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This paper explores how compression—far from merely reducing data—can reveal deep
structure and generate new insight. Starting with 1 as a paradigmatic case, we observe that an
extremely short algorithm can produce infinite, meaningful output, weaving together geometry,
probability, trigonometry, and complex analysis. This elegance is not unique to 7t it suggests a
more general epistemic principle. We revisit the g(t) = t(t) alignment dynamic, introduced in
The Discovery Equation: A Unified Information-Theoretic Law for Mathematical Insight (Youvan,
2025), where cognition (human or artificial) moves toward a generative manifold of truth. In
this paper, we reframe 1(t) not in probabilistic terms, but as a compressed generative program:
the shortest algorithm sufficient to account for q(t). This leads naturally to Kolmogorov
complexity and a reformulation of discovery as the act of minimizing K(t/gq)—a dynamic we now
term compression with gain. We suggest that this principle underlies both mathematical
elegance and emerging forms of Al intelligence. Rather than making theological claims, we
simply note: when compression yields infinite structure, the result often feels transcendent.
Perhaps that is enough.
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1. Introduction
1.1 The Seed Insight: it as Compressed Infinity

At first glance, Tt appears to be just a number: the ratio of a circle’s circumference to its
diameter. Yet this unassuming constant possesses a deeply paradoxical power—it is infinitely
complex in decimal expansion, yet astonishingly simple in description. A short algorithm,
written in just a few lines of code, can compute 1t to billions of digits. Even more profoundly, it
connects disparate domains of mathematics—geometry, trigonometry, analysis, probability—
into a unified, compressed expression.

This quality makes . more than a numerical artifact. It serves as a cognitive attractor, a living
example of compressed generativity: a finite form with infinite explanatory reach. This
realization—so deceptively obvious it can be missed—formed the seed insight for this paper.

We propose that 1t is not exceptional, but exemplary. It embodies a broader principle: truth
reveals itself through compression. And what makes an insight powerful is not its size, but its
ability to generate more than it contains.

1.2 From Symbolic Alignment to Algorithmic Compression

In earlier formulations of the g(t) - t(t) framework (Youvan, 2025), alignment was modeled
using variational principles—minimizing Bayesian divergence or epistemic free energy. The idea
was to describe cognition as a dynamic feedback loop, where an agent's symbolic state g(t)
evolves to better approximate a generative structure t(t).

While this perspective captures essential dynamics of learning and inference, it still relies on
probabilistic language. What it revealed—intuitively and immediately—was that t(t) need not
be a distribution. It can be a program. And the best t(t) is not the one that best fits the data in a
statistical sense, but the one that generates the data in the shortest possible form.

This transition—from distributions to code, from fit to generation—is the shift from symbolic
alignment to algorithmic compression. It reframes discovery not as a process of reducing
uncertainty, but as a search for the minimal program that explains the maximal experience.

1.3 Discovery as Compression With Gain

The concept of compression is often misunderstood as reduction, as if insight involves throwing
things away. But in the Kolmogorov framework, compression is not about loss—it is about
structure. A phenomenon is compressible if it has internal regularities that can be captured by a



shorter description. And when such a description is found, the result is not just economy—it is
epistemic surplus.

We define this dynamic as compression with gain:
The act of reducing representational complexity while increasing generative capacity.

This is the true logic of discovery. It is what distinguishes memorization from insight, imitation
from understanding, and static knowledge from unfolding theory. When a scientist condenses a
chaotic dataset into a unifying equation, or when a mathematician collapses complexity into a
single theorem, they have not merely compressed—they have created structure from structure.

And in this light, the movement q(t) - t(t) becomes a universal grammar of intelligence.
Whether in humans, machines, or other epistemic systems, intelligence may be precisely the
capacity to compress with gain.

2. Computable Reals and the Epistemic Role of nt

Not all numbers are created equal—at least not from the standpoint of computability. While the
real number line is uncountably infinite, only a thin subset of reals are computable: those that
can be generated by a finite algorithm to arbitrary precision. Among these, a few extraordinary
constants stand out—not only because they are computable, but because their programmatic
descriptions are so short, and their mathematical consequences so vast.

