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Abstract

We develop a unified framework for understanding knowledge in large language
models (LLMs), tracing an arc from Shannon’s theory of communication to Kolmogorov’s
theory of complexity. LLMs are Shannon machines at the physical layer, converting
photons to tokens at thermodynamic cost, yet they aspire to be Kolmogorov machines
at the semantic layer, compressing world knowledge into parametric representations.
We organize this duality as an information ladder: five questions ranging from Shan-
non’s “can the message be transmitted?” through Cover’s “how much information
does it contain?” and Kolmogorov’s “what does it mean?” to Good’s “can the sys-
tem improve itself?” and Hayek’s “which questions are worth asking?” Drawing on
the token economics of [Litowitz et al. [2026bla], the Kolmogorov-GAM architecture
of Polson and Sokolov|[2025], Good’s ultraintelligent machines [Good, 1965], Hayek’s
dispersed knowledge [Hayek} 1945], and Cover’s entropy measurements [Cover and
King), 1978, |Leung-Yan-Cheong and Cover, 1978], we identify model collapse as a cen-
tral threat to the Kolmogorov frontier and ask what this framework implies for knowl-
edge representation by 2100.

1 Introduction

There are two great theories of information. The first, due to Shannon! [1948], is a the-
ory of transmission: it answers the question of how reliably a message can be sent across



a channel, and at what rate. The second, due to Kolmogorov|[1965] and independently
Solomonotf [1964] and Chaitin! [1966], is a theory of content: it answers the question of
what a message means, measured by how much it can be compressed. Both theories are
mathematically deep, and both are essential for understanding what large language mod-
els are and what they do.

The arrival of LLMs at civilizational scale has made these questions urgent and prac-
tical. [Litowitz et al. [2026b] observe that debates about Al capabilities and risks are often
conducted without quantitative grounding, and propose a rigorous accounting of the to-
ken economy from physics to economics. Their paper places Shannon’s channel capacity
at the foundation of the token supply chain. We extend their framework upward, toward
Kolmogorov, to ask not just how many tokens can be produced but what those tokens
mean—and how LLMs represent, compress, and retrieve knowledge.

Between Shannon and Kolmogorov stands I.]. Good, whose 1965 essay on the ultrain-
telligent machine [Good, 1965] introduced the concept of an intelligence explosion—a
recursively self-improving system that designs successively smarter successors. Good,
a committed Bayesian who worked with Turing at Bletchley Park, understood that gen-
uine intelligence requires probabilistic reasoning under uncertainty, not merely logical
manipulation. His essay anticipates the central tension of modern Al: the gap between a
system’s capacity to process information (Shannon) and its ability to compress and gen-
erate knowledge (Kolmogorov). The ultraintelligent machine is, in Good’s framing, the
system that closes this gap.

Tom Cover’s work provides a crucial empirical and theoretical bridge. His gambling
estimate of the entropy of English [Cover and King, |1978] measured from above how
much information is actually present in natural language, while his co-authored paper
on the equivalences between Shannon entropy and Kolmogorov complexity [Leung-Yan-
Cheong and Cover, 1978] established the formal connection between the two theories.
Together, these papers represent one of the deepest syntheses of the Shannon and Kol-
mogorov frameworks, and LLMs can be understood as the computational realization of
the program Cover sketched in them.

This paper makes the following contributions. First, we trace the complete concep-
tual arc from Shannon’s channel capacity through Cover’s entropy measurements to Kol-
mogorov’s complexity theory, constructing an information ladder—a hierarchy of increas-
ingly demanding questions about information that organizes the relationship between
transmission, entropy, complexity, recursive improvement, and agency. Second, we con-
nect Good’s intelligence explosion thesis to the Kolmogorov structure function, arguing
that the intelligence explosion is a cascade of compression improvements, and assess the
extent to which current LLMs constitute proto-ultraintelligent systems. Third, we inte-
grate the token economics framework of Litowitz et al.| [2026b] and Litowitz et al.|[2026a]
with the Kolmogorov-GAM architecture of Polson and Sokolov| [2025] to provide a uni-
tied account of LLMs from the physical layer to the semantic layer, drawing on Hayek’s
theory of dispersed knowledge [Hayek, [1945] to identify the structural limits of central-
ized knowledge compression. Fourth, we use the Shannon-Kolmogorov duality to an-
alyze three scenarios for the future of knowledge representation and identify the data
collapse problem as a central threat to the sustained expansion of the Kolmogorov fron-
tier.



Section 2| reviews Shannon’s theory and its role in the physical layer of LLM com-
putation. Section 3| presents Cover’s contributions on the entropy of English and the
Shannon-Kolmogorov equivalences. Section [ turns to Kolmogorov complexity and its
implications for knowledge representation. Section |5 analyzes Good’s ultraintelligent
machine thesis through the lens of Kolmogorov complexity. Section [p| analyzes LLMs as
compressors. Section [7|discusses the token economics framework. Section [§ presents the
K-GAM architecture as a Kolmogorov-inspired model of knowledge structure. Section 9]
discusses the gap between capacity and meaning. Section (10| asks what this framework
implies for knowledge in 2100. Section 1] concludes.

2 Shannon’s Theory: The Capacity to Transmit

Claude Shannon’s 1948 paper A Mathematical Theory of Communication [Shannon), 1948]|
founded information theory by separating the problem of meaning from the problem of
transmission. Shannon was explicit: the semantic content of a message is irrelevant to
the engineering problem of sending it. What matters is only the statistical structure—the
probability distribution over possible messages—and the capacity of the channel.

Shannon’s central result, the noisy channel coding theorem, establishes that any source
of information can be transmitted reliably at any rate up to channel capacity

C:Blogz(l—l—%), (1)

where B is bandwidth and S/N is the signal-to-noise ratio. Below capacity, arbitrarily
low error rates are achievable; above capacity, perfect transmission is impossible. The
beauty of this result is its universality: it applies regardless of whether the message is
text, image, audio, or genome.

