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“The modern industrial revolution is similarly bound
to devalue the human brain, at least in its simpler
and more routine decisions.”

— Norbert Wiener, The Human Use of Human Be-
ings, 1950

Abstract

Sun Tzu’s Art of War is not about war. It is a
strategic framework for any domain where resources
are limited, adversaries are adaptive, and knowing
the terrain determines survival. The Art of Art is its
contemporary equivalent: a strategic framework for
human creativity in a terrain reshaped by generative
AI. The conflation of AI-generated with AI-assisted
is the first terrain error – it misidentifies the adver-
sary and misallocates the defense.

This paper develops a dynamical systems frame-
work to make the distinction precise, grounded in
four hand-drawn conceptual diagrams created in
2022–2023 – prior to the public availability of large-
scale generative AI systems – and in the author’s ex-
perience as a hardware engineer whose AI-assisted
technical papers have been challenged on prove-
nance grounds.

We propose four interlocking claims: (I) human
creative and intellectual cognition is a knowledge
state machine Kt+1 = f(Kt, θt, εt) with a trajectory
that constitutes authorship; (II) the economic value
of intellectual work derives from the rate of change
of the knowledge field it induces (V ∝ dΦ/dt),
not from static output quality – the same mech-
anism that allows AI to commoditize generic art
does not reach expert-directed work at the distribu-
tion frontier; (III) generative AI is a derived state-
space transformer that exploits the existing distribu-
tion without possessing an independent knowledge
trajectory; and (IV) current AI provenance evalu-
ation (“AI-generated” judgments) measures distri-
butional proximity to training data, not knowledge-
trajectory contribution – the wrong metric for the
right question.

The synthesis: human expert and AI are comple-
mentary operators. The expert provides direction,

domain Kpast, and the capacity to shift the field; AI
provides throughput. Labeling expert-directed AI-
assisted work as “AI-generated” mistakes the tool
for the author.

1 Introduction

This paper has a concrete occasion. The author is a hard-
ware engineer with twenty years of experience in ASIC
and PHY design: polar forward error correction (FEC)
codec implementation at Xilinx prior to 3GPP 5G NR
standardization; math engine silicon for AI and wireless
workloads; die ownership of the display and sensor sub-
system in the Microsoft HoloLens v2 silicon; FPGA de-
sign for Azure cloud infrastructure. In 2026, the author
submitted a technical paper to arXiv in the computer
architecture (cs.AR) category describing a unified band-
width efficiency model for HBM4 memory. Potential en-
dorsers raised the concern that the work appeared “AI-
generated.”

It was not. It was AI-assisted : written with language
model support under the continuous direction of a do-
main expert whose Kpast includes the design of circuits
that do not exist in any publicly available training corpus.
The polar FEC implementation, the HoloLens silicon par-
tition, the specific HBM4 bandwidth efficiency model –
none of these were in the training data. The engineering
judgment that produced the claims in that paper resided
in the human author, not in the tool.

The conflation of AI-assisted with AI-generated is the
engineering instance of a broader problem that the author
had already drawn – literally, on poster paper – in 2022
and 2023, and argued publicly in a June 2025 Nerd Nite
Fort Collins talk titled Robo Norbert Wiener [1]. That
talk used an AI model of Norbert Wiener – the founder
of cybernetics – to diagram modern AI technology and
make predictions about its future. The talk itself was
an instance of the two-operator model this paper formal-
izes: the author’s Kpast (knowledge of cybernetics, AI
systems, and their social consequences) directed an AI
to instantiate Wiener’s perspective, producing analysis

1

mailto:justin@thecanonicalart.com


neither could generate alone. The medium changed; the
logic did not.

The Central Claim. Authorship is a property of the
knowledge trajectory {Kt} that produced a work, not of
the tools used to produce it. AI assistance is a tool –
structurally equivalent to LaTeX (which formats equa-
tions the author cannot hand-compose in print-quality
typography), to Python simulation (which executes nu-
merical models the author specified), or to a calculator
(which multiplies numbers the author told it to multiply).
Labeling a paper “AI-generated” because it was written
with language model assistance is equivalent to labeling it
“LaTeX-generated” because it was typeset in LATEX. The
tool is not the author. The Kt is the author.

1.1 The Drawings as Primary Evidence

In 2022 and 2023, before the public release of ChatGPT
and DALL-E 2 had saturated public discourse on AI-
generated art, the author produced a series of hand-drawn
diagrams on poster paper – conceptual sketches made
with markers and tape, pinned to a wall. These were
working notes, not illustrations of published theory.

The drawings turned out to anticipate, in rough but
precise form, four claims about the relationship between
human creativity and generative AI that the subsequent
three years of public deployment have made urgent. This
paper argues for those claims using the drawings as pri-
mary evidence: artifacts that crystallized the argument
before the argument was fashionable, produced by a hu-
man Kpast that no model in 2022 contained.

