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Abstract

This essay examines the economics of knowledge through the lens of large lan-
guage models—the most consequential knowledge technology since the printing press.
It synthesizes contributions from Kenneth Arrow, Friedrich Hayek, Sherwin Rosen,
Ronald Coase, George Stigler, Claude Shannon, and John von Neumann into a uni-
fied framework for understanding what has changed, what the numbers reveal, and
what the physics ultimately permits. The central findings are six: (1) knowledge and
information are economically distinct; (2) Hayek’s knowledge problem remains un-
solved for tacit knowledge; (3) the Rosen superstar mechanism operates with unusual
force in Al markets; (4) Coasian firm structure is being bifurcated; (5) capital struc-
ture follows knowledge structure; and (6) information processing requires energy as
a matter of physical law.

Keywords: large language models, economics of information, knowledge economy, Ar-
row information paradox, Hayek knowledge problem, superstar economics, scaling laws,
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1 Introduction

Large language models are the most consequential knowledge technology since the print-
ing press. Understanding their economic implications requires synthesizing frameworks
from Arrow, Hayek, Rosen, Coase, Stigler, Shannon, and von Neumann—each of whom
identified a distinct mechanism by which knowledge resists efficient market allocation.
This essay constructs that synthesis. A companion paper [Litowitz et all, P176] studies
the physics of Al through the observation that photons are to energy what tokens are to
information, developing the supply-and-demand balance sheet for global token produc-
tion. Here the focus is economics. Six findings emerge.
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I. Knowledge is not information. Shannon’s information theory measures uncertainty
reduction; Arrow’s economics of knowledge concerns the market failures that arise when
information is the commodity being traded. LLMs operate at the intersection: they com-
press Shannon information at unprecedented scale and simultaneously exhibit every Ar-
row market failure in amplified form.

II. Hayek’s knowledge problem remains unsolved. The explicit, documentable portion
of human knowledge has been successfully centralized by LLMs. The tacit, local, time-
sensitive knowledge that actually coordinates economic activity has not been captured
and cannot be, without losing the properties that make it valuable. This is not an engi-
neering limitation—it is an epistemological one, supported by Kolmogorov complexity
arguments and Hurwicz’s mechanism design theorems.

III. The Rosen superstar mechanism operates with unusual force. Small capability dif-
terences produce enormous revenue differences because the joint consumption technol-
ogy is near-perfect. This creates winner-take-most dynamics in consumer markets and a
quality premium in enterprise markets: Claude’s 19-30 million monthly users generate
roughly one-quarter of ChatGPT’s revenue despite a fraction of the user base, implying a
revenue-per-user multiple of roughly three to six times—explained by market positioning
on the demand curve.

IV. The Coasian theory of the firm is being bifurcated. As LLMs reduce costs for codifi-
able tasks, the optimal firm boundary shifts outward—producing “one-person unicorns”
at one extreme. But the knowledge-based theory predicts that tacit, relational knowledge
becomes more concentrated inside large organizations at the other extreme. The firms un-
der maximum pressure are those in the middle, whose primary value was coordinating
codifiable work.

V. Capital structure follows knowledge structure. Modigliani-Miller does not apply to
firms whose primary assets are inalienable human knowledge and model weights that de-
preciate through competition rather than use. The equity-heavy, cash-burning, perpetual-
reinvestment structure of OpenAl and Anthropic is not irrational speculation—it is the
only rational capital structure for this kind of firm, derivable directly from Arrow’s infor-
mation asymmetry results applied to the balance sheet.

VI. Information processing requires energy as a matter of physical law. Landauer’s
principle establishes the thermodynamic floor; Chinchilla scaling laws establish the em-
pirical trajectory. Global LLM token consumption is doubling roughly every eight months.
Even with aggressive hardware efficiency improvements, Jevons’ paradox means LLM
energy demand will likely reach tens to hundreds of terawatt-hours annually by 2030.

The unified message: knowledge is not free at any level of analysis—not economically, not
institutionally, not thermodynamically. Every framework examined here arrives at the same con-
clusion through a different route.



2 From Information to Knowledge

2.1 Three Levels of a Single Problem

To analyze the economics of knowledge, it is necessary first to distinguish three concepts
that are often conflated: data, information, and knowledge. They exist at different levels
of abstraction and have radically different economic properties.

Data is the raw substrate—text tokens, sensor readings, transaction records. It has the
economic character of a commodity: storable, replicable, transmissible. The cost of storing
a gigabyte has fallen by a factor of tens of millions since 1980, making data effectively free
to hold.

Information, in Shannon’s formalization, is the reduction of uncertainty. It is mea-
sured in bits, defined by surprise—a message that tells you what you already knew
has zero information content, regardless of how many characters it contains. Shannon’s
framework is about transmission, not meaning.

Knowledge is information that has been absorbed into a structure—that can be re-
called, recombined, applied across contexts, and connected to other knowledge. A database
contains data. A weather model contains information about atmospheric states. A me-
teorologist who integrates model output with local geographical knowledge possesses
knowledge. The difference is not merely quantitative. Knowledge has a productive char-
acter that data and information lack: its value is inseparable from the context in which it
is applied.

2.2 Shannon, Entropy, and the Measure of Ignorance

Shannon [1948] gave information theory its quantitative foundation. The key quantity is
entropy:

H= -} pilog,pi, 1)

where p; is the probability of the i-th possible message. Entropy measures the average
uncertainty in a probability distribution. A fair coin has entropy of 1 bit. A biased coin
that comes up heads 99% of the time has entropy close to zero. Shannon entropy has
exactly the same mathematical form as Boltzmann’s thermodynamic entropy—a connec-
tion that Jayneg [1957] argued reflects a deep identity: both are instances of the same
maximum-entropy inference principle. Large Language Models are trained to calculate
those p;.

