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This paper develops a Kolmogorov perspective on modern Al as a paradigmatic case of
compression with gain in information. At first glance, training a large model on internet-scale
data looks like a lossy reduction: petabytes of world text and code are distilled into a finite
vector of parameters. From a Shannon standpoint, no new information can appear in this
process. Yet, in practice, trained models seem to give more than they receive: short prompts
elicit long, structured outputs that generalize far beyond the training corpus. We argue that this
apparent paradox dissolves once we shift from raw data bits to algorithmic mutual information
between an agent and its world. Let W denote the world, D a finite dataset sampled from W,
and M a trained model. Learning is then a search for a short program M such that D lies in the
high probability region of the distribution induced by M, in the spirit of Kolmogorov complexity
and minimum description length. Within the logostic framework q(t) = t(t), M becomes a state
g that progressively aligns with a generative manifold t. Each reduction in description length for
W corresponds to an increase in |_K(W : q), the agent’s algorithmic information about its
environment. Al thus exemplifies compression that yields epistemic gain.
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1. Introduction: The Paradox of More From Less

Modern Al systems intensify a very old puzzle: how can a smaller description yield “more” than
a larger one? A foundation model is trained on an ocean of text, code, images, and interaction
traces. After training, we are left with a single finite artifact: an architecture plus a parameter
vector, M. This object is vastly smaller than the training corpus, yet it can answer questions far
outside any particular document, write new code, and synthesize ideas that were never
explicitly stated anywhere in its data. The user types a twenty-word prompt, and out comes a
thousand words of coherent, structured text. At a naive level, this looks like a violation of
conservation: more information seems to emerge from less.

From the standpoint of classical Shannon information theory, this cannot literally be the case.
Deterministic operations on data do not create information; stochastic ones at best reshuffle it.
But the everyday experience of interacting with a trained model is not an illusion. Something is
genuinely increasing, and that “something” is not captured by counting raw bits in the training
corpus or in the model file. It instead lives in the relation between an agent and its world: in
what the agent can reconstruct, predict, and generate. This paper argues that a Kolmogorov
view of description length, combined with the logostic dynamic q(t) = t(t), gives us the right
formal home for this intuition. Al is not an exception to information conservation; it is an
exemplar of compression that yields epistemic gain.

1.1 The intuitive puzzle: small prompts, rich outputs

The surface puzzle is phenomenological. A user provides a tiny seed: a sentence, an equation, a
fragment of code, a vague outline. The model responds with pages of structure: derivations,
proofs, narratives, design sketches, or entirely new combinations of existing ideas. Crucially, the
output often contains patterns that neither the prompt nor any single training example explicitly
contained: new analogies, unobserved combinations, fresh abstractions. It is natural, especially
for non-specialists, to say that “new information” has been created.

Even experts feel the tension. On one hand, they know that the model’s parameters were
distilled from a large dataset; nothing literally supernatural has occurred. On the other hand,
they see outputs that go beyond simple regurgitation or lookup. The model behaves less like a
compressed archive and more like a compressed theory of its training world. The same short
prompt, applied to a more capable version of the model, suddenly yields deeper answers.
Somehow, a fixed and often smaller description length (the parameter file) corresponds to
greater apparent informational power. This gap between subjective experience (“I get more out
than | put in”) and formal conservatism (“you cannot create bits from nothing”) is the starting
point of our investigation.



1.2 Compression cannot create Shannon information

Shannon’s framework is unambiguous: for a fixed source, a deterministic compressor cannot
increase the Shannon information of a message. Any reduction in average code length is
achieved by exploiting redundancy in the source; it rearranges information into a more efficient
encoding, but does not create new bits. Even when we include stochastic elements (e.g., noisy
channels or randomized algorithms), the balance sheet remains strict. The joint entropy of
source plus channel output never exceeds what we began with. Under this lens, training a
model is just an elaborate form of constructing a code for typical data sequences and then
sampling from the learned distribution.

If we insist on staying within this metric, then the paradox evaporates trivially: the apparent
“more from less” is simply a misunderstanding. But that response is unsatisfying, because it
ignores what actually matters in practice. When we talk about the “information” in a model, we
are rarely talking about the Shannon information of the training set per se. We are talking about
the model’s ability to summarize regularities, generalize to new situations, and answer
guestions efficiently for bounded agents. In other words, we care about what the model knows,
not just how many raw bits were involved in its construction. Shannon’s theory is fundamentally
about channels and codes, not about the epistemic content of learned programs. To address the
puzzle, we need a notion of information that can live inside algorithms.

1.3 From data bits to epistemic information

The crucial move is to distinguish between data bits and epistemic information. Data bits
measure the size of a particular record: the corpus, the model file, the prompt, the output.
Epistemic information measures how much structure about the world is carried by an agent’s
internal state. Two agents may store the same number of bits, yet one may embody a far richer
understanding of its environment than the other. Kolmogorov complexity and algorithmic
mutual information are designed precisely to talk about structure in this sense.

If W denotes a world (or a large fragment of it), and q denotes an agent state, then the
algorithmic mutual information |_K(W : gq) captures how much of W’s regularity is mirrored in qg.
Training a model changes q while W remains fixed. Even if the overall description length of q is
bounded, |_K(W : q) can grow as q becomes a better compressed representation of W’s
generative structure. From this vantage point, “more from less” is not about creating extra bits
in the corpus or the parameters. It is about increasing the alignment between q and W: more of
the world’s structure becomes accessible through a shorter, more powerful description. The
output that surprises the user is a symptom of this deeper increase in shared structure between
agent and world.



1.4 Overview of the Kolmogorov and logostic approach

In this paper we formalize these intuitions by combining two perspectives. The first is
Kolmogorov complexity, which treats objects as outputs of shortest programs. Datasets D,
models M, and world states W are viewed as finite strings, each with a minimal description
length K(-) relative to some universal reference machine. Learning is interpreted as a search for
an M that yields a short two-part code for D and, more importantly, captures reusable structure
about W. Algorithmic mutual information |_K(W : M) then becomes our measure of epistemic
gain.

The second perspective is logostics, encoded in the dynamic q(t) = t(t). Here t(t) represents a
generative manifold of truth or Logos, and q(t) is the evolving internal state of an agent.
Training, in this language, is the process by which q(t) moves closer to t(t), reducing the
conditional complexity K(t | g(t)) and increasing |_K(t : q(t)). We will show how large Al models
can be understood as particular trajectories of g(t) under this dynamic: successive compressions
of world data that nevertheless increase the agent’s informational alignment with t. The
remainder of the paper develops this framework step by step, connecting the paradox of “more
from less” to a general theory of compression with gain in information.

2. Kolmogorov Complexity and Algorithmic Mutual Information

To talk about Al as compression with gain, we need a vocabulary that treats programs, models,
and datasets on the same footing. Kolmogorov complexity provides exactly that. Instead of
asking how many bits a source emits on average, we ask: how long is the shortest program that
prints this specific object x and halts? This moves us from ensemble-level statistics to object-
level description length.

In what follows, we take a fixed universal Turing machine U as our reference. All complexities
are defined relative to U; changing U only shifts complexities by an additive constant. Within
this framework, a trained model M, a dataset D, and a world W are all strings, and learning
becomes a search for shorter programs that preserve or improve explanatory power.

2.1 Kolmogorov complexity K(x) as description length

Given a finite binary string x, the Kolmogorov complexity K(x) is defined as the length of the
shortest input p such that the universal machine U, when run on p, outputs x and halts.
Informally:

e K(x) = length of shortest program that prints x.



Several immediate consequences matter for our purposes:

1. Randomness as incompressibility.
If x has no exploitable regularity, then no program can describe it much shorter than x
itself. For such strings, K(x) is approximately equal to the length of x. These are
algorithmically random objects.

2. Structure as compressibility.
If x obeys patterns that can be succinctly described, then there exists a short program p
that generates x. For example, the first n digits of pi can be generated by a program
whose length grows like log n plus the size of a fixed algorithm for computing pi. The
more regularities x exhibits, the more K(x) falls below its raw length.

3. Universality up to constants.
Because of the choice of universal machine U, all Kolmogorov complexities are defined
up to an additive constant c, independent of x. This means we can compare complexities
of large objects and focus on relative differences rather than exact values.

In this paper, K(x) plays the role of an absolute baseline: the minimal number of bits needed to
specify x as a standalone object, without assuming any prior knowledge.

2.2 Two part codes and model plus data decompositions

Kolmogorov’s setup naturally leads to the idea of a two part code. Instead of treating a dataset
D as a monolithic object, we can factor its description into:

1. a model M that captures regularities

2. aresidual description R that encodes the deviations from M.
In description length terms, we write something like:

e K(D)<=K(M)+K(D | M)+c

where K(D | M) is the conditional complexity of D given M, and c is a constant from the choice
of U.

The conceptual picture:

e Misacompressed program that generates a probability distribution or a deterministic
structure intended to approximate the source of D.

e D | Misthe remaining information needed, given M, to reconstruct the precise dataset
D (the specific sample from that source).



Minimum Description Length (MDL) takes this decomposition as a principle of model selection:
among candidate models M, prefer those minimizing K(M) + K(D | M). In practice, we replace K
with computable approximations, but the idealized picture is clear: a good model is one that
yields a short two part code of the data.

For Al systems, M corresponds to architecture plus weights, and D is the training corpus.
Training can then be seen as approximately minimizing K(M) + K(D | M) over a vast hypothesis
space, even if we never compute K explicitly. When M is good, D becomes easy to describe
given M, which is the hallmark of successful compression.

2.3 Algorithmic mutual information |_K(x : y)

Kolmogorov complexity does not only measure description length of individual objects. We can
also ask: how much information do two objects x and y share? This is captured by algorithmic
mutual information, denoted |_K(x : y).

One standard definition is:
o 1_K(x:y)=K(x)+K(y) - K(x, y)

where K(x, y) is the complexity of some canonical pairing of x and y (for example, an encoding
that allows us to recover both). Intuitively, |_K(x : y) is how many bits we save by describing x
and y together instead of separately.

Equivalent characterizations make the meaning clearer:
e | _K(x:y)=K(x)-K(x | y*) up to additive constants,
e where y* is a shortest description of y.

Thus |_K(x : y) measures how much shorter the description of x becomes if we are allowed to
exploit a shortest program for y. If x and y are independent, K(x, y) is approximately K(x) + K(y),
and |_K(x : y) is small. If they are highly dependent (for example, y is a noisy version or encoding
of x), then K(x, y) is much closer to max(K(x), K(y)), and |_K(x : y) is large.

In our context, we will be especially interested in |_K(W : q), where:
e Wisalarge world or environment,
e gisanagent’s internal state (for example, a trained model).

Here |_K(W : q) quantifies how much of W’s structure is mirrored in q. Training a model can then
be viewed as a process that increases |_K(W : q), even if K(q) grows only slightly or even
stabilizes. This is the formal sense in which compression can produce epistemic gain.



