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Abstract. Debates about whether a new technical field is “really new” recur with every major
technology transition, and they are consistently conducted badly: incumbents point to shared
infrastructure, entrants point to novel outputs, and neither argument has a decision procedure.
This paper proposes one. The Optimization Objective Principle holds that a new optimization
discipline emerges when—and only when—a system exposes a new objective function that
practitioners can measure, deliberately influence, and be held economically accountable for
maximizing, and that cannot be reduced to the objective functions of an existing discipline.
The principle retrodicts the formation of data science, DevOps, cloud engineering, and mobile
development; it equally predicts the non-formation of disciplines around SSDs, HTTP/2, and
IPv6. Applied to the present transition, it establishes that modern AI systems expose a chain of
post-retrieval objectives—selection, synthesis, citation, recommendation, and agentic action—that
search-rank optimization does not determine, and therefore that AI Visibility constitutes a distinct
optimization discipline. The theory is stated in falsifiable form: if retrieval rank explains essentially
all variance in downstream AI outcomes, the theory is wrong.

Executive Summary
Why did data science become a distinct field when statistics already owned its mathematical core?
Why did DevOps separate from systems administration, and cloud engineering from IT, when
each successor shared most of its infrastructure, tools, and people with its predecessor? And why
did equally dramatic infrastructure changes—SSDs, HTTP/2, faster processors—produce no new
discipline at all?

This paper argues that a single principle answers all of these questions and settles the current
dispute over AI-era optimization. Disciplines are individuated by the objective functions they
maximize, not by the infrastructure they share. A new discipline forms when a system ex-
poses a quantity that is measurable, influenceable, economically consequential, and—decisively—
irreducible to any incumbent objective: maximizing the old objective must not automatically
maximize the new one.

Classical search optimization maximizes one quantity: the probability of favorable rank in a
retrieval list. Modern AI systems retrieve, but then they select among sources, reason over them,
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synthesize an answer, cite a subset of contributors, recommend specific entities, and increasingly
act on the user’s behalf. Each stage is a computational filter with its own selection criteria—its own
objective function. A document can rank first and never be synthesized; an authoritative brand
can be excluded from recommendations because its machine representation lacks consistency,
evidence, or trust. The objectives diverge, and under the principle, divergence is sufficient: AI
Visibility is a distinct optimization discipline, defined not by replacing search but by optimizing
the objectives that emerge after retrieval.

The theory is empirical, not terminological. If retrieval rank turns out to explain virtually all
variance in citation, recommendation, and agentic selection across mature AI systems, the theory
is falsified and AI Visibility reduces to SEO. The evidence to date points the other way.

1 The Wrong Question
Every debate about an emerging technical field eventually collapses into the same argument.
Incumbents observe that the newcomers use the same infrastructure, the same tools, and often
the same people, and conclude the “new field” is rebranding. Entrants observe that the outputs
and daily practices differ, and conclude a revolution is underway. The argument persists because
it is malformed: asking whether two practices are “the same” has no decision procedure. By the
criterion of shared infrastructure the practices are nearly identical; by the criterion of daily work
they are clearly distinct. A question answerable either way depending on an unstated criterion is
not a question about the world—it is a question about definitions, and definitional disputes are
settled by convention, not evidence.

Consider how poorly the infrastructure criterion performs historically. Cloud engineering shares
nearly all of its infrastructure with traditional IT. DevOps shares operating systems, scripting
languages, and engineers with systems administration. Data science inherited essentially every
mathematical foundation from statistics. Yet each became a distinct discipline, with its own
practices, tooling, career paths, and professional identity. Whatever separates a discipline from its
predecessor, it is not the machinery.