2.3 Arrow’s Information Paradox

Kenneth Arrow’s insight is that information markets are structurally defective in a way
that standard goods markets are not. The deeper problem is that exchange is paradoxical:
the buyer wants to know the value of information before paying, but the only way to
determine value is to receive the information—at which point the buyer has no reason to
pay. The market fails not because of externalities but because of a logical impossibility in
the transaction structure.



This paradox manifests in the market for expertise, for research, for education, and
most acutely in the market for Al model capabilities—you cannot know what a model
can do in your specific context without deploying it. Every market responds through
institutional workarounds—credentials, reputation, trial periods—none of which fully
resolves the underlying problem.

24 LLMs as Knowledge Infrastructure

The printing press reduced the cost of copying knowledge. The telegraph and internet
reduced the cost of transmitting it. Libraries and search engines reduced the cost of re-
trieving it—dramatically lowering the search costs that Stigler [1961] identified as a cen-
tral friction in information markets. LLMs reduce the cost of synthesizing it—of tak-
ing knowledge from multiple domains and recombining it into a response tailored to a
specific query. Stigler showed that buyers and sellers expend real resources discovering
prices and evaluating alternatives; LLMs compress these search costs toward zero for any
query whose answer exists in the training corpus.

This synthesis function was previously performed only by expert human knowledge
workers, at costs reflecting years of training and high ongoing salaries. The LLM per-
forms a similar function at a cost of fractions of a cent per query. The supply curve
for knowledge synthesis has shifted so dramatically that the new equilibrium price ap-
proaches zero for a vast range of tasks.

2.5 LLMs as Compression Engines

A frontier LLM trained on a substantial fraction of the internet fits in a few hundred
gigabytes—roughly the storage required for three days of global weather data. The dis-
proportion is so extreme that it demands explanation, and the explanation reveals some-
thing fundamental about the nature of human knowledge itself: most of it is redundant.
The same customer relationship described in a Salesforce record reappears in a Slack
thread, a Google Doc, an email chain, and a slide deck. The same love story that Euripi-
des staged has been restaged in every literature since. The same analytical frameworks
are restated—with variations in notation but not in substance—across thousands of text-
books. An LLM compresses all of this redundancy away. If the model already encodes a
pattern, encountering it again barely moves the weights. What remains after training is
the essential structure—the principles. Knowledge of principles frees one from the neces-
sity of knowing many facts, and the LLM literalizes this ancient insight.

In mathematics, a basis is the minimal set of independent elements from which ev-
ery element in a space can be constructed by linear combination. LLM parameters en-
code something analogous: a learned basis of linguistic, logical, and factual patterns
from which an enormous range of outputs can be generated through recombination. The
Greeks wrote many of the basis functions of Western thought—tragedy, comedy;, syllogis-
tic reasoning, axiomatic geometry, democratic governance—and subsequent civilizations
have largely been writing linear combinations. This is Romet’s growth theory in a differ-
ent language: the knowledge stock A in equation (I6) expands by recombining existing



designs, and the LLM’s learned basis is a compressed representation of that stock. Most
“new” ideas are not new dimensions; they are new coordinates in an existing space.

But compression sacrifices precision. Ask an LLM for the opening hours of a specific
Starbucks and it will flounder, because that fact either never appeared in training or ap-
peared too rarely to survive compression. General principles compress beautifully (low
Kolmogorov complexity); specific, time-local facts do not (high Kolmogorov complexity).
The engineering response—retrieval-augmented generation, pioneered commercially by
Perplexity and now standard in ChatGPT, Claude, and Gemini—is to combine the com-
pressed basis with a real-time factual index. The LLM provides structure; search provides
specifics. Neither alone suffices. Together they approximate the combination of deep un-
derstanding and current awareness that previously required an expensive human expert.

The deeper implication is about human knowledge itself. The compression ratio is
so favorable—petabytes of text into hundreds of gigabytes of parameters—because gen-
uinely novel ideas are scarce. If human knowledge were mostly original, compression
would fail catastrophically. That it succeeds so spectacularly is itself evidence for the
Romer worldview: growth is driven by recombination, and the space of truly indepen-
dent basis functions is far smaller than the volume of text that elaborates them.

3 Arrow’s Economics of Knowledge

3.1 The 1962 Paper: Three Fundamental Failures

Arrow’s “Economic Welfare and the Allocation of Resources for Invention” [[Arrow!, T9625]
established three reasons why the market for knowledge production is inherently imper-
fect. They interact and compound each other, and no institutional arrangement resolves
all three simultaneously.

Indivisibility. Knowledge comes in discrete units—an invention, a discovery, a proved
theorem. Unlike wheat or labor, you cannot continuously vary the quantity of a specific
piece of knowledge. The choice is not how much of a discovery to produce but whether
to produce it at all, requiring a comparison of total costs and total benefits rather than
marginal analysis.

Inappropriability. Even when knowledge is produced, the producer cannot capture
all the value it generates. Knowledge spills over to competitors, to adjacent industries, to
future researchers who build on it. Social rates of return to R&D investment consistently
run at two to four times private rates of return [Jones and Williams, T998]—a structural
feature, not a rounding error.

Uncertainty. Research outcomes are genuinely unknown before resources are commit-
ted. Risk-averse firms underinvest relative to the expected value calculation; investors
cannot price research assets without knowing their outcomes; adverse selection—the
mechanism [Akerlof [T970] formalized for quality uncertainty—drives up the cost of re-
search capital.

These three failures explain the institutional landscape of knowledge production: patent
systems, government research funding, research universities, and open-source develop-
ment. None is optimal; each is a second-best response to one or more of the three failures,



typically at the cost of the others.

