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High Performance Computing Center (HLRS)

May 27th, 2025

1 / 18

mailto:nico.formanek@hlrs.de


Hume’s problem

David Hume (1711 - 1776)

Thus, not only our reason fails us in the dis-
covery of the ultimate connexion of causes
and effects, but even after experience has in-
form’d us of their constant conjunction, ’tis
impossible for us to satisfy ourselves by our
reason, why we shou’d extend that experi-
ence beyond those particular instances, which
have fallen under our observation.

A Treatise of Human Nature (1739)
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Hume’s problem in modern terms

Some orbital modelling.

• Model should generalize from seen to
unseen data.

• How do we know the model really
generalizes?

• Either: Assume some things and
mathematically prove a guarantee (SLT,
inductive logic, stats).

• Or: Test the model with unseen data.
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Seen Data

This is what you actually see in a telescope. Observed orbits of inner and outer planets.
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Creating the model from seen data

The model of two orbits.
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Textbook Kepler

Johannes Kepler (1571 - 1630)

• Kepler “obtains” Brahe’s data.

• Notices discrepancy with epicyclical models.

• Produces a better fitting model (elliptical orbits).
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The worry about overfitting

I sometimes have a nightmare about Kepler. Suppose a few of us were transported
back in time to the year 1600, and were invited by the Emperor Rudolph II to set
up an Imperial Department of Statistics in the court at Prague. Despairing of
those circular orbits, Kepler enrolls in our department. We teach him the general
linear model, least squares, dummy variables, everything. He goes back to work,
fits the best circular orbit for Mars by least squares, puts in a dummy variable
for the exceptional observation-and publishes. And that’s the end, right there in
Prague at the beginning of the 17th century.

David Freedman (1985)
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Did Kepler create his model from data alone?

A data independent assumption of Kepler.

• Kepler did not create his ellipses purely
from data.

• He had metaphysical and religious
convictions which influenced his model
selection.

• He had physical convictions which
influenced his model selection.

• In short: He supported his model with
data independent assumptions.
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Digression: What is overfitting?
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Overfitting and simplicity (1935)
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Ideas about overfitting from the literature (stats, ML)

Overfitting is . . .

• . . . model not generalizing.

• . . . model fitting noise.

• . . . model interpolating (training error = 0 or below optimal).

• . . . when complex model generalizes worse than simpler model (aka bias-variance
trade-off).

• . . . model misspecified (weak prior, wrong prior).

• . . . when method of inference yields model that doesn’t generalize.
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Condensation attempt

A model is overfit to the training data iff...

1. ...it does not generalize.

2. ...it is too complex and does not generalize.

3. ...the training error is less than expected.

A method is overfitting iff it yields models that are 1. or 2. or 3.
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