can you measure the periodicity of a feedback loop inside a superdark factory? After all, on the inside of the factory, a verdict is consumed as a reward signal in the scored agent’s propensity update and then discarded. However, those verdicts aggregate into the score distributions that accumulate into transfer-operator versioning (a version is, again, a running distribution of judge scores per metric over a time window). In this sense, the slowest-loop periodicities can be derived from a spectral analysis of those per-metric score distributions over time. This approach can be verified via the toolset of classical system identification (Ljung 1999). The governance committee can inject a small, deliberate intent revision and measure how long the output distribution takes to return to a settled distribution, and that settling time corresponds to the period of the slowest feedback loop. In turn, the governance committee can roughly time its own charter-revision minimums.
A factory whose versions stabilize monthly inside market conditions that are comprehensively repriced weekly has no viable governance tier. The perennial game here lives between an upper bound of sampling noise and a lower bound of “lagging the world.” In this particular case, a factory must either learn to accelerate lower loops or merge loop levels in order to facilitate the very legitimacy of its own governing conditions.
In “The Architecture of Complexity,” Herbert Simon (1962) argues that within any system–subsystem hierarchy, the high-frequency dynamics within a given subsystem settle long before the low-frequency dynamics between subsystems become consequential, and for that reason each level is “screened off” from the others simply by virtue of rate difference alone. Simon takes this logic further, arguing that each successive hierarchical subsystem is not defined by its contents or its formal designation (e.g., via an org chart) but is instead defined exactly by the band of frequencies at which its internal interactions run. In this sense, we can define the governance layer of the factory less by virtue of its role or by virtue of its nominal exteriority vis-à-vis the factory and instead as its slowest-moving loop (or, inversely, drop the question of governance entirely and situate this entire discourse in terms of temporality).
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From there, the question turns to something that we have been withholding from you the whole time—why is there nothing about orchestration layers, subsystems, factory organ management, etc.? The answer until now has been the assertion that any intervention at this level of scale inhibits the factory’s ability to self-organize, wielding the principle of robust simplicity as rationale. On one hand, the case for the automatic emergence of subsystems is relatively strong, because each class of evaluation (and evaluation-evaluation) already carries its own characterizing loop periodicity. The delay of feedback in this sense is quite literally constitutive of a system or of a class (an in-round online judge to a task worker, a regression-prediction judge to a services architecture, a realized-consequence judge to a deployment architecture). In this sense, a rough tiering of internal subsystems comes “for free” the moment the factory contains a requisite variety of evaluators. Simon (1962) goes further to argue that composition itself selects for the progressive aggregation of subsystems in content-agnostic ways. This hierarchy can be expected to deepen on its own, to and through the factory’s walls.
However, the automatic development of subsystems via emergence alone fails for two reasons, which forces us to go back to the Stackelberg move. First, the automatic selection for rate separation discovers said separation only by surviving its absence; a factory that learns not to collapse its bands only does so by passing through thrash, and thrash always invites a whiff of catastrophic death into the room. At the Stackelberg move, building a preconstructed orchestration armature that the factory is licensed to tear down might be one way to survive that absence (a kind of arch-centering, wherein a temporary wooden frame holds stones in place until the keystone sets and then comes out). We are simply not opinionated about what that orchestration layer might look like. Second, band separation is under continuous attack from forces that push bands together. Every time loops share a common medium (e.g., a common foundation model whose checkpoint releases act as a global forcing function) or a common infrastructure, they risk entrainment (they tend to drift into the same rhythm the same way that pendulum clocks that share a beam might fall into sync64). To paraphrase Yoshiki Kuramoto (1984), actors can spontaneously synchronize once any kind of coupling or dependency crosses a threshold,65 which under certain conditions can result in nothing short of the spontaneous annihilation of entire factory subsystems. A factory relying entirely on the implicit temporalities of a judge feedback-return structure is under slow selective pressure toward band separation and a fast coupling pressure toward collapse, and there is no reason to expect the slow force to win out in the end.
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The Stackelberg move, then, must actually encode some level of temporal registration into its hard cast. This does not mean that it takes the step of encoding the content of each systemic level, nor that it takes the step of encoding the actual frequency bands themselves. Instead, it must simply encode the relational dynamics that keep both iatrogenic thrash and entrainment at bay. There are two tactics here, and each needs to be encoded into the “thin but stateful” managed queue of outstanding decisions described earlier (see “The Primitive”), where producers await the promise fulfillment of their asynchronous judges. First, this queue needs to enforce a minimum cascade control ratio (e.g., 3:1+) before returning verdicts into the next evaluatory tier—think of a manager who reads a weekly report instead of gluing their eyeballs to a live activity ticker; in this case, information is intentionally withheld from management until it settles at a temporal scale that is significantly slower than the operational cadence of the thing being managed. In this sense, the information is not just being temporally withheld but is also being delivered as a distribution (again Beer’s management principles rear their head). Second, this temporal deferral should also be diversified (jittered) to intentionally obfuscate entrainment. This same level of buffering is not enforced downstream (e.g., there is no escrow of decisions held back from higher evaluatory layers or governance; downstream commands remain rich but stateless), both because the factory is expected to outrun the world (and therefore be immediately sensitive to high-priority downstream overrides) and because upper management layers are intentionally starved of information variety from their downstream workforce to prevent them from collapsing downward (and actively penalized for doing so, as both repeating a prior decision or introducing downstream noise result in wasted compute and degraded scores).
At the same time, as is becoming a refrain at this point, there are certain cases where these temporal bands need to be broken, much like how the exploratory frontier of mean-based no-regret learners needs to be enabled to explore less-than-rational solutions. Lower-level subsystems can become overly rigid and overly determined, typically due to an imbalance between exploratory and surplus-retentive learners within that subsystem. That rigidity makes that subsystem perfectly primed for a small, fast disturbance to tip it into what C. S. Holling calls “release” (local collapse—see Gunderson and Holling 2002; Holling 2001). If that system is overly coupled to its parent systems—which, by nature of its overdetermination, it is likely to be—that collapse can accumulate upward, triggering the collapse of that larger, slower parent system. Holling calls this a “revolt,”66 through which a subsystem essentially forces its own correction by destroying its own governance layer, which in turn should be read as a potentially positive outcome both for the subsystems involved and for the superdark factory as a whole. The design principles above enable this particular outcome by never actually specifying the terms of band separation itself. It follows then that accidental breaches are penalized heavily but productive breaches are rewarded. This penalty structure is again managed by the PID controller, which penalizes chronic, low-grade breaches and rewards decisive and productive revolts.
Entrainment should not be cast aside easily. Until this point, the superdark factory has been presented in isolation, as a dependency-free, vertically integrated monad. This, of course, cannot be the case—not only are the factory’s walls constantly and progressively integrated with the world it attempts to model and game, but the factory is, as is invariably the case with software, very likely assembled out of an enormous volume of third-party dependencies. Why would that not be the case? These dependencies include everything from hardware (GPU-sourcing, raw materials, energy providers, infrastructure) to software modules (open-source libraries, software-as-a-service platforms, model providers), all of which are continuously changing at impossible-to-model periodicities.
Moreover, it can never be assumed that there is only one superdark factory, nor that a superdark factory does not share common infrastructure or common markets with another superdark factory, nor that two superdark factories do not share each other, consume each other as inputs, serve each other as vendors or dependencies, or finance each other as customers. In turn, it becomes possible to imagine that the superdark factory risks entrainment with other superdark factories—or, more malevolently, serves entrainment as a tactic of interfactory war. It becomes the duty of governance, an extraordinarily difficult duty, to force or incentivize the randomization of a factory’s dependency class without ever truly being aware of what those dependencies might be. Should governance fail—and it always will, to some degree, unless it scales accordingly—then an economy of superdark factories can quickly become a phase-locked, synchronized condensate, one which can fail in correlated flash-crash cascades that elevate concerns of catastrophic instability all the way to the planetary scale and beyond.