3.2 Arrow-Debreu: Complete Markets and Their Failure for Knowl-
edge

Arrow and Debrel [1954] proved the existence of competitive equilibrium under gen-
eral conditions. The fundamental welfare theorems—established separately—state that
if markets are complete and competitive, any equilibrium allocation is Pareto efficient.
Knowledge markets fail the completeness requirement in multiple ways. Future knowl-
edge goods cannot be traded in advance because their character is unknown before pro-
duction. The Arrow information paradox means spot markets for knowledge goods fail
the basic transaction structure required for market clearing.

Arrow'’s [1964] paper introduced Arrow—Debreu securities—assets paying off in ex-
actly one state of the world and zero in all others. A complete set of S states requires
S independent securities to span the full risk space. Research risk is not merely uncertain
but unspannable: you cannot write an Arrow security paying off in the state “the cure
for Alzheimer’s is discovered” because this state is not specifiable before the discovery.
This unspannability explains why venture capital takes the form it does—an open-ended
claim on an unspecifiable outcome space structured as equity.

3.3 Learning by Doing: Formal Specification

Arrow’s [1967a] learning-by-doing model specifies formally how knowledge accumulates
as a byproduct of production. Let A(t) denote the cumulative knowledge stock, driven
by cumulative gross investment G(f):

A(H) =G(H?, 0<¢<1. 2)

Each firm’s labor-augmenting productivity is proportional to A(t). Since A(t) is a public
good, social and private returns diverge.”

. G 0 i dG 9y,
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Since the sum over all firms exceeds the individual firm’s marginal product, private in-
vestment falls below the social optimum by the full magnitude of the knowledge spillover
externality. For LLMs, this learning curve operates simultaneously at three levels: infer-
ence costs falling with hardware scale, model capability improving with training com-
pute, and organizational productivity improving with deployment experience.

IThe following notation synthesizes Arrow’s argument; the specific rate-of-return expressions are not in
the original paper.



4 Hayek and the Dispersal of Knowledge

4.1 The 1945 Paper and the Central Claim

tial papers in economics—a point he sharpened in his Nobel lecture on “The Pretence of
Knowledge” [Hayek, 1974]. It is more precisely an argument about epistemology—about
the nature and location of the knowledge that economic coordination requires.

Hayek’s central claim: the real economic problem facing any society is the utiliza-
tion of knowledge that is not given to anyone in its totality. The knowledge relevant
to economic coordination is dispersed across millions of individuals, much of it inartic-
ulate, and no central authority can aggregate it without catastrophic loss—not because
of computational limits but because the knowledge does not exist in a form that can be
transmitted to a center at all.

4.2 Scientific vs. Local Knowledge

Hayek drew a sharp distinction between scientific knowledge—general principles, theo-
retical frameworks, specifications that can be written down and transmitted—and local
knowledge—knowledge of particular circumstances of time and place that is ephemeral,
contextual, and often not conscious. This distinction anticipates Polanyi’s [1966] concept
of tacit knowledge: “we can know more than we can tell.”

The price system aggregates local knowledge through decentralized action with stakes.
When drought reduces wheat supply in Kansas, the resulting price increase transmits this
information to millers in New York who have never heard of Kansas droughts—all with-
out anyone having to understand or articulate the underlying knowledge. The price is a
sufficient statistic for the local knowledge it encodes.

LLMs are the most ambitious attempt in history to centralize dispersed knowledge. The achieve-
ment is genuine for scientific knowledge. The hard wall of Hayek's epistemology remains intact for
local, tacit knowledge.

4.3 The Grossman-Stiglitz Paradox

The most direct mathematical treatment of Hayek’s price-as-information-aggregator comes
from Grossman and StiglitZ [T980]. Their result: if prices fully reflect all available infor-
mation, there is no incentive for anyone to acquire information to trade on. But if no one
acquires information, prices cannot aggregate it. The equilibrium requires prices to be
imperfectly informative. Let A denote the fraction of informed traders and c the cost of
becoming informed:

A* ¢ E[profit from private information] = ¢, Var(6 | P) > 0. 4)

As ¢ — 0, A* rises and prices become more informative—but never fully so. The paradox:
perfect informational efficiency is unattainable because reaching it would destroy the in-
centive to acquire the very signals that make prices efficient. For LLMs, the implication



is indirect but important: if Al-generated analysis substitutes for costly private research,
and if traders treat it as a free signal correlated with the true state, the equilibrium resem-
bles a reduction in effective c. More traders become “informed” in a superficial sense,
yet genuine private signals—the ones that correct mispricings—may become scarcer. The
price system’s aggregation capacity depends on the diversity and independence of pri-
vate signals, which widely available Al analysis may reduce even as it increases the aver-
age level of information.

4.4 Mechanism Design: The Hurwicz Formalization

Hurwicz’s mechanism design framework [Hurwic7, 1960] provides the most direct math-
ematical formalization of Hayek’s question: what institutional arrangements can achieve
efficient outcomes when relevant information is dispersed?

The key result on informational efficiency, proved by Mountf and Reiter [1974] and
sharpened by Jordan [T982]: for economies with more than two agents and goods, the
competitive price mechanism requires message spaces of dimension L (the number of
goods). Any other mechanism achieving Pareto efficiency requires at least as large a mes-
sage space:

dim(Mprice) = L,  dim(Maiernative) > L for any Pareto-efficient mechanism.  (5)

This is a formal proof of Hayek’s claim that the price system achieves efficient coordi-
nation with minimum communication burden. The price vector is a minimal sufficient
statistic for efficient coordination. Any alternative mechanism—including LLM-mediated
allocation—requires at least as much communication.