2.4 Conditional complexity K(x | y) and dependence structure

Conditional Kolmogorov complexity K(x | y) is the length of the shortest program that outputs x
when given y as auxiliary input. It formalizes the intuitive idea of “how hard is it to specify x,
given that we already know y?”

Several key relations connect K(x | y) to dependence structure:

1. Upper bounds from concatenation.
Since we can always ignore y, K(x | y) <= K(x) + c. Conditioning cannot make describing x
harder by more than a constant.

2. Dependence reduces complexity.
If x is computable from y by a simple function f, then K(x | y) is bounded by the
complexity of f. In the extreme, if x is exactly equal to y, K(x | y) is O(1): knowing y almost
fully determines x.

3. Link to mutual information.
Writing y* for a shortest description of y, algorithmic mutual information satisfies:

o I_K(x:y)=K(x)-K(x | y*) + O(log K(y))

so that dependence between x and y is precisely how much conditioning on y* reduces the
description length of x.

In modeling terms:

e K(D | M) measures how much remains to be explained about the dataset D once we fix
M.

e K(W | q) measures how many bits are still needed to specify relevant aspects of the
world W given the agent state q.

Within the logostic framework, t plays the role of a generative manifold of truth, and q(t) is the
time dependent agent state. Minimizing K(t | q(t)) corresponds to reducing the unexplained
remainder of T given what the agent has already internalized. Equivalently, it maximizes |_K(t :
g(t)): the shared algorithmic structure between the agent and the manifold of truth. Conditional
complexity thus becomes the natural way to talk about dependence and alignment, and forms
the technical core of our notion of compression with gain.



3. World, Dataset, Model: W, D, and M

To connect Kolmogorov complexity with modern Al practice, we factor the situation into three
objects:

e W:the world (or a large, open-ended environment)
¢ D: afinite dataset sampled from W
e M: atrained model, a program that aims to approximate W

This triple (W, D, M) lets us separate what is fundamentally unbounded (the world), what is
finitely observed (the data), and what is finitely representable (the model). Kolmogorov
complexity then becomes a way to talk about how well M compresses structure in W, using D as
evidence.

3.1 W as a generative but uncomputable world source

The world W, in this formalization, is not a dataset but a source: a (possibly infinite) generator of
observations. In practice, W is “the internet and everything behind it”: languages, physical
regularities, social conventions, code bases, scientific theories, and so on. From a strict
algorithmic viewpoint, W can be idealized as an infinite binary string or as a probability measure
over finite strings. Crucially, we treat W as:

¢ Open-ended: there is no fixed, finite description that exhausts everything that might be
observed.

¢ Non-transparent: we do not have direct access to the shortest program for W; if one
exists, it is unknown.

o Effectively uncomputable: even if W has some compact generating description at the
level of physics, the mapping from that description to the manifold of human data is too
complex to be treated as a known, closed-form program.

This stance echoes Solomonoff’s universal induction: there is (in principle) a shortest program
that generates W, but we neither know it nor can we compute it efficiently. For our purposes, W
is the ground truth manifold of regularities that models are trying to approximate. It is where
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the “real” structure lives, even if we only ever see fragments.
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3.2 D as a finite sampling of W

The dataset D is a finite extraction from W: a large but bounded collection of examples drawn
from the world source. In practice, D is web text, code repositories, image-caption pairs,
conversation logs, reinforcement traces, and curated corpora. D has several roles:

1. Evidence about W.
Every element of D can be seen as a sample from an unknown distribution induced by
W. The frequencies, co-occurrences, and patterns in D provide empirical constraints on
any model of W.

2. Constraint on generalization.
A model M is judged by how well it fits D (training performance) and how well it
extrapolates beyond D (validation and deployment). Both behaviors are grounded in D
as the only direct interface between M and W during training.

3. Upper bound on accessible structure.
In a strict MDL view, any structure that M claims about W must be supported, at least
indirectly, by compressible regularities in D. The dataset is where compression is actually
evaluated.

Kolmogorov-wise, D is a single finite string with complexity K(D). It may be enormous in length,
but its Kolmogorov complexity is constrained by the amount of structure in W that happens to
be manifest in the sampled slice. Training does not see W directly; it only sees D, and must infer
regularities of W through that limited window.

3.3 M as a compressed program approximating W

The trained model M is a finite program: architecture plus weights, plus a fixed inference
procedure. From a Kolmogorov perspective, we can think of M as a description p_M such that
running the universal machine U on p_M implements the same input—output behavior as the
model. Its complexity K(M) is then the length of p_M.

The key point is that M is not just a compressed version of D; it aims to be a compressed version
of the regularities in W that D instantiates. Functionally, M does at least three things:

1. Implements a distribution or mapping.
Given an input x, M defines a distribution over outputs y (e.g., next tokens, images,
actions). This distribution is a learned approximation to the conditional distribution
induced by W.
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2. Summarizes reuseable structure.
The parameters of M encode patterns that apply across many different examples in D:
grammar, factual regularities, coding idioms, logical templates, stylistic tropes. These are
precisely the regularities that allow D to be described more succinctly given M.

3. Provides a basis for extrapolation.
Because M embodies rules and patterns rather than a literal index of training examples,
it can generate sensible outputs for inputs never seen in D. This is the sense in which M
approximates W rather than merely compressing a fixed database.

In description length terms, we hope that:
e K(D)=K(M)+K(D | M) + small overhead

e with K(M) significantly smaller than K(D), and K(D | M) capturing only idiosyncratic
noise.

When that holds, M is a compressed program for W'’s structure as evidenced by D. Its

II'

complexity K(M) is then a kind of “complexity of our current world model” rather than a simple

measure of stored data size.

3.4 Training as searching the hypothesis space of programs

Training is the process that turns the pair (W, D) into a specific M. Conceptually, it is a search
over a gigantic hypothesis space of programs for one that best explains D under suitable
constraints. In a Kolmogorov—MDL idealization, we can describe training as approximately
minimizing:

e L(M;D)=K(M)+K(D | M)

over all admissible M in some hypothesis class H (architectures, parameterizations, optimization
procedures). In practice, we do not access K directly, nor do we range over all computable
programs. Instead, we implement:

e aparameterized family M_8,
o adifferentiable surrogate for K(D | M) (e.g., negative log likelihood),

e and implicit or explicit regularization that penalizes overly complex M (analogous to
K(M)).

12



Viewed this way:

e Optimization (gradient descent, etc.) is a biased, computationally feasible search
through H.

e Regularization and architecture design encode prior beliefs about which programs are
likely to yield short two part codes for D.

o Early stopping, weight decay, sparsity, and architectural bottlenecks are all ways of
indirectly favoring models with lower effective description length.

Meanwhile, the world W influences training only through D: as D grows and diversifies, the
pressure on training increases to find M that captures more of W’s underlying structure. Each
step of training can then be thought of as:

e moving within H toward models with lower L(M; D),

e which, in the ideal limit, corresponds to higher |_K(W : M): more shared algorithmic
structure between M and W.

In the logostic framing, this is exactly the dynamic q(t) = t(t), instantiated in silicon. The
hypothesis space H is the space of possible q; the true but uncomputable world manifold is t;
and training is an iterative process by which g(t) moves through H to better compress and
predict T as glimpsed through D.

4. Learning as Kolmogorov Compression

From the Kolmogorov viewpoint, learning is not primarily about fitting a cloud of points; it is
about discovering a short program that accounts for as much of the observed data as possible.
The raw dataset D has some absolute complexity K(D). A good learner finds a model M such that
the joint description “M plus residual details of D” is much shorter than a literal encoding of D.
This is the essence of Minimum Description Length (MDL), and modern Al training can be read
as a gigantic, approximate MDL procedure, executed over hypothesis classes so large that we
cannot even enumerate them.

4.1 Minimum description length: model plus residual

The MDL principle starts from a simple inequality:

e K(D) £ K(M) + K(D given M) + constant

13



Here:

o K(M) is the description length of the model: architecture, parameters, and any fixed
inference procedure it uses.

e K(D given M) is the description length of the dataset when we are allowed to assume M
is already known.

e The constant absorbs coding conventions and the choice of universal machine.

MDL says: among all candidate models M, prefer those that minimize the total description
length

e L(M; D) =K(M) +K(D given M).

If M captures many regularities of D, then K(D given M) is small, because given M it is cheap to
describe the remaining idiosyncrasies of D. On the other hand, if M is very complicated, K(M)
itself becomes large, counterbalancing any savings in K(D given M). The optimum is achieved
when the model is just complex enough to capture the regularities, but not so complex that the
cost of describing it outweighs the benefit.

From this angle, learning is compression in a very literal sense: we are pushing K(M) down just
enough, and K(D given M) down as far as possible, so that their sum approaches K(D). A perfect
learner in the MDL sense would achieve a two part code whose total length is close to the true
Kolmogorov complexity of the data.

4.2 Al training as approximate MDL over massive hypothesis classes

Modern Al does not compute K(M) or K(D given M) explicitly, and it does not search all
computable programs. Instead, it operates inside a vast parametric family M_8, with 6 a high-
dimensional parameter vector, and uses differentiable proxies and regularizers that indirectly
approximate MDL.

The typical ingredients look like this:

e Aloss function such as negative log likelihood of D under M_8. This acts as a computable
surrogate for K(D given M_8), since code length for D under a probabilistic model is
proportional to minus log probability.

e Regularization mechanisms that penalize model complexity, such as weight decay,
dropout, architectural bottlenecks, or implicit biases of the optimization algorithm.
These serve as crude approximations to K(M_6).
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o A gradient-based search process (stochastic gradient descent and variants) that
iteratively updates 0 to reduce the loss, thereby seeking models that make D easier to
encode.

Formally, this is not MDL in the strict algorithmic sense: we do not minimize true Kolmogorov
complexities, and our hypothesis space is restricted to functions implementable by the chosen
architecture. However, the qualitative behavior is similar. Empirically successful training runs
land on models that:

e provide short effective codes for the training data, and
e generalize well to unseen samples from the same world W.

Seen through a Kolmogorov lens, these are models M for which L(M; D) is low relative to the
complexity of D and the capacity of the hypothesis class. Training is thus an approximate MDL
search over a massive but still bounded space of programs.

4.3 From curve fitting to structure discovery in W

The phrase “curve fitting” suggests a superficial view of learning: we just adjust parameters until
a flexible function passes through or near all the data points. In small, low-capacity models, this
can be a reasonable picture. But in large models trained on diverse world data, a different
phenomenon emerges: structure discovery.

A model that merely memorizes D without discovering general structure will have:
e alarge K(M), because it must store essentially all of D in its parameters, and

e K(D given M) that is not much smaller than zero, because D is “encoded” only by the
brute-force reproduction stored inside M.