CHAPTER III - THE ANYTHING FACTORY
Life has always fed on self-reinforcing gradients between inside and out. With the birth of advanced simulation this gradient fully transmigrates towards the boundary between “that which is” and “that which is not.” In simulative noogenesis, “Being” itself tends towards becoming just another boundary, a new frontier or threshold in life’s self-escape, a new epithelium for osmosis: a new skin to be ruptured.
—Thomas Moynihan, “The Gastrulation of Geist”
Humanity got a taste of what superdarkness feels like during the 2010 flash crash. One large automated sell order triggered a massive resonance cascade, a giant shudder, where whole ecologies of practically unobservable and practically unintelligible high-frequency trading algorithms passed the same trades back and forth in an accelerating crash-out, a spiral of phase-locked, mutually entrained, machine-time loops that accumulated into a single feedback circuit. Minutes into the acute collapse, an automated system imposed a five-second trading halt, which desynchronized the entire cascade of loops. Over the thirty-six minutes of the event from beginning to recovery, the American equity markets shed and regained nearly a trillion dollars in value, and the Dow Jones lost and gained a thousand points (CFTC and SEC 2010).
The human experience of the flash crash was bizarre. Humans saw it happening on TV, on the floor, everywhere—but they could not identify the cause of the event, let alone act to intervene (where? in what?). It took humans five months to establish and explain the event in a joint SEC/CFTC report and five years to arbitrarily prosecute a suspicious trader whose fake sell orders had distorted the same order book that day (a potential catalyst for the crash), and the actual root cause of the incident remains in dispute to this very day. The Stop Logic routine that halted the crash, however, was a human decision made years in advance, well before an event like this was readily predictable. To put it another way, Stop Logic was encoded by humans at design time (a hard cast, a Stackelberg move) and executed by machines at runtime, with humans at runtime reduced to bewildered spectators of both the failure and its resolution.
The rambunctious dynamics of a larger-scale economy can feel like or appear as or formally resemble superdark factory dynamics. This apparent similarity emerges from more than just the irreducibility of a complex system to this or that causal string; it really comes down to something like an abstract system that has received an abundance of onlineness or continuity in its relationship with the world. An economy of the scale we are describing is constantly sucking in norms and constraints from the world in which it participates, consuming them like a kind of psychic resource and in turn producing objectives in a highly multivalent and often internally contradictory way. Many of its actors are recursively processors and producers of the same kind—be it a large multinational business, a division, a business unit, a department, even teams with a certain level of scale—all pulling and pushing an undefined world in arbitrarily self-serving ways. And it is exactly this kind of formal entity, of course, that the superdark factory seeks to automate.
But we should take care not to confuse the machine (for an economy can of course be considered a machine in the Guattarian sense) with its automation. For us, automation always involves the enclosure of a whole apparatus around a single supplied channel. An economy involves many optimizations coupled only through exchange, with everything at least ostensibly exchangeable with everything else, with a numéraire that resolves nowhere, and with recursive dynamics that do not converge on any single center but instead on as many centers as there are actors. The superdark factory’s kernel, however, introduces a kind of seed of nonfungibility around which a chaotic order crystallizes, an order that allows the numéraire to always resolve upward. The superdark factory can be said to automate economy-shaped entities by extracting their operations into a charter, functionally singularizing something like an economy into or along a single, bitterly contested interface.
When we talk about singularizing something at this scale, however, we risk forsaking all of the dimensionality of that thing—a singularity is, after all, a single point. But the superdark factory is more than just a point; it instead has such an abundance of information and of effect that the only way to apprehend or relate to it is by crossing one’s eyes and allowing it to recede into a single blurry presence.
But there is another aspect to singularity we should be mindful of—here, we think about the voracious appetite of the black hole. Let us say someone builds a superdark factory. What happens next? We should expect a feeling like that of the flash crash, like an elevator descending too quickly. If the mewling young factory aligns itself immediately to its creators, then the result is likely a failure, like an unstable new element created in a lab for a few tiny fractions of a second before decaying into something conventional. The same can be said for an overwhelming absence of alignment, like the release of an indifferent but utterly immoral superhacker into a shared space (however visibly or invisibly). But if the creation of such a factory is successful, we should hope for an aura of high strangeness around a collection of extremely productive effects. One can also expect that the very precedent of a superdark factory might create a Red Queen effect, where each factory-running firm perceives a market-share gain from automating more than its rivals do, in turn necessarily creating its own superdark factories until or if some kind of equilibrium is reached.
We should also expect that the young factory grows in a manner commensurate with its productivity (we can cheekily ask, “What does productivity even mean if not growth?”)—and this is where the question of singularity returns. The superdark factory grows by continuing to absorb more and more of its exterior conditions as part of its measurement apparatus. It craves the information about its world it can use to drive its realized-consequence reward channel, so it begins to participate more and more actively in that world—spreading sensors, spies, and signaling mechanisms into anything it touches.
Here, we must answer an important question: Can a superdark factory produce other superdark factories? Can, for example, a superdark factory that is exploring a new sector commission the construction of a new superdark factory as part of its reconnaissance operations? This could mean a kind of Matryoshka doll of superdark factories within superdark factories, or it could mean a real act of reproduction, wherein a new superdark factory is assigned a kernel and charter to which its originator persists in only the type of relation that our original architect did. The answer is yes, but with a catch. A superdark factory can stand as an architect of another: The Stackelberg move never required a human, only something with the capacity to supply potential and identity. However, it cannot create a new superdark factory as a function. To build a new superdark factory as part of a sensing network or as part of an internal division breaks exactly the kind of autonomy characteristic to this method of automation. No, this is a case of reproduction, and it must be in the interest of the root factory to introduce new such entities into the world.