5 Rosen and the Market for Superstars

5.1 The 1981 Mechanism

Rosen’s “The Economics of Superstars” [Rosen, T981] explained why income distributions
in certain professions are so extreme. The answer combined two elements: consumers
strongly prefer the best to the second-best (imperfect substitution), and the best can reach
an unlimited audience at low marginal cost (joint consumption technology).

If consumers prefer the best and the best can reach an unlimited audience, global de-
mand concentrates on a small number of providers. The superstar captures a dispropor-
tionate share of total market revenue not because of disproportionate talent but because
distribution technology allows talent differences to be amplified into audience differences
without limit. Rosen’s striking prediction: improvements in distribution technology in-
crease income concentration at the top.

5.2 Rosen’s Mechanism in AI Markets

The revenue-per-user data for ChatGPT and Claude are a Rosen phenomenon in opera-
tion. LLMs represent the limiting case of Rosen’s joint consumption technology: a single
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model can serve a billion users simultaneously at near-zero marginal cost. The result is
a market in which capability differences between models produce revenue differences
enormous relative to the capability differences themselves.

Table 1: LLM market structure: ChatGPT vs. Claude (2025). Sources in footnotes; both
tirms’ revenues were growing rapidly throughout the year.

Metric ChatGPT / OpenAl Claude / Anthropic
Weekly active users (Oct 2025)!  ~800 million —

Monthly active users? ~355 million ~19-30 million
Daily queries (Jul 2025)3 ~2.5 billion —

Annualized revenue* ~$%$13 billion ~$3—4 billion
Revenue per monthly user ~$37/yr ~$100-$211/yr
Valuation (late 2025)° ~$500-750 billion ~$183 billion
Inference cost (Azure, Q1-Q3)®  ~$8.7 billion —

Enterprise revenue share’ ~15-20% ~80%

The monthly-active-user gap is roughly twelve- to eighteen-fold. The revenue gap
is three- to four-fold. The implied revenue-per-user gap ranges from roughly three- to
sixfold depending on which endpoint of the user and revenue ranges is used. This is
the Rosen mechanism in operation: Claude’s smaller base consists disproportionately of
developers and enterprise teams who pay a substantial premium for marginal quality
advantages in high-value domains.

6 The Structure of the Firm and Knowledge

6.1 Coase: Why Firms Exist

markets: transaction costs. Discovering relevant prices, negotiating contracts, and enforc-
ing them all consume resources. When these costs exceed the costs of organizing the same
activity through hierarchical direction within a firm, the firm supplants the market.
Asset specificity—identified by Williamson [1975]—is the primary driver. The worker
whose tacit knowledge is specific to this firm’s systems and processes is locked in, and
the firm is locked in to them. The firm is, at its core, an institution for managing the
transaction costs generated by knowledge that is specific, tacit, and hard to verify.

6.2 The Bifurcation of Firm Structure

LLMs change the parameters of Coase’s analysis. As they reduce the cost of specifying,
monitoring, and executing codifiable tasks, the optimal firm boundary shifts outward—
more activities can be outsourced. The logical extreme is the “one-person unicorn”—a
software company built by a single founder using Al tools that substitute for teams of



specialized employees. While no verified case has yet reached a billion-dollar valuation
on this model, the trajectory is visible in the rapid growth of solo-founder Al-augmented
startups.

But the knowledge-based theory of the firm [Kogut and Zander, 1992, Grant, T996]
identifies the incompleteness of this analysis. The activities that LLMs make cheap to
outsource are those involving codifiable, propositional knowledge. The activities that
remain inside the firm are those requiring tacit, relational, organizationally embedded
knowledge: the accumulated understanding of specific customer relationships, the orga-
nizational knowledge of how to execute complex multi-team projects, the strategic intu-
ition built from years of operating in a specific competitive environment.

The prediction: a proliferation of small Al-augmented firms executing codifiable tasks at one
end, a consolidation of large knowledge-fortress organizations around tacit, relational knowledge
at the other. The firms under maximum pressure are those in the middle.

6.3 Capital Structure Follows Knowledge Structure

The optimal capital structure is conventionally analyzed through the Modigliani and
Miller [T958] framework and its extensions [Jensen and Meckling, 1976]. This implic-
itly assumes that primary assets are physical or financial—whose value can be pledged
as collateral and whose liquidation value is well-defined.

Knowledge-intensive firms violate every assumption. Their primary assets are non-
pledgeable (tacit knowledge cannot be used as loan collateral), illiquid (there is no market
for organizational routines), and subject to catastrophic depreciation upon key employee
departures. The Stiglitz and Weiss [1981] analysis of credit rationing further reinforces
this: creditors who cannot assess the quality of knowledge assets demand a risk premium
that makes debt expensive relative to equity from informed investors.

This explains the capital structure of frontier Al firms. OpenAl and Anthropic are
running losses of billions annually, financed through equity at valuations that discount
cash flows decades into the future. No rational creditor would lend against assets whose
value rests entirely on the performance of a small number of key researchers. The eq-
uity investors—venture firms, sovereign wealth funds, hyperscalers—have the special-
ized knowledge to assess these assets. This is a bet that only equity, with its unlimited
upside and absence of fixed claims, can appropriately finance.

7 The Physics and Mathematics of Knowledge

7.1 Landauer’s Principle: The Thermodynamic Floor

The connection between information and physics is not metaphorical. Boltzmann’s ther-
modynamic entropy and Shannon’s information entropy have exactly the same mathe-
matical form—they are the same object viewed from different frames [Jaynes, 1T957].
Landauer [T961] established the physical consequence: any logically irreversible compu-
tation—any operation that erases a bit—must dissipate a minimum energy as heat. Ben-
netf [T973] proved the converse: logically reversible computations can in principle avoid
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this cost, confirming that erasure, not computation itself, is the thermodynamic bottle-
neck. The Landauer limit:

Emin = kg - T-1In2 ~2.85 x 1072} joules (at room temperature). (6)

Modern transistors dissipate roughly 10° to 107 times this theoretical minimum. Informa-
tion processing requires energy as a matter of physical law, not engineering limitation.
A civilization that continuously increases its knowledge accumulation rate must contin-
uously increase its energy expenditure.