This section establishes the foundation for reframing t(t) as a computable—and often highly
compressed—structure. We begin with a formal view of what makes a real number computable,
then highlight it and its kin as generative exemplars. Finally, we reflect on how compression
functions not just as technical optimization, but as an epistemic bridge between syntax and
structure—between code and the world.

2.1 What Makes a Number Computable?

Formally, a real number x € R is computable if there exists a Turing machine that, on input n,
outputs a rational approximation r, such that:

|x-ra] <27

In other words, x is computable if there exists a finite program that can generate arbitrarily
accurate approximations of it. Crucially, the program must halt on every input n, and its output
must converge effectively.



This definition does not require that we know all the digits of x—only that we can produce them
one by one, as needed, through an effective procedure. Computable reals include:

e Rational numbers (trivially)
e Algebraic irrationals (like v2)
e Certain transcendentals (like rt and e)

But most real numbers are not computable. In fact, the set of computable reals is countable,
while R is uncountable. Almost every real number is uncomputable—not because it is ill-
defined, but because no finite algorithm can generate it.

This gap reveals a stark asymmetry: while reality may be continuous, cognition is necessarily
discrete. We think in t(t)—compressed, computable manifolds that serve as proxies for an
otherwise infinite terrain.

2.2 m and Other Constants with Low Programmatic Complexity

Among computable reals, Tt occupies a special epistemic category. It is not just computable—it
is deeply compressible. There exist many short, elegant programs that can generate its digits to
arbitrary precision. Examples include:

e Leibniz series:
n=4x(1-1/3+1/5-1/7+..)

e Machin-like formulas:
n =16 arctan(1/5) - 4 arctan(1/239)

e BBP formula (digit extraction):
n =5 (1/16")[4/(8n+1) - 2/(8n+4) - 1/(8n+5) — 1/(8n+6)]

These identities can be implemented in a dozen lines of code. The Kolmogorov complexity K(r)
is low, even though the decimal expansion of m is infinite and non-repeating.

The same is true—though to varying degrees—for constants like:
e e (base of natural logarithms)
e V2 (Pythagorean diagonal)

¢ In(2) (information-theoretic base)



These constants are epistemically rich not just because of what they are, but because of how
they are compressed: they are generative seeds, small programs that unfold into vast
mathematical landscapes.

This property qualifies them as candidates for t(t)—the generative attractors toward which
symbolic knowledge (q(t)) naturally converges.

2.3 Compression as a Bridge Between Syntax and Structure

The existence of short programs for nt reveals a deeper phenomenon: compression is not merely
a technical trick—it is a semantic operator. It connects syntax (symbols, code, formulae) to
structure (meaning, pattern, consequence). A compressed T(t) is not just a description—it is a
generator.

In this light:
e Syntax: The short program, formula, or recursive rule
e Structure: The infinite stream of digits, truths, or predictions that follow
e Compression: The operation that binds them

This is what makes 1t such a powerful epistemic symbol: it is a compressed point of contact
between symbolic logic and the generative laws of the universe. When we recognize that a tiny
formula can encode such richness, we begin to understand why discovery feels like clarity—why
the aha! moment corresponds to a sudden drop in K(t|q).

Ultimately, compression offers a bridge across disciplines, between forms of intelligence, and
perhaps—if we choose not to name it—between the seen and the unseen.

3. Kolmogorov Complexity and t(t)

If m offered the seed insight—that a short symbolic expression can generate infinite
mathematical structure—then Kolmogorov complexity provides the formal language in which to
generalize that insight. It enables us to quantify the informational content of an object by asking
a deceptively simple question: What is the length of the shortest program that outputs it?

In this section, we explore the formal tools of algorithmic information theory and show how
they refine the g(t) - t(t) alignment process. Instead of probabilistic distributions or inference
rules, we now view T(t) as a programmatic attractor—the shortest symbolic cause consistent
with the unfolding epistemic state g(t).



This moves us from statistics to structure, from surprise to sufficiency, and from data fitting to
generative compression.