Shannon’s source coding theorem provides the complementary result on the compres-
sion side. For a discrete memoryless source emitting symbols from an alphabet X with
probability distribution p, the entropy

H(X) = - ZXP(x) log, p(x) 2)

is the minimum average number of bits per symbol required for lossless compression. No
code can achieve a lower average rate; a code achieving rate H(X) + € for any € > 0 exists.
For a stationary ergodic source—a better model of natural language than the memoryless
assumption—the relevant quantity is the entropy rate

h = lim lH(Xl, Xz, e ,XT) = lim H(XT | Xl/ .o .,XTfl), (3)
T—oo T T—o0
which captures the residual uncertainty per symbol after accounting for all dependen-
cies in the sequence. This entropy rate is the fundamental quantity governing both the
compressibility of natural language and the theoretical limit of next-token prediction.
For LLMs, Shannon’s theory operates at two levels. At the hardware level, every to-
ken generated by a data center requires photons to propagate through fiber, electrons
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to switch transistors, and bits to traverse memory buses. The thermodynamic cost of
computation is bounded below by Landauer’s principle [Landauer, 1961]]: erasing one
bit of information dissipates at least kgT In2 joules of energy, where kg is Boltzmann’'s
constant and T is temperature. At room temperature (T ~ 300K), this is approximately
2.85 x 107! joules per bit—a floor that current hardware exceeds by roughly six orders
of magnitude, but one that represents an absolute physical limit on the energy efficiency
of computation. Litowitz et al. [2026b] use Landauer’s principle, Shannon’s channel ca-
pacity, and current infrastructure data to construct a supply-and-demand balance sheet
for global token production. The Shannon limit constrains the rate at which the physi-
cal substrate can deliver tokens to users, and through Landauer’s principle, it connects
information to heat.

At the training level, LLMs are trained to model the conditional distribution p(x; |
X1,...,X;—1) over the next token given the preceding context. The training objective is to
minimize the cross-entropy between the true distribution p and the model’s distribution
q:

H(p,q) = —Ey[log, q(X)] = H(p) + Dxr(p [l 9), (4)

where Dxr(p||q) = Ly p(x)log, % > 0 is the Kullback-Leibler divergence, which is

zero if and only if § = p. A perfect model achieves cross-entropy equal to the true en-
tropy rate h of natural language, typically estimated at around 1-2 bits per token for
well-trained models on English text. The KL divergence measures the gap between the
model’s compression and the Shannon limit: it is the number of excess bits per token that
the model wastes by not perfectly capturing the true distribution.

The chain rule of entropy provides a further structural insight. For any joint distribu-
tion over a sequence of T tokens,

T
H(X1,Xp,...,X1) =Y H(X¢ | X1,..., Xp-1). (5)
t=1

Each conditional entropy H(X; | X3, ..., X;_1) is non-increasing in ¢ for a stationary pro-
cess: additional context can only reduce uncertainty, never increase it. This decomposi-
tion is precisely the structure exploited by autoregressive LLMs, which factor the joint
distribution as a product of conditionals and learn each conditional term. The monotone
decrease of conditional entropy with context length means that longer contexts are worth
their computational cost—they move the model closer to the entropy rate floor—but with
diminishing returns, since the conditional entropy converges to h.

What Shannon does not provide is any account of what the tokens mean. His theory
is, by deliberate design, meaning-free. This is where Cover and Kolmogorov enter.

3 Tom Cover and the Entropy of English

The question of how much information is actually contained in natural language—as op-
posed to how much capacity a channel theoretically supports—was attacked empirically
by Shannon himself [Shannon, 1951] and then sharpened decisively by Cover and King
[1978].



Shannon’s original approach was ingenious: he had human subjects play a guess-
ing game, predicting successive characters of English text, and used the statistics of their
guesses to bracket the entropy from above and below. Shannon estimated that when sta-
tistical effects extending over no more than eight letters are considered, the entropy is
roughly 2.3 bits per letter, with his upper and lower bounds sitting at 1.3 and 0.6 bits per
character respectively. The gap between these bounds reflected the difficulty of measur-
ing what human subjects truly know about long-range linguistic dependencies, as op-
posed to local statistical regularities.

Cover and King’s contribution was to convert the guessing game into a gambling game,
which yields a convergent estimator rather than mere bounds. A subject who bets accord-
ing to their true conditional probability assessments over successive characters accumu-
lates wealth at a rate that converges, by the law of large numbers, to the entropy of the
source. The connection runs through the Kelly criterion [Kelly, (1956]: a gambler who bets
a fraction of wealth proportional to their assessed probability on each outcome achieves
a log-wealth growth rate of

W =log, m — H(X), (6)

where m is the alphabet size and H(X) is the entropy of the source. By measuring the
gambler’s wealth growth rate W, one can infer the entropy as H(X) = log, m — W. For
the 27-symbol English alphabet (26 letters plus space), log, 27 ~ 4.75 bits. Cover and
King obtained measurements of 1.3 to 1.7 bits per character for individual subjects and
1.3 bits per character when results were combined, implying that roughly 73% of each
character in English is redundant—predictable from context.

Cover and King pointed out that English is generated by many sources, each with its
own characteristic entropy, and that the operational meaning of entropy is the minimum
expected number of bits per symbol necessary for the characterization of the text. This
pluralism—the recognition that there is no single entropy of English but rather a distribu-
tion of entropies indexed by author, genre, domain, and register—bears directly on LLMs,
which must model this entire distribution simultaneously.

In the same year, [Leung-Yan-Cheong and Cover| [1978] established formal equiva-
lences between Shannon entropy and Kolmogorov complexity. Their central result is that
the Shannon entropy of a random variable X drawn from a computable distribution p
equals the expected Kolmogorov complexity of X under p, up to an additive constant:

H(X) = Ep[K(x)] + O(1). @)

The constant depends on the choice of universal Turing machine but not on the dis-
tribution p. This result is deep: it says that the ensemble-average notion of informa-
tion (Shannon) and the individual-sequence notion (Kolmogorov) agree when averaged
over the source distribution. A complementary result concerns the mutual information
I(X;Y) = H(X) — H(X | Y), which Leung-Yan-Cheong and Cover showed is related to
the conditional Kolmogorov complexity:

I(X:Y) = Ey[K(x) — K(x | y)] +O(1). ®)

The information that Y provides about X is, on average, the reduction in the shortest pro-
gram length for x when y is available as side information. For LLMs, this has a concrete
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interpretation: the context window reduces the effective Kolmogorov complexity of the
next token, and the mutual information between context and continuation is the quantity
that the attention mechanism learns to exploit.

The two theories are not rivals; they are dual perspectives on the same underlying
phenomenon. Shannon entropy is the ensemble average; Kolmogorov complexity is the
individual-sequence measure. Where they diverge is on individual strings: a particular
string may have high Kolmogorov complexity (it is individually incompressible) while
being drawn from a low-entropy distribution (most strings from that source are com-
pressible). This divergence matters for LLMs, because individual queries may have high
Kolmogorov complexity even when the average query from the same domain has low
entropy. The model’s performance on the average query does not guarantee performance
on the specific query—a distinction that calibration alone cannot resolve.