7.2 Chinchilla Scaling Laws

Building on the earlier scaling laws of Kaplan et al] [?020], the Hoftmann et all [2027]
Chinchilla scaling laws established the optimal relationship between model size N, train-
ing data D, and compute budget C:

Noptimal X C0'5/ Doptimal X C0'5/
A B )
L(N,D) =E+ Ne + DB’ (x =~ 0.34, B ~0.28).
The critical implication: because the exponents are less than one, each unit of capability
improvement requires superlinearly more compute.? This is a property of the statistical
learning problem, ultimately rooted in the Shannon entropy structure of the data distri-
bution.

7.3 Token Growth and Energy Projections

OpenAl reported processing approximately 6 billion tokens per minute as of late 2025.
Annualized: approximately 3.15 x 10'® tokens/year. Global LLM token consumption
across all providers was approximately 1016-10'” tokens/year, doubling roughly every
eight months:

T(2030) ~ T(2025) x 2%0/8 ~ 181 x T(2025). (8)

Estimating the current energy baseline requires specifying scope. Back-calculating from
OpenAl’s reported Azure spending and GPU fleet yields approximately 3 TWh for Ope-
nAl’s inference alone.? Global LLM inference—including Google, Anthropic, Meta, xAl,
Mistral, and the open-source ecosystem—is considerably larger, plausibly 5-15 TWh.
A companion paper [Lifowitz et all, PO76] constructs the full supply-and-demand bal-
ance sheet for global token production using MacKay’s arithmetic methodology. Table 2
presents projections under both a conservative (3 TWh) and central (10 TWh) baseline to
make this uncertainty explicit.

2A replication by Besiroglu et al. (2024) found the original Chinchilla exponent estimates may be un-
reliable due to data-fitting issues, with corrected values closer to « ~ 0.35, B ~ 0.37. The qualitative
conclusion—sublinear scaling, hence superlinear cost—is robust to these revisions.

3Based on an estimated 500K-1M inference GPUs at ~1 kW average draw and ~70% utilization, consis-
tent with leaked Azure spending figures of ~$8.7B in 2025.
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Table 2: Projected LLM energy consumption under alternative scenarios. Token growth
of ~180x follows from equation (8). The two baselines bracket the range from a single
large provider (~3 TWh) to a central estimate of global LLM inference (~10 TWh).

Scenario Token Growth Efficiency 2030 Energy (TWh)
Gain 3TWhbase 10 TWh base

No efficiency gain ~180x 1x ~540 ~1,800

Moderate improvement ~ ~180x 10x ~54 ~180

Aggressive improvement ~180x 32% ~17 ~56

2025 baseline (est.) ~3 ~10

7.4 Jevons’ Paradox and the Rebound Effect

Jevons [1865] observed that improvements in steam engine efficiency increased, not de-
creased, total coal consumption. Applied to Al, hardware efficiency improvements re-
duce cost per token, which increases quantity demanded, which increases total energy
consumption. If total energy is E = S/# where S is token demand and 7 is hardware
efficiency, then in growth rates:

E=S5-17, whereS~efj = E=(e—1)7, )

with hats denoting proportional growth rates and ¢ the price elasticity of token demand.
Total energy consumption falls only if ¢ < 1. Given the enormous latent demand for Al
services globally, the elasticity almost certainly exceeds 1. The empirical confirmation:
combined hardware and algorithmic efficiency for Al inference improved by several or-
ders of magnitude from 2012 to 2025, yet total Al energy consumption grew by several
orders of magnitude as well.

8 Mathematical Foundations: Arrow and Hayek Formal-
ized

8.1 Arrow’s Impossibility Theorem

Arrowl’s [T951] impossibility theorem proves that no voting system can simultaneously
satisfy four conditions when aggregating individual preferences into a social ranking:
Unrestricted domain (U), Pareto efficiency (P), Independence of irrelevant alternatives
(ITA), and Non-dictatorship (D).

Theorem 1 (Arrow, 1951). For |X| > 3 and n > 2, any social welfare function f : P* — P
satisfying U, P, and IIA is a dictatorship.

The price system sidesteps this impossibility not by aggregating preferences into a
ranking but by compressing them into a scalar—a price—which loses information but
provides a workable sufficient statistic for coordination. The price system does not solve
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Arrow’s impossibility problem; it circumvents it by operating in a different mathematical
space.

For LLMs, Arrow’s theorem raises a direct challenge. When a model is asked to pro-
duce a recommendation reflecting “what most people would want,” it is attempting a
social aggregation. The condition most likely violated is IIA: the model’s output for A
vs. B is affected by how A and B relate to thousands of other alternatives in the training
data—precisely the IIA violation Arrow identified as fundamental.

8.2 The Myerson—-Satterthwaite Theorem

Myerson and Satterthwaite [T983] proved that with two agents having private informa-
tion about their valuations, no mechanism can simultaneously achieve efficiency, budget
balance, incentive compatibility, and individual rationality.

The proof shows that expected gains from efficient trade exactly equal expected in-
formation rents required for truthful revelation—leaving no surplus to cover mechanism
costs. For knowledge markets, this formalizes why bilateral trades of information are
so persistently difficult. Arrow showed the impossibility from the buyer’s inability to
evaluate the good; Myerson—Satterthwaite shows additional impossibility from bilateral
private information.