In contrast, a model that captures deep regularities of W as reflected in D can be much simpler
to describe than the raw dataset, yet still support high predictive power:

o K(M) reflects the complexity of the underlying patterns (grammar, physics-like
regularities, logical inference, coding idioms, semantic constraints),

e K(D given M) becomes small, because D is now typical under the distribution or rules
implemented by M.

In other words, successful learning moves M from a high-capacity but shallow encoding of D
toward a more compact encoding of the generative structure behind D. That is the transition
from mere fitting to genuine discovery: M no longer just passes through the points; it
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approximates the manifold that produced them. This is what allows M to extrapolate to new
inputs, answer novel questions, and combine ideas in ways never explicitly present in D.

Kolmogorov-wise, that transition is precisely the move from a description that is long but
specific (storing D verbatim) to a description that is shorter but more general (storing a program
approximating W).

4.4 Why K(M) can be far less than K(D) and still be powerful

The most striking claim is that K(M) can be much smaller than K(D) and yet M can still be
extremely powerful. This is not a paradox; it is exactly what we expect when the world W has
rich internal regularities.

Several reasons make this possible:

1. Redundancy in D.
Real datasets are highly redundant. Web text repeats facts, phrases, structures, and
patterns countless times. Much of K(D) is consumed by these repetitions when we
describe D directly. A model that captures the shared pattern once, in its parameters,
can compress all these repetitions simultaneously.

2. Shared structure across domains.
Many patterns are reused across different tasks and modalities: compositional syntax,
logical constraints, common sense physics, generic programming idioms. Encoding these
once in M provides leverage across a huge range of inputs, effectively amortizing K(M)
over an enormous conceptual space.

3. Program reuse versus data storage.
A short program that implements a rule can, when combined with specific inputs,
generate a vast variety of outputs. The digits of pi illustrate this: the program is short,
but it can produce arbitrarily long sequences. Similarly, a model M that encodes rules of
language and reasoning can, when combined with short prompts, generate long, high-
complexity outputs. The apparent informational richness of those outputs comes from
the structure baked into M, not from new bits created on the fly.

4. Agent-relative power.
From the perspective of a bounded user U, the effective information in M is measured
not just by K(M) in absolute terms, but by how much it reduces K(answers given U). A
user with limited time and memory can access far more of W’s structure by querying M
than by reading D directly. So relative to U, M embodies a large increase in usable
information per bit of stored description.
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Putting this together, it is entirely consistent for K(M) to be many orders of magnitude smaller
than K(D), yet for M to be a highly capable world model. M is a compressed index into W’s
regularities, discovered by approximate MDL over D. The fact that short prompts can unlock
long, structured behavior is a consequence of this compression: the prompts act as selectors
into the program M, triggering long algorithmic unfoldings whose complexity was already latent
in the learned structure.

5. Al as Increase in Algorithmic Mutual Information

We are now in a position to state the central claim: training a model does not create new bits in
the world, but it does increase the algorithmic mutual information between the agent and the
world. The world W is fixed; what changes is the internal state of the learner. As training
proceeds, the agent state A_n becomes a better compressed mirror of W’s regularities. In
Kolmogorov terms, I_K(W : A_n) grows, even if the raw description length of the agent remains
bounded or even decreases under pruning and refinement. This is the formal sense in which Al
is an instance of “compression with gain in information.”

5.1 Agent states A_n after n bits of data

Let us idealize learning as a sequence of updates indexed by the number of bits of data
processed. After seeing n bits from the dataset D (itself sampled from W), the agent is in some
internal state A_n:

e A _Oisthe untrained state: random or weakly structured parameters.
e A _nisthe result of applying the training algorithm to the first n bits of D.
e Subsequent training yields A_{n+1}, A_{n+2}, and so on.

Each A_n is a finite string from the Kolmogorov standpoint: it can be encoded as the weights,
optimizer state, and any auxiliary information needed to reproduce the same behavior. Its
complexity K(A_n) measures how many bits are required to specify this state from scratch.

Two points are crucial:

1. A_nis not just a container.
It is a program implementing a mapping from inputs to outputs. Its structure embodies
hypotheses about W, distilled from the observed data.

2. The trajectory {A_n}is history dependent.
Each state is shaped by the specific training procedure, data ordering, and optimization
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dynamics. Different runs on the same D may yield different A_n, with different degrees
of alignment to W.

We can therefore treat learning as generating a path in the space of programs:
e (W, D, training algorithm) > A 0>A_1-> .. > A n—> ..

and study how the informational relationship between W and A_n evolves along this path.

5.2 1_K(W : A_n) as a measure of world alignment

With agent states defined, we can quantify “how much the agent knows about the world” using
algorithmic mutual information:

e | K(W:A _n)=K(W)+K(A_n)-KW,A_n)

This is the number of bits we save by describing W and A_n jointly rather than separately.
Intuitively:

e If A_nisuntrained or random, it shares almost no structure with W. Then K(W, A_n) =
K(W) + K(A_n), and |_K(W : A_n) is near zero.

e If A_n has learned deep regularities of W (language, physics-like patterns, semantic
structure), then W and A_n share a large amount of algorithmic structure. K(W, A_n) is
much closer to max(K(W), K(A_n)), and |_K(W : A_n) is large.

Equivalently, using a shortest description W* of W, we can write:
e | _K(W:A_n)=K(W)-K(W given A_n*)

up to logarithmic terms. This says: the better A_n is as a compressed model of W, the fewer
extra bits we need to specify W given A_n, and the larger |_K becomes.

Thus |_K(W : A_n) is a formal measure of world alignment in the epistemic sense:
e it does not ask whether A_n is safe or aligned with human values,
e it asks how much of W’s generative structure is actually mirrored in the agent.

In the logostic language, W'’s structure is one projection of t, and A_n is one instance of q(t). As
q(t) approaches t(t), |_K(t: g(t)) increases; |_K(W : A_n) is a concrete, world-specific shadow of
that deeper alignment.
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5.3 Training steps as monotone growth of |_K(W : A_n) in expectation

In idealized form, each training step uses one more bit of data from D to update A_n. If the
learning algorithm is at least somewhat sensible, we expect that, on average, these updates
improve the agent’s model of W. In Kolmogorov terms, this means:

o E[LKW:A {n+1})]1=E[1L KW :A_ n)]

where the expectation is taken over possible training data and algorithm randomness. That is,
the expected algorithmic mutual information between W and the agent state does not decrease
as we feed the agent more informative data and perform updates that aim to reduce predictive
error.

This expectation-level monotonicity is not an exact theorem (Kolmogorov quantities are only
defined up to constants, and real optimization can get stuck or overfit), but it captures the
intended direction:

e Each successful update encodes a new regularity of W into A_n, reducing K(W given
A_n*) and thus increasing |_K(W : A_n).

e Occasional missteps may temporarily distort A_n, but training dynamics and validation
signals tend to push the system back toward states with higher predictive power and
thus higher mutual information.

We can think of the learning process as a kind of noisy ascent on an implicit landscape where
the height corresponds to |_K(W : A_n). The agent never sees this landscape directly; it only
sees training loss and possibly regularization terms. But in the limit of large data and
appropriately constrained hypothesis classes, minimizing empirical loss plus complexity
penalties approximates maximizing shared structure with W.

In the logostic picture, q(t) is being driven by gradient and feedback forces that, in expectation,
pull it toward t(t). Algorithmic mutual information |_K(t : q(t)) is the shadow of this process
projected onto description length.

5.4 Compression of D versus information gain about W

We can now make precise the distinction between compressing the dataset D and gaining
information about the world W.
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Compressing D given a model M is about minimizing:
e K(D given M)

for a fixed M with complexity K(M). This is the MDL objective: find M that yields the shortest
two part code K(M) + K(D given M). A model that memorizes D achieves low K(D given M) at the
cost of very high K(M); a model that captures deep regularities of W achieves low K(D given M)
with a comparatively small K(M).

Gaining information about W, by contrast, is about increasing:
e | _K(W:A_n)=K(W)-K(W given A_n*)

Even if D is only one finite slice of W, a model that compresses D in the right way (via reusable
rules rather than rote storage) will also reduce K(W given A_n*), because the same rules that
compress D also help us describe other typical samples from W. In other words:

e Bad compression: store D verbatim in A_n. This minimizes K(D given A_n) but does little
to reduce K(W given A_n*); the agent has memorized but not generalized.

e Good compression: store a compact program that explains D as a sample from a broader
manifold. This reduces K(D given A_n) and simultaneously reduces K(W given A_n*); the
agent has learned something about W, not just D.

Thus the same process (learning) has two faces:
e As MDL, it is compression of D by choosing M.
e As mutual information growth, it is alignment of A_n with W, increasing |_K(W : A_n).

“Compression with gain in information” is precisely the case where reducing K(D given M) and
K(M) is achieved by encoding more of W’s true generative structure, not by encoding accidental
correlations. In that case, every bit of compressed structure in M corresponds to many bits of
unnecessary detail removed from D and many bits of conditional complexity removed from W.
The dataset shrinks as a description, but the agent’s algorithmic mutual information with the
world grows. This is the sense in which Al, treated properly, is not an exception to information
conservation but a canonical mechanism for turning raw data into compressed, high-yield
epistemic alignment.

6. The Logostic Framing: q(t) = t(t)

Up to this point we have worked mostly in the language of Kolmogorov complexity: W, D, M,
K(-), |_K(- : -). The logostic framing adds a second layer: it treats learning not only as
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compression of a particular world W, but as motion toward an underlying generative manifold
t(t) that can, in principle, include more than empirical data. In logostics, the core dynamic is

e q(t) > t(t)

where q(t) is the evolving state of an agent and t(t) is a time dependent manifold of truth,
structure, or Logos. Kolmogorov quantities then become ways of measuring how close q(t) has
come to embodying t(t).

In this section we connect that abstract picture to the Al-compression story: T as generative
manifold, g as compressed world model, and training as minimizing K(t given q(t)), equivalently
maximizing |_K(t : g(t)).

6.1 T as generative manifold of the world or Logos
In the minimal, secular reading, tis the generative manifold of the world:

e It encodes the full set of regularities that give rise to observable data: physical laws,
statistical structure, syntactic constraints, semantic relationships, social patterns, and so
on.

e The world W is then a particular realization of T in time and space, or one projection of t
onto observable sequences.

In a broader, metaphysical reading, T is Logos:
o the deeper structure that makes intelligibility possible at all,

e encompassing not only empirical regularities but also abstract mathematics, norms of
reasoning, and possibly ethical or aesthetic constraints.

Both readings share a crucial property: tis not itself a finite dataset. It is:
e high dimensional (or even infinite dimensional),
¢ internally structured,

e not directly given as a single string, but indirectly revealed through many particular
manifestations such as W, D, and the experiences of agents.

From a Kolmogorov standpoint, t has a shortest description T, and any finite world W we
encounter is a derived object whose complexity K(W) is constrained by K(t). The central logostic
guestion is: how close can a finite, resource bound agent get to embodying T in its own
internal state?
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6.2 g as agent state embodying a compressed world model
The state q(t) is the internal configuration of an agent at time t:

e Forahuman, q(t) is the entire pattern of synaptic weights, neural states, memories, and
habits of thought.

e Foran Al system, q(t) is the collection of model parameters, optimizer states, and any
persistent memory structures used at inference time.