This paper proposes that what separates them is the optimization problem. Fields are not distin-
guished by the systems they touch but by the quantities they are accountable for maximizing.
That observation, formalized, yields a general theory of discipline formation—one that explains
the historical record, predicts when new disciplines should and should not emerge, and resolves
the present dispute over AI-era optimization on empirical rather than terminological grounds.
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2 The Optimization Objective Principle

The Optimization Objective Principle

A new optimization discipline emerges when a system exposes a new objective function—a
quantity practitioners can measure, deliberately influence, and be held economically accountable
for maximizing—that cannot be reduced to the objective functions of an existing discipline.
Disciplines are individuated by the optimization problems they solve, not by the infrastruc-
ture they share.

The principle can be stated compactly. Let an incumbent discipline optimize an objective function
f (x), where x ranges over the interventions available to a practitioner. A successor discipline
emerges only if the system exposes another objective g(x) satisfying four conditions:

C1. Measurability. Practitioners can observe changes in g and build reliable feedback loops.
Practice cannot improve without feedback; no discipline forms around an unobservable
quantity.

C2. Influenceability. Deliberate interventions consistently move g. Objectives fully determined
by factors outside the practitioner’s control cannot sustain a profession, whatever their
importance.

C3. Economic consequence. Improving g creates measurable economic value. Organizations
must have a reason to pay for the optimization.

C4. Irreducibility. g is not a monotonic function of f : maximizing f (x) does not necessarily
maximize g(x).

The final condition is the load-bearing one. If optimizing the original objective always optimizes
the new objective, no new discipline exists—the incumbent discipline has simply acquired another
success metric. A genuinely new discipline appears only when the objectives can diverge: when
it is possible to score well on f and poorly on g, and vice versa. Divergence is the empirical
signature of irreducibility, and it is what makes the principle testable rather than rhetorical.

Table 1: The necessary conditions, applied to AI Visibility.

Condition Definition AI Visibility example

Measurability The objective supports observation and
feedback.

Citation share, recommendation rate,
representation quality, selection probabil-
ity.

Influenceability Deliberate interventions reliably change
outcomes.

Improving structured data, evidence
quality, authority, or entity representa-
tion changes AI outputs.

Irreducibility The objective is not a monotonic function
of an incumbent objective.

Ranking #1 in Google does not guarantee
citation, recommendation, or agentic
selection.

These conditions do useful demarcation work: they distinguish meaningful optimization disci-
plines from temporary marketing terminology. A label attached to no new measurable, influence-
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able, irreducible objective is a label, nothing more.

3 Why Infrastructure Does Not Define Disciplines
Technical history repeatedly demonstrates that infrastructure alone creates no professions. Virtu-
alization existed for decades before cloud engineering emerged. Neural networks existed long
before machine learning engineering became a job title. Knowledge graphs existed before AI
Visibility. In each case the enabling machinery sat idle, disciplinarily speaking, until a system
built on it began exposing new quantities worth optimizing.

The converse is equally instructive. Enormous infrastructure changes routinely produce no new
discipline whatsoever. The transition from spinning disks to SSDs fundamentally changed storage
hardware; no “SSD optimization” profession appeared. HTTP/2 transformed the transport layer
of the entire web; no “HTTP/2 optimization” industry emerged. Faster processors and IPv6 al-
tered the substrate of computing without spawning a single new field. Existing disciplines simply
absorbed the improvements, because the improvements changed how well existing objectives
could be pursued without exposing any new objective to pursue.

Infrastructure change is therefore neither necessary nor sufficient for discipline formation. Objec-
tive functions are decisive. This asymmetry—new disciplines without new infrastructure, new
infrastructure without new disciplines—is precisely what an infrastructure-based account cannot
explain and what the Optimization Objective Principle predicts.

4 Retrodiction: Four Transitions
A useful theory should explain known historical transitions before predicting new ones. The
principle retrodicts the major discipline formations of the past three decades.

Table 2: Retrodicted transitions. In each case infrastructure was shared, skills overlapped, and the successor
was initially dismissed as “just” the predecessor—until the objectives diverged.