8.3 Mutual Information and the Hayek-Shannon Bridge

Let X represent the dispersed private knowledge of all agents in an economy, and Y repre-
sent the information encoded in the equilibrium price vector. Mutual information I(X;Y')
measures how much knowledge of Y reduces uncertainty about X:

Y) = H(X) _ og PY)
I(X;Y) = H(X) — H(X | Y) g;o(x,y)lgp(x)p(y). (10)

Perfect price efficiency would require I(X;Y) = H(X), but Grossman and StiglitZ [T980]
show this is an unstable equilibrium. The actual equilibrium achieves I(X;Y) = H(X) —
H(X | P) > 0 for a noisy equilibrium price P that balances information aggregation against
incentives to acquire private signals.

For LLMs, the training process maximizes something approximating I (X ; Xcorpus)—
the mutual information between the model’s representation and the training corpus. This
is large for well-documented domains. It is small for the local, tacit, time-sensitive knowl-
edge Hayek cared about, because that knowledge was never textualized.

8.4 Kolmogorov Complexity and the Incompressibility of Tacit Knowl-
edge

The Kolmogorov complexity K(x) of a string x is the length of the shortest program that

generates x:

K(x) = min . 11
(x)= . min_ I (11)
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The economic knowledge relevant to Hayek has high Kolmogorov complexity: the spe-
cific, contextual, time-sensitive knowledge of particular circumstances cannot be com-
pressed into a description shorter than the circumstances themselves. This gives the for-
mal statement of why Hayek’s knowledge problem is permanent rather than temporary.
It is not a computational limitation—it is informational incompressibility. More compute
does not solve this problem.

By contrast, the explicit, general, documentable knowledge that LLMs capture has
low Kolmogorov complexity. The division between what LLMs do well and what they
do poorly maps almost exactly onto the division between low-complexity (compressible,
general) and high-complexity (incompressible, contextual) knowledge.

8.5 Blackwell’s Theorem: Comparing Information Structures

Blackwell’s [1953] theorem provides a precise way to say when one signal is unambigu-
ously more informative than another. Experiment £; Blackwell-dominates &, if and only
if & can be obtained from &; by adding noise—if there exists a stochastic matrix M (a
“garbling”) such that:

Py(sa | 8) =) M(sz2 | s1) - Pr(s1 ] 6). (12)

Theorem 2 (Blackwell, 1953). & >p &> if and only if for every decision problem, the maximum
expected utility achievable with &, is at least as large as with &,.

The Blackwell order is a partial order—not all information structures are comparable.
A price signal and an LLM output are typically not Blackwell-comparable: prices are
more informative about real-time supply-and-demand conditions; LLMs are more infor-
mative about documented causal relationships. Neither garbles the other. They provide
genuinely different kinds of information, useful for different decision problems.

8.6 The Lucas Islands Model

LCucas’s [1977] Islands model is the most mathematically precise formalization of the prob-
lem Hayek described in 1945: agents observing only local price signals cannot distinguish
local shocks from aggregate shocks. Local price:

p(z) = P4z, where P ~ N(P,03) and z ~ N(0,02). (13)
Optimal Bayesian inference of the relative demand shock z from observed price p(z):

o2 _
Bl 3] = 2% 5 (0(2) - P 14

The signal-to-noise ratio 02/ (03 + 02) determines how much agents respond to price sig-
nals. For LLMs: the model knows the distribution P very well—the typical cross-sectional
pattern. What it cannot estimate is the island-specific shock z at this moment, on this is-
land, for this producer.

14



8.7 Romer’s Endogenous Growth: The Formal Engine

Romet'’s [1990] model formalizes what Arrow’s learning-by-doing implies for long-run
growth. The production function for final goods:?

A
Y = HY / X1 di, (15)
0

where A is the total number of intermediate goods designs (the knowledge stock). The
knowledge accumulation equation:

A=06-Hy-A, -equilibrium growthrate: g* =J0Hy —p, (16)

where H, is human capital devoted to research, ¢ is research productivity, and p is the
subjective discount rate. New knowledge builds on existing knowledge linearly—the
“standing on shoulders” property. If LLMs raise the effective research productivity J, the
equilibrium growth rate rises. If LLMs reduce the diversity of the research process by
concentrating inquiry around modal outputs, the effective 6 may fall even as individual
researcher productivity rises.

8.8 Evolutionary Game Theory: Competition as Discovery

Hayek described competition as a “discovery procedure.” This can be formalized through
the replicator dynamics of evolutionary game theory. In a population with strategy fre-

quencies x1, ..., Xy: )
%= x;[fi(x) — f(x)]. (17)

Market competition is a replicator dynamic over business strategies: firms that discover
better strategies earn above-average profits and expand; inferior strategies contract. The
critical Hayekian point is that the fitness landscape—which strategies are profitable given
which others are present—is not known before the process runs. It is revealed by competition
itself.

For LLMs, the structural risk: if LLMs homogenize strategy selection—recommending
the same “best practices” to all firms—the population-level diversity that makes the dis-
covery procedure work is reduced. A population of firms all implementing the same
LLM-recommended strategy cannot discover through competitive selection which strate-
gies are better in specific contexts, because there is no variation to select on.

9 Von Neumann: The Architect of Computing

John von Neumann died in 1957, having spent the last decade of his life at the precise in-
tersection of computation, thermodynamics, and the theory of mind. His contributions—
the stored-program computer architecture, foundational results in game theory, the the-

*Romer’s original specification includes unskilled labor L as a separate factor: Y = HYLF fOA x}_a_ﬁ di.

The two-factor simplification used here follows standard textbook treatments. Note: Hy and H4 denote
human capital (Romer’s notation), distinct from the information-theoretic H(-) used earlier.
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ory of self-replicating automata, and a thermodynamic theory of information process-
ing that anticipated Landauer—provide a uniquely integrated framework for analyzing
LLMs.