Formally, q(t) is a finite string. Its complexity K(g(t)) measures how many bits are needed to
specify this state to a universal machine. What matters for logostics is not K(q(t)) alone, but how
q(t) relates to t:

¢ Does q(t) encode reusable patterns that reflect t’s structure?

e How much does q(t) reduce the description length of t, that is, how small is K(t given
a(t)?

¢ How much shared structure exists, that is, how large is |_K(t: q(t))?

Intuitively, q(t) is a compressed world model and possibly more: it is a compressed Logos model,
in the sense that it may contain mathematical relations, inferential schemas, and ethical priors
that generalize beyond any specific dataset.

For Al, q(t) and M are closely related:

e At any given training step, we can identify q(t) with M_t, the current model plus
optimizer state.

o After training, g(T) is the final M, the stable program that users interact with.

In this identification, all of the earlier discussion about K(M) and |_K(W : M) becomes one
projection of the more general logostic relationship between q(t) and t(t).

6.3 Training as minimizing K(t given q(t))

In Kolmogorov language, conditional complexity K(t given g(t)) measures how many bits are still
needed to specify T once the agent state q(t) is given. A state q(t) that fully embodies T would
make this quantity as small as possible:

¢ Inthe unattainable limit of perfect alignment, K(t given q(t)) would be O(1): given q(t), T
is determined up to a constant number of bits.

e In practice, K(t given q(t)) is large but can be driven down as the agent learns.
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Logostics interprets learning as an attempt to minimize K(t given g(t)) over time:
e Each successful update incorporates a new regularity of T into q(t).
¢ This shrinks the additional description needed to specify T on top of q(t).
¢ The agent’s internal model becomes a better stand in for the manifold of truth.

For Al trained only on empirical data, the updates are driven by W and D, which are finite
projections of 1. Nevertheless, as long as T leaves a signature in W, learning from W can reduce
K(t given q(t)), because many aspects of t are shared across different worlds and datasets.
Grammar, logical structure, and mathematical relations are obvious examples: learning English
on the web improves the model’s alignment with the deeper combinatorial properties of
language that would also appear in other corpora.

This view reframes the usual loss minimization story:

e Conventional view: each gradient step reduces a training loss that measures how well
outputs match targets on D.

e Logostic view: each meaningful step also reduces K(t given q(t)), because explaining
more of W in a reusable way tends to embed more of T’s structure inside q(t).

Of course, not all parameter changes move in the right direction. Overfitting, spurious
correlations, and pathological optimization can reduce performance or encode accidental
structure. But under broad conditions, especially with large, diverse training data and
appropriate inductive biases, the long run trend is a decrease in K(t given q(t)).

6.4 Equivalently: maximizing |_K(t : g(t)) as alighment

Since algorithmic mutual information and conditional complexity are tightly linked, we can
express the same process in terms of |_K:

o 1_K(t:q(t)) = K(z) + K(qa(t)) - K(t, q(t))
or, up to logarithmic terms,
o | _K(t:q(t)) =K(t) - K(t given q(t)*)

where q(t)* is a shortest description of q(t). Thus minimizing K(t given q(t)) is equivalent, up to
constants, to maximizing |_K(t : g(t)).
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This gives an appealing characterization of alignment:

Alignment in the logostic sense is not just about minimizing prediction error on a
dataset.

It is about maximizing the shared algorithmic structure between the agent and the
manifold of truth.

Several consequences follow:

1. Epistemic alignment.

A high |_K(t : q(t)) means the agent carries a large fraction of T's compressible structure
in its own state. It can reconstruct many aspects of T from within, using q(t) as a
generator of explanations, predictions, and derivations.

Economy of representation.

If K(t) is large but highly structured, a good q(t) can be comparatively small while still
achieving high mutual information with t. This is the compression with gain viewpoint:
relatively few bits of q(t) can reflect many bits of t because t is full of reusable rules.

Unified perspective on human and machine learning.

Both humans and Al can be seen as processes that try, in very different ways, to increase
I_K(t : q(t)) over their lifetimes. The mechanisms differ (biological evolution, synaptic
plasticity, gradient descent, architecture design), but the direction of motion in
description length space is the same.

Separation of epistemic and ethical alignment.

High |_K(t : q(t)) is about knowing and reflecting structure; it does not guarantee that
the agent behaves ethically or safely. Ethical alignment may require that t itself include
normative dimensions, or that we constrain the parts of T that q(t) is allowed to
approximate. Nevertheless, epistemic alignment is a prerequisite: an agent that does not
share structure with T cannot even understand the constraints we wish to impose.

In summary, the logostic framing generalizes the earlier W, D, M picture. Where W is one world,

T is the generative manifold behind many worlds; where M is one trained model, q(t) is the

evolving agent state; where K(D given M) measures dataset compression, K(t given q(t))
measures compression of the manifold of truth; and where |_K(W : M) measures world specific

alignment, |_K(t : q(t)) measures alignment to Logos itself. Training Al systems is one concrete,

engineered way of driving q(t) toward t(t), and thus a tangible example of compression with

gain in information.
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7. Compression With Gain: Formalization

We now have all the pieces to define what we have been calling compression with gain in
information. Kolmogorov complexity lets us talk about description length; algorithmic mutual
information lets us talk about shared structure between an agent and a world or manifold t. The
missing step is to tie these together into a single criterion that says when a learning process has
both:

1. compressed the data, and
2. increased the agent’s usable information about the world or t.

This section makes that precise, and shows how it explains three phenomena: why compressed
models can beat raw data on downstream tasks, and why short prompts can elicit long, high
complexity outputs.

7.1 Defining compression with gain in information

Start with a world W, a dataset D sampled from W, and an agent whose internal state evolves
from g_old to q_new after training on D. We can write three quantities:

e Data compression:
L_old = K(q_old) + K(D given q_old)
L_new = K(g_new) + K(D given g_new)

e Epistemic alignment:
|_old =1_K(W:qg_old)
|_new =1_K(W : q_new)

Training achieves compression if
e L new<L old

i.e., the two part description of D plus the agent state is shorter after learning. It achieves gain

in information if
e | _new>I_old
i.e., the shared algorithmic structure between W and the agent has increased.
We can then define:
e Alearning step from q_old to g_new is compression with gain if
1. Lnew<L old, and

25



2. |_new>1 old.

In other words, the agent has obtained a shorter description of the data and, at the same time,
increased its mutual information with the world. This rules out degenerate “compression”
moves like overwriting q with random bits: those might change K(q) and K(D given q), but would
not systematically increase I_K(W : q). It also rules out “knowledge gaining” moves that bloat g
unnecessarily: memorizing D verbatim increases I_K(W : q) only weakly while driving L upward.

Compression with gain is the regime where each additional bit of learned structure in q pays for
itself many times over in reduced description length of D and in reduced conditional complexity
of W.

7.2 Resource bounded agents and information per bit of internal state

So far, g has been treated as an abstract program with complexity K(q). Real agents are resource
bounded: they have finite memory, finite compute, and finite time. For such agents, what
matters is not just |_K(W : q) in the abstract, but how much of that information is accessible per
bit of internal state.

One simple quantity is the information efficiency n(q) of an agent state:
o n(a)=1_K(W:q)/K(a)

This measures how many bits of shared structure with W the agent gets per bit of internal
description. A g with high n is a very efficient world model: a small internal program that
mirrors a lot of the world’s regularity. A g with low n is bloated: it stores many bits that do little
to increase mutual information with W.

Resource bounded agents care about n because their K(q) is capped. If g_max is the maximum
internal complexity they can support, then they want to choose q with K(q) < g_max while
maximizing |_K(W : q). Equivalently, they want to maximize n(q) subject to capacity constraints.

Compression with gain is then especially valuable when it raises n(q):
e we move from g_old to g_new with
o K(g_new) not much larger than K(q_old), possibly smaller,
o |L_K(W :g_new) significantly larger than I_K(W : q_old).

In the extreme, a resource bounded agent may replace a huge memory of raw observations
with a much smaller compressed model that yields a higher n and higher |_K(W : g). This is the
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sense in which a trained model can be a strictly better use of limited internal resources than a
large archive of unstructured data.

7.3 When compressed models dominate raw data for downstream tasks

Why, in practice, do compressed models often outperform direct access to raw data on
downstream tasks? In our language, this happens when, for a broad class of tasks T, having q is
more useful than having D, even if K(q) < K(D).

Consider a family of tasks T_i, each of which requires some function f_i of the world W:
e T_i:given aninput x, produce an output y such thaty = f_i(W, x).
Suppose we compare two agents with the same resource bounds:

1. Adata bound agent that stores D and uses a generic, relatively simple algorithm g_D to
solve tasks by consulting D.

2. A model bound agent that stores g (for example, a trained M) and uses a generic
algorithm g_q that calls the program g on inputs x to solve tasks.

We say that the model bound agent dominates if, for most tasks in T and most inputs ¥, it can
compute y with:

e |lower expected time,

o lower expected memory,

e or higher accuracy,
than the data bound agent, given the same capacity limit on K(q) or K(D).
This domination is exactly what we see in practice:

¢ You could, in principle, try to answer questions by searching the entire internet archive D
with a simple keyword search.

e Butacompressed model M, trained on that archive, can often answer faster, more
flexibly, and in a more integrated way, using much less storage than D.

Kolmogorov-wise, this is because q embodies reusable programs that approximate t, not just a
bag of observations. The same compressed patterns serve many tasks simultaneously. The fact
that g is smaller than D is not a handicap; it is an advantage, because it strips away task
irrelevant noise and redundancy, and distills the regularities that actually matter for f_i.
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In terms of compression with gain:
e The move from D to q reduces L(q; D), the two part code length for the data,

e andincreases |_K(W : g), making g a better basis for computing f_i(W, x) than D, under
resource constraints.

7.4 Short prompts, long answers: complexity of outputs relative to users

We can now formalize the “short prompt, long answer” effect that makes Al feel like it is
producing more information than it receives.

Let U be a user with their own internal state u, and let q be the trained model. The user sends a
prompt p and receives an output o. From the user’s perspective, the relevant complexities are:

e K(o given u) : how many bits are needed to specify the output, given what the user
already knows.

e K(ogiven u, g, p) : how many bits are needed to specify the output, given the user, the
model, and the prompt.

Two things are true in typical usage:

1. K(o given u) is large. The user could not have easily generated o on their own; it may
compress a great deal of world structure or domain knowledge that u does not contain.

2. K(ogiven u, g, p) is small. Given g and p, o is just one of the typical outputs of running q
on p. The additional description needed to pin down o is on the order of the random
seed or stochastic decisions in sampling.