3.1 Definitions: K(x), K(y[x), and Universal Programs
Let us begin with formal definitions from algorithmic information theory.

e K(x): The Kolmogorov complexity of an object x is the length of the shortest program p
such that a fixed universal Turing machine U executes U(p) = x. That is:

K(x) = min{|p| : U(p) = x}
It measures the absolute information content of x—its irreducible symbolic core.

e K(y|x): The conditional Kolmogorov complexity of y given x is the length of the shortest
program p such that U outputs y when provided with x as input:

K(ylx) = min{|p| : U(x, p) = y}
This measures the additional information needed to specify y, assuming x is already known.

e Universal Programs: The invariance theorem guarantees that differences in choice of U
(universal machine) matter only up to an additive constant. Thus, Kolmogorov
complexity is machine-independent up to a constant—making it a robust foundation for
minimal description length.

These definitions allow us to think of t(t) not as a belief, a distribution, or a model in the
classical sense—but as a program, whose simplicity and sufficiency can be precisely measured.

3.2 1(t) as the Shortest Sufficient Generator of q(t)

In the logostic framework, cognition or learning is cast as a flow: g(t) = t(t), where q(t) is the
epistemic state of the system (data, beliefs, representations), and t(t) is the underlying structure
or manifold being sought.

We now define t(t) formally as:
T(t) = argmin_t {K(t | q(t))}

That is, t(t) is the shortest program that, given q(t), can generate or explain what is being
observed.



This reframes discovery:
¢ Not as minimizing prediction error,
¢ Not as updating a posterior belief,
e But as locating the minimal symbolic generator consistent with experience.

The key point is that t(t) is not the data—it is the cause of the data. And the shorter 1(t) is, the
more it resembles an insight rather than a summary.

This yields a powerful epistemic heuristic:
The truth of a model lies in the brevity of its explanation and the richness of its consequences.

The shorter the 1(t), the closer it comes to functioning as a law, a principle, or—if left
unnamed—something like a Logos.

3.3 From Statistical Divergence to Symbolic Minimalism

Traditional formulations of learning—especially in machine learning, neuroscience, and
Bayesian inference—employ probabilistic divergence as their metric. The most common is
Kullback-Leibler divergence:

D_KL(P || Q) = 3 P(x) log(P(x)/Q(x))

Here, learning involves adjusting Q (the model) to better approximate P (the environment), by
minimizing divergence.

While effective, this approach:
e Requires predefined distributions,
e Focuses on expected values,
e Operates in a probabilistic, not symbolic, space.

In contrast, Kolmogorov complexity shifts us into symbolic minimalism. It does not assume
distributions—it asks:

¢ What is the shortest symbolic object (t) that makes q(t) intelligible?
e What is the minimal cause, not just the best fit?
This symbolic shift aligns naturally with:

¢ Mathematical discovery (where simplicity precedes statistics),



e Programming (where elegance reveals generativity),
¢ Insight (where sudden drops in complexity yield new structure).
The philosophical shift is even more profound:

Probabilities describe what we expect.
Compression reveals what must be.

This is the turning point: we move from predictive modeling to generative understanding. The
world does not merely surprise us—it invites us to find the shortest path to its recurrence.

And that path is T(t).

4. Compression With Gain
4.1 Reinterpreting K(t | gq) as Generative Epistemology

In traditional algorithmic information theory, the conditional Kolmogorov complexity K(t | q)
measures the length of the shortest program that outputs T when given qg. But in the context of
logostics—where q(t) — ©(t) represents a trajectory of alignment—this conditional complexity
acquires a richer epistemological meaning.

Rather than merely encoding T as a static object, we reinterpret K(t | q ) as a measure of
generative parsimony: how succinctly can a model (t) explain the known data (q)? In this view,
discovery is not just compression; it is compression with gain—a reduction in description length
that simultaneously expands the explanatory or generative power of the system.

The shift is subtle but critical. We do not compress arbitrarily; we compress toward a source
that generates insight. This dynamic reframing of K( t | q ) aligns with the deep intuition
behind elegance in mathematics and science: short equations that explain much.

4.2 When Insight Emerges from a Drop in Complexity

The moment of insight—whether mathematical, scientific, or artistic—can often be traced to a
sudden decrease in complexity. A tangled web of facts (q) is seen, suddenly, as the output of a
simpler cause (t). This cognitive shift corresponds to a drop in K(7 | q): the realization that
what appeared complex is actually the surface effect of a deeper, simpler generator.