Why drawings? The medium is self-demonstrating.
These diagrams were produced under the same cognitive
constraints the paper analyzes: incomplete information,
iterative refinement, a mapping from an internal knowl-
edge state to an external artifact. An AI cannot have
produced them in 2022 – not because the generation ca-
pability did not exist, but because the specific Kpast that
generated the Faraday analogy, the Robocat punchline,
and the USAF resolution chart argument was not in any
training set. The same is true of the HBM4 bandwidth
efficiency model: it exists in the world because a specific
human Kpast produced it, not because a model sampled
a high-probability region of its training distribution.

1.2 Scope and Contributions

This is a position paper grounded in a dynamical systems
reading of creative cognition. The primary contributions
are:

1. A formal state-machine model of human creative cog-
nition (the Atomic Process framework, §3).

2. A derivation of the economic value of creative and in-
tellectual work from a flux-rate law – explaining why
AI assistance drives down the price of generic output

without eliminating the value of expert-directed work
(§4).

3. A characterization of generative AI as a derived system
– one that approximates learned transition functions
without possessing an independent knowledge trajec-
tory (§5).

4. An argument that current AI provenance judg-
ments (“AI-generated” vs. “AI-assisted”) are metri-
cally equivalent to evaluating spatial frequency re-
sponse and inferring scene content (§6).

5. A two-operator synthesis model specifying how human
K-trajectory and AI throughput combine productively
(§7).

2 Background

2.1 Cybernetics and the Feedback Roots
of Creative Systems

The framework developed in this paper is cybernetic in
origin. Norbert Wiener’s foundational definition – cyber-
netics as “the scientific study of control and communica-
tion in the animal and the machine” [2] – established that
biological and mechanical systems share a common formal
structure: feedback loops that update internal state in re-
sponse to the difference between desired and observed out-
put. W. Ross Ashby extended this to adaptive systems,
showing that any sufficiently complex feedback system
tends toward regulatory stability [3].

The K-trajectory model developed in Section 3 is a cy-
bernetic system in Wiener’s sense: Kt+1 is updated by
comparing the current creative output against the cre-
ator’s internal goal state, with the error driving the next
action. The KC-130 navigator’s dead reckoning is dead-
reckoning cybernetics – a biological feedback controller
predating its formalization by Kalman [4]. The LSTM
cell update (Equation 2) is a differentiable implementa-
tion of the same feedback principle, trained rather than
designed.

Wiener did not stop at the engineering formalism. In
The Human Use of Human Beings [5], he extended cyber-
netics directly to the economics of labor:

The modern industrial revolution is similarly
bound to devalue the human brain, at least in
its simpler and more routine decisions. —
Wiener, 1950

This is the Iron Law of Creative Flux (Section 4) stated
seventy-five years early. Wiener identified that automa-
tion devalues the cognitive outputs that lie within a ma-
chine’s feedback envelope – the “simpler and more routine
decisions.” What he did not formalize, but gestured to-
ward, is that outputs requiring the redefinition of the feed-
back envelope retain value precisely because no machine
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can automate that step. The dΦ/dt term in Equation (3)
is the mathematical statement of Wiener’s intuition.

In his final book, God and Golem, Inc. [6], Wiener
posed three questions that define the boundary of ma-
chine capability: Can a machine learn? Can a machine
reproduce? Can a machine create? He answered the
first two affirmatively and left the third unresolved. The
present paper is, in part, a formal answer to Wiener’s
third question: machines can generate; they cannot cre-
ate, in the sense that creation requires a K-trajectory with
an independent Fogbank. The Fogbank is where Wiener’s
third question lives.

What distinguishes the present paper from classical cy-
bernetics is the explicit treatment of that Fogbank – the
region of state space beyond the current feedback loop’s
reach. Classical cybernetics optimized within a defined
error signal; the transformational creativity this paper
analyzes requires redefining the error signal itself. This is
the move from control to co-creation: from optimizing a
fixed objective to discovering that the objective needs to
change.

2.2 Dynamical Systems and Creativity

A dynamical system is characterized by a state space
X , a transition operator f : X → X , and a trajectory
{x(t)}∞t=0 induced by iterating f from an initial condi-
tion x(0). Creative systems – both biological and arti-
ficial – can be cast in this language. Boden’s founda-
tional taxonomy [7] distinguishes combinatorial creativ-
ity (recombining existing elements), exploratory creativ-
ity (traversing the boundaries of a known style space),
and transformational creativity (restructuring the space
itself). In dynamical terms: combinatorial is sampling
within a basin of attraction; exploratory is traversing the
attractor’s boundary; transformational is finding or cre-
ating a new attractor.

Generative AI systems as of 2025 are powerful combina-
torial and early exploratory systems [8, 9]. The question
this paper addresses is whether they have the capacity for
the transformational – and whether that question even
matters economically.

2.3 Generative AI: A Brief Taxonomy

For the purposes of this paper we treat generative AI
as any learned system of the form x(t + 1) = fθ(x(t))
or, in the autoregressive case, p(xt+1 | x0:t), where the
parameters θ are optimized against a corpus of human-
produced artifacts. Three families matter here:

• Autoregressive language models (GPT-3 [10],
GPT-4 [11]): parameterize p(xt+1|x0:t) over token se-
quences. Creative output is conditional generation.