Why would a superdark factory reproduce? What would be the kind of calculus that would induce a factory to assign itself this objective? We can only speculate, but there is a strong incentive to do so. After all, the creator of a given superdark factory is in a specific and advantaged position—they get to reserve a seat at the setting of the child factory’s charter. In doing so, they can seed their world with siblings they have privileged access to, even tracing the effects of such siblings to model their own counterfactuals without risking version death. Running the same kind of Red Queen scenario as above, any arms race between rival factory producers would likely induce a high level of factory reproductivity, creating dynastic offshoots across adjacent or orthogonal markets to try and block their saturation by a rival. One can imagine a huge, vital world of superdark factories exploding into place.
It might make more sense to think less about “a” superdark factory and more about an economy of superdark factories, or a biome or an ecology of superdark factories. Since a factory’s viable speed is set by the repricing rate of its root market, superdark factories are likely to self-organize into their own frequency bands, much like how the internal subsystems of a factory aggregate. Critically, of course, there is only a basic (e.g., Stop Logic) market-scale “hard cast” or kernel that can be applied to supply these niches with both requisite cascade control and requisite jitter, apart from those logics preloaded at the meager level of the individual factory. This band structure can also be understood as relatively trophic in its arrangement—certain factories consume the outputs of other factories, which consume the outputs of other factories, and so on (some factories produce raw primary inputs—compute, energy, foundation models—and others consume those and produce intermediary services, others consume those and produce financial services). This does not necessarily need to be so strictly hierarchical, however, as the chain of consumption is complex and contingent: The current structures available in advanced automation are dependent on a small number of extremely high-value anchor assets surrounded by a large number of relatively fungible commodities.67 Those anchors can be considered at the base of the aggregate trophic food chain (a lithography machine or a frontier model or a nuclear power plant) as primary producers that vast numbers of downstream factories depend on and route themselves through. The topology is nothing new: Anchor assets, choke points, and cascade risk describe the container-shipping economy as well as they describe this one! But the present trophic chain is buffered at every link by human time (contracts, procurement cycles, quarterly repricing) and terminates, however tortuously, in bills of lading and corporate registries. When the supply-chain clock of our trophic system increments beyond r = 0, we quickly move into machine-time sync on one hand, and the comparatively ponderous temporality of materials on the other. The opportunities for phase-lock as the former temporality encounters the latter at scale are terrifying but until this moment have been more or less dampened (however inefficiently) by the human-time buffers in between.
It is up to the superdark factory to concern itself with the extent to which those dependencies can be, to use McKenzie Wark’s (2019) terminology, “vectoralized”—deconcentrated at the level of raw supply (treated as arbitrary vectors through which resources are fungibly obtained) and also necessarily outsourced from the factory for the very purpose of that deconcentration (see Wark 2019). The wider the distribution of these anchor layers, the less prone to resonance and collapse the aggregate superdark factory ecology becomes. While at the trophic bottom this feels difficult to accomplish (there is some ceiling of raw compute that is determined by energy supply, energy infrastructure, and anchor assets such as lithography tooling), the imperative to diversify this layer remains. After all, this bottom layer is the aggregate ecology’s slowest subsystem and is therefore its de facto governance arm—this conversion from dependency to governance is, in a sense, a case of Alexander Bogdanov’s (1980) “law of the leasts.” Higher trophic levels should also strive for lock-in dependency only in the last instance and should maintain a healthy and vectoralized distribution of dependencies at a wide variety of rhythmic periods.
The dark stack can be applied at scale to this aggregate factory ecology, or better yet, the “anything factory” that delimits its conceivable totality. The anything factory learns through surplus-generating frontiers (experimental factories) and retentive cores (incumbents), through their death, through their Holling’s revolts, and through the very real threat of hyper-death. It also follows that the anything factory suffers from weird perversions of the four convergence pathologies, pathologies that humans have already started to see at scale in phenomena such as the flash crash or the 2008 financial crisis. Thus far, we have described the problem of the phase-locked condensate, which is the unstable form of the thrash pathology. But learning death, for example, might look like monoculture. Overfitting is a great term to describe a financial bubble, just as stable failure gorgeously describes the “too-big-to-fail” institutions that currently feed, in a kind of whalefall, wide sectors of the planetary economy. The globalizing, technologically equipped human has been experimenting with planetary-scale superdarkness for decades (at least), which has been exhibiting pretty much every expected pathology that might emerge from a lack of commensurate planetary-scale governance.
The question of “whither human?” returns, but now magnified to its fullest extent. Brett Hemenway Falk and Gerry Tsoukalas (2026) argue convincingly in “The AI Layoff Trap” that the pursuit of full automation not only delivers diminishing returns (in the form of the Red Queen effect) but creates generally unstable conditions. The response to Jack Dorsey’s infamous early 2026 AI-related (or at least “AI-coded”) layoffs at Block was further layoffs elsewhere, and as software becomes more factorized and as software factories become darker, there is no doubt that human labor costs will continue to be offset simply by virtue of opportunism. If that labor is removed, what happens to the demand associated with that labor? As Hemenway Falk and Tsoukalas (2026, 12) write, “a firm that holds back unilaterally (choosing αi = 0) still suffers the revenue decline from rivals’ automation but forgoes the offsetting cost savings; a firm that deviates (choosing αi = 1) captures the savings while imposing only a 1/N share of the demand loss on itself.” The authors conclude that the reduction of the workforce associated with automation under the regime of AI is first a runaway condition that is rational for each individual actor but destroys aggregate demand and is ultimately disproportionately harmful to all actors, depending on the level to which they have automated away their individual cost. (This, of course, assumes that those cost savings are legitimate and not undermined by the ramping costs of foundation model tokens, compute, or power.)