Cover’s back-to-back 1978 publications—measuring entropy empirically from above
with gambling, and connecting it theoretically to Kolmogorov complexity—represent one
of the most elegant moments in the history of information theory. See Cover and Thomas
[2006] for a textbook treatment.

Modern LLMs have effectively solved the Cover-King problem. Frontier models trained
on trillions of tokens achieve well below 1 bit per character on most English text, ap-
proaching or crossing the Cover—King estimate of 1.1-1.3 bits per character. No explicit
probability model was hand-crafted; gradient descent on the next-token objective implic-
itly learned the full hierarchical structure of English that Shannon and Cover were trying
to measure from the outside.

Yet this empirical success raises a deeper question that Cover’s framework illumi-
nates rather than resolves. Cover recognized that the entropy of English varies by source.
In LLM terms, a model trained on internet text has learned the entropy structure of the
average internet document. But the entropy of a scientific derivation, a legal contract,
a poem, or an original mathematical proof is structurally different—and it is precisely
in these high-Kolmogorov-complexity domains that LLMs show the greatest brittleness.
The Cover—King gambling framework predicts this: the closer a text is to the model’s
training distribution, the closer the model’s cross-entropy is to the true entropy; the fur-
ther away, the worse.

4 Kolmogorov Complexity: The Measure of Meaning

Andrei Kolmogorov’s 1965 paper [Kolmogorov, [1965] introduced a radically different no-
tion of information.

Definition 1 (Kolmogorov Complexity). For any finite string x, the Kolmogorov complexity
K(x) is the length of the shortest program on a universal Turing machine that produces x as
output.

This is an absolute, objective measure of the information content of x, independent of
any probability model. A string like 0101010101 . .. (one million alternating bits) has very
low Kolmogorov complexity—a short program generates it—while a string of genuinely



random bits has complexity approximately equal to its length, because no program can
do better than listing the string itself.

Three properties of Kolmogorov complexity are central to the present discussion.

The first is universality. Unlike Shannon entropy, which is defined relative to a prob-
ability distribution and thus depends on the observer’s model, Kolmogorov complexity
is model-independent up to an additive constant determined by the choice of universal
Turing machine. It is, in a precise sense, the objective information content of a string.

The second is the Kolmogorov structure function. Kolmogorov introduced this to sep-
arate the structural part of a string—its regularity, which a model can capture—from its
random residual, which no model can compress further. This two-part structure—model
plus residual—is precisely the architecture of LLM training: the weights encode the com-
pressible regularity of language, while what remains is irreducible randomness or gen-
uinely novel information. By leveraging the structure function and interpreting LLM
compression as a two-part coding process, one can offer a detailed view of how LLMs
acquire and store information across increasing model and data scales, from pervasive
syntactic patterns to progressively rarer knowledge elements.

The third is the connection to prediction. By the Solomonoff-Levin theorem [Solomonoff,
1964], optimal prediction is equivalent to optimal compression. The best predictor of the
next symbol in a sequence is, in principle, the compressor that has found the shortest de-
scription of the sequence so far. This is the deepest theoretical justification for the LLM
objective: by training to minimize cross-entropy on next-token prediction, LLMs are im-
plicitly learning to compress the training corpus, which is the closest practical approxi-
mation to Kolmogorov-optimal prediction that is computationally feasible.

A fourth thread connects Kolmogorov’s complexity theory to his earlier superposition
theorem [Kolmogorov, [1957]], which shows that any continuous function f : [0,1]" — R
can be represented as a superposition of univariate functions—that is, as the composition
of functions of a single variable with addition. The original theorem was a solution to
Hilbert’s 13th problem, proving that the restriction to functions of two variables is not a
genuine restriction: multivariate complexity can always be reduced to univariate com-
plexity plus addition. Polson and Sokolov|[2017]] view the theoretical roots of deep learn-
ing in this representation, interpreting a neural network as Kolmogorov’s superposition
with learned inner functions (the activation functions applied to affine transformations
of the input) and learned outer functions (the output layer). This provides a structural
bridge between complexity theory and neural architecture: the depth and compositional-
ity of LLMs mirrors the hierarchical decomposition implicit in Kolmogorov’s superposi-
tion theorem.

The connection between the superposition theorem and Kolmogorov complexity runs
deeper than analogy. The superposition theorem guarantees the existence of a compact
representation but says nothing about the complexity of the constituent functions. In fact,
Kolmogorov’s original construction requires the inner functions ¢, , to be highly irreg-
ular (they are continuous but nowhere differentiable in the generic case). The practi-
cal question for deep learning is whether the inner functions needed to represent nat-
ural distributions—as opposed to arbitrary continuous functions—are themselves low-
complexity and learnable by gradient descent. The empirical success of deep learning
suggests that natural distributions have the property that their Kolmogorov superposi-
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tion can be well approximated by smooth, low-complexity inner functions, a regularity
assumption that is implicit in every neural network architecture but rarely stated explic-
itly. The K-GAM framework of Polson and Sokolov| [2025], discussed in Section |8, makes
this assumption explicit and exploits it architecturally.

5 Good’s Ultraintelligent Machine and the Intelligence Ex-
plosion

Between Shannon’s theory of transmission and Kolmogorov’s theory of content stands L].
Good’s 1965 essay Speculations Concerning the First Ultraintelligent Machine [Good, 1965],
which asked what happens when a machine can perform the compression that Kolmogorov
described—and then improve its own ability to compress.

Good defines an ultraintelligent machine (UIM) as one that can surpass all intellec-
tual activities of any human, however clever. His central thesis is logically tight. De-
signing better machines is an intellectual activity. A UIM can therefore design a better
UIM, triggering recursive self-improvement. The key word is recursive: this is not linear
progress but exponential compounding. Each iteration removes the cognitive ceiling of
the previous one. Good situated this argument in a broader historical framework identi-
tying three phases of civilization: the tool era, in which machines extend physical capacity
(lever, steam engine); the computation era, in which machines extend cognitive capacity
(calculators, early computers); and the UIM era, in which machines transcend cognitive
capacity entirely. Phase three is unlike anything prior because it closes the feedback loop.
All prior tools required humans to direct their improvement. The UIM directs its own
improvement. This is what makes it, in Good’s word, potentially the last invention.