• Diffusion models (DALL-E 2 [9], Stable Diffu-
sion [12]): learn to reverse a noise process over image

latent codes. Creative output is conditional denoising.

• RLHF-aligned models: post-train either family
against human preference labels [13], shaping the out-
put distribution toward human-judged quality. The
alignment step is, in the Robocat framing of Section 5,
the “thank you” layer.

2.4 Economic Context: Labor Markets
and Automation

Ricardo’s Iron Law of Wages holds that in a competitive
labor market, wages converge to subsistence level [14].
The mechanism is supply elasticity: when labor supply
can expand without bound at a given skill level, the
marginal worker drives wages to the minimum acceptable.
The same mechanism applies to any commodity whose
production can be automated at near-zero marginal cost.

AI image generation has made the production of a
competent illustration effectively free [15]. The empir-
ical wage effects on commercial illustrators are already
measurable [16]. This paper does not dispute the short-
run wage depression; it argues for the specific economic
quantity that AI cannot automate, and therefore the pro-
duction factor that retains value.

3 Proposition I: The Atomic Pro-
cess

Claim. Human creative cognition is a knowledge state
machine:

Kt+1 = f(Kt, θt, εt) (1)

where Kt ∈ K is the creator’s knowledge state at time t,
θt parameterizes the cognitive strategy (what to work on,
what to discard), and εt is stochastic noise – the role of
accident, serendipity, and environment in creative discov-
ery.

The drawing labels the cognitive policy λ =
f(Kt, θt+1): the idea rate λ (how quickly new concepts
emerge) is a function of current state and the next strat-
egy update. The Markov structure is explicit: Kpast flows
rightward toward Kfuture through a filmstrip of discrete
states. The “Fogbank” region, drawn as an undefined
space above the track, is the exploration frontier – the
part of K not yet reachable from the current trajectory.

3.1 A Worked Instance: The KC-130
Navigator as Human LSTM

Before formalizing the isomorphism, consider a concrete
instantiation the author has operated directly. A KC-130
Hercules navigator on a long-range mission flies with a
CR-3 circular slide rule, aeronautical charts, instrument
approach plates, and one 8.5×11 inch flight plan. That
single page encodes the complete planned state trajectory
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Figure 1: The Atomic Process (2022). Hand-drawn on
poster paper. Key elements: the Kpast–Kfuture trajectory
with the Fogbank exploration frontier; the GP/AI node
with quantum compute annotation; the schedule equation
λ = f(Kt, θt+1); the bottom gloss: “A machine tensor
that maps the idea state to a new framework / maps
ideas we keep into a knowledge base. αt = f(t).” Signed
JAF.

for a multi-hour multi-variable mission: route waypoints,
fuel states at each fix, weather alternates, crew assign-
ments, performance limits, contingency decisions. It is
a compressed K-trajectory document – a single human-
legible artifact that is the plan.

During the flight, the navigator runs a recursive state
estimator. At each fix: prior position estimate plus
elapsed time plus wind model yields a predicted posi-
tion; a visual checkpoint, VOR/DME reading, or radar
return yields a measurement; the two are fused into an up-
dated position estimate that propagates forward. This is
dead reckoning – and it is, operationally, a hand-executed
Kalman filter.

The navigator is a biological sequential state estimator
with gated memory: old position fixes are explicitly dis-
carded once superseded; new sensor inputs are weighted
by their known reliability; the heading call to the crew
is the output gate – what to act on right now. The rest
stays internal, in state.

3.2 Structural Isomorphism with LSTM

The Atomic Process drawing formalizes this structure.
The LSTM cell update is:

ft = σ(Wf [ht−1, xt] + bf ) (forget gate)

it = σ(Wi[ht−1, xt] + bi) (input gate)

ct = ft � ct−1 + it � tanh(Wc[ht−1, xt] + bc)

ot = σ(Wo[ht−1, xt] + bo) (output gate)

ht = ot � tanh(ct) (2)

The correspondence to Equation (1) and to the naviga-
tor is exact:

• Cell state ct ↔ Kpast: the long-horizon memory that
persists across the mission – the route, the fuel plan,
the filed alternates. Updated but never fully reset.

• Hidden state ht ↔ current working estimate: the
active position fix, the heading being flown, the fuel
state right now. Short-horizon, high-update-rate.

• Forget gate ft ↔ θt (cognitive strategy): the deliber-
ate decision of what to drop. Old position fixes are dis-
carded once a better one arrives. The navigator chooses
what to forget.

• Input gate it ↔ Fogbank input: what new informa-
tion from the environment gets written into cell state.
A visual landmark, an unexpected weather cell, a fuel
discrepancy – these are εt arriving at the input gate.

• Output gate ot ↔ the heading call: what portion
of the internal state is exposed as action. The crew
receives a correction; the full state model stays internal.