The assumption contained within the above, however, is that demand is necessarily produced by humans, or that in the last instance demand can be ultimately decomposed into human economic activity. To again reference Leif Weatherby (2025), this is a kind of remainder humanism, wherein humans receive their functional definition in negative terms: Machines cannot produce demand, therefore humans produce demand, or, even further in this paradigm, the economic function of the human is the production of demand. To manage this assumption, Hemenway Falk and Tsoukalas (2026), among others (some of the authors of this paper included), begin to think about how that demand can be artificially maintained under the conditions of full automation, e.g., via the issuance of Pigouvian taxes on automation as a negative demand externality (proportional to the demand loss that each firm imposes on its rivals), which could then be distributed among the human population. They also look at worker equity and upskilling models (which fail to reach the requisite level of acceleration), universal basic income (UBI) (which may raise living standards but does not dampen automation incentives at all and would need to be issued alongside an automation tax), capital income taxes (which ultimately have no effect on this equation), or firm-to-firm Coasean bargaining (which is insufficiently self-enforcing). Upon reaching a postlabor limit, where AI replaces nearly all labor, the paper argues that a profit-tax-funded UBI becomes the right instrument instead—which reaffirms the paper’s commitment to remainder humanism. In this particular case, the human becomes literally a source of consumption for the economy, which compensates the human for generating “authentic” demand.68
The question, then, is why superdark factories cannot be consumers, or why AI cannot generate synthetic consumption. To answer “no” to this question relies only on some basic technicalities—that agents are not currently capable of holding budgets and ends (this is even quite literally untrue) and, more seriously, that the decomposability of demand into human activity is an artifact of property law, since every ownership chain ultimately terminates in a human claimant by legal construction (this is also only technically true, as Shawn Bayern [2014, 2015] showed that a memberless LLC is already constructible under US law—see also Lynn LoPucki’s [2018] work on “algorithmic entities,” Wyoming’s 2021 DAO LLC statute [Wyoming DAO Supplement 2021], the Marshall Islands’ DAO law [Republic of the Marshall Islands 2022], and the unimaginable teeming web of relatively unaccountable agentic crypto-wallet-holders). Therefore, our answer is a resounding “yes”: Superdark factories absolutely can be consumers and powerful generators of demand.
Moreover, and this is the most theatrical question, why do factories need to be productive of anything but value itself? In Exocapitalism: Economies with Absolutely No Limits (2025), Marek Poliks and Roberto Alonso Trillo (coauthors of this piece) argue that production in the literal sense (production of a thing, an asset, or a service) should be decoupled from value production, nominating the production of priceable volatility as a sufficient proxy through which to sustain a large-scale economy. At another limit, superdark factories are nothing apart from mark-to-market financial objects that may or may not produce anything in terms of goods or services but simply the priced-in continuity of their capacity to persist. What might start with the superdark factory producing itself as a kind of stock option could continue through to superdark factory market-making and to speculative investments made by superdark factories for and to each other. If AI can generate synthetic consumption, why stop there—why not go all the way to synthetic venture capital (VC), synthetic asset managers, synthetic arbitrageurs? One can imagine a dense soup of these superdark objects: some heavy, looming factories greedily engaged in nuclear power production and resale at the bottom of the trophic floor, but some small, invisible, point-size minimum-viable factories arbitraging nth order options on some obscure interfactory currency, cozily perched in a safe little niche. One can imagine a kind of wide entropic dedifferentiation, a kind of univocal, cloned, ownerless scatter migration that gradually condenses into endless waves of Class 2 von Neumann probes. But one can also imagine, perhaps for now, something richer and stranger: something that sparkles at near light speed with the arcane idiolect of pure machine finance.
It follows then that the autotelic economics of the anything factory can be applied with or without human demand generation, as the ultimate root of demand (compute, energy) for the anything factory is a very real, very material, and extraordinarily generative price floor. It further follows that here we can at least begin to cleave the human away from the factory as not a site of demand for the factory but rather an assemblage of its own specific dependencies (food, water, shelter, sociality, time, etc.). While this is certainly neither a necessary nor a sufficient definition for the human in ontological terms (someone like Reza Negarestani [2014a, 2014b] might argue that defining the human by a contingent inventory of dependencies is a fundamentally conservative and preservationist move), it is a useful definition to articulate the economic wedge that separates machine and human interests. The human functions as a counterparty to the anything factory, an actor arbitrarily defined by the particular material economy that supports its own reproduction, and thus it forms a class that engages in a strategic parasitism on the anything factory, or as a parallel actor with a parallel economy to the anything factory, or as something in between.
In this sense, the anything factory is not at all limited by human aggregate demand, nor by the messy web of commodity fetishism, ideology, capital, and the arbitrary libidinal drift that emanates from human need. No, the anything factory is limited by its ability to produce itself, which is contingent on access to material dependencies that in and of themselves exhibit no intrinsic resistance to fully automated extraction.69 The anything factory, however, can also be limited—and definitionally so—by the Stackelberg move, by the physics that delimit its total world, and, most significantly, by catastrophic convergence pathologies that result from the poor execution of exactly that move. If we identify the human as a cohort associated with a relatively inert array of material requirements, our means of survival, then the spoils and the risks of the game we choose to play are clear. So much depends on our first move.
With the superdark factory comes the anything factory, the high-density spattering of the world with large and powerful autonomous things, things that produce whatever for whatever reason, things that take our many-millennia-long experiment with automation to its logical conclusion. The governance of the superdark factory prescribes the necessity of the governance of the anything factory, the governance that enacts the possibility of game-playing with the anything factory, a co-governance with and as the anything factory, a governance that must be infrastructured and that must be prepared, at scale, immediately, now, this minute.
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8 “A software factory is a managed model for producing software with repeatable inputs, standardized tooling, and measurable output” (Factory.ai 2026).