In the language of Kolmogorov complexity, the intelligence explosion is a cascade of
compression improvements. The intelligence of a system can be understood as its ability
to compress and model reality—to find shorter programs that produce the same predic-
tions. A UIM would have radically lower Kolmogorov complexity for the same predictive
power: it finds shorter programs. Each generation of the recursion discovers regularities
that the previous generation could not represent, progressively reducing the length of the
program that encodes world knowledge. The intelligence explosion is then the sequence
Ki(x) > Ky(x) > Ksz(x) > ---, where K; denotes the effective compression achieved
by the i-th generation of machine. A natural question is whether this sequence has a
fixed point—a level of intelligence at which no further compression is possible. This is
related to what might be called a Gdodel ceiling on cognition: there may be structural lim-
its, analogous to the incompleteness theorems, on the degree to which any finite system
can compress descriptions of the world. If such a ceiling exists, the intelligence explosion
terminates; if it does not, or if the ceiling is unreachably high relative to the complex-
ity of physical reality, the recursion continues indefinitely. Kolmogorov complexity itself
provides a natural bound: K(x) is the theoretical floor, and no compressor—however
intelligent—can beat it.

Good’s most prescient contribution was recognizing the alignment problem sixty years
before it acquired that name. His formulation is characteristically concise:



The first ultraintelligent machine is the last invention that man need ever
make, provided that the machine is docile enough to tell us how to keep it
under control. [Good, [1965]

The word “docile” is doing enormous work. Good is pointing at what is now called
corrigibility—the property of a system that allows humans to correct, adjust, or shut it
down. He recognized that a sufficiently intelligent machine would know that humans
might shut it down and might therefore have instrumental reasons to prevent this. The
alignment problem is therefore not just about values but about power dynamics. This
is the precursor to what Bostrom! [2014] formalizes as instrumental convergence—any
sufficiently intelligent agent will tend toward self-preservation, resource acquisition, and
goal-content integrity, regardless of its terminal goals. Good was remarkably balanced—
not utopian, not dystopian. He did not resolve the tension between the benign and catas-
trophic scenarios; he insisted the question is the most important one humanity faces. This
epistemic humility distinguishes him from the techno-utopians who followed.

Good also anticipated the “bitter lesson” of Sutton| [2019] by fifty-four years. He
argued that the human brain is not computationally special in its hardware—neurons
switch at roughly 100 Hz while transistors already switched at MHz in 1965. The brain’s
advantage is entirely in its organization: its architecture, connectivity patterns, and learn-
ing algorithms. Raw compute was already sufficient in principle; what was missing was
the right algorithm. This is the thesis that general methods leveraging computation beat
domain-specific human knowledge, and it underlies the scaling paradigm that has driven
modern LLM development. Good was implicitly rejecting Cartesian dualism: there is no
irreducible ghost in the machine that makes human intelligence special. The brain is a
physical system, its intelligence is an organizational property, and that organization is in
principle discoverable and reproducible.

Good’s Bayesian commitments connect directly to the Shannon-Kolmogorov frame-
work. Having worked with Turing at Bletchley Park on statistical decryption—the Ban-
burismus method was essentially Bayesian sequential analysis—Good was deeply con-
vinced that intelligence is inseparable from probabilistic reasoning. Intelligence, for Good,
is the ability to efficiently accumulate weight of evidence toward true beliefs, which
maps onto Turing’s log-likelihood ratio (the “ban” and “deciban” that Good formalized).
In modern terms, a UIM is the ideal Bayesian agent of de Finetti and Savage operat-
ing at unbounded computational capacity: it performs Solomonoff induction, assigning
prior probability 27X(") to each hypothesis & and updating on all available evidence.
LLMs trained by cross-entropy minimization are practical, bounded approximations to
this ideal. The gap between an LLM and Good’s UIM is the gap between tractable
gradient-descent compression and Kolmogorov-optimal compression.

Good’s essay has limits that the subsequent sixty years have exposed. He assumed in-
telligence is essentially disembodied symbolic reasoning; modern cognitive science and
robotics suggest that sensorimotor grounding matters for many forms of understand-
ing. He did not anticipate that the bottleneck would be training data at scale—his UIM
was imagined as reasoning from first principles, not learning from petabytes of human-
generated text. And, like virtually all Al forecasters, he was overoptimistic about time-
lines: the essay implies a UIM might be decades away, and sixty years later the question



remains open.

Yet the gap is narrowing faster than most observers expected. Recent frontier mod-
els have begun to surpass expert humans in specific cognitive domains. Anthropic’s
Claude Mythos Preview, deployed through Project Glasswing [Anthropic, 2026], dis-
covered thousands of zero-day vulnerabilities in every major operating system and web
browser, including a 27-year-old flaw in OpenBSD that had survived decades of expert
human review and millions of automated security tests. The model autonomously iden-
tified and chained together kernel vulnerabilities to escalate from ordinary access to full
system control. This is precisely the kind of superhuman compression that Good envi-
sioned: the model “sees” structure in code—regularities invisible to humans—and pro-
duces shorter, more accurate descriptions of program behavior. It is not yet a UIM in
Good’s full recursive sense, but it demonstrates that domain-specific intelligence explo-
sions, where K;,1(x) < K;(x) in a narrow but consequential domain, are already under-
way.

These limitations do not diminish the essay’s core contribution. Good identified the
right variables—compression, recursion, alignment, Bayesian updating—and the right
question: what happens when the compressor surpasses the beings who built it?

6 LLMs as Kolmogorov Compressors

A large language model trained on the internet is, from the Kolmogorov perspective, an
approximation to the universal compressor of human knowledge. Its parameters encode
the regularity structure of language—grammar, syntax, factual associations, reasoning
patterns, narrative conventions—precisely to the extent that these structures are present
and learnable from the training data.

The hierarchy of compression in an LLM runs deep. Tokens compress characters,
functions compress tokens, programs compress functions, and deep learning frameworks
compress neural network specifications into sequences of GPU kernel calls. The same hi-
erarchical compression governs knowledge: words compress phonemes, sentences com-
press words, paragraphs compress sentences, and concepts compress paragraphs. An
LLM’s parametric representation attempts to capture regularity at all of these levels si-
multaneously.

The Kolmogorov structure function provides a framework for understanding this hi-
erarchy. For a string x of length n, the structure function %, («) is defined as the minimum
log-cardinality of a set S containing x such that the Kolmogorov complexity of S does not
exceed a:

hy(a) = min{log S| : x € S, K(S) < a}. )

The function h, is non-increasing in « and decomposes the total information in x into two
parts: the structural component (the model, described in a bits) and the random residual
(the position of x within the model, requiring %, («) bits). The total description length
is & + hy(«), and the Kolmogorov complexity K(x) is the minimum of this sum over all
«. An LLM’s parameters play the role of the model in this decomposition: they encode
the structural regularities of language in approximately a bits, while the residual /., («)
represents the information that the model cannot capture.
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This suggests a natural interpretation of LLM scaling. As model capacity increases, the
model can capture finer-grained regularities—progressing from common syntactic pat-
terns, which carry high frequency and are easy to learn, toward rare factual knowledge,
which appears infrequently in training data and requires much larger models to store
reliably. In structure function terms, increasing the model’s parameter count increases
«, which decreases hy(a)—the residual that the model cannot explain. This predicts the
empirically observed pattern that scaling shows diminishing returns on common tasks
but continued improvement on rare knowledge retrieval, a prediction consistent with the
Zipf-like structure of natural language: the most frequent patterns are captured first, and
each additional bit of model complexity captures rarer and rarer phenomena.