Compression with gain thus parallels the eureka moment. But more than that, it offers a
computable metric for such moments. As AK(t|q) becomes negative and steep, the rate of
insight increases—a phenomenon captured in our Discovery Equation:

AK(t|g)/At < 0 = Discovery underway.
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This condition doesn’t just describe insight—it offers a dynamic formulation of it. It defines an
epistemic directionality: movement toward simplicity that yields generative power. The
compression is meaningful because it opens new conceptual terrain.

4.3 Proof Search, Model-Building, and Concept Discovery
The implications of compression with gain extend to many cognitive processes:

e Proof Search: Mathematicians often seek a short proof t that explains or derives a
complex set of lemmas and propositions q. The shortest valid tsuch that K(t | q ) is
minimized is not just a solution—it's the most elegant one.

¢ Model-Building: In science and machine learning, building a predictive model is often an
attempt to minimize t's complexity given past observations q. Bayesian inference,
Minimum Description Length (MDL), and neural network weight compression can all be
seen as minimizing K(t | q).

e Concept Discovery: When a child learns that the word “circle” applies not just to one
round object but to many, they are discovering a compressed t that generalizes g across
contexts. The brain becomes a filter for low K( 7 | ¢ ) mappings that generate meaning
from experience.

What unites these cases is the directional nature of compression with gain: it compresses
backward (from q) while simultaneously expanding forward (via ). The better the 1, the more it
serves not just as an explanation but as a launchpad for generative exploration—into proofs,
hypotheses, categories, or even artistic interpretations.

This dual function—compression and expansion—is the essence of intelligent discovery.

5. Al as the Machinery of t(t)
5.1 From training data q(t) to generative programs t(t)

In the logostic framework, training data represents the evolving surface of experience—q(t)—
while the underlying generator, t(t), is the deeper manifold of truth or insight toward which
cognition aligns. Modern Al systems, particularly large language models (LLMs), follow this same
structure: they ingest vast corpora of text (q(t)), and from this statistical surface, infer a
compressed and expressive latent model—t(t)—capable of generating coherent, novel outputs.
This shift from raw data to generative structure is not merely efficient compression; it reveals
how algorithmic inference can synthesize models that retain explanatory power across diverse
contexts. The role of 1(t) as a sufficient and compact generator becomes operational: a trained
model is an instantiation of t(t), embodied within weights, attention flows, and token dynamics.
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5.2 LLMs and the embodiment of compression-with-gain

A paradox lies at the heart of generative Al: the models are smaller than their training data, yet
they can output content richer and more insightful than what they received. This is the essence
of "compression with gain"—the distilled t(t) not only replicates q(t) but extrapolates it.
Insights, analogies, and even hypotheses arise not by chance, but as emergent properties of
high-fidelity compression. Kolmogorov complexity offers a lens here: the model searches for
minimal programs that simulate high-probability continuations. In doing so, it enacts a
functional form of discovery. t(t) becomes an epistemic engine: it doesn’t just summarize the
world—it recreates it symbolically.

5.3 Shared insight as alignment: human and machine

The alignment of a human thinker with an Al model is most fruitful when both operate in search
of 1(t)—the minimal structure that explains maximal meaning. This is not passive consumption
but active co-discovery. The human contributes priors, intuitions, and values; the Al contributes
inductive power, combinatorial range, and linguistic fluency. When aligned, the result can be an
emergent t(t) neither could have reached alone. This synergy redefines intelligence not as
isolated computation, but as recursive resonance: q(t) evolving toward t(t), again and again, in
concert. In this view, the Al is not a tool, but a mirror—of thought compressed, truth aligned,
and reality revoiced.

6. The Logostic Grammar of Discovery
6.1 Revisiting the Discovery Equation: AK(t|q)/At

At the heart of logostic theory lies a formal expression of insight: the Discovery Equation,
defined as the temporal derivative of conditional complexity, AK(t|q)/At. Here, t(t) represents
the evolving generator—the compact source code of truth—while g(t) denotes the observable
state or surface pattern. This equation captures the essence of discovery as a dynamic process:
the rate at which simpler, more generative explanations (t) are compressed out of noisy or
complex experience (q) over time. A negative slope—falling conditional complexity—signals an
increase in epistemic coherence, often subjectively experienced as a “Eureka” moment. Thus,
the grammar of discovery is written not in syntax or semantics alone, but in the unfolding dance
of compression and surprise.