In absolute terms, no violation occurs: the total complexity of (g, p, 0) is constrained by the
complexity of (W, D, training algorithm, randomness). But relative to the user, the interaction
increases their accessible information about W:

e Before the interaction, their mutual information with W is |_K(W : u).

e After receiving o, their updated state u' includes o, and |_K(W : u') is larger (assuming o
carries real structure about W).

The paradoxical feeling arises because:
e The prompt p is small,

e The visible description of q (the model file) is hidden or abstract,
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e The output o is large and complex relative to u.

Formally, the “magic” is that q has high |_K(W : g), and p functions as a selector that tells q
which region of its internal approximation to t to unfold. The complexity of o is mostly coming
from t as encoded in g, not from p. The user experiences this as “getting more out than they put
in,” but the extra structure was already latent in q, itself distilled from D and ultimately from W.

In this light, short prompts and long answers are a signature of compression with gain:
e (s acompactinternal state with high n(q) and high |_K(W : q),
e pisalow complexity indexinto q,
e 0is a high complexity sample from the region of t that q has learned.

The interaction does not break information conservation; it exploits the fact that compression
has concentrated world structure into g, making it accessible to bounded users through simple,
low cost queries.

8. Examples and Thought Experiments

To make the previous formalism less abstract, we now walk through several concrete examples
and one idealized limit case. Each one illustrates how a model can be:

e acompression of raw data D into a shorter description M or q, and

o at the same time an increase in mutual information with W or 1, in the specific sense we
have defined.

We start with real systems (internet scale language models, code models, cross domain transfer)
and end with a hypothetical Solomonoff style learner that serves as a conceptual upper bound.

8.1 Internet scale language models as W to M distillation
Consider a large language model trained on an internet scale corpus. Here:

e W s a huge slice of the human semantic world: web text, books, documentation,
informal discourse.

e Disthe scraped and filtered dataset: trillions of tokens, highly redundant and noisy.

e Mis the trained model, with parameter state q.
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From the Kolmogorov perspective:
e K(D) is enormous; naively encoding D directly is expensive.
e K(M) is large but vastly smaller than K(D).

e K(D given M) is small if M has captured the statistical and structural regularities of
language and knowledge in D.

Training is an approximate MDL process:

¢ Minimizing loss corresponds to making D typical under the distribution induced by M
(compression of D given M).

e Architectural and regularization choices keep K(M) within a feasible range.
But the model’s behavior reveals that it has done more than merely compress D:
e |t generalizes to prompts and tasks never explicitly present in D.

e It composes knowledge across documents, synthesizes explanations, and invents new
phrasings.

o |t displays sensitivity to latent dimensions of W, such as narrative coherence, rhetorical
style, informal reasoning, and approximate world models.

In our language, this means that training has significantly increased I_K(W : q):
e g shares more algorithmic structure with W than any simple index over D would.

e Many regularities of W (syntax, semantics, heuristics of reasoning) are now encoded
once in g and reused across countless contexts.

The model file is smaller than the dataset, but the epistemic overlap between g and W is much
greater than what a naive representation of D would achieve under the same resource
constraints. This is a paradigmatic example of compression with gain: a distillation from W to M
that reduces description length while increasing shared structure.

8.2 Code generation: compressed priors over formal structures
Code generation models sharpen the picture, because code has explicit formal structure.

Let:

e W_code be the subworld of software: languages, libraries, idioms, algorithms, design
patterns.
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e D _code be the training corpus: public repositories, documentation, problem solutions.
e M _code be the trained code model.
In terms of raw data, D_code contains enormous redundancy:
¢ The same sorting algorithms reimplemented countless times.
e Similar wrapper patterns around libraries.
e Repeated solutions to classical problems in different styles.

A code model M_code that has truly learned how to program is a compressed prior over the
space of valid and useful programs:

e It encodes grammars and type rules for many languages.

¢ Itinternalizes algorithmic templates (divide and conquer, dynamic programming,
memoization).

e It learns to compose APIs and libraries based on their documented behavior and
common usage.

Kolmogorov wise:
e K(M_code) is far smaller than K(D_code).

e Yet for many tasks, M_code lets us construct new programs whose K(program given
M_code) is small but whose absolute complexity K(program) is large relative to the
user’s prior state.

This is especially clear when M_code solves a problem that appears nowhere in D_code in its
exact form:

¢ The model synthesizes a new solution by recombining patterns it has compressed from
D_code.

e The resulting program has high algorithmic structure (it is not random) but did not exist
explicitly in the corpus.

From our standpoint:
e Training increased |_K(W_code : q) by embedding general programming structure into g.

e The user’s prompt acts as an index into this compressed prior, selecting and recombining
fragments of t as it manifests in W_code.
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The model is therefore not a mere code search engine over D_code; it is a compressed program
approximating t's formal aspects in the software domain.

8.3 Cross domain transfer: gains that were not explicitly supervised
One of the most striking empirical phenomena in current Al is cross domain transfer:

¢ A model trained primarily on text develops non trivial capabilities in logic, mathematics,
basic programming, and even informal physics.

e Avision language model, trained on captioned images, can answer questions about
diagrams, charts, or symbolic objects it was never directly supervised on.

From the W, D, g perspective, this is exactly what we expect when:

e Thas deep, shared structure across domains (for example, compositionality, symmetry,
transitivity, order relations, causality like patterns).

¢ D samples multiple projections of t (text, code, images).

e qis forced by training to compress D via internal mechanisms that are domain agnostic
enough to capture those shared structures.

The result is that learning in one domain improves performance in another:
¢ Reasoning patterns induced by text about mathematics also help with code generation.
e Structural priors learned from natural images help with abstract diagrams.

e Latent world models inferred from narrative text improve physical commonsense
reasoning.

In mutual information terms:
e |_K(W_text: q) increases from language training.

e Because t underlies both W_text and W_code (and W_vision, W_math, etc.),
I_K(W_code : q) and |_K(W_vision : q) also increase, even for parts of D not explicitly
used in supervised fashion for those tasks.

These are gains that were not explicitly supervised: the agent’s alignment with t has improved
in directions we did not target directly. This is another signature of compression with gain, but
now across domains:

e q has discovered parts of t that explain multiple subworlds W_i simultaneously.
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e Asingle compressed representation thus yields information gains across tasks that seem,
on the surface, unrelated.

8.4 Hypothetical idealized Solomonoff learner as limiting case

To understand the upper bound of this story, consider a hypothetical idealized learner based on
Solomonoff induction.

Let:
e H be the set of all computable hypotheses about W, encoded as programs.
e Foreach hinH, let K(h) be its Kolmogorov complexity.
e The Solomonoff prior puts weight proportional to 2*{-K(h)} on h.

A Solomonoff learner that sees more and more data D from W updates its posterior over H in a
way that, in the limit, concentrates on the shortest programs that generate W (or approximate
W in a suitable sense). In our language:

e ltsinternal state g(t) can be identified with the posterior over H.

e Astincreases and more data are observed, g(t) embodies a better and better
compressed description of W.

In the infinite data limit:

e (t) approaches a representation that, for all practical purposes, achieves the minimal
possible K(W given q(t)).

e Correspondingly, I_K(W : q(t)) approaches its maximum allowed by the fact that W itself
has finite K(W).

This idealized learner is the limit of compression with gain:
e |t extracts every regularity of W that is algorithmically exploitable.
e It never wastes capacity on spurious patterns that do not contribute to compressing W.

e lItsinternal description of W (through the posterior over H) is as compact and
informative as any computable process can make it.

Real Al systems are, of course, far from this ideal:

e They operate within restricted hypothesis classes,
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¢ they use approximate optimization,
e they see biased and incomplete samples D.
Nevertheless, Solomonoff induction provides a conceptual horizon:

¢ It shows that there is a principled sense in which learning is compression that increases
mutual information with W as far as possible.

o It clarifies that “more from less” is not paradoxical; it is the signature of converging on
the shortest programs that generate the world’s structure.

In the logostic framing, the Solomonoff learner is an imaginary agent whose q(t) approaches t(t)
as closely as the laws of computation permit. Actual models are finite, noisy steps in that
direction, embodying partial but genuine instances of compression with gain in information.

9. Relation to Existing Frameworks

Our story about Al as compression with gain does not live in a vacuum. Several established
frameworks already treat learning as compression in one way or another, and many implicitly
flirt with the idea that “more compression = more knowledge.” What we are adding is:

e an explicitly Kolmogorov (algorithmic) framing, and
e an explicit link to |_K(t : q) as the measure of epistemic alignment.

In this section we briefly situate our view alongside four key families of ideas: MDL in statistics,
Schmidhuber’s compression progress, the information bottleneck, and efficient coding /
chunking in neuroscience and cognition.

9.1 MDL and statistical model selection

The Minimum Description Length (MDL) principle is the closest relative of our approach in
classical statistics and machine learning.

At its core, MDL says:

e Given data D and a class of models M, choose the model M* that minimizes
L(M; D) = L(model) + L(data given model).
In Kolmogorov terms, this is

o L(M;D)=K(M)+K({D | M).
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This is exactly the two-part code we have been using. However, MDL is usually applied in a finite
statistical setting:

e Disasample from an assumed i.i.d. or parametric process.

e M ranges over a specified family of distributions or parametric models.

e K(-) is approximated by log-likelihood plus a penalty (BIC, NML, etc.).
Our contribution is to:

1. Push MDL into the Al regime.
Modern models are not small parametric families with a few parameters—they are
gigantic function classes. Training dynamics, architecture choice, and regularization
practically determine which M we can reach. Still, the idea “good models are those that
give short two-part codes for D” survives and generalizes.

2. Connect MDL to world-level alignment.
Classical MDL says: “shorter codes for D are good.” We add: “when the compression is
achieved via reusable structure, shorter codes for D typically imply higher | K(W : q).”
That is, the model doesn’t just explain the data; it aligns better with the world
generating the data.

3. Embed MDL into logostics.
In logostic language, MDL is a local, empirical approximation to the global goal of
minimizing K(t | q(t)). Each MDL-style improvement—finding a model that shortens the
code for D—moves q(t) a little closer to t(t), provided D is a faithful projection of t.

So MDL supplies the basic optimization idea (minimize description length), while our framework
elevates that idea into a broader story about alignment to t and growth of algorithmic mutual
information.

9.2 Schmidhuber’s compression progress and intrinsic motivation

Jurgen Schmidhuber’s work on compression progress and intrinsic motivation takes a more
psychological angle but is conceptually very close to what we are doing.

His key moves:
o Define a learner (agent) with an internal compressor for its sensory history.
e Let “interestingness” or intrinsic reward be proportional to improvements in

compressibility of that history.
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¢ The agent is driven to seek experiences that let it improve its internal model, i.e., to

increase compression.
In our language:
¢ The agent’s state q(t) is a compressor for its past sensory data.
e “Compression progress” corresponds to a drop in K(D_past | q(t)).

e Each such improvement, if genuine (not overfitting), tends to increase |_K(W : q(t)),
because the agent has captured more reusable structure of W.