Predecessor Its objective Successor New objective Why they diverged

Statistics Inferential va-
lidity

Data science Predictive perfor-
mance

Statistically elegant models can
predict worse than theoretically
imperfect ones.

Systems ad-
min.

Stability, up-
time

DevOps Deployment fre-
quency at pre-
served reliability

Maximum stability often mini-
mizes deployment velocity.

Traditional IT Utilization of
owned infras-
tructure

Cloud engi-
neering

Elasticity, cost-per-
request

Fixed-capital optimization dif-
fers from consumption-based
optimization.

Web develop-
ment

Desktop inter-
action

Mobile devel-
opment

Battery, latency,
touch ergonomics

Desktop optimization fre-
quently produces poor mobile
experiences.

The pattern is uniform. Infrastructure largely remained the same. Skills substantially overlapped.
Practitioners initially argued the successor field was “just” the predecessor—data science was
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“just statistics with marketing,” DevOps was “just sysadmins with new tools.” Then the objective
functions diverged in practice: the statistician’s best-specified model lost prediction contests to the
data scientist’s gradient-boosted ensemble; the administrator’s maximally stable change freeze
became the DevOps engineer’s definition of failure. The disciplines followed the objectives.

4.1 Negative cases
The principle also predicts when disciplines should not form, and this is where it earns its keep.
SSD adoption, HTTP/2, faster processors, and IPv6 each altered infrastructure substantially. None
exposed a fundamentally new optimization objective: storage was still optimized for throughput
and cost, transport for latency, networks for reachability. Existing disciplines absorbed each
improvement, and no new profession appeared. A theory that explains both the successes and
the failures of discipline formation is doing more than curve-fitting the successes.

5 Application: The Case of AI Visibility

5.1 The incumbent objective
Search engine optimization has optimized essentially one objective for three decades:

max P(Rank)

the probability that a document occupies a favorable position within a ranked retrieval list. Every
era of SEO—directories, PageRank, mobile-first indexing, Core Web Vitals—changed the inputs
to this objective without changing the objective itself. That thirty-year stability under massive
infrastructural churn is itself evidence for the principle: SEO remained one discipline because it
remained one optimization problem.

5.2 The new optimization landscape
Modern AI systems introduce a different landscape. Visibility is no longer determined solely by
retrieval. To reach a user, an entity must survive a sequence of computational filters, each with its
own selection criteria:

Query Ranking Click Classical search: one optimized transition

Query Retrieval Selection Reasoning Synthesis

Citation Recommendation Decision Action

Figure 1: Optimization landscape expansion. Classical search optimized a single transition (query →
ranking → click). AI systems interpose a chain of computational filters, each exposing a distinct objective
function.

5



The Optimization Objective Principle Wade, 2026

Each layer exposes a distinct optimization objective: selection probability, synthesis probability,
citation probability, recommendation probability, and agentic selection probability. None of these
is guaranteed by retrieval rank.

5.3 Divergence in practice
The conditions of Section 2 are met. The new objectives are measurable: citation share, recommen-
dation rate, and representation quality can be tracked across AI systems. They are influenceable:
interventions on structured data, evidence quality, authority signals, and entity representation
demonstrably change AI outputs. They are economically consequential: AI answers increasingly
mediate purchase decisions, vendor selection, and—in agentic systems—completed transactions.

And they are irreducible. A document may rank first yet never be synthesized into an answer.
A highly ranked page may never be cited. An authoritative brand may be excluded from
recommendations because its machine representation—the entity-level picture an AI system
assembles from many sources—lacks consistency, evidence, freshness, or trust. The objectives
diverge, and under the Optimization Objective Principle, divergence is sufficient to establish a
new optimization discipline.

A shift in the object of optimization. The divergence has a structural cause. Search engines rank
documents; AI systems increasingly reason about entities—companies, products, people, concepts—
assembled from many sources into a machine representation. The quality of that representation,
not the rank of any single page, determines how an entity fares inside an AI system. AI Visibility is
therefore the discipline of optimizing machine representations of entities so that they survive each
successive filter between a user’s question and the system’s final output.