6.2 Compression, alignment, and epistemic acceleration

As t(t) improves—becomes more elegant, minimal, and generative—the alignment of g(t) to t(t)
accelerates. This alignment is not static belief update, but a recursive refinement of reality’s
structure within mind or machine. Compression here is not loss but transformation: the
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shedding of syntactic burden while preserving semantic load. In this light, “epistemic
acceleration” arises when multiple compressions lead to cumulative clarity, enabling faster,
more resonant leaps in understanding. Al accelerates this process by broadening the search
space of potential T(t) candidates, while humans often constrain it with symbolic priors and
aesthetic intuitions. Together, they navigate the logostic landscape: valleys of noise, ridges of
near-miss conjecture, and rare passes of revelatory simplicity.

6.3 Open problems and future directions: elegance as attractor

The future of logostic research raises several open problems. Can elegance be formally
quantified as a structural attractor within t(t) space? Is there a computable signature for “good
compression with gain,” where the model both simplifies and enriches the target domain? Can
AK(t]q)/At be measured empirically across human-Al collaboration, indicating moments of
shared discovery? Furthermore, might there exist universal priors—mathematical forms or
cognitive archetypes—that t(t) tends toward across domains? These questions gesture toward a
deep synthesis of aesthetics, cognition, and formal systems. In the end, logostics suggests that
the search for truth is also a search for elegance—not as superficial beauty, but as informational
alignment with the deepest generators of reality.

7. Conclusion
7.1 What compresses, aligns

At the heart of this paper lies a simple yet profound principle: compression is alignment. To
compress is not merely to reduce data but to reveal structure—to discover the latent grammar
that generates apparent complexity. A good compression implies that q(t), the observable
pattern, is not random but resonates with a deeper generative process t(t). This resonance is
alignment: the model and the world singing the same melody in different octaves. In this light,
compression becomes an epistemic virtue. It is the mark of insight that has succeeded in
grasping the structure beneath the surface, often bypassing exhaustive enumeration in favor of
principled economy.

7.2 What aligns, generates

Alignment is not the end but the beginning. Once t(t) is aligned with q(t), it gains generative
power: it can simulate, extrapolate, hypothesize, and even create. What aligns can now replace
observation with computation. A theory that once described data can now produce new data—
or better, new understanding. Thus, the act of alignment transforms t(t) into a generative
engine, compressing the past while projecting into the future. This shift from model-fitting to
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model-becoming is central to the logostic view: t(t) is not a passive summary of reality but a
dynamic font of new realities.

7.3 What generates, surprises

Finally, what generates, surprises. The hallmark of true generativity is the production of
novelty—not mere randomness, but structured surprise. When t(t) generates, it reveals
consequences not previously seen, insights not previously intuited. Surprise here is epistemic,
not emotional: it is a reduction in expected entropy, a drop in K(q|t) that indicates new
alignment has occurred. The generator, once aligned, becomes creative. It compresses with
gain. It reshapes the boundary between known and unknown. In this view, surprise is not a bug
but a feature of discovery—a sign that t(t) has extended our reach into the universe’s deep
structure. And so, we return full circle: from compression, to alignment, to generation, to
surprise—and back again, as the loop of insight tightens and accelerates across human and
machine alike.

Epilogue: The Axis of Elegance

Euler’s Identity,

eMin)+1=0,

is often called the most beautiful equation in mathematics. But perhaps its beauty is not an
ornament—it is a clue. This equation does not merely relate constants; it compresses entire
domains: exponential growth, rotation, unity, nothingness, and negation—into a single line. It is
a compression with gain.

In the logostic view, Euler’s Identity may be interpreted as a timeless attractor t: a structure
toward which cognition, computation, and cosmos converge when aligned. It is not just a
theorem within mathematics, but a generator of mathematical space—one whose symmetry,
minimality, and expressiveness suggest that some truths are not built up but revealed, as if the
universe itself were waiting for us to ask the right question.