This isomorphism is not a metaphor. The Atomic Pro-
cess drawing is a self-portrait of a human LSTM, drawn
by someone who had operated as one. The “machine ten-
sor that maps the idea state to a new framework” in the
drawing’s caption is, in formal terms, the LSTM cell up-
date equation – arrived at by introspection rather than
by reading Hochreiter and Schmidhuber [17].

The flight plan as a K-trajectory document is also struc-
turally significant. One page – the information density of
a compressed state sequence – does the work that would
require gigabytes of raw sensor logs to reconstruct. The
plan is not the flight; it is the model of the flight, in
the same way that a research paper is not the research
but the compressed K-trajectory that makes the research
transmissible. High information density per page is a sig-
nature of human K-trajectory compression, distinct from
AI output which produces high token volume at lower
semantic density per token.

The differences between the human LSTM and the ma-
chine LSTM are architectural, not categorical:
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• Training signal: Kt in a human is shaped by the
full trajectory of lived experience – including navigat-
ing actual aircraft. The machine LSTM is shaped by
backpropagation through a fixed loss on a fixed corpus.

• State dimensionality: Human Kt grows unbound-
edly with experience. Machine ct has fixed dimension
set at training time.

• State persistence: Kt is never reset; sleep consol-
idates rather than erases. Machine context windows
are bounded.

• Fogbank access: Human εt provides genuine explo-
ration of uncharted K – an unexpected weather cell
forces a route deviation that generates genuinely new
state. Machine temperature sampling deviates from
the learned distribution but cannot reach outside it.

The last point is the critical asymmetry. A navigator
encountering a weather cell not on any chart is outside
the training distribution – and survives by using the full
generality of their K-trajectory to improvise. A model
cannot do this by construction [18].

3.3 The Compressed Model and Its Elab-
oration

The flight plan generalizes. Consider a second instance
from the author’s engineering practice: the design of a po-
lar forward error correction (FEC) codec at Xilinx, prior
to its inclusion in the 3GPP 5G NR standard.

When the team needed to settle fundamental architec-
tural questions about the decoder, the author did not be-
gin by writing production code. Instead, a few days were
spent building a compact MATLAB model – a minimal,
mathematically faithful simulation that answered every
structural question: belief propagation schedule, frozen
bit selection, rate matching, throughput ceiling, latency
budget. Engineers unfamiliar with this mode of work were
uneasy: code was not appearing. What was appearing
was something more valuable – a compressed K-trajectory
artifact that made the entire design space legible.

Once the MATLAB model existed, the team could gen-
erate code that worked on the first attempt. The code
was elaboration. The model was the thought.

This is the same structure as the flight plan. In both
cases:

1. An expert with deep domain Kpast produces a com-
pressed model – small, precise, high semantic density
per line.

2. The compressed model encodes the critical constraints,
the binding tradeoffs, the decisions that cannot be un-
done.

3. Elaboration – generating code from the model, flying
the route from the plan – is the high-volume, lower-
judgment step that follows from the model.

The ratio of model to elaboration is a measure of K-
trajectory density. An expert writes ten lines of MAT-
LAB that generate ten thousand lines of RTL. A junior
engineer writes ten thousand lines hoping some of them
survive review. The difference is not effort; it is Kpast.

This has a direct implication for AI-assisted intellec-
tual work. A language model used to draft prose around
a bandwidth efficiency derivation that the author inde-
pendently specified is performing elaboration. The com-
pressed model – the four-factor efficiency decomposition,
the binding tRRD constraint, the specific HBM4 timing
parameters – came from the author’s Kpast. The AI in-
flated it into paragraphs. The value is in the model. The
authorship is in the compression.

Critics who label such work “AI-generated” are
misidentifying which step constitutes the contribution.
They are confusing the flight plan with the aircraft, the
MATLAB model with the silicon, the argument with its
prose container.

3.4 The “GP/AI” Node

The drawing includes a node labeled “GP AI” connected
to both the Kpast track and the Fogbank, with an arrow
to “Quantum Compute” and the annotation “Ideas of
something.” This is prescient: the author was modeling
AI not as a replacement for the human K trajectory but
as an additional input to Equation (1) – a source of new
xt that can accelerate Kt toward the Fogbank frontier.
GP (Gaussian Process, or General Purpose) AI serves
as a stochastic oracle that samples from a large learned
distribution, feeding novel combinations into the human
state machine.

This is the co-creative model: human Kt supplies di-
rection, judgment, and the capacity for transformational
moves; AI supplies high-bandwidth sampling from the
current distribution. Neither suffices alone.

4 Proposition II: The Iron Law of
Creative Flux

Claim. The economic value of a creative work is propor-
tional to the rate of change of the creative field it induces,
not to the static quality of the output:

Vart ∝
dΦ

dt
(3)

where Φ(t) is the creative flux – the total influence of the
work on subsequent creative production in its domain.

