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The Geofinite Learning Thesis

Overview

The Learning/Generalization Problem asks how a model
trained on finite observations can make reliable predic-
tions beyond them. Classical accounts often frame this
in terms of population risk, capacity bounds, asymp-
totic convergence, or distributional assumptions. Yet real
learning systems operate under finite data, finite com-

pute, finite precision, and finite observational reach.

This paper presents the Geofinite Learning Thesis. Through
the lens of Geofinitism, learning is not the discovery of
a universal rule from finite data, but the construction
of a measured predictive trajectory within a bounded
data manifold. Generalization is therefore not an ab-
solute property of a model, but a local, auditable claim
about stability, uncertainty, density, and transfer within

a finite observational container.

Introduction

A learning system receives a finite dataset

S = {(zs,yi) }izy
and produces a model
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The central question is whether f, will perform well on
unseen inputs. In classical statistical learning theory, this
is often expressed as a relation between empirical risk and

expected risk:

R(f) = E(m,y)wD[g(f<x>7 y)]7

where D is the assumed data-generating distribution.

The difficulty is that D is never fully observed. It is
inferred from finite samples. The model therefore does
not generalize into an abstract universal domain, but into
a partially measured region shaped by the training data,
measurement protocol, model architecture, optimization

procedure, and deployment environment.

Geofinitism begins from this finite condition.

Classical Generalization and Its Limits

(Classical learning theory provides powerful tools: VC di-
mension, PAC bounds, regularization theory, Bayesian
inference, stability analysis, and information-theoretic ap-
proaches. These tools illuminate aspects of generaliza-
tion, but they often rely on idealized assumptions: inde-
pendent and identically distributed data, stable distribu-
tions, exact labels, precise parameters, and asymptotic

sample limits.

Modern deep learning has exposed the incompleteness of

these assumptions. Overparameterized models can in-
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terpolate training data and still generalize. Generaliza-
tion may improve again after the interpolation threshold,
producing double descent. Models can perform well in-
distribution while failing under distribution shift. These
phenomena suggest that generalization cannot be under-
stood solely as a scalar gap between training error and

test error.

From a Geofinitist perspective, this is expected. Learning
is not a single leap from sample to truth. It is a finite

trajectory through a structured container.

Measured Learning Systems

Let a training process be represented as:
Train" (A, S) = (fs, 26, Poain; C'€0),

where A is the learning algorithm, S is the dataset, fy
is the trained model, gy records parameter uncertainty
or numerical variability, P, ., records provenance, and C'

records compute, time, and resource cost.

A prediction is similarly measured:

PredM<f97 .fC) = (ga €5 Ppred)-

This makes prediction a finite act, not an abstract func-
tion evaluation detached from the conditions under which

it was produced.
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The Data Manifold

Let Mg denote the measured data manifold induced by
the training set S. This may be estimated through lo-
cal density, nearest-neighbor structure, graph Laplacians,
embeddings, clustering, or other admissible finite proce-

dures.

For a point z, define a locality or support score:

ps(z) = (ﬁ(az),ep,Pp) eM,

where p(x) measures local support from training data.

Predictions made in high-density regions of Mg are not
equivalent to predictions made far outside it. Thus, Ge-

ofinitism distinguishes between:
supported
x € Mg

and

unsupported
x € Mg .

The latter is not merely a harder case. It is a different

kind of claim.

Measured Generalization

Define a local generalization functional:

G"(z) = (AE(x), 0¢(x), Pa),
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where AF(zx) estimates the difference between observed
training behavior near x and validation or deployment
behavior near z, og(x) records uncertainty, and Pg records

provenance.

A practical form is:

AE
G(z) = S + o(z,0x),

where dx > 0 is a finite displacement in input or repre-

sentation space.

The uncertainty term may be modeled as:

1
U(:E7 51‘) - kl —+k2||vf9<m)||6x+k3€num+k4€1abela
Ner ()

where neg(z) is effective local sample density, €,u, nu-

merical uncertainty, and € label uncertainty.

Layerwise and Trajectory-Based Gener-

alization

For a deep model with K layers, let hy(z) denote the rep-
resentation at layer ¢. Generalization is then measured

as a cascade:
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where each Gy records stability, uncertainty, and support
at a given representational depth.

This is important because failures may not appear at
the input level. A point may lie near the training data
in raw input space but diverge in latent representation
space. Conversely, a point may appear superficially dif-
ferent while remaining close to a learned semantic trajec-

tory.