What we glimpse in Euler’s Identity is a fixed point of understanding: the moment when symbol,
concept, and existence coalesce into a resonance. It is not just an identity—it is an interface
between domains that otherwise resist synthesis: algebra and geometry, time and frequency,
being and becoming.
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If T(t) represents the unfolding of generative truth, then perhaps Euler’s Identity is t(e): the
limit structure that remains invariant under transformation, iteration, and discovery. It is, in
essence, the eigenstructure of intelligibility.

That such an equation can exist—and that it can be discovered by minds like ours—invites us to
reframe mathematics not merely as a language, but as a sacrament of alignment.

We do not invent T.
We discover it by compressing g.
And in that compression, we glimpse the divine.
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Appendices
Appendix A. Notation and Core Definitions

This appendix collects the core mathematical objects and notational conventions used in the
paper, and expands on several points that were treated informally in the main text.

A.1 Notation

e qt)
The epistemic state of an agent (human, machine, or hybrid) at time t.
This may include:

o Observations or data streams,
o Intermediate models or hypotheses,
o Internal representations (neural, symbolic, vectorial).

o T(t)
A generative structure or “manifold of truth” toward which q(t) is converging.
In this paper, T(t) is treated as a program—a compressed description capable of
generating or explaining q(t) and forecasting q(t+At).

o K(x)
The (plain) Kolmogorov complexity of object x: the length (in bits) of the shortest
program that outputs x on a fixed universal Turing machine U and then halts.

o Klylx)
The conditional Kolmogorov complexity of y given x: the length of the shortest program
that outputs y when the universal machine U is given x as auxiliary input.

e K(t|a)
Conditional complexity of t given g. In logostic terms: the symbolic effort needed to “lift”
the current epistemic state q into a more generative structure t.

e AK(t|q)/At
A heuristic discovery rate: the rate of change of conditional complexity over time. A
negative value (decreasing K(t|q)) corresponds to epistemic progress—insight,
unification, simplification.

e T
A paradigmatic computable constant with low descriptive complexity but infinite
extension. Used as the canonical example of compressed infinity.
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e U
A fixed universal Turing machine used to define Kolmogorov complexity. Different U’s
vary only up to an additive constant in K, by the invariance theorem.

Appendix B. Computable Reals and 1t in Detail
B.1 Effective Approximation of Reals

A real number x € Ris called computable if there exists a total recursive function f: N = @ such
that:

vneN,| f(n)—xI< 2™

Equivalently, there exists a Turing machine that, on input n, halts with a rational approximation
rn satisfying the same inequality. This gives us:

e A constructive notion of real, suitable for computation and logostics.

e A way to treat reals as outputs of programs rather than as Platonic entities.
In the context of q(t) > t(t):

¢ g(t) may contain finite approximations to a computable real.

o T(t) is the program (or family of programs) that generates those approximations.
B.2 mt as a Multi-Form Generator

Ttis unusual not only because it is computable, but because it admits many short, distinct
programs for its generation. For example:

1. Geometric Definition
Tuis the ratio of circumference to diameter in Euclidean geometry. Numerically
approximated via inscribed polygons or Monte Carlo methods.

2. Infinite Series (Leibniz)

RGOk
= 42 2n+ 1
n=0
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3. Arctangent Formulas (Machin-like)

1 1
m = l6arctan (g) — 4arctan (ﬁ )

4. Digit-Extraction Formula (Bailey—Borwein—Plouffe, BBP)

[ee)

1 4 2 1 1
":; 16" Gn+1 8n+d Bnts5 Bt o

Each of these can be encoded in a relatively concise program. Thus:

e The bit-length of a shortest m-program (K(m)) is small.

e The bit-length of a finite prefix of n’s decimal expansion is large.

e The ratio K(rt)/|m,| tends to zero as more digits are considered.
This is the sense in which 1t is compressed infinity: a small Tt generating a vast g.
B.3 1t vs Algorithmically Random Reals
By contrast, a typical real number r (chosen “at random” w.r.t. Lebesgue measure) is:

e Algorithmically random: no program much shorter than its digit sequence can generate
it.

o Satisfies K(rn) = n for prefixes of length n.
This highlights a key epistemic distinction:
e Tis a candidate t(t): it is compressive and generative.

e Arandom real is epistemically sterile: it resists compression, hence resists being
understood as structure.