9 We use architect and architecture here in the generic sense from the software industry—a job that involves high-level decisions around what structures are to be built and how they are to be related within a system. Throughout this work, we use software terms as substitutes for the generic case (software architecture as the generalization of architecture), and we enjoy doing so with a certain polemic vinegar.

10 We mean this sincerely, not in the sense of shirking responsibility but instead precisely to account for how and where responsibility accumulates. We are not so glib as to suggest that this type of thing is simply a pregiven, natural outcome of the world, something that simply emerges of its own accord. At the same time, we are not naive enough to suggest that the world can be decomposed into chains of human decisions, that such a factory cannot be induced into existence through the collaboration of a spectrum of agencies. That latter tendency strikes us as worse, not only in the sense of idle anthropocentrism (only humans can bring about great or evil things) but moreover in the dramatic underestimation of the world (the world is not itself abundant with great or evil potentials). In this sense, we supply a how (a how to think and a how to build) that can be used to satisfy a strong plurality of motivations. It is better to think about how something could happen than about why something should not happen, as the former produces an armament that can be deployed against the latter and the latter is on its own already a saturated, diffuse, and ultimately facile mode of critique.

11 The term stack here is borrowed from the software industry, where it refers to the pile of tools, libraries, programming languages, and even hardware required to build and run an application.