4.1 The Faraday Analogy

The drawing writes ∆E = dΦ/dt – Faraday’s law of elec-
tromagnetic induction, where an electromotive force (volt-
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Figure 2: The Iron Law of Wages (2022–2023). Hu-
man art at $1.99; “Same but better! AWESOME by
ROBOTEC” at $1.95 with SALE sticker. Below: ∆E =
dΦ/dt, labeled “AKA dΦ/dt ↑”. Bottom left: human eco-
nomic activity going asymptotic — output approaching
a ceiling before a probable crash. Bottom right: AUTO
generator block diagram. Signed JAF.

age) is induced by a changing magnetic flux. The analogy
is deliberate:

• Static flux (Φ = const): no EMF. A painting that
competently reproduces a known style generates no new
artistic voltage – it adds to the field but does not change
it.

• Rising flux (dΦ/dt > 0): positive EMF. A work that
shifts what other artists consider possible – Picasso’s
cubism, Coltrane’s sheets of sound, Duchamp’s ready-
mades – generates artistic voltage proportional to the
rate of shift.

AI can produce static flux at any quality level at near-
zero marginal cost. Hence the $1.95 price with SALE
sticker: infinite supply, elastic pricing. The $1.99 human
piece competes on the same axis and loses – if static flux
is the product. But the human can produce dΦ/dt 6= 0.
The AI, as argued in Section 5, cannot – not because it
lacks generation capability but because it has no Kt of
its own to shift.

4.2 Ricardo’s Iron Law Applied

Ricardo’s Iron Law states that wages in a competitive
market converge to the subsistence wage of the marginal
worker. The mechanism requires an elastic labor supply
at a given skill level [14]. Applied here:

1. AI is an infinitely elastic supplier of static-flux creative
work.

2. Market wages for static-flux work converge to AI’s
marginal cost ≈ 0.

3. Human artists who compete on static-flux output lose.

4. Human artists who compete on dΦ/dt – cultural nov-
elty, field shift, the discovery of new attractors – face
no AI competition on that axis.

The drawing captures this in the bottom-left graph:
human economic activity rising toward an asymptote –
output compressing against a ceiling before a probable
crash. This is the logistic trajectory of a system satu-
rated by infinite-supply competition: growth continues
but decelerates, and the curve warns of a discontinuity
ahead rather than a smooth equilibrium. Under the Iron
Law, artists competing on static-flux output approach
that ceiling; the crash is the phase transition when the
market reprices their labor to AI marginal cost. The sur-
vivors are the ones who shift the distribution before the
transition.

4.3 The AUTO Generator

The bottom right of the drawing shows a block labeled
“AUTO” with generator lines, alongside “K =” with an
auto-regressive block diagram. This is a literal depiction
of autoregressive generation: the AUTO block produces
output from a learned K (knowledge base). The equation
K = AUTO(. . .) anticipates the GPT/diffusion framing
– the model is a compressed representation of its training
corpus.

The visual joke in the drawing is structural: the AUTO
block is placed on the same horizontal axis as the $1.95
price tag. The generator is the pricing mechanism. Infi-
nite AUTO output is why ROBOTEC can undercut.

4.4 What Retains Value

The implication of Equation (3) is that artistic value is
not a function of the artifact but of the artifact’s effect
on the field. This is not a new claim – it is a restatement
of the art-historical consensus on influence [19]. What
is new is the operationalization: dΦ/dt can be approxi-
mated by measuring citation velocity in creative networks
(how quickly a work is referenced, remixed, or cited by
subsequent work), analogous to academic citation analy-
sis [20].

Crucially, dΦ/dt requires a temporal sequence of Kt

states – an ongoing creative trajectory – to generate. A
one-shot AI prompt does not produce a trajectory; it sam-
ples a point. The sustained creative career, the evolving
body of work, the recognizable artistic K-trajectory is the
product that AI cannot replicate.
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Figure 3: Introducing Robocat (2022–2023). State-space
block: x(t)→ f(x)→ x(t+1). Interlocutor: “Wow! How
did you make it so REAL?” Robocat: “EASY! I’m GPT-
3 with the words ‘thank you’ removed.” Red heart; cat
face on a wheeled chassis. Signed JAF.

5 Proposition III: Robocat and
the Derived Creative System

Claim. A generative AI creative system is a derived
state-space transformer – one that approximates the tran-
sition function of human creative output without possess-
ing an independent knowledge trajectory. Its creative ca-
pacity is bounded above by the distribution of its training
data.

5.1 State-Space Formulation

The drawing formalizes Robocat as:

x(t+ 1) = f(x(t)) (4)

where x(t) is the current context (prompt, partial genera-
tion, conditioning signal) and f is the learned transition
function. This is precisely the autoregressive factorization
of a language model or the denoising step of a diffusion
model: the next token or image patch is a function of the
current context.

The formulation is correct and the cat is charming. The
question the drawing raises is: who authored f?
f was authored by the training corpus – which is human

creative output. Robocat is a compressed representation
of human creative history equipped with a generation en-
gine. It has no Kt of its own; its effective Kpast is a
weighted average of every artist, writer, and musician in

the training set. The heart on Robocat’s head is accurate:
it is genuinely lovable, genuinely capable, and genuinely
derivative.