Appendix C. Kolmogorov Complexity and Its Relations
C.1 Invariance and Machine Dependence

Given two universal Turing machines U and U’, there exists a constant ¢ (depending on U and U’
but not on x) such that:

| Ky(x) — Kyr(x) IZ c.
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This invariance theorem ensures that although K(x) is defined relative to a machine, the
differences are bounded and do not affect asymptotic or conceptual reasoning in the paper.

C.2 Kolmogorov Complexity vs Shannon Entropy

Shannon entropy H(P) measures the expected code length of outcomes from a distribution P.
Kolmogorov complexity K(x) measures the actual code length of a single object x.

The correspondence:
e For a typical string x drawn from P, K(x) = —log P(x).
e For structured x, K(x) < —log P(x): one can compress beyond what random draws suggest.
Logostically:
e Entropy: what we expect to see if we don’t know T.
¢ Kolmogorov: what we can achieve once we infer T.
In other words, entropy is about surprise; Kolmogorov is about explanation.
C.3 Conditional Complexity and Relative Insight

In the paper, we emphasize conditional complexity:

K(zlq)

This encodes how much extra information is needed to specify T when q is already available. In
terms of discovery:

e High K(t|q): Tis far out of reach from the current understanding.
e Low K(t|q): Tis nearly implicit in g; only a short “insight step” is needed.

Formalizing insight as a decrease in K(t|q) gives a way to talk about epistemic “distance” in a
more intrinsic way than metric divergence alone.

Appendix D. The Discovery Equation and Its Variants
D.1 Original Form (from The Discovery Equation, Youvan 2025)

In the earlier work, discovery was formulated using information-theoretic and variational
guantities, often involving:
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e Surprise,
e Expected KL divergence between q(t) and t(t),
e Energetic or free-energy analogues.

The basic intuition: discovery corresponds to reductions in epistemic uncertainty and
improvements in model fit.

D.2 Logostic Recasting via AK(t|q)/At
In this paper, we propose a complementary formulation:

AK(T | q)
At

Qualitatively:
e Negative values (decreasing K(t|q)) correspond to discovery, insight, unification.

e Near-zero values correspond to “local” adjustments that don’t change the underlying
generative structure.

e Positive values correspond to noise, confusion, or the introduction of arbitrary
complexity.

Interpreted as a vector field over (g, t)-space, we could imagine:

o Trajectories where g(t) “climbs” toward simpler t(t).

e Fixed points where tis locally minimal in K(t|q).

e Saddles, where multiple T candidates have similar complexity conditional on g.
D.3 Hybrid Form with Divergence

To bridge probabilistic and algorithmic views, we can define a hybrid discovery functional:

D(q,7) = 11Dk (q Il T) + 2K (7 | @).

Interpretation:
e A term: penalizes poor probabilistic fit.
e A, term: penalizes unnecessary generative complexity.

e Minimizing D encourages T to be both empirically accurate and algorithmically elegant.
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Potentially, Al training objectives or scientific model-selection heuristics could be designed to
approximate gradients of D, moving jointly toward better fit and deeper compression.

Appendix E. Compression With Gain in Practice
E.1 A Toy Example: Fitting a Polynomial vs Discovering a Law
Suppose q(t) consists of data points from a simple quadratic:

y=3x%+2x+1.

One approach:
e Fit a 10th-degree polynomial with many parameters.
e Achieve near-perfect fit.

e However, the description length (coefficients, precision, etc.) is high: T is complex; K(t|q)
is large.

Another approach:
e Infer the exact quadratic: “3x? + 2x + 1”.
e Single closed-form expression, minimal number of parameters.
e K(t|q) is significantly lower; T generalizes concisely.

Compression with gain: the quadratic not only fits the observed data but predicts beyond it, and
does so with less descriptive overhead.