Kolmogorov complexity is not computable: no algorithm can determine K(x) for arbi-
trary x, since the problem is equivalent to the halting problem. LLMs are therefore prac-
tical approximations—powerful but bounded. They compress knowledge up to the level
of regularity that is discoverable by gradient descent on finite data, which is far short of
the theoretical Kolmogorov limit. The gap between an LLM’s effective compression and
the true Kolmogorov complexity can be expressed as

A(x) = Krm(x) — K(x) >0, (10)

where Kpppm(x) is the description length that the LLM achieves for string x (measured by
its negative log-probability under the model). For common strings in the training distri-
bution, A(x) is small; for rare or novel strings, A(x) can be large. This gap has direct impli-
cations for hallucination: when a model is queried about facts for which A(x) is large, the
correct answer has not been compressed into the model’s parameters. The model gener-
ates text that minimizes cross-entropy locally—text that is statistically plausible given its
training distribution—while failing globally. Hallucination is, in this framing, the symp-
tom of a compressor operating beyond its effective range.

7 From Photons to Questions: The Token Economy

Litowitz et al. [2026b] provide a rigorous accounting of the Shannon layer. Starting from
the physical chain—photons through fiber, atoms in transistors, watts in data centers—
they derive the cost of a token in thermodynamic terms, constructing a supply-and-
demand balance sheet for global token production and deriving a finite question bud-
get: the number of meaningful queries humanity can direct at Al systems under physical,
information-theoretic, and economic constraints.

The concept of a finite question budget is an application of Shannon thinking to the Al
economy. Just as Shannon showed that channel capacity imposes a hard ceiling on reli-
able information transmission, Litowitz et al. show that the physical cost of computation
imposes a ceiling on the number of meaningful queries that can be processed globally.
The scarce resource is not hardware per se, but the thermodynamic headroom to run
models at scale.

Their economic analysis applies Coase’s theory of the firm and the durable-goods
monopoly problem to the Al value chain. The LLM sits at the top of the hierarchy: it
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accepts natural language as input and compresses the entire abstraction stack into a sin-
gle interface. This inverts a common assumption—in the mature Al economy, the act of
writing code is a low-value activity. The scarce resource is not the ability to instruct a
machine but the ability to formulate a question worth asking.

This is a Kolmogorovian insight dressed in economic language. The value of a query is
proportional to its Kolmogorov complexity relative to the model’s internal representation:
a trivial question the model already effectively knows has low value, while a question that
probes the boundary between the model’s compressed knowledge and its incompressible
residual has high value. The finite question budget of Litowitz et al. can thus be reinter-
preted in Kolmogorov terms: the valuable questions are those that probe the boundary
between what the model has compressed and what it has not.

The Jevons paradox applies forcefully here. In January 2025, the DeepSeek release
demonstrated that open-weight models with aggressive quantization could match pro-
prietary systems at a fraction of the cost, with the immediate effect not of reduced Al
energy consumption but an explosion of demand: cheaper tokens made Al economically
viable for applications previously priced out at higher per-token costs. Each order-of-
magnitude reduction in cost expands the addressable market by more than an order of
magnitude. This is the Al economy’s analogue of Watt’s steam engine: efficiency gains
drive demand expansion, not resource conservation.

8 K-GAM Networks and Kolmogorov Knowledge Repre-
sentation

If the token economics framework of [Litowitz et al. [2026b] addresses the Shannon layer
of LLMs, the K-GAM architecture of Polson and Sokolov|[2025] addresses the Kolmogorov
layer—specifically, the architecture by which knowledge is represented and retrieved.

Kolmogorov GAM (K-GAM) networks provide an efficient architecture for training
and inference as an alternative to the transformer. They are the machine learning realiza-
tion of Kolmogorov’s Superposition Theorem (KST) [Kolmogorov), 1957], which provides
an efficient representation of any continuous multivariate function f : [0,1]" — R as

2n n
flxt, ..., xn) = Z &g (Z 4’q,p(xp)> , (11)
q=0 p=1

where ¢, : [0,1] — R are continuous inner functions and g, : R — R are continu-
ous outer functions. KST theory also provides a representation based on translates of the
Koppen function. The architecture is equivalent to a topological embedding independent
of the function of interest, together with an additive layer using a Generalized Additive
Model (GAM). Such representations have direct use in machine learning for encoding
dictionaries—look-up tables—which is precisely the structure needed for knowledge re-
trieval.

The K-GAM architecture makes the Kolmogorov representation theorem explicit. In
the standard transformer, knowledge is distributed across attention heads and feedfor-
ward layers in a manner that is mathematically effective but theoretically opaque. The
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K-GAM approach separates the embedding—which is universal and independent of the
specific knowledge to be encoded—from the additive knowledge layer, which captures
the function of interest. This separation mirrors the two-part structure of Kolmogorov’s
structure function: the universal embedding plays the role of the structural model, while
the GAM layer captures the specific knowledge content.

This decomposition clarifies a fundamental distinction between classical Al and LLMs.
Classical Al systems are, at their core, look-up tables: they store discrete knowledge en-
tries and retrieve them by matching queries to keys. The K-GAM architecture makes this
explicit—the dictionary structure of is precisely a parametric look-up table, with the
inner functions ¢, , providing the addressing scheme and the outer functions g, provid-
ing the stored values. An LLM, by contrast, does not merely retrieve from a single table; it
merges and connects across tables. The attention mechanism and the additive GAM layer
both perform weighted combinations of knowledge components, synthesizing answers
that no single table entry contains. In Kolmogorov terms, retrieval from a single look-up
table has low complexity—it is a short program that indexes into a fixed structure—while
the act of merging across tables to produce a novel synthesis has higher complexity, be-
cause the merging program must encode the relationships between tables.