Learning is therefore not only geometric in input space.

It is geometric across the induced representational man-
ifold.

Operational Generalization Criterion

For a domain region {2 C X, define generalization to hold
when:

|G* ()] < 0(x)

for all tested x € €2, with uncertainty included, and when:

PS(I) 2 Pmin-

If the uncertainty exceeds the decision margin, the cor-

rect outcome 1is:

INDETERMINATE.

If the point lies outside the supported manifold, the out-
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come is:

OUT_OF_DISTRIBUTION.

Thus, the model does not simply return a prediction.
It returns a prediction together with a claim about the

admissibility of that prediction.

Distribution Shift

Let DM . and DM

rain deploy D€ measured training and deploy-

ment distributions. Define a shift score:
Ap = dui(Dirains Daeploy) -
Generalization claims are admissible only when:
Ap < 7p

or when the model has been explicitly validated under

the shifted regime.

Otherwise, the correct report is not failure, but boundary
crossing:
UNSUPPORTED_TRANSFER.

Compression, Simplicity, and Generaliza-
tion

Generalization is closely related to compression. A model

that merely memorizes the training set may achieve low
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training error but fail to extract stable structure. A
model that compresses the data into a robust represen-

tation may generalize better.

Define a measured representation cost:
L"(fy, S) = L(0) + L(S | fo) £ 1

A Geofinite learning system seeks not merely low empir-

ical loss, but a stable trade-off:
T = Rs(fo) + AL (fo, ) + nU™(fo),

where UM records uncertainty and instability.

This connects learning to measured description length

without reducing learning to a single compression score.

10. Robustness and Perturbation Stabil-
ity
Let P, (z) be a perturbation operator. Define robust gen-

eralization:

Gy (x) = By [G(Py(2))]

n

A prediction is robust when the output and uncertainty

remain stable under admissible perturbations:

dui(fo(x), fo(Py(2))) < 7.
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This distinguishes stable learned structure from brittle

boundary behavior.

The Geofinite Learning Thesis

Geofinite Learning Thesis. Learning is
not the extraction of a universal rule from
finite data, but the construction of a finite
predictive trajectory within a measured data
manifold. Generalization is an admissible claim
only where prediction remains stable under
uncertainty, supported by local data density,
robust across relevant perturbations, and doc-
umented by provenance. Outside these fi-
nite conditions, the proper outcome is not
confident extrapolation but abstention, un-

certainty, or out-of-distribution warning.

Discussion

The Geofinite Learning Thesis reframes the central prob-
lem of machine learning. It does not ask whether a
model has discovered the true law behind the data. It
asks whether a model’s predictions remain stable, repro-
ducible, and supported within the measured container

from which they arise.

This shift matters because many failures of modern Al

are not failures of prediction in the narrow sense. They
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are failures of admissibility. A model provides a confi-
dent answer where the data manifold offers no support.
It extrapolates beyond provenance. It presents a point
estimate where uncertainty should dominate. It treats

unsupported transfer as ordinary inference.
Geofinitism makes these distinctions explicit.

A model may therefore be evaluated not only by accu-
racy, but by its ability to know where its accuracy claim
is grounded. The best model is not the one that always
answers. It is the one whose answers carry finite evidence,

uncertainty, and boundary awareness.

Collapse to the Classical Account

In the idealized limit of infinite samples, stable distri-
butions, exact labels, unbounded compute, and vanish-
ing uncertainty, Geofinite generalization approaches the

classical statistical account:

Rs(f) = R(f).

But this limit is not the condition under which real learn-

ing occurs. It is a useful fiction.

Geofinitism keeps the finite structure primary. General-
ization is not a promise made at infinity, but a measured

claim made here.
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Conclusion

The Learning/Generalization Problem appears mysteri-
ous when framed as a leap from finite data to univer-
sal rule. Through the lens of Geofinitism, the mystery
dissolves. A model generalizes where its predictive tra-
jectory remains within a supported, stable, measurable

region of the data manifold.

This does not weaken learning. It makes learning more

honest.

Generalization becomes a finite, auditable, provenance-
bearing claim. Prediction becomes a measured act. Un-
certainty becomes part of the output, not an embarrass-
ment to be hidden. And out-of-distribution behavior
becomes not a surprising failure, but a clearly marked

boundary of the observational container.

In this form, the learning problem is no longer the im-
possible task of mapping an infinite unknown from finite
samples. It is the disciplined construction of finite maps

that know where their rivers end.
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