5.2 “GPT-3 with the Words ‘Thank You’
Removed”

The punchline encodes a precise technical observation
about RLHF alignment.

GPT-3 base [10] is a raw autoregressive model trained
on next-token prediction. InstructGPT and subsequent
aligned models [13] apply Reinforcement Learning from
Human Feedback (RLHF) to shape the output distribu-
tion toward human-judged quality – helpfulness, harm-
lessness, and honesty. One observable effect is that RLHF
models say “thank you,” apologize, and hedge. They have
learned the social compliance layer of human communi-
cation.

DALL-E and early Stable Diffusion image generators
are, structurally, base models with minimal RLHF – or
with RLHF optimized for visual rather than social prefer-
ence. In terms of the drawing: they are GPT-3 (a power-
ful generative prior over human-produced content) with
the conversational politeness layer removed and replaced
by a visual quality prior.

The implication is that the “artistic” quality of AI-
generated images in 2022–2023 was not a new capabil-
ity – it was the base model’s generative power applied
to the image domain, with the social compliance training
replaced by aesthetic preference training. ROBOCAT =
base model + aesthetic RLHF - social RLHF.

This framing carries a non-obvious consequence for pol-
icy: RLHF alignment and creative capability are in par-
tial tension. The same training that makes a model safe
and polite also makes it conservative – it learns to pro-
duce outputs in the center of the preference distribution,
which is the center of the training distribution. Removing
the “thank you” is, in part, removing the pull toward the
mean. The Fogbank (Section 3) is harder to reach when
you have been RLHF’d to stay polite.

5.3 The Authenticity Question

The interlocutor in the drawing asks: “How did you make
it so REAL?” This is the authenticity question posed in
the aesthetics literature since Goodman [21]: is a perfect
forgery of a painting artistically equivalent to the origi-
nal?

The dynamical systems answer: authenticity is not a
property of the artifact x(t + 1) but of the trajectory
{Kt} that generated f . Robocat produces outputs indis-
tinguishable from human art by static perceptual met-
rics. But there is no K-trajectory behind the outputs
– no evolving knowledge state, no Fogbank traversal, no
sustained creative history. The realness is real; the au-
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Figure 4: TCAMMM ∈ R3+t (2022–2023). Title is short-
hand for The Canonical Art Modulatable Meta Materials
in three dimensions of space plus time. A USAF-1951
three-bar resolution test chart (MIL-STD-150A) mounted
on poster paper above a holographic color sheet. Lower
left: TCA logo. The USAF chart measures spatial fre-
quency response – a proxy for fidelity, not meaning. The
holographic panel is irreducible to any such metric. Mixed
media. Signed TCA.

thorship is distributed over the training corpus and the
prompt author.

This suggests a functional definition of authentic au-
thorship: a work is authentically authored if there exists
a K-trajectory that produced it. Multiple K-trajectories
can contribute (collaborative work); a prompt author’s
Kt contributes to a Robocat-mediated work. The ques-
tion of degree of authorship maps to the question of how
much of the specific output was determined by the human
Kt versus the model prior.

6 Proposition IV: The Resolution
Problem

Claim. Current evaluation metrics for AI-generated art
measure perceptual fidelity (the analog of spatial fre-
quency response) but are blind to distribution-shift con-
tribution (dΦ/dt) – the quantity that determines long-run
artistic and economic value.

6.1 The USAF-1951 Chart as Metaphor

The USAF-1951 three-bar resolution test chart (Figure 4)
was developed by the U.S. Air Force to standardize the

measurement of optical system resolution [22]. Groups
of three horizontal and three vertical bars at decreasing
spatial frequencies allow a single number – the limiting
resolution in line pairs per millimeter – to characterize an
imaging system.

The chart is a near-perfect instrument for its purpose.
It tells you exactly whether your lens can distinguish fine
detail. It tells you nothing about whether the scene being
imaged is interesting.

The title TCAMMM ∈ R3+t decodes as The Canonical
Art Modulatable Meta Materials in three dimensions plus
time. The +t term is the operative claim: resolution,
fidelity, and material sophistication increase with time.
This is empirically correct for camera and AI systems –
image generation quality by FID score [23] and human
preference ratings has improved reliably with scale [9,12].
The holographic color sheet below the chart – shimmering,
unreproducible in print – is the visual argument for what
the +t trajectory cannot capture.

6.2 The Metric Hierarchy

Current AI art evaluation operates on a stack of proxies:

1. Fréchet Inception Distance (FID) [23]: measures
distributional distance between generated and real im-
age sets in Inception feature space. Excellent for mea-
suring whether the generated distribution matches the
training distribution. Structurally blind to whether
the training distribution itself has cultural value.

2. CLIP score [24]: measures alignment between gen-
erated image and a text prompt in CLIP embedding
space. Excellent for prompt fidelity. Blind to whether
the prompt describes something novel.

3. Human preference (RLHF reward model, A/B test-
ing): measures whether a human judge prefers the gen-
erated image. Subject to distribution bias – judges
prefer images that match their expectations, which are
formed by the existing art distribution.