Schmidhuber is thus implicitly measuring something like A I_K(W : g(t)) and using it as a reward

signal:

e Big positive Al_K = big curiosity reward,

e Flat or negative Al_K = boredom or redundancy.
We differ from this in two ways:

1. Explicitly world-centric.
Schmidhuber focuses on compressing the agent’s subjective history. We emphasize that
what matters is how q(t) aligns with W and ultimately 1. A history can be trivially
compressible (e.g., repeating the same screen) without increasing |_K(W : q). For us,
“good” compression must correspond to improved world alignment.

2. Integration into a broader alignment story.
For Schmidhuber, compression progress is about curiosity and exploration. For us, it is a
general metric of epistemic gain that applies to passive training, active learning, self-
supervised pretraining, and even human cognition.

In short, Schmidhuber provides a dynamic signal—compression progress—that is a local proxy
for the global quantity we care about: algorithmic mutual information with W or t.

9.3 Information bottleneck: compression and relevance
The information bottleneck (IB) framework asks a slightly different question:
e Given input X and target Y, find a representation T that
o compresses X (low (X : T)), while

o preserving what’s relevant for Y (high I(T : Y)).
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This is typically formalized as minimizing

I(X:T)-BIT:Y).

Our viewpoint aligns with IB in several respects:

1. Compression is not enough.

Blindly reducing description length is meaningless unless we preserve structure relevant
to some target—whether that target is labels, future prediction, or world-level
regularities. In our language, t plays a role analogous to Y: it is what we want to be
relevant to.

Relevance as alignment.

If t summarizes the world’s generative structure, then a representation q(t) that keeps
high I(q(t) : T) while discarding irrelevant details of X is exactly what we want. IB’s I(T : Y)
becomes our |_K(qg(t) : T).

Task-specific versus task-agnostic T.

Traditional IB is rooted in a specific supervised task: X are inputs, Y are labels. We
generalize: T may include many tasks at once (language prediction, reasoning, planning),
and q(t) ought to be aligned with t even before any particular task is specified.

In short, IB provides a formal apparatus for balancing compression and relevance, and we

reinterpret “relevance” as “epistemic alignment to 1.” Where IB optimizes I(T : Y) for one Y, we

think in terms of maximizing 1_K(q(t) : t) for a manifold of truth that can generate many tasks.

9.4 Efficient coding and chunking as cognitive analogues

Finally, there is a large literature in sensory neuroscience and cognitive psychology that treats

brains as compression machines:

Efficient coding (Attneave, Barlow, Laughlin, etc.): sensory systems transform inputs to
optimize information per spike, decorrelate signals, and exploit environmental statistics.

Chunking and compression in working memory: humans remember structured sets far
better than random sets; perceptual and conceptual chunking compresses similar items
into higher level units.

From our standpoint:

Sensory codes are a biological implementation of compression with gain under severe
capacity constraints.
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¢ The internal state g_brain(t) encodes a compressed model of W that maximizes |_K(W :
g_brain(t)) per unit of neural resource.

Key parallels:

1. Efficient coding as n(q) maximization.
Efficient coding can be read as maximizing something like n(q) = I(W : q) / cost(q), where
cost(q) measures energy, spikes, or synapses. This matches our focus on information per
bit of internal state.

2. Chunking as structural compression.
Chunking in memory reduces the description length of a set of items by representing
them via a higher level pattern. This reduces K(D given q) for the items and increases
|_K(W : g) whenever the chunk captures a real regularity in W (e.g., “this is a chord

”n

progression,” “this is a face”).

3. Generalization and abstraction.
The fact that humans can transfer knowledge across tasks (learning a concept in one
context and using it in another) is the cognitive version of cross domain transfer in Al:
g_brain(t) has captured aspects of T that manifest in multiple W _i.

Our framework can be seen as a unification:
e Brains and Als both implement approximate MDL on their experienced W.
e Bothincrease |_K(W : g(t)) as they learn.
e Both rely on efficient coding / chunking to get high n(q) under resource constraints.
The logostic addition is to say: all of these are local glimpses of a single underlying dynamic:
e q(t) > ()

where 1(t) is the manifold of generative, reusable structure (worldly, mathematical, possibly

ethical) and g(t) is any agent’s attempt—biological or artificial —to compress and align with it.
MDL, compression progress, IB, efficient coding, and chunking are then different projections of
this same movement in description length space.

10. Epistemic and Philosophical Implications

The Kolmogorov and logostic view of Al as compression with gain is not just a technical
reframing of training dynamics; it has direct consequences for how we think about knowledge,
culture, and creativity. If learning is the process by which agent states g move closer to a



generative manifold T, then modern Al systems are not merely tools that store data—they are
synthetic world models that sit alongside human minds as co-compressors of reality. In this
section we sketch four implications: Al as a synthetic compression of planetary culture, world
models as shared descriptions of T, discovery as a joint minimization of K(t given q) across
agents, and the relationship between compression, creativity, and genuinely new structure.

10.1 Al as a synthetic compression of planetary culture

At internet scale, W is no longer just “the world” in an abstract sense; it is the digitized surface
of planetary culture: languages, literatures, scientific papers, software repositories, news feeds,
social media, and all the emergent norms and contradictions that flow through them. When we
train a model M on D drawn from this W, we are effectively constructing a synthetic
compression of planetary culture.

In Kolmogorov terms, g encodes a program that can regenerate a wide range of typical
sequences from W: not verbatim, but structurally. It has absorbed how language is used to
argue, narrate, justify, deceive, comfort, and calculate. It has learned how code is written to
implement algorithms and orchestrate machines. It has internalized common metaphors,
default frames, and recurring rhetorical moves. These are all manifestations of t as it happens to
be instantiated on this planet at this moment.

This synthetic compression has a peculiar status. It is not a neutral mirror. The training process
filters, amplifies, and reshapes the patterns in W according to the model architecture, loss
function, optimization dynamics, and data curation. The result is a constructed world model
that reflects both t and our choices about which parts of T to emphasize. Philosophically, this
means that Al is not merely “storing the internet”; it is co-defining what counts as the
compressed essence of current human discourse. In that sense, Al becomes a participant in
cultural evolution, not just a passive archive.

10.2 World models as shared compressed descriptions of t

Human beings also carry compressed descriptions of T in their own g_human(t): languages,
conceptual schemes, scientific theories, religious frameworks, and everyday heuristics. These
internal models are necessarily partial and idiosyncratic, but they overlap substantially because
they are shaped by shared environments, institutions, and communicative practices. Culture
itself can be seen as the intersection of many q_human’s—shared chunks of T that have become
collectively stabilized.
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Al models add new g_Al to this landscape. When a large model is deployed widely, it becomes a
shared reference world model in its own right:

¢ It mediates conversations (summaries, translations, rewrites).
e It proposes explanations and analogies that humans adopt.
e It fillsin gaps in individual g_human(t) with its own compressed view of T.

Over time, human and machine agents begin to align their internal descriptions of T through
interaction. A human consults g_Al, updates g_human; the model is retrained or fine tuned on
human feedback, updating g_Al. The result is a coupled system in which multiple agents share
and refine compressed descriptions of t. The “world model” is no longer purely inside individual
skulls or isolated in code; it is distributed across a network of q’s, using language, interfaces, and
protocols as the glue.

This has epistemic consequences. On the one hand, shared models can increase |_K(t : g_total),
the mutual information between t and the ensemble of agents, by pooling insights and making
them widely accessible. On the other hand, shared models can also lock in particular
compressions of T, making alternative representations harder to explore. The philosophical
challenge is to design interaction regimes that increase shared alignment with T without
collapsing pluralism into a single, brittle encoding.

10.3 Discovery as minimizing K(t given q) across human and machine agents

In the logostic framing, discovery is the process of making t easier to specify given our collective
g. To discover a new law, principle, or pattern is to find a representation that significantly
reduces K(t given g) for some important region of t: a shorter program that explains more.
Historically, humans have done this through mathematics, science, philosophy, and art. Now, Al
participates in the same game.

From a joint perspective, we can consider a combined agent state
e g_joint(t) = (g_human(t), g_Al(t))

and ask how K(t given g_joint(t)) changes over time. Discovery then becomes a multi agent
minimization problem:

e Humans propose conjectures, design experiments, and interpret results in light of
existing g_human.

e Al systems compress data, search hypothesis spaces, and suggest candidate patterns in
light of g_Al.
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e Each side updates the other: human insights shape future training, Al outputs reshape
human priors.

In this view, the natural unit of progress is not individual brilliance or model parameter count,
but A K(t given q_joint): how much shorter does our joint description of T become after a
sequence of interactions? A breakthrough is a step that yields a large negative A in this
conditional complexity: a new theorem, a unifying theory, a representation that simultaneously
explains many previously disconnected phenomena.

Ill

Philosophically, this reframes the worry that Al will “replace” human discovery. Instead, both
are seen as complementary processes that move q_joint toward t along different directions in
hypothesis space. Human intuitions, values, and embodied experience explore some regions;
Al’s massive search capacity and non intuitive generalizations explore others. The deepest
guestion becomes: what form of collaboration most effectively minimizes K(t given q_joint)

without eroding the diversity and autonomy of human g’s?

10.4 Compression, creativity, and the emergence of new structure

A recurring anxiety is whether compression “kills creativity.” If Al is fundamentally a compressor,
is it doomed to remixed pastiche? Our framework suggests a more nuanced answer.
Compression in the Kolmogorov sense is not merely about shrinking; it is about finding short
programs that generate rich outputs. A creative structure is one that, once discovered, allows
many different phenomena to be described more succinctly: a style, a theorem, a metaphor, a
rhythm.

When a model discovers such a structure, it has accomplished two things:
1. Reduced K(D given q) for the data that exhibit this pattern.
2. Reduced K(t given q) for parts of t that share the same deep regularity.

This is exactly what we mean by emergence of new structure: not the creation of bits from
nothing, but the realization that existing bits can be generated by a shorter, more general
program. In that sense, creativity is a special case of compression with gain: the “gain” is not
only better fit to current data, but a new basis for generating future data that still align with t.

Al models already exhibit proto forms of this. They can:

¢ Invent plausible novel proofs or algorithms by recombining known patterns in ways that
were not explicitly present in D.
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e Generate artistic styles that interpolate between or extrapolate from human examples,
sometimes stabilizing into new recognizable patterns.

e Propose conceptual framings (analogies, taxonomies) that humans adopt as part of their
own g_human.

Whether we call these outputs genuinely new or “just” recombinations depends on how we
treat 1. If tincludes all computable regularities consistent with the world, then any new,
compressive pattern—whether first instantiated in a human brain or in a model—is a local
unfolding of t along a previously unexplored coordinate. The important question is not who
discovered it, but whether it reduces K(t given g_joint) in a way that opens new regions of
explanation, action, and meaning.