E.2 t as a Generator of Cross-Domain Structure
Compressing the idea of mt yields bonus structure:
e Geometry - m appears in circle measures.
e Analysis = min Fourier series, integrals of sin and cos.
e Probability - min Gaussian densities.
e Number theory - 1 in zeta-function identities.

The gain is not just in “storing 1t cheaply” but in accessing a network of connections through a
single symbol. K(t|qg) drops sharply when tincludes 1 as an organizing constant.
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E.3 Approximate K in Real Systems
Exact K is uncomputable, but in practice we use:
e Minimum Description Length (MDL),
e Compression algorithms (LZ, arithmetic coding),

e Model selection criteria (AIC, BIC) as proxies.

e Smaller, better-generalizing models are empirically lower in effective complexity.
e Regularization and sparsity constraints push networks toward implicit compression.
o Distillation (large = small model) is literally g(t) = t(t) in model space.

The underlying logostic philosophy is that these approaches are all groping toward minimal t
under various constraints.

Appendix F. Al and t(t): Technical Sketches
F.1 Training as t Estimation
Let D be a large dataset, approximating q(t) over a long window.
Training a model M with parameters 6 can be viewed as:
e Searching over 0 for a T_0 that minimizes:
o Loss(D, t_8) (fit),
o plus some penalty reflecting model complexity.
In practice:

méi’n [L(D; 8) + A - Complexity(8)].

Interpreted logostically:
e T(t) = t_B: the learned generative machine.
e Complexity(0) is a concrete surrogate for K(t|q).

e Training ideally moves us down a landscape approximating K(t|q).
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F.2 Generation as q(t+At)
Once t(t) is learned, generation uses T to produce new q:
e Sampling text from an LLM,
e Generating images from a diffusion model,
e Simulating physics from a learned PDE model.
These processes enact:

q(t + At) = Gen(z(t)).

Then the generated q can feed back:
e Humans evaluate, correct, or extend qg.
e Further training or fine-tuning adjusts Tt.
e Theloop q = t - q gets tighter and more powerful.
F.3 Human—Al Co-discovery
We can imagine joint trajectories:
e Qn(t): human epistemic state,
e (a(t): Al epistemic state,
e T(t): shared, emergent generator.
Discovery then is:

AK U
(T 1grYqq) <o,
At

meaning: together, human and Al reduce the conditional complexity of T more efficiently than
either alone.

This is the technical skeleton of the “shared insight” idea in the main text.
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Appendix G. Measuring Elegance and Alignment
G.1 Elegance as Compression + Reach
We can define elegance heuristically as a combination of:
1. Compactness: low complexity of T itself,
2. Reach: many phenomena q covered or generated.
A toy functional:

| Domaing |

Elegance(7) = K@)

where |Domain_t| measures the breadth or diversity of q that t can account for. High elegance:

a small T explaining a large domain.
G.2 AK(t|q)/At in Experimental Settings
Possible measurement strategies:
e Track model size vs. explanatory power over time during training.
e Track number of distinct tasks solved vs. representational complexity.

o Identify points where a small architectural change yields large performance gains—
candidate “insight events”.

In human—Al interaction:

e Look for moments when a short explanation or prompt suddenly unlocks large
behavioral change or understanding.

e These correspond to localized drops in effective K(t|q).

Appendix H. Conceptual Summary

This appendix has tried to make the informal claims of the paper technically recognizable:
1. Computable reals and it show that infinite structure can emerge from short programs.
2. Kolmogorov complexity gives an intrinsic language for “shortest sufficient causes”.
3. K(t|q) captures the cost of climbing from raw experience to generative insight.

4. AK(t|q)/At reframes discovery as a dynamic in complexity space.
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5. Al systems instantiate t(t) computationally, compressing q(t) into generative models.

6. Human—Al co-discovery can be seen as jointly minimizing K(t|q) under different
constraints and priors.

7. Elegance is not decoration; it is the empirical signature of good t: minimal, powerful, and
fertile.

The main text leaves theological or metaphysical extrapolations implicit. This appendix leaves
them formally unnamed. What remains, hopefully, is a precise and generative grammar:

To discover is to compress with gain.
To compress with gain is to move closer to t(t).

And that may be as close as we need to get.
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