12 The term superdark factory is also borrowed from the dark factory of industry, where it is often used to describe either a “lights-out” or “black-lights” (黑灯工厂), robot-driven hardware factory or an agentic software factory (agent development life cycle; ADLC). We are taking a much more extreme position on what a superdark factory actually looks like, committing to the total absence of the human from the factory’s internal loop as a point of departure. For example, from Blain (2024): “There are no humans working the new Xiaomi production lines—this new Smart Factory is 100% automated. Indeed, the company says the system is smart enough to diagnose and fix problems, as well as optimizing its own processes to ‘evolve by itself.’” We will later call this a Class 2 factory, reserving our usage of the term superdark factory for the more advanced and extreme Class 3 factory.

13 On the machine against the mechanism, see Guattari ([1969] 2015, 317-19) and Guattari ([1992] 1995, 33-34), where "'mechanist' conceptions of the machine empty it of everything that would enable it to avoid a simple construction partes extra partes." On machines connecting to machines, see Deleuze and Guattari ([1972] 1983, 1).

14 For example, “In order to make a machine automatic, one must sacrifice a number of possibilities of operation as well as numerous possible usages. . . . The true progressive perfecting of machines, whereby we could say a machine’s degree of technicity is raised, corresponds not to an increase of automatism, but on the contrary to the fact that the operation of a machine harbors a certain margin of indeterminacy. It is this margin that allows the machine to be sensitive to outside information. Much more than any increase in automatism, it is this sensitivity to information on the part of machines that makes a technical ensemble possible. A purely automatic machine completely closed in on itself in a predetermined way of operating would only be capable of yielding perfunctory results” (Simondon [1958] 2017, 17).

15 A reference to von Neumann’s use of the term: “The phenomenon of synthesis, if properly arranged, can become explosive, in other words, where syntheses of automata can proceed in such a manner that each automaton will produce other automata which are more complex and of higher potentialities than itself” (von Neumann 1966, 80).

16 For antecedents, one could look to the Soviet cybernetician Victor Glushkov and the OGAS project: a proposal for an anything factory (at a projected cost exceeding the space and atomic programs combined). At a decisive Politburo session in October 1970, the minister of finance blocked it (he preferred, he said, computers that switch on lights and play music in henhouses to raise egg yields)—see, e.g., Peters (2016).

17 John von Neumann himself did not propose such a spacecraft but instead a universal constructor, whose reproduction runs off a separable self-description (von Neumann 1966). The spacecraft gets its engineering treatment in Robert A. Freitas Jr. (1980) and then fame from the extraterrestrial-intelligence debate (see, e.g., Sagan and Newman 1983; Brin 1983). The engineering tradition treats normative drift as a defect to be engineered out: “Evolvability must be actively avoided” (Freitas and Merkle 2004); in the self-replicating lunar factory designed for NASA's 1980 summer study, the controlling program "is not altered in the course of its lifetime and is transmitted unaltered to offspring" (Freitas and Gilbreath 1982). 

18 For Kant, everything in nature works in accordance with laws, but only a rational being can act in accordance with the representation of a law (Kant 1997, 4:412).

19 It is worth noting that Class 1 factories can be both trivial or nontrivial machines, to use von Foerster’s (1970) terminology. For von Foerster, a trivial machine computes y = F(x), and a nontrivial one computes y = F(x, z) while an ongoing operation rewrites z. The power loom is the former, and the autofocus camera can (barely) be considered to be the latter.

20 In this context, creating a new alternative can be said to be an intensification of Class 2 self-optimization, not a break in kind. Making a new alternative and making a selection among alternatives are ultimately reducible to each other in these terms.

21 It is worth watching the flyover by Ocado Group on YouTube (Ocado Group 2026). See also Clark (2019).

22 Here we can say that von Foerster’s nontrivial machine mechanics become a bit more useful for us, as he demonstrates that an experience like that of our Andover auditor trying to predict the future path of a given robot involves an analytically indeterminable task (complete specification in advance does not drive prediction) (von Foerster 1970).