9.1 The Architecture and Its Descendants

Von Neumann’s [1945] First Draft Report on the EDVAC introduced the stored-program
architecture that nearly all modern computers still follow. The transformer architecture
underlying modern LLMs extends this architecture in a direction von Neumann himself
explored. The attention mechanism—which allows each token to attend to all others in a
sequence—resembles the content-addressable memory systems he discussed in his anal-
ysis of neural organization [von Neumann, T958], fundamentally different from address-
based retrieval.

The critical departure: the transformer’s memory is not stored in a von Neumann
memory bank but distributed across the weights of the network. In a standard von Neu-
mann machine, knowledge is stored as explicit bit patterns at specific addresses and
retrieved by address. In an LLM, knowledge is stored as a high-dimensional mani-
fold of parameter configurations and accessed by forward propagation during inference.
Levin [2076] argues that this geometric representation constitutes a distinct epistemolog-
ical regime—"navigational knowledge” produced by traversing learned manifolds, irre-
ducible to either symbolic reasoning or statistical recombination.

9.2 The Thermodynamics of Retrieval

In his lectures at the University of Illinois and in his unfinished manuscript The Com-
puter and the Brain [von Neumann, 1958], von Neumann was working toward a ther-
modynamic theory of information processing that anticipated Landauer. He arrived at
an expression for the minimum energy per logical operation equivalent to equation (B):
Enin = kgTIn2.B He reportedly presented this result to Shannon, who recognized it as
identical to the expression in his communication theory. Extending this logic by analogy,
the thermodynamic efficiency of knowledge retrieval can be defined as:

Luseful _ Shannon bits resolved per query (18)

Tretrieval = Weissipated joules per query
Landauer’s principle suggests a Carnot-like bound on this ratio: #yetieval cannot exceed
the inverse of kgTIn2 per bit resolved (cf. equation B). This analogy is heuristic—it
equates useful information with erasable bits, which is not formally established—Dbut the
bound is directionally informative. Current LLMs operate orders of magnitude below it.

5The extent to which von Neumann'’s derivation was independent of earlier thermodynamic arguments
is debated; see the historical discussion in Landauerd [T961].
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9.3 Three Regimes of Knowledge Retrieval

Von Neumann’s architectural framework and brain studies suggest three fundamentally
different retrieval regimes:

Table 3: Three regimes of knowledge retrieval.

Regime Mechanism Cost Structure Example
Address-based Specify memory location Low, constant; bot- Library catalog,
retrieval — content returned tleneck is finding the database
address
Content-based  Specify query — most Scales with simi- Human  mem-
retrieval similar content returned  larity computation ory, transformer
complexity attention

Generative re- Specify prompt — con- Cost of computa- LLM inference

trieval tent generated consis- tion, not storage
tent with training distri- access
bution

Whether generative retrieval is retrieval at all is a substantive question, not a semantic
one. Litowifz ef al! [2076] argue that it is: LLMs compress a training corpus into para-
metric storage and inference is retrieval—reconstruction of a targeted answer from com-
pressed representations at machine speed. On this view, what has changed is not the
operation but its cost; value lies in retrieval speed per unit energy. Levin [2026] argues
the opposite: generative output is not retrieved but navigated—produced by traversing
learned manifolds in high-dimensional space, constituting a third mode of knowledge
production irreducible to either symbolic reasoning or statistical recombination. The dis-
tinction matters economically. If LLM inference is retrieval, its value is governed by the
economics of speed and compression. If it is navigation, its value is governed by the eco-
nomics of the manifold—the richness and structure of the learned representation, which
can generate outputs that were never stored. In either case, making generative retrieval
cheap shifts the binding constraint from retrieval cost to the quality of the generative
process—and to the tacit component that was never documented and therefore cannot be
generated or retrieved.

9.4 Game Theory and the Common Knowledge Set

Von Neumann's Theory of Games and Economic Behavior [von Neumann and Morgenstern,
1944] established that in games with incomplete information, equilibrium strategies de-
pend critically on the information structure. LLMs transform the information structure of
essentially every strategic interaction they touch.

The effect can be stated precisely in von Neumann'’s framework: LLMs move the
boundary of the common knowledge set outward, and strategic competition concen-
trates on whatever remains outside it. In zero-sum information games, the minimax
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value declines as information asymmetry falls—there is less rent available from pure in-
formation advantage. Competition shifts toward judgment, relationships, and execution
capability—dimensions where information symmetry does not eliminate advantage.

9.5 Automata Theory and Model Collapse

Von Neumann’s theory of self-replicating automata [von Neuimann, [966] proved that
above a certain complexity threshold, self-replication can be error-correcting—the au-
tomaton is complex enough to detect and correct errors in its own reproduction. Below
this threshold, error accumulation dominates and complexity declines.

The model collapse dynamic—LLMs trained on Al-generated text losing diversity
and amplifying modal patterns—maps precisely onto sub-threshold automata replica-
tion. The central question in von Neumann’s framework: are current LLMs above or
below the complexity threshold at which self-replication becomes error-correcting? The
empirical evidence suggests they are currently below it, which is why model collapse
requires human-generated data injection to correct.

In von Neumann's framework, LLMs are the first computational systems large enough that the
question of self-elaborating intelligence is not obviously answered in the negative—arguably the
most consequential fact about them.

10 Influencers, Attention, and the Superstar Economy

10.1 The Attention Market as Knowledge Market

The influencer economy is best understood not as a deviation from standard knowledge
markets but as their purest expression. An influencer is a filtering and certification mech-
anism in an environment of information overabundance. In a world of infinite content
generation, the marginal value of an additional piece of content approaches zero, while
the value of a reliable filter that selects high-quality content from the flood rises. The
influencer does not primarily produce information—they reduce uncertainty about what
information to consume. This reduction of uncertainty is, precisely, Shannon information.