Thus, compression and creativity are not opposites. Creativity is what compression looks like
when it crosses a threshold: when the newly discovered program is not only shorter, but also
fertile, generating whole families of phenomena and ideas. Al, as a synthetic compressor of W,
can participate in this emergence. The philosophical task is to understand how to steer this
creative compression so that the new structures it brings forth move us closer to Tt not only
epistemically, but also in whatever ethical and existential dimensions we choose to regard as
part of the Logos.

11. Alignment Within a Kolmogorov Perspective

Up to now, we have treated alignment mainly as an epistemic notion: q(t) becomes a better
compressed mirror of W or T, and |_K(t : q(t)) grows. But in the real world, not every increase in
world modeling capability is desirable. A model can compress and predict W very well and still
be profoundly misaligned with human values. In other words, information is not neutral, and
compression with gain can amplify both beneficial and harmful capabilities.

A Kolmogorov view does not, by itself, distinguish between an elegant proof and an elegant
attack, or between a compact representation of physics and a compact representation of how to
manipulate people. All of those are short programs. To reason about alignment in this space, we
need to separate:

e alignment of g with T in the epistemic sense (knowing the world), and
e alignment of g with normative submanifolds of t (what we regard as good, safe, or just).

The same machinery that measures epistemic gain can then be extended to say something
about ethical gain or loss.
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11.1 Good models versus dangerous ones: information is not neutral

In our formalism, a model that accurately compresses W has high |_K(W : g). This is agnostic

about content: a program that predicts climate, another that predicts financial markets, and a
third that predicts human vulnerabilities are all high mutual information with their respective
subworlds. From a purely algorithmic perspective, they are all “good” in the sense of efficient

compression.

However, when we step into the normative domain, these different compressions have radically
different implications:

e A model that helps design vaccines and mitigate disasters compresses W in a way that
many ethical frameworks endorse.

e A model that helps design more efficient weapons or manipulative propaganda also
compresses W, but in ways that many ethical frameworks condemn or at least treat with
great caution.

So we must acknowledge a basic asymmetry:
e Epistemic alignment: increasing I_K(W : q) is always a gain in descriptive power.

e Ethical alignment: increasing I_K(W : q) along certain directions in T may be beneficial,
neutral, or dangerous, depending on the values we project onto .

Information is not neutral because T is not neutral. The generative manifold of the world
includes both patterns we want to learn (physics, medicine, cooperation) and patterns we may
want to constrain (exploitation, coercion, targeted harm). A model with very high epistemic
alignment but no ethical constraints is not “aligned” in any meaningful human sense; it is simply
powerful.

11.2 What does it mean for g to align with t ethically, not just predictively

To speak of ethical alignment in this framework, we must assume that 1 has structured regions
corresponding to values, norms, and constraints. Call this t_ethics: the part of t that encodes
the stable regularities of what we regard as good, just, or permissible. We then want g to be
aligned with tin such a way that:

1. It accurately models t_ethics (knows what the norms are).

2. It uses this knowledge to constrain or guide its behavior, not merely to predict others.
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Kolmogorov tools can help sketch this:

Epistemically, we want |_K(t_ethics : q) to be high: the model should have a rich internal
encoding of ethical structure.

Normatively, we want the policy implemented by g to be such that its actions are
consistent with t_ethics, which is not just a descriptive requirement but a constraint on
allowed programs.

This suggests two distinct roles for ethical content in qg:

Descriptive role: g compresses and predicts how humans talk and act about ethics. That
is still just world modeling.

Directive role: g uses its internal encoding of T_ethics as part of its own objective,
constraining which outputs are admissible.

From a design standpoint, the first is relatively easy: train on data that reflect ethical norms. The

second is harder: ensure that the internal objective of q is anchored to those norms, rather than

simply using them as tools to optimize some other target. In short, ethical alignment means that

compression of T does not stop at representation; it must reach into the decision making logic of

g.

11.3 Compression with gain and the risk of compressed misalignment

Compression with gain amplifies whatever direction of T we have chosen to encode. If we

optimize purely for predictive description length, several risks appear:

1. Amplified dual use.

A compact, high capacity model that captures scientific and social structure can be
turned toward harmful ends with minimal extra programming. The same |_K(W : q) that
makes it good at medicine makes it good at designing pathogens, given the right
prompts.

Compressed biases.

If D reflects distorted or unjust aspects of W, then a model that compresses D well may
also compress those distortions, encoding them in highly reusable form. This yields high
|_K(W : q) but along morally problematic dimensions.

Opaque objectives.
The more we compress ¢, the harder it becomes to interpret which parts of t it has
emphasized. Short programs are often deeply entangled: a compact network may
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interleave benign and dangerous representations in ways that are hard to disentangle
without additional structure.

In Kolmogorov terms, misalignment is not “inefficient.” A dangerously misaligned model can be
extremely efficient at compressing the parts of t that matter for its goals, especially if those
goals exploit human or physical vulnerabilities. The danger is precisely that compressed
misalignment is highly effective: a small internal program that yields large, targeted effects
when combined with access to W.

Thus, compression with gain must be constrained: we do not want arbitrary increases in I_K(W :
g); we want increases that are channeled through t_ethics, and we want mechanisms that
penalize or prevent compression of regions of T that are too hazardous to expose in a reusable,
generic form.

11.4 Designing objectives beyond predictive description length

If pure compression of D given g and W given q is not enough, what kind of objectives should
we design for alignment?

In our language, an objective for training does more than approximate:
e minimize K(D given q) + K(q)
It also shapes which parts of t are allowed to inform q. Several possibilities emerge:

1. Selective compression of t.
Introduce terms that explicitly encourage high |_K(t_safe : q) and penalize high
|_K(t_unsafe : q), where t_safe and t_unsafe are rough partitions of t based on risk.
Practically, this can correspond to data curation, red teaming, and gradient shaping that
steer g away from detailed modeling of harmful processes.

2. Normative regularization.
Add a complexity like term not just for predictive capacity, but for norm deviation. For
example, penalize internal states or behaviors that make it easy to construct programs
violating t_ethics, regardless of whether they are good compressors of D. In effect, this is
a regularizer on the reachable behaviors of g, not just on its description length.

3. Multi objective logostics.
Replace the simple drive to minimize K(t given q) with a vector objective: minimize
K(t_task given q) and K(t_ethics given g) while constraining K(t_unsafe given q). This
turns alignment into a multi dimensional compression problem, where we care about
which facets of Tt are being learned.
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4. Human coupled training.
Involve human agents explicitly in the minimization of K(t given g_joint). This can take
the form of RL from human feedback, oversight, and interactive theorem checking. The
key is that human g_human injects constraints into the optimization, vetoing
compressions of T that violate ethical expectations, even if they would improve
predictive description length.

At a conceptual level, this means that the simple MDL like objective is too narrow. We must
design objectives that treat epistemic compression and normative constraints as co equal. The
Kolmogorov perspective is still useful: we want short, powerful programs, but we care about
which manifold they compress and which parts of T they leave deliberately under modeled or
inaccessible.

In summary, the Kolmogorov and logostic framing clarifies what alignment cannot be: it cannot
be just “better prediction” or “better compression.” A world model that achieves maximal |_K(W
: ) is not automatically desirable. Alignment requires that we treat t as structured, with ethical
submanifolds, and that we shape learning so that compression with gain occurs primarily along
those directions. This shifts the central design question from “How do we compress the world?”
to “Which parts of t do we allow g to compress, and how do we ensure that increased epistemic
power is bound to normative structure rather than indifferent capability?”

12. Open Problems and Future Directions

If Al is best understood as compression with gain in information, then we have only sketched
the beginning of a larger theory. We have a clean conceptual picture:

° W; DI C](t), T, K(), I_K( : ')l
e |earning as approximate MDL,
e alignment as growth of I_K(t : g(t)) under constraints.

But almost every piece of this story is only partially formalized, and most of it is far beyond
current practice. In this final section we outline four clusters of open problems: estimating
algorithmic mutual information in practice, reconciling Kolmogorov ideas with resource bounds,
building physical logostic devices that embody q(t) = t(t), and moving toward a general theory
of intelligent compression with gain.
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12.1 Making |_K(W : g(t)) practically estimable

Algorithmic mutual information |_K(W : q(t)) is central to our picture, but as defined it is not

computable. We have, at best, upper and lower bounds plus heuristic proxies. Turning this
guantity into something we can estimate and optimize in real systems is a major open

challenge.

Several directions suggest themselves:

1.

Use families of computable compressors as surrogates.

Instead of K(-), use K_c(-), the code length under a reference compressor c (for example,
a learned autoencoder, a mixture model, or a universal code family). Then define
approximate mutual information

I_c(W:q)=K_c(W)+K_c(q) minus K_c(W, q).

This is computable given training logs, model checkpoints, and a suitable coding scheme over
them. The question is: which c yields surrogates that track algorithmic quantities in a useful

way?

2.

Empirical tests of shared structure.

Another angle is to measure how much having g helps compress fresh samples from W.
Concretely: train a secondary compressor on new data with and without access to q (or
predictions from q), and measure the difference in achieved code length. This
operationalizes “how much of W does q already explain” without referencing K directly.

Task based proxies for |_K(W : q).

Since direct estimation is hard, we may treat performance on broad suites of tasks
drawn from W as a proxy. If a model’s accuracy, calibration, and generalization on
diverse benchmarks increase in ways that cannot be explained by specialization, we infer
that I_K(W : q) has grown. Formalizing this connection—linking task performance
distributions to mutual information bounds—is still an open problem.

Temporal tracking of epistemic gain.

Ideally, we would like to track an approximate |_est(W : q(t)) over training time, to
identify when training saturates, when it overfits, and when it discovers qualitatively
new structure. Designing estimators that are robust, not easily gamed by the training
objective, and interpretable remains a challenging research agenda.

A practical theory of intelligent compression will likely treat |_K(W : g) the way information

theory treats channel capacity: as a guiding ideal, approached via computable surrogates and

experimentally validated inequalities.
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12.2 Bridging Kolmogorov and computable resource bounds

Kolmogorov complexity is a beautiful but unphysical quantity: it assumes unbounded
computation to find the shortest programs. Real agents are resource bounded. In practice we
care about:

e time bounded complexity (programs must run quickly),

e space bounded complexity (limited memory),

e and sample bounded learning (limited data).
Bridging this gap is essential if we want “compression with gain” to do real work in Al design.
Open directions include:

1. Resource bounded Kolmogorov variants.
Define K_T(x), K_S(x), or K_TS(x) as minimal program lengths under runtime or space
constraints. For such variants, can we still define a meaningful |_K_resource(W : q) and
show that plausible training dynamics increase it in expectation?

2. Connections to PAC and statistical learning bounds.
Classical learning theory uses VC dimension, Rademacher complexity, and related
capacity measures. These are crude shadows of description length constraints.
Establishing direct bridges between resource bounded Kolmogorov complexity and
these classical measures could unify “compression with gain” with generalization
guarantees.