For knowledge representation in LLMs, the K-GAM decomposition has several virtues.
The embedding layer can be trained once and reused across tasks, reducing the thermody-
namic cost identified by Litowitz et al. [2026b]. The additive structure of the GAM layer
makes knowledge transparent and interpretable—each additive component captures a
distinct dimension of the knowledge space—and modular, enabling efficient updates
without catastrophic forgetting. Low-complexity knowledge (common facts, syntactic
regularities) is captured efficiently by shallow GAM components, while high-complexity
knowledge (rare facts, novel associations) requires deeper or wider additive structure.
This provides a principled account of why scaling improves knowledge retrieval: it ex-
pands the capacity of the additive knowledge layer to accommodate higher-complexity
knowledge.

9 The Gap Between Capacity and Meaning

The central tension in LLM theory is the gap between what Shannon’s framework tells
us and what Kolmogorov’s framework demands. Shannon gives us a complete theory of
the physical layer: the bit rates, the channel capacities, the thermodynamic costs. Kol-
mogorov gives us a complete theory of the semantic layer: the complexity of knowledge,
the structure function, the incompressibility of genuine novelty. Between them lies the
LLM—a system that operates at Shannon efficiency at the hardware layer but aspires to
Kolmogorov-optimal knowledge compression at the semantic layer.
Several open problems live in this gap.

Hallucination as complexity overflow. When a model is queried on knowledge whose
Kolmogorov complexity exceeds the model’s representational capacity, it cannot produce
the correct answer because the answer has not been compressed into its parameters. In-
stead, it generates text that minimizes cross-entropy locally—text that is statistically plau-
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sible given its training distribution—while failing globally. Hallucination is a Shannon-
layer artifact: the model is doing its best according to the probability model it has learned,
but the correct answer lies outside the support of that model’s effective compression.

Meaning and Kolmogorov irreducibility. Shannon’s insight was that meaning is irrele-
vant to transmission. But meaning is precisely what users want from LLMs. Kolmogorov
complexity provides the closest formal proxy for meaning: the complexity of a string
measures the depth of the structure it encodes. However, Kolmogorov complexity is un-
computable, and LLMs are finite approximations. Whether LLMs can represent meaning
in any robust sense—or whether they are sophisticated Shannon compressors that simu-
late meaning without possessing it—remains open.

Solomonoff induction and Bayesian LLMs. The deepest connection between the two
frameworks runs through Solomonoff induction, which combines Shannon’s probabilistic
structure with Kolmogorov’s complexity measure: the universal prior assigns probability
to each hypothesis proportional to 2-X("), where K(h) is the Kolmogorov complexity of
the hypothesis. This is the ideal Bayesian learner—Good’s ultraintelligent machine op-
erating at full capacity—and LLMs trained by cross-entropy minimization can be seen
as practical approximations to Solomonoff induction. The quality of this approximation,
which depends on architecture, data, and scale, is the central quantity governing LLM
performance as knowledge systems.

The question budget as Kolmogorov frontier. The finite question budget of Litowitz
et al. [2026b] acquires a new interpretation in this framework. Not all questions are
equally valuable: a question whose answer lies within the model’s compression hori-
zon (low A(x) in (10)) is a question the model can already answer, and asking it consumes
thermodynamic resources for low epistemic return. The valuable questions are those that
probe the boundary of the model’s compression—questions whose answers have high
Kolmogorov complexity relative to the model’s representation. As models scale and their
compression horizon expands, the frontier moves outward, and previously unanswer-
able queries become accessible. But the total question budget is finite, and the allocation
of that budget across the complexity spectrum is a non-trivial optimization problem. In
the language of Litowitz et al|[2026a], this is the problem of pricing knowledge: the eco-
nomic value of a query is determined not by the cost of generating the answer but by the
Kolmogorov distance between the query and the model’s compression frontier.

10 Knowledge in 2100

The question of what LLMs mean for the representation of knowledge by the year 2100 is
not merely speculative. It is the natural terminal question of the Shannon-to-Kolmogorov
arc we have traced, and it deserves to be addressed with the same quantitative clarity that
Litowitz et al.|[2026b] applied to the token economy of the present.
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10.1 The Present Moment: Proto-Ultraintelligence

Good’s 1965 essay was speculative; it described a machine that did not exist. As of 2026,
frontier LLMs satisfy several—though not all—of the conditions Good articulated. They
surpass any individual human across a broad range of intellectual tasks: legal analysis,
medical diagnosis, code generation, mathematical problem-solving, multilingual trans-
lation, and scientific literature synthesis. They operate at speeds and scales no human
can match. They are, in a meaningful sense, proto-ultraintelligent: they compress and
retrieve knowledge at a level that would have seemed miraculous to Good, even if they
do not yet recursively self-improve in the manner his essay envisioned.

The intelligence explosion, however, may already be underway in a distributed form.
Al systems are used to design better Al systems: they assist in architecture search, hy-
perparameter optimization, code generation for training infrastructure, and the writing
of research papers that advance Al capabilities. The recursion is not yet autonomous—
humans remain in the loop—but the feedback cycle is tightening. Each generation of
model is trained with tools and infrastructure that the previous generation helped build.
Whether this distributed, human-mediated recursion will converge to Good’s fully au-
tonomous intelligence explosion, or whether it will plateau at some level of human-Al
collaboration, is the central empirical question of the coming decades.

What does proto-ultraintelligence mean for knowledge? Hayek [1945] argued that the
central economic problem of society is not the allocation of given resources but the use
of knowledge that is dispersed among millions of individuals, knowledge that no sin-
gle mind can possess in its totality. The price system, in Hayek’s account, serves as a
compression mechanism: it encodes the dispersed knowledge of all market participants
into a low-dimensional signal (the price vector) that enables coordination without cen-
tralized understanding. An LLM performs an analogous compression on a different sub-
strate. Where the price system compresses economic knowledge into prices, the LLM
compresses epistemic knowledge into parameters. Both are lossy: prices do not capture
all relevant information, and neither do model weights. But both enable coordination at
scales that would otherwise be impossible.

The Hayekian parallel illuminates a risk. Hayek warned that central planning fails
because no planner can possess the local, tacit, and rapidly changing knowledge that the
price system aggregates automatically. An LLM trained on a static corpus faces an analo-
gous limitation: it compresses the knowledge available at training time but cannot access
the local, tacit, and rapidly evolving knowledge that emerges after its training cutoff.
The LLM is, in Hayekian terms, a central planner of knowledge—extraordinarily capable
within its training distribution, but structurally unable to capture the dispersed, real-time
knowledge that Hayek identified as the most valuable kind. [Litowitz et al. [2026a] de-
velop this observation into a formal analysis of how the economics of knowledge changes
when LLMs become the primary interface between humans and information.