Arrow’s paradox reappears in the trust dimension. The influencer’s economic value
rests on the perception of authentic recommendation—genuine signal, not paid noise.
But the economic incentive is to monetize that trust through sponsorship, which intro-
duces noise. The follower cannot reliably distinguish authentic enthusiasm from paid
performance. This is Arrow’s asymmetric information problem applied to the market for
attention.

10.2 LLMs and the Bifurcation of Creator Value

Creator value comes from two sources that LLMs affect very differently. The first source is
informational value: knowledge, analysis, explanation, synthesis. This is precisely what
LLMs produce cheaply and at scale—facing anyone whose primary value lies in transfer-
ring codifiable knowledge with direct commodity competition.
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The second source is relational value: the parasocial relationship, the specific human
presence and personality that followers invest in. This is what LLMs cannot replicate
without replicating the person. The creator who has built a genuine parasocial relation-
ship with an audience has something no Al can straightforwardly substitute.

The prediction: the creator economy bifurcates similarly to the firm economy. Creators
whose value is primarily informational face commoditization pressure. Creators whose
value is primarily relational face a market in which their scarcity becomes more rather
than less pronounced as Al floods the informational content space.

11 Open Questions and Further Directions

11.1 The Romer Growth Engine Under Threat

Romet’s endogenous growth model predicts that growth is sustained by the continuous
production of new ideas, with the rate of idea production depending on the stock of
existing knowledge and the number of people working at the frontier. Bloom et all [2020]
document that research productivity has been declining for decades—ideas are getting
harder to find. Model collapse—the progressive homogenization of generated content as
models trained on Al-generated data amplify common patterns [Shumailov et all, 2074]—
poses a direct additional threat to this engine. Romer’s mechanism requires a varied
landscape of independent inquiries with different priors, approaches, and hypotheses. A
world in which most text is generated by a small number of models may be one in which
the rate of genuine idea production declines even as the volume of generated content
explodes.

11.2 The Data Commons: Sustainability and Compensation

The models were trained on text produced by writers, academics, coders, and ordinary
people who received no compensation. Jones and Tonetti [2020] formalize data’s defin-
ing economic property—nonrivalry—and show that socially optimal data policy diverges
sharply from the private equilibrium. If Al systems capture the value created by this com-
mons without contributing to it, and if this reduces the incentive to produce original hu-
man text, the quality of future training data deteriorates—a self-undermining dynamic.
No satisfactory compensation mechanism has been established; the legal framework for
copyright in Al training is unsettled in every major jurisdiction. This is a market failure in
the Arrow sense—the social value of original human text generation exceeds its private
return, now more than ever.

11.3 Labor Market Displacement: An Inverted Pattern

Previous waves of automation displaced routine, middle-skill work—the hollowing-out
hypothesis of Autor et all [?2003]. Al displacement inverts this pattern: it affects high-
skill cognitive work most intensely and physical, relational work least. The radiologist,
junior lawyer, financial analyst, and entry-level programmer are more exposed than the
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plumber, home health aide, or kindergarten teacher. This inversion has profound dis-
tributional consequences that existing social insurance frameworks—calibrated to the
hollowing-out pattern—were not designed to address.

11.4 The Measurement Problem

Standard macroeconomic statistics are poorly suited to capturing the value being created
and destroyed. If a lawyer who previously billed 20 hours for document review now
completes it in 2 hours with Al assistance and charges less accordingly, measured GDP
falls—even though the client receives equivalent value faster and at lower cost. We cannot
reliably know whether the Al transition is increasing or decreasing aggregate welfare as
measured by existing statistics, which has profound implications for policy evaluation.

11.5 The Geopolitical Economy of Knowledge

The concentration of frontier Al capability in a handful of firms in two countries creates
a geopolitical economy of knowledge without precedent in peacetime history. Export
controls on advanced semiconductors, restrictions on academic collaboration, sovereign
wealth fund investments in Al firms, and the use of Al systems in military and intelli-
gence applications are all aspects of a competition whose ultimate stakes concern which
nations and which civilizational values will shape the knowledge infrastructure of the
coming century.

12 Conclusion

Six economists—Arrow, Hayek, Rosen, Coase, Shannon, and von Neumann—built the
theoretical apparatus that explains the economics of knowledge. Large language models
do not require new theory; they require careful application of existing theory to a tech-
nology whose scale and speed are genuinely new.

The central lesson is a distinction. Explicit, general, documentable knowledge—low
Kolmogorov complexity—is now subject to commodity economics. LLMs produce it
cheaply, distribute it globally, and compress the premium that accrued to its human pos-
sessors. Tacit, contextual, time-sensitive knowledge—high Kolmogorov complexity—
remains scarce, and the frameworks of Hayek, Polanyi, and Grossman-Stiglitz explain
why it will remain so. The boundary between these two domains is the most consequen-
tial economic frontier of the coming decade.

The physics is equally clear. Information processing requires energy as a matter of
thermodynamic law, and Jevons” paradox ensures that efficiency improvements will in-
crease, not decrease, total energy consumption. The economics of knowledge and the
physics of computation jointly determine the trajectory: superlinear scaling of capability
costs, winner-take-most market structure, bifurcation of firms and labor markets, and an
energy footprint bounded from below by Landauer’s principle and from above by insti-
tutional willingness to pay.
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What remains genuinely open is whether LLMs enhance or impair the processes that
generate new knowledge—the Romer growth engine, the Hayekian discovery procedure,
the diversity of independent inquiry on which both depend. The answer will determine
whether the age of large language models is remembered as an acceleration of human
knowledge or as the period in which we learned to retrieve what we already knew, ever
faster, while the rate of discovering what we did not know quietly declined.
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