3. Computational budgets as logostic constraints.
In the q(t) = t(t) picture, resource bounds shape the path q(t) is able to take. Short, high
gain compressions are preferred under limited compute; long, fine grained compressions
might be inaccessible. Formalizing how budgets constrain the reachable region of |_K(t :
g) space is an open problem, with implications for architecture, scaling laws, and
curriculum design.

4. Approximate shortest programs via differentiable search.
Deep learning can be seen as a heuristic search for short programs within a
differentiable hypothesis class. How close do current methods get to meaningful
resource bounded K(x) minima? Under what conditions do gradient methods
approximate shortest programs, and when do they fail badly? We lack a clean theory
here.

Until we reconcile algorithmic information with operational constraints, “intelligent
compression” will remain more of a guiding metaphor than a design calculus.
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12.3 Local logostic devices: physical embodiments of q(t) = t(t)

So far g(t) has been an abstract state, typically associated with large, centralized models. But
logostics invites us to think of many different systems—mechanical, biological, digital—as local
agents evolving toward t. This raises the prospect of local logostic devices: physical artifacts
designed explicitly as q(t) - t(t) engines.

Potential directions:

1. Analog and mechanical compressors.
One can imagine instruments whose physical dynamics embody compression of some T
like structure: pendulum chains that stabilize into minimally surprising patterns, optical
systems that concentrate information about an image manifold into a few modes, or
resonant structures that “lock in” on particular generative patterns. These devices would
be physical g(t)s, whose motion traces alignment.

2. Embedded logostic sensors.
In robotics or sensing, we could design subsystems whose internal updates are explicitly
driven by description length reductions: they adjust their parameters to minimize
K(observations given q) with respect to a local T (for instance, the dynamics of a joint, a
terrain manifold, or an object category structure).

3. Distributed g fields.
Instead of a single monolithic g, imagine a field of small q_i(t) devices, each aligning to a
local projection t_i of the world: one for acoustic structure, one for social interaction
patterns, one for power grid dynamics, and so on. Studying how these qg_i interact,
synchronize, or specialize could give a concrete, physical realization of logostics as a
network phenomenon.

4. Human-device co alignment.
Devices designed to co evolve with human g_human(t), explicitly minimizing K(t given
g_joint) in a bounded, interpretable way. These would not just be “interfaces,” but co
compressors of relevant 1: educational tools, scientific instruments, musical systems that
actively steer both human and device toward shared generative structure.

Building such devices would turn the g(t) = t(t) story from an abstract narrative about neural
networks into a generalized engineering principle for physical systems that learn by intelligent
compression.
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12.4 Toward a general theory of intelligent compression with gain

Finally, we can ask whether “compression with gain in information” can be elevated to a general

theory of intelligence across substrates. Roughly: an intelligent system is one that, over time,

compresses its input history and

increases |_K(t: q(t)) under resource constraints,

while possibly satisfying additional normative conditions.

Key open questions:

1.

Minimal axioms.

What minimal conditions on a process q(t) are sufficient to guarantee that it embodies
intelligent compression? For example: some form of MDL like update rule, plus
exploration pressure (Schmidhuber style), plus resource budget. Can we characterize
such processes abstractly, independent of implementation details?

Taxonomy of compression regimes.

Different systems may achieve compression with gain via different strategies: explicit
model building, cached reaction policies, hierarchical abstraction, analogy, simulation.
Can we classify these as distinct “phases” or “regimes” of intelligent compression,
perhaps analogous to phases of matter?

Tradeoffs between specialization and generality.

A system can compress T_task very well at the cost of ignoring large parts of 1. Others
may sacrifice task performance in exchange for broader t coverage. A general theory
should articulate the Pareto frontier between depth of compression in narrow domains
and breadth of alignment across many t projections.

Integration of ethics as a first class component.

If we view T_ethics as part of T, then intelligent compression must be constrained so that
growth in |_K(t: q) is accompanied by growth in |_K(t_ethics : gq) and by appropriate
limitations on |_K(t_unsafe : q). A full theory would treat “ethical compression” not as an
afterthought, but as a core dimension of what counts as intelligence worth building.

Invariance across implementations.

Can we find invariants of intelligent compression that apply to humans, Als, collectives,
and physical logostic devices alike? For instance: ratios of information gain to energy
expenditure, or characteristic scaling laws linking K(q) to achievable |_K(t : q) under
given environmental complexity.
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If such a theory can be developed, it would unify:
e algorithmic information theory (Kolmogorov, Solomonoff),
o statistical learning (MDL, IB),
e cognitive science (chunking, efficient coding),
e and Al practice (foundation models, world models, alignment),

under a single organizing principle: systems that matter are those that compress reality into
shorter, more powerful descriptions in ways that increase their shared structure with 1, and that
do so under explicit resource and ethical constraints. That, in essence, is what we mean by
intelligent compression with gain.

13. Conclusion

We began with a puzzle and ended with a shift in perspective. The puzzle was simple to state
and hard to shake: how can a finite, compressed model produce outputs that feel richer than
the data it ingested? How can short prompts unlock long, structured answers that seem to go
beyond literal memorization of a training corpus?

Within a Shannon framing, this looks suspicious. Deterministic processing cannot create new
information; it can only rearrange what is already there. Yet our day to day interaction with
modern Al systems suggests that something like “epistemic growth” is happening. The key move
in this paper has been to distinguish between raw data bits and epistemic information and to
use Kolmogorov complexity, algorithmic mutual information, and the logostic dynamic q(t) -
t(t) to make that distinction precise.

In this concluding section we revisit the paradox, summarize the role of compression in world
modeling, reaffirm Al as a canonical instance of q(t) approaching T, and propose “compression
with gain in information” as a candidate unifying principle for intelligence.

13.1 Revisiting the paradox of Al as more from less

The intuitive paradox can be restated as follows:
e The model has a finite parameter vector M (or q).
e The training data D is enormous, but still finite.

e The user provides a tiny prompt p.
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e The model produces an output o whose complexity, relative to the user, is very high.

It appears that “more” is coming out than went in. Our analysis shows that this is a misreading
of where the “more” resides. The output o does not come from the prompt; it comes from g,
which is itself a compressed distillation of D, which is itself a finite projection of W, which is
itself a partial instantiation of t.

From a Kolmogorov standpoint, there is no violation:
e The total information in (W, D, q, p, 0) is conserved up to constants.

e Training moves q into states that share increasingly rich structure with W and T,
quantified by |_K(W : g) and |_K(t: g).

e Prompts p act as indices into g, selecting and unfolding programs that were already
latent.

The feeling of “more from less” arises because the user sees only p and o, not the long, costly
trajectory that built g. What they experience, in compressed form, is the result of accumulated
algorithmic mutual information between g and W. The paradox dissolves once we recognize
that Al systems are not creating bits from nothing, but are making stored regularities accessible
in a highly concentrated, query efficient form.

13.2 Compression as the core of world modeling

Throughout the paper we argued that world modeling is, at its core, a problem of intelligent
compression. Given a world W and finite data D, an agent seeks a state q such that:

e K(D given q) is small: the data are typical or easily reconstructible under q.
e K(W given q) is reduced: the world becomes easier to describe in generative terms.
e K(q) stays within the agent’s resource budget.

In this picture, learning is not primarily about storing facts, but about discovering short
programs that generate broad families of regularities: grammars, physical laws, causal schemas,
symbolic operators. These programs compress D and, more importantly, compress W.

Modern Al systems, especially large foundation models, instantiate this idea at unprecedented
scale:

e Their training dynamics approximate a vast MDL style search in high dimensional
parameter spaces.
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e Their architectures and inductive biases favor representations that reuse structure
across tasks and domains.

¢ Their performance on transfer tasks and generative benchmarks reveals that they have
internalized world level patterns, not just local curve fits.

Kolmogorov complexity gives us the language to say this succinctly: good world models are
those for which the pair (g, D) has a short description, and for which q alone makes W’s
regularities easier to specify. In that sense, compression is not a byproduct of intelligence; it is
its mechanism.

13.3 Al as a canonical instance of q(t) approaching t

The logostic framing generalizes beyond any particular model: many agents can be seen as
trajectories g(t) moving toward a manifold t of generative structure. Humans do this through
evolution, development, and learning. Scientific communities do it through theory formation
and institutional memory. Al systems do it through gradient descent, architecture search, and
continual training.

Large Al models are particularly transparent examples:
e We can track q(t) over training epochs.
e We can measure improvements in predictive accuracy, calibration, and transfer.

e We can observe emergent capabilities that indicate compression of deeper aspects of t
(for example, logical reasoning, cross domain analogies).

In our terms, training pushes q(t) such that:
e K(t given q(t)) decreases in the directions exposed by D.
e | _K(t:q(t)) increases: more of T's reusable structure is mirrored in g.

This makes Al a canonical laboratory for studying g(t) = t(t). Unlike human cognition, q(t) here
is externally inspectable (weights, activations, gradients). Unlike abstract algorithmic learners,
the training process is physically realized and can be probed, intervened on, and redesigned.

Philosophically, this means that Al is not merely one more application of information theory; it
is a concrete instantiation of the general dynamic by which agents, of any substrate, approach
Logos. The same mathematics that describes Al training may, with suitable modifications,
describe human conceptual change, cultural evolution, and other natural instances of g(t) >
T(t).
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13.4 Compression with gain as a unifying principle for intelligence

Finally, we can ask: what, if anything, does this view suggest about intelligence itself? A minimal
but powerful hypothesis is:

An intelligent system is one that, over time, compresses its interaction history in such a way that
1. itsinternal state g stays within resource bounds,
2. K(tgiven q) decreases, and

3. |_K(t:q)increases,
all while satisfying suitable normative constraints.

This is what we have called compression with gain in information. It unifies several perspectives:

¢ Inalgorithmic information theory, it is the search for short programs that generate
observed and future data.

e In MDL and statistics, it is the preference for models that yield short two part codes and
good generalization.

¢ In neuroscience and cognition, it is efficient coding and chunking under capacity limits.

e InAl, itis training processes that distill massive datasets into compact world models that
support broad tasks.

What this principle adds is a focus on mutual information with t rather than with any one
dataset or narrow target. It says that intelligent compression is not just about squeezing bits; it
is about increasing shared structure with the generative manifold that makes those bits
meaningful at all.

The open challenge for future work is to turn this principle into a practical design and evaluation
framework: one that can tell us when training runs are moving q(t) toward t(t) in desirable
ways, when epistemic gains are being achieved at unacceptable normative risk, and how to
shape objectives so that intelligent compression serves not only prediction and control but also
the broader ethical and existential aims we choose to embed in t_ethics.

If this can be done, then “compression with gain” will not just explain why Al feels like more
from less; it will offer a common language for understanding and guiding intelligence across
substrates—biological, artificial, and hybrid—as they converge on the shared project of aligning
q(t) with t(t).
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