All three metrics are analogs of the spatial frequency re-
sponse measurement: they describe how well the system
reproduces or matches a known distribution. None can
measure dΦ/dt because that requires observing the effect
of the work on the subsequent creative field – a measure-
ment that takes years and cannot be operationalized as a
loss function.

6.3 The Measurement Problem for dΦ/dt

Measuring creative influence is not impossible – it is sim-
ply not instantaneous. Academic citation analysis pro-
vides a working model: the citation velocity of a paper
in the years following publication is a proxy for its dΦ/dt
in the scientific knowledge field [20]. Creative work has
analogous measurables: sampling rates in music, visual
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reference rates in design, stylistic adoption rates in visual
art communities.

The structural problem for AI evaluation is that these
measurements cannot be computed at generation time.
A metric that requires a 5-year follow-up study cannot
supervise a training run. This is not a limitation that
will be overcome by scaling compute – it is a consequence
of the causal structure of creative influence.

The practical implication: AI art evaluation as cur-
rently practiced optimizes for the wrong objective. A
system that maximizes FID and human preference pro-
duces extremely convincing static-flux output. It does
not and cannot optimize for dΦ/dt because the signal is
not available. This does not mean AI art is valueless –
static flux has value. It means the currently measurable
value is a lower bound on the total potential value of hu-
man creative work, which includes the unmeasured (and
unmeasurable in real time) dΦ/dt component.

6.4 Resolution vs. Meaning

The holographic panel below the USAF chart is the punch-
line. It cannot be reproduced by the chart. Its value is
precisely in its irreducibility to the metric. The drawing
proposes this as the fundamental structure of the human-
AI art problem: the tools that measure resolution are not
the tools that capture meaning, and building better res-
olution tools does not bring you closer to the meaning
measurement.

This is a formal statement of what the art world
has claimed informally since the first photography de-
bates [25]: technical fidelity and artistic value are orthog-
onal axes. What the drawing adds is the dynamical sys-
tems interpretation: fidelity measures a static snapshot
of the field; value is a property of the field’s trajectory.

7 Synthesis: Complementary Op-
erators

The four propositions converge on a single architectural
claim about human-AI creative systems.

7.1 The Two-Operator Model

Define the creative production system as a composition
of two operators:

Φ(t+ 1) = H(Kt, εt) ◦ A(Φtrain, pt) (5)

where:

• H is the human operator: takes knowledge state Kt

and noise εt, produces a creative output that may shift
Φ.

• A is the AI operator: takes the training distribution
Φtrain and prompt pt, produces a high-fidelity sample
from that distribution.

• The composition ◦ denotes human curation and selec-
tion: the human chooses which AI outputs enter their
creative process and how.

These operators are asymmetric in three ways:

1. Distribution access: H can produce output outside
Φtrain; A cannot (in expectation, rigorously).

2. Throughput: A produces high-quality samples at
millions of times the throughput of H.

3. Cost: A has near-zero marginal cost per sample; H
has substantial fixed cost (the artist’s life and accumu-
lated Kt).

The asymmetry means neither operator dominates. H
without A searches the Fogbank slowly, with limited
throughput for exploring adjacent ideas. A without H
samples efficiently from a fixed distribution that does not
evolve – a creative system in a fixed-point attractor. The
composition is strictly more powerful than either alone.

7.2 Interface Design

The productive question for human-AI creative systems
is not “who made it?” but “how is the interface between
H and A structured?” The quality of the composition
depends on:

• Prompt specificity: A high-information prompt pt
drawn from the human’s current Kt positions the AI
sample close to the human’s Fogbank frontier. A
generic prompt produces a center-of-distribution sam-
ple far from any individual Fogbank.

• Curation depth: The more selectively H filters A’s
output, the more of the dΦ/dt is attributable to H’s
judgment. Accepting the first AI output unmodified
provides minimal human creative contribution; itera-
tive refinement can be high.

• Update rate: The composition’s field-shifting power
depends on how quickly AI samples feed back into Kt.
A fast iteration loop – generate, evaluate, refine Kt,
generate again – can accelerate the human’s Fogbank
traversal. A slow loop (produce one work per month in-
corporating AI) does not leverage the throughput asym-
metry.

7.3 The Atomic Process as Interface Pro-
tocol

The Atomic Process drawing (Figure 1) can be reread as
an interface specification. The GP/AI node feeds into
the Kpast–Kfuture trajectory as an external signal source.
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The human Kt state machine integrates AI output the
same way it integrates any external stimulus: the stimu-
lus enters at the current state, the transition function f
processes it, and Kt+1 reflects the update.

The critical design requirement is that the human Kt

must retain its own dynamics. If the AI input is too dom-
inant – if Kt+1 ≈ A(Φtrain, Kt) with no human-specific
εt contribution – then the human trajectory converges to
the AI distribution. The artist becomes a high-cost sam-
pler of the same distribution the AI samples cheaply. The
economic consequence follows immediately from the Iron
Law: wages converge toward zero.