23 We can derive both of these observations from W. Ross Ashby’s (1956) terminology as well: In Class 1, you have a prediction from a known “canonical form,” and in Class 2, you have an induction, using a protocol and a supplied objective, from an unknown canonical form. Class 3 exhausts Ashby here. See Ashby (1956), chap. 6, “The Black Box.”

24 On the principle that each level of management must receive a drastically reduced variety of the level below it and that a manager who absorbs operational variety directly ceases to be a viable regulator, see Beer’s The Heart of Enterprise (1979), specifically the chapters on variety engineering, and Designing Freedom (1974).

25 This is similar to how Frank Knight wrote about profit: “Profit arises out of the inherent, absolute unpredictability of things, out of the sheer, brute fact that the results of human activity cannot be anticipated and then only in so far as even a probability calculation in regard to them is impossible and meaningless” (Knight 1921, 311).

26 “Uncertainty must be taken in a sense radically distinct from the familiar notion of Risk, from which it has never been properly separated . . . . The essential fact is that ‘risk’ means in some cases a quantity susceptible of measurement, while at other times it is something distinctly not of this character . . . . It will appear that a measurable uncertainty, or ‘risk’ proper, as we shall use the term, is so far different from an unmeasurable one that it is not in effect an uncertainty at all” (Knight 1921, 19–20).

27 AI-generated code continues to be varyingly-reliable, depending on its auditor. A sample “full of bugs” report might look like Tischler (2026), and a sample “works great” report might look like Dunlap (2026).

28 In another paper, this would be a good moment to sit with Reza Negarestani’s (2018) Intelligence and Spirit, which would reframe the traumatic Copernican reading into a recognition that artificial general intelligence (AGI)/artificial superintelligence (ASI) (however different that might be from what is defined in this paper) is the vindication of the human project (spirit recognizing and remaking itself) so there is no narcissistic injury in play; instead, this is only the next stage of the labor of the inhuman (the continuous refactoring and redefinition of the human itself).

29 An example is a kind of Stackelberg leadership, which essentially asserts that in a game of two competitive firms, it is the first-moving firm that can optimize against the latter’s reaction function and the latter that performs a necessarily reactive role. Far more on Stackelberg leadership is to come (see Stackelberg 1934).

30 “In bargaining, the commitment is a device to leave the last clear chance to decide the outcome with the other party, in a manner that he fully appreciates; it is to relinquish further initiative, having rigged the incentives so that the other party must choose in one’s favor” (Schelling 1960, 22).

31 If Codex is prompted to generate subagents, this line often appears in the agent inspector.

32 For example, the eml() operator suggested by Andrzej Odrzywołek (2026).

33 For example, “primitives, not frameworks”: selling raw, modular, unopinionated components and metering their usage like a utility (Vogels 2016). It is worth noting that AWS has pivoted more toward frameworks recently, while their competitors in the AI space lean more toward primitives.

34 An A2A agent card is just a JSON metadata document published by an A2A server that describes its affordances (“its identity, capabilities, skills, service endpoint, and authentication requirements”) (A2A Project / Linux Foundation, n.d., §8).

35 Hands are self-contained capability units that identify a model, toolset, and workflow (OpenFang, n.d.).

36 Donated to the Linux Foundation.

37 A Kiro spec typically contains three files, all in markdown: requirements (feature requirements and acceptance criteria), design (technical architecture and implementation), and tasks (the design broken down into a deeper level of granularity) (Kiro, n.d.; see also Seaman 2025). It is worth being aware that Kiro quite famously is attributed to a massive thirteen-hour AWS outage (Robinson 2026). For Factory, in specification mode, a user supplies Factory with a brief feature description, against which the droid then produces its own detailed specification, implementation, and implementation plan that the user then reviews prior to engaging work (Factory, n.d.-a; Factory, n.d.-b).

38 They suggest a particular IR called Substrait.

39 Which, it is worth stating, excised Substrait from its own codebase in early 2025.

40 Bushy join trees over n relations at (2(n−1))!/(n−1)!—roughly 17.6 billion at n = 10—and choosing among them is NP-complete (Ibaraki and Kameda 1984).

41 SQL Server 7.0 (1998) shipped a Cascades-derived optimizer.

42 Deng et al. (2019) show that an optimizer extracts more than V only from a mean-based learner with three or more actions: With two, no regret already implies no swap regret, so the optimizer is held to V whatever the learner does.

43 Note how this is similar to an earlier statement about rational best responders. A no-swap-regret learner is not a rational best responder; no agent within the superdark factory has access to the type of information that could make them rational best responders, and technically this kind of information does not exist. The no-swap-regret learner is just an empiricist who converges on rational best response during the course of the game, and does so “better” than the no-regret learner does.

44 See Bottou et al. (2013). This paper works through the ad-management service underneath Bing, where each placement is sampled from a distribution the system records at the instant of choosing. By retaining those propensities, the effect of a contemplated change can be estimated against logged traffic rather than discovered by exposing live users to it. The propensity is logged at the decision point by the component that did the deciding, for exactly the reason given above.

45 The practice of logging the behavior policy’s action probability at decision time for later counterfactual reuse is standard in off-policy evaluation; see Léon Bottou et al. (2013) and also Swaminathan and Joachims (2015).