5.4 What the discipline is not
Two misreadings should be foreclosed. First, none of this implies that SEO is obsolete. Retrieval
remains the substrate of nearly every production AI system; surviving the first filter is a necessary
condition for surviving any later one. AI Visibility does not replace search optimization—it
optimizes the additional objective functions that emerge after retrieval. Second, the claim is not
that today’s tactics constitute a mature discipline. Early practices will be weakly validated and
frequently arbitraged away, as early practices in every retrodicted transition were. The claim
is structural: the optimization landscape has expanded in dimensionality, and the expansion is
theoretically characterizable.

6 Falsifiability
A theory that cannot fail is not a theory. The Optimization Objective Principle makes empirical
predictions, and its application to AI Visibility can be broken by observable system behavior.
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Falsification criterion

The theory is falsified if maximizing traditional search rankings completely determines
downstream AI outcomes. Formally: if retrieval rank explains virtually all variance in
citation, recommendation, synthesis, and agentic selection across mature AI systems—after
controlling for authority, structured data, entity representation, and content quality—then
the new objectives are monotonic functions of the old one, AI Visibility reduces to SEO, and
no distinct discipline exists.

The strongest available counterargument deserves its best form: AI citation outcomes are today
substantially correlated with search rankings, because most AI systems bootstrap on retrieval
infrastructure. If those correlations remain near-total as agentic systems mature, the reduction
succeeds and this paper is wrong. Conversely, persistent and growing divergence—first-ranked
pages that go uncited, unranked entities that get recommended, agentic selections that track rep-
resentation quality rather than rank—demonstrates objective irreducibility. The theory therefore
stands or falls on measurable system behavior rather than on terminology or marketing. That is
precisely the property the industry debate has lacked.

7 Implications
The Optimization Objective Principle extends beyond the case that motivated it. It provides a
general framework for explaining why optimization disciplines emerge whenever computation
exposes new, measurable, economically meaningful, and irreducible objective functions—and
why they fail to emerge when infrastructure changes expose none.

Three implications follow for practitioners and organizations.

For strategists, the principle replaces a definitional dispute with an allocation question. If AI
Visibility reduces to SEO, the correct allocation is to keep funding the existing discipline. If it does
not, organizations optimizing only for rank are accumulating invisible exposure at layers they do
not measure. These errors are mutually exclusive and both expensive; the falsification criterion of
Section 6 tells you which one you are at risk of making, and what evidence would settle it.

For practitioners, the principle clarifies what the new discipline actually optimizes: not rankings,
not even citations per se, but the machine representation of an entity across the full filter chain—its
consistency, evidence, freshness, authority, and trust as seen by reasoning systems. The success
metrics of the discipline are the layer objectives themselves: selection probability, citation share,
recommendation rate, agentic selection.

For the field, the principle is predictive. If it is correct, future disciplines will continue to emerge
wherever new computational systems expose optimization objectives that cannot be reduced to
those of their predecessors—and the arguments that greet them will follow the familiar script,
with incumbents pointing to shared infrastructure and entrants pointing to new outputs. The
principle offers both sides a way out: stop asking whether the field is new, and ask what it
optimizes.
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AI Visibility is presented here as the first contemporary application of the broader theory. It will
not be the last.

About this paper. This white paper distills the theoretical core of AI Visibility: A Theory of Optimization for
Artificial Intelligence Systems (Wade, 2026), which develops the framework across ten chapters, including a
layered model of the AI answer pipeline, a taxonomy of digital visibility disciplines, an explicit sorting of
evidentiary tiers, and an extended falsification analysis. The author founded a company that works in this
field—a source of both domain knowledge and potential bias. The paper is structured, particularly in its
falsifiability section, so that the argument can be evaluated independently of its author’s interests.
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