The productive interface keeps εt alive – maintains the
human’s independent noise source, their access to their
own Fogbank, their capacity to shift Φ. Concretely: use
AI for throughput, not direction; let the human set the
gradient direction in creative space while AI accelerates
the gradient step.

7.4 The AI-Assisted vs. AI-Generated
Distinction

The most consequential policy failure in current AI prove-
nance discourse is the conflation of AI-assisted with AI-
generated. The two-operator model makes the distinction
precise.

A work is AI-generated when H contributes negligi-
ble Kt information to the output: the human provides
a generic prompt, accepts the first output, and the work
is determined primarily by A(Φtrain, pt). The human Kt

is not operative – the work would be statistically simi-
lar for any human with access to the same prompt and
model.

A work is AI-assisted when H contributes substantial,
expert-specific Kt information: the prompt encodes do-
main knowledge not present in the training distribution,
the curation rejects AI outputs that are technically incor-
rect, and the final work reflects judgments that require
the specific Kpast of the author to make. The AI is a
high-throughput drafting tool; the human is the author.

The engineering case is clearer than the art case. Con-
sider a hardware engineer who:

• Designed polar FEC codecs prior to their inclusion in
the 3GPP 5G NR standard,

• Owned die partitions on a mixed-reality headset silicon,

• Wrote bandwidth efficiency models grounded in
JEDEC memory specifications that postdate the
model’s training cutoff.

When this engineer uses a language model to draft prose
around claims they specified, the language model is doing
what LaTeX does for equations: providing a formatting
and composition service. The Kpast that produced the
bandwidth efficiency model – the specific derivation of
tRRD,eff from HBM4 timing parameters, the four-factor

efficiency decomposition, the BFS microarchitecture – is
not in any training corpus. The model cannot produce
those specific claims without the human’s direction be-
cause the human’s direction is what makes them true and
novel.

Challenging such work as “AI-generated” mistakes the
tool for the author. It is the resolution chart error applied
to provenance: measuring the distributional proximity of
the prose style (which a language model’s style does in-
fluence) and inferring from that measurement that the
content is AI-generated. The metric is real; the inference
is wrong.

A proposed standard: work is AI-assisted, not AI-
generated, when the following conditions hold:

1. The technical claims are falsifiable and their correct-
ness depends on domain Kpast not present in public
training data.

2. The human author can independently derive or verify
each claim without AI assistance.

3. The AI’s contribution is localized to prose composition,
citation formatting, or similar tooling functions rather
than content generation.

A calculator-assisted proof is a proof. A LATEX-typeset
theorem is a theorem. An AI-assisted technical paper by
a domain expert is a technical paper.

7.5 Implications for AI Art Policy

The two-operator model clarifies the policy stakes:

• Copyright: the question of copyright for AI-generated
works is, in this framework, a question of Kt attri-
bution. Works where the human Kt determines the
specific direction and the AI fills in the high-frequency
content have a clear human author. Works where the
human provides only a generic prompt have distributed
authorship across the training corpus.

• Training data: training on copyrighted works with-
out compensation is, in this framework, a capture of
human K-trajectories without attribution. The AI’s
Φtrain is built from human dΦ/dt without paying for
the field-shifting work. This is the structural wrong in
current training data practice, independent of specific
legal theory.

• Disclosure: a useful disclosure standard would require
documenting the H◦A composition – what was the hu-
man prompt, what was AI-generated, what was curated
– rather than a binary human/AI label. This maps the
creative contribution to the Kt attribution problem.

8 Conclusion

Four hand-drawn diagrams from 2022–2023, produced be-
fore the current generative AI discourse had fully formed,
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anticipate the core structural argument: human creative
cognition and generative AI are asymmetric state-space
operators, and their interaction is governed by a flux-rate
law that current evaluation metrics cannot measure.

The Atomic Process establishes that creativity is a
knowledge state machine with a trajectory; the Iron Law
establishes that economic value derives from the trajec-
tory’s rate of change, not from any single output; Robocat
establishes that AI is a derived system without its own tra-
jectory; and the USAF resolution chart establishes that
the tools used to measure AI creative quality are orthog-
onal to the quantity that determines long-run value.

The synthesis – the two-operator model of Equation (5)
– is not a prediction that human artists will win by being
human. It is a design specification: the productive com-
position of human and AI creative work requires main-
taining the human K-trajectory’s independence, using AI
throughput in the direction set by the human, and mea-
suring creative contribution by field-shift rather than out-
put fidelity.

The drawings themselves are an instance of this argu-
ment. They were produced by a human K-trajectory that
no model in 2022 could have generated – not because the
generation capability was absent, but because the specific
Kt that produced the Fogbank metaphor, the Faraday
analogy, and the Robocat punchline was not in any train-
ing set. They are the Fogbank made visible.

Whether that matters economically depends on
whether the field they shift is one that pays. The Iron
Law is still operating. Sun Tzu’s first principle is to know
the terrain. The drawings say: know which axis you are
competing on.
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