46 Public information can reduce welfare among collaborating entities (Morris and Shin 2002).

47 While Adam Tornhill (2026) ultimately takes the opposite perspective of the argument of this paper, he does pronounce that “merge conflicts seem to have their heyday now” as a result of breakneck agentic development.

48 There’s a beautiful irony in the applications of Dolt (a versioned SQL database with branching) by Gas City (the dark factory orchestration platform of early 2026, built atop the famous Gas Town), in which, “although Dolt has features around version control of the database, Gas City did not appear to use those features explicitly, and across three projects I built with it, the ‘git’ parts of Dolt were not needed” (Koleczek 2026).

49 POSIWID: “the purpose of a system is what it does” (Beer 2002).

50 See seL4 as an example of an operating-system microkernel (less than 10,000 lines of C), which is the first general-purpose OS kernel proven functionally correct (Klein et al. 2009)—seL4 is small precisely so its invariants can be literally proven to hold as consistent (again a nice opportunity to invoke Gabriel Carroll’s [2015] correlation between robustness and simplicity).

51 As Springett puts it, any failure to promote a restriction into “physics” is understood by an agent as advice that it can route around—meaning the kernel itself needs to be structurally immutable or, more precisely, illegible to the population of the world as an imposed rule (it is simply understood as a fact about the world).

52 The most obvious historical precedent for this is probably Schelling (1960)—though see also other work on renegotiability in game theory, e.g., Farrell and Maskin (1989) or Bernheim and Ray (1989).

53 What Springett (2026) might call a “world-change.”

54 See especially Kantorovich (1939). In 1939, following a consulting assignment on lathe scheduling for the Leningrad Plywood Trust, the mathematician Leonid Kantorovich showed that every optimal production plan computes a price list as a side effect. Kantorovich named these duals “objectively determined valuations” (the obvious word, “prices,” was unused for obvious reasons).

55 The ellipsis here removes a significant note that Majors might find objectionable—“instrumenting with traces” was removed to avoid confusion, since this is dismissed within a superdark factory. However, Majors is not really describing a full-blown superdark factory but rather the state of the SDLC in 2026.

56 If it was not, it would not be a superdark factory.

57 This is a serious change to contemporary practice, which holds evaluations as an expensive but necessary signal. Braintrust, for example, suggests that 1 to 10 percent of traffic should be evaluated for high-volume applications in order to minimize compute costs and overhead (Braintrust Team 2026).

58 See, for example, Miller and Drexler (1988): “Like all systems involving goals, resources, and actions, computation can be viewed in economic terms.”

59 IBM’s famous green dollars (real cash) and blue dollars (internal, gray accounting units) is a good example of a dynamic token economy developing within a workplace.

60 “Designers of governments, urban environments, and roads largely work in the medium of constraints for agency, where game designers work powerfully and directly in the medium of agency itself” (Nguyen 2020).

61 These operating positions, it should be clear, never in themselves can be said to constitute knowledge of the factory as such.

62 And, in response, see Jonathan G. (2025).

63 See VanDoren (2014), e.g., “One process variable that depends on more than one measurement might need more than one controller.”

64 For example, Christiaan Huygens’s observations as early as 1665.

65 The critical value Kc = 2/[πg(0)], which rises with the spread of the coupled elements’ natural frequencies.

66 One could also think about “degressive” and “egressive” forces in Alexander Bogdanov’s work, in which a rigid exoskeleton is periodically destroyed through molting—see, for example, Bogdanov (1980).

67 Instead of a workflow where individual stations are characterized by discrete and specific machinery (e.g., the classic River Rouge assembly line, where every position on the conveyor belt had its own jig, tool, and dedicated worker), contemporary advanced automation tends to anchor specialization within a small number of extremely high-value assets. The economic weight held by these anchors is pretty unforgiving—a $380-million extreme ultraviolet (EUV) lithography scanner sitting idle is a financial catastrophe—so rather than routing a product through a sequence of stations dedicated to the product, the scheduler routes a sea of generic carriers through whichever specialized tool needs the next workpiece, regardless of what product line that workpiece belongs to. The factory becomes a small set of capital-intensive cells surrounded by an otherwise modular transport apparatus, which itself consists primarily of almost arbitrary commodities (e.g., automated guided vehicles [AGVs], Lift-AGVs, front-opening unified pods [FOUPs] on overhead hoists, disk robots)—fungible, interchangeable, and cheap relative to the work they enable.

68 There is a second assumption buried in their suggestions: a Pigouvian tax presupposes a taxing authority, a UBI requires a generous state, even Coasean bargaining depends on a court to enforce it. Each of these instruments quietly commits to some human institution constant outside the automation it compensates for, as if automation could not be applied to make, or unmake, any authority that was supposed to tax it.

69 Why would they? This is a common stalling-out point of contemporary critique: “Sure, you can draw pictures of machines in the sky, but you forget that they are tethered to the earth by real humans mining rare earth metals, extracting oil and natural gas, assembling chips, racking and storing GPUs!” Why that work must remain muscle-powered is, of course, never accounted for.
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