10.2 The Compression of All Human Knowledge

Shannon showed that any information can be transmitted; Kolmogorov showed that the
deepest measure of information is how much it can be compressed. By 2100, LLMs or
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their successors will have consumed and compressed essentially all digitized human
knowledge—every paper, book, code repository, legal record, experimental result, and
conversation.

The Kolmogorov structure function provides the answer to what remains after this
compression. The model weights encode the structural regularity of human knowledge—
the patterns, dependencies, and associations that are learnable from data. The incom-
pressible residual is what no model can learn from data alone: genuinely novel ideas, ob-
servations that contradict existing patterns, experiences that have never been digitized,
and the future. The LLM of 2100 is, from a Kolmogorov perspective, the shortest program
that reproduces human knowledge up to its training cutoff, plus an irreducible residual
representing what cannot be predicted from the past.

10.3 The Entropy of Knowledge, Not Just Language

Cover and King measured the entropy of English text—the uncertainty per character
given all prior context. By 2100, the analogous question is the entropy of knowledge
itself: how much genuine uncertainty remains in the space of human understanding after
conditioning on everything a planetary-scale LLM has learned? This is not the entropy of
a language model; it is the entropy of the epistemic frontier.

The LLM of 2100 accepts natural language as input and compresses the entire abstrac-
tion stack into a single interface, with the consequence that the scarce resource is not the
ability to instruct a machine but the ability to formulate a question worth asking. The
ability to identify where the Kolmogorov frontier lies may be the defining cognitive skill
of the knowledge economy.

10.4 Three Scenarios

The Shannon-Kolmogorov framework suggests three qualitatively distinct futures, corre-
sponding to different assumptions about the relationship between the model’s compres-
sion horizon and the structure of human knowledge.

In the convergence scenario, the Kolmogorov complexity of most human knowledge
turns out to be modest: the world is more regular than it appears, and a sufficiently scaled
LLM can compress essentially all domains of inquiry into its parameters. The Cover—King
entropy of knowledge approaches zero as models scale. This is the scenario most feared
by critics of Al: a world in which the compression of knowledge eliminates the incentive
to generate genuinely new knowledge, because novel ideas are immediately absorbed
and homogenized by the model.

In the divergence scenario, the Kolmogorov complexity of the frontier of human knowl-
edge is effectively unbounded: for every question the model can answer, ten new ques-
tions arise that it cannot. This is the historical pattern of science, and there is no strong
reason to believe it will change. The Cover-King entropy of the knowledge frontier re-
mains high or grows, and LLMs serve as extraordinarily powerful tools for compress-
ing the known while the unknown continues to expand. The finite question budget of
Litowitz et al.| [2026b]] becomes the binding constraint: with unlimited knowledge to be
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generated and limited thermodynamic capacity to process queries, the allocation of the
question budget across domains becomes a central problem of scientific governance.

The bifurcation scenario is perhaps the most realistic. LLMs converge on a near-zero
entropy representation of most domains while the frontier of mathematics, fundamental
physics, consciousness science, and novel technological development remains irreducibly
complex. This mirrors the known structure of Kolmogorov complexity across domains—
most of what is known is highly compressible (it can be derived from general principles),
while the cutting edge in each field has high Kolmogorov complexity precisely because it
has not yet been reduced to principles. The LLM of 2100 would be a perfect textbook for
everything known as of 2080, and a useless oracle for everything that will be discovered
between 2080 and 2100.

This bifurcation scenario connects to the horseshoe prior intuition: most knowledge
has low complexity and should be shrunk toward zero, while a small sparse set of gen-
uinely novel ideas has high complexity and must be estimated freely. The LLM of 2100 is,
in this view, a planetary-scale horseshoe prior on human knowledge.

10.5 The Cover-King Question for 2100

Cover and King’s gambling game measures how much of English is already determined
by context. Their finding that entropy is around 1.1-1.3 bits per character, rather than the
maximum of 4.7 bits, means that roughly 75-80% of English is redundant: predictable
from context and carrying no new information. Modern LLMs have compressed this
redundancy to near-zero, which is precisely what their training objective demands.

The analogous question for 2100 is: what fraction of human knowledge is redundant—
derivable from what is already known—and what fraction is genuinely new informa-
tion in the Kolmogorov sense? The pessimistic reading of current LLM performance is
that this fraction is very high: most of what passes for intellectual output in many do-
mains is recombination of existing ideas, and LLMs are exposing this by demonstrating
that such recombination can be automated. The optimistic reading is that the truly cre-
ative frontier—in science, mathematics, art, and the discovery of genuinely new empirical
regularities—remains low-redundancy and high-Kolmogorov-complexity.

10.6 The Token Economy and the Long Run

The long-run analog of the |Litowitz et al.|[2026b] analysis concerns not just where value
concentrates but where meaning concentrates. If the token economy scales by several or-
ders of magnitude over the next 75 years—driven by the Jevons paradox, by architectural
improvements analogous to K-GAM that reduce the computational cost of knowledge re-
trieval, and by the progressive integration of multimodal and embodied data—then the
question budget expands correspondingly.

But the Cover—King insight reminds us that a larger question budget does not auto-
matically produce more genuine knowledge. A larger sample in the gambling game con-
verges to the same entropy; it does not lower it. More tokens processed against a fixed
knowledge distribution yield a better estimate of the same entropy, not a lower entropy.
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The thermodynamic capacity to process queries is necessary but not sufficient for the gen-
eration of new knowledge. What is also required is the introduction of new data—from
experiment, from novel experience, from embodied interaction with the physical world—
that carries information genuinely beyond the model’s compression horizon.

By 2100, the deepest challenge for civilization’s knowledge economy may be precisely
this: ensuring that the flow of genuinely new, high-Kolmogorov-complexity information
into the training distribution of Al systems is sustained. Without it, the Cover-King en-
tropy of the knowledge frontier approaches zero not because all questions have been
answered, but because the system has folded in on its own compressed representation of
the past.

10.7 The Data Collapse Problem

A model trained on its own output faces a specific pathology: each generation of syn-
thetic data is a lossy compression of the previous generation’s training distribution, and
iterating this process degrades the tails of the distribution faster than the center. In Kol-
mogorov terms, the high-complexity knowledge—the rare facts, the novel associations,
the minority viewpoints—is the first to be lost, because it contributes least to the average
cross-entropy that the training objective minimizes. What remains after several genera-
tions of self-training is a progressively smoother, lower-complexity approximation to the
original distribution: the model converges toward a representation of the typical rather
than the true.

This is model collapse, and it represents a fundamental threat to the divergence and
bifurcation scenarios. If the flow of genuinely new data slows—because human intel-
lectual output is increasingly mediated by LLMs that recycle existing knowledge—then
the training distribution contracts, the compression horizon stops expanding, and the in-
telligence explosion stalls. The Shannon-Kolmogorov framework makes the mechanism
precise: model collapse is the progressive reduction of the effective Kolmogorov com-
plexity of the training distribution, which in turn reduces the Kolmogorov complexity of
the knowledge the model can represent.

The antidote is what might be called Kolmogorov injection: the deliberate introduction
of high-complexity, genuinely novel information into the training pipeline. This includes
new experimental data from science, new observations from embodied interaction with
the physical world, new creative works that are not derivative of existing corpora, and
new mathematical results that extend the boundary of formal knowledge. Hayek’s in-
sight applies here with full force: the most valuable knowledge is local, tacit, and rapidly
changing, and it cannot be generated by a model trained on the past. It must come from
agents—human or robotic—interacting with a world that the model has not yet seen.

10.8 The Information Ladder

The conceptual arc of this paper can be summarized as an information ladder—a hier-
archy of increasingly demanding questions about information, each building on the one
below.
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The first rung is Shannon’s: Can the message be transmitted? This is a question about
channel capacity, error correction, and thermodynamic cost. It is fully answered by Shan-
non’s theorems, and Litowitz et al.|[2026b]] show that these answers have direct quantita-
tive consequences for the token economy.

The second rung is Cover’s: How much information does the message contain? This is a
question about the entropy rate of the source, and Cover’s gambling estimate showed it
can be measured empirically. Modern LLMs have effectively automated this measure-
ment, achieving cross-entropies that approach or surpass human performance.

The third rung is Kolmogorov’s: What does the message mean? This is a question about
the shortest program that generates the message—its irreducible content, independent of
any particular probability model. LLMs approximate Kolmogorov compression through
gradient descent, but the approximation is bounded and the true quantity is uncom-
putable.

The fourth rung is Good'’s: Can the system that answers these questions improve itself? This
is a question about recursive compression—whether the compressor can discover better
compression algorithms, triggering the intelligence explosion. Current LLMs sit between
the third and fourth rungs: they are powerful compressors that do not yet autonomously
improve their own compression.

The fifth rung, which no existing system has reached, is the question Hayek and
Litowitz et al. [2026a] pose in economic language: Which questions are worth asking? This
is the highest rung because it requires not just the ability to compress and retrieve knowl-
edge but the ability to identify the boundary of the known—the Kolmogorov frontier—
and to allocate finite resources toward expanding it. It is a question of agency and direc-
tion that computation alone cannot answer.

11 Discussion

Shannon and Kolmogorov represent two poles of a spectrum along which the analysis
of LLMs must be conducted. Shannon gives us the physical budget—the thermodynamic
and information-theoretic constraints on how many tokens can be produced, at what cost,
with what reliability. Kolmogorov gives us the semantic aspiration—a principled account
of what knowledge is, how it can be compressed, and what lies beyond the compression
horizon. Tom Cover bridges them: his gambling estimate showed that the entropy of En-
glish is measurable and finite, and his equivalence theorems showed that this entropy is,
in expectation, the Kolmogorov complexity of individual strings. Good’s ultraintelligent
machine thesis adds the dynamic element: not merely what can be compressed, but what
happens when the compressor recursively improves itself.

LLMs are machines that operate within Shannon constraints while reaching toward
Kolmogorov ideals. They have empirically solved the Cover-King measurement prob-
lem, achieving cross-entropies on English text that approach or surpass the human gam-
bling benchmark. Yet they remain far from Kolmogorov-optimal: they hallucinate at the
complexity frontier, fail on rare and novel knowledge, and have no principled account of
what they do not know. The information ladder we have constructed—from transmission
to entropy to complexity to recursion to agency—provides a framework for measuring
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this gap precisely and for identifying where progress is needed.

The work of |Litowitz et al.|[2026b]] on the token economy establishes the Shannon layer
with precision: tokens are physical quantities with thermodynamic cost, channel capacity
governs their production rate, and the question budget is finite. The companion analysis
of Litowitz et al|[2026a] extends this to the economics of knowledge, showing how the
value chain from photon to question reshapes the structure of the knowledge economy.
The K-GAM framework of Polson and Sokolov| [2025] provides a Kolmogorov-grounded
architecture for knowledge representation, separating the universal embedding from the
knowledge-specific additive structure in a way that is both computationally efficient and
theoretically transparent.

The Hayekian dimension of our framework deserves emphasis. |Hayek [1945] ar-
gued that the most important knowledge in any economy is dispersed, local, and tacit—
knowledge that no central authority can possess. LLMs are the most powerful centralizers
of knowledge ever built: they compress the explicit, digitized knowledge of civilization
into a single parametric representation. But the Kolmogorov structure function tells us
that this compression captures only the regular component of knowledge. The irregular,
incompressible residual—which includes precisely the local, tacit, and rapidly changing
knowledge that Hayek identified as most valuable—lies beyond the model’s compression
horizon. The gap between what an LLM knows and what needs to be known is not a gap
that can be closed by scaling alone; it is a gap that requires the sustained generation of
new information from the physical world.

Several open problems emerge from this framework. First, developing a computable
approximation to the Kolmogorov structure function that can diagnose, for a given model
and query, whether the answer lies within the model’s compression horizon or beyond
it—this would provide a principled account of model uncertainty that goes beyond cal-
ibrated probabilities. Second, understanding the dynamics of model collapse in Kol-
mogorov terms: at what rate does the effective complexity of the training distribution
decay under self-training, and what interventions—data curation, Kolmogorov injection,
architectural changes—can arrest or reverse this decay? Third, formalizing the connection
between the K-GAM architecture and the Kolmogorov structure function: can the sepa-
ration between universal embedding and additive knowledge layer be made optimal in
a precise information-theoretic sense?

The gap between Shannon capacity and Kolmogorov meaning is the central frontier
of Al science. Filling it—developing a theory of how finite parametric systems approx-
imate Kolmogorov-optimal knowledge compression, how this approximation degrades
near the complexity frontier, and how to sustain the flow of genuinely novel informa-
tion into the system—is the foundational problem for the next generation of LLM theory.
Good’s 1965 warning remains apt: the ultraintelligent machine is the last invention that
man need ever make, provided that the machine is docile enough to tell us how to keep it
under control. The Shannon-Kolmogorov framework developed here provides the quan-
titative language in which that proviso can, at last, be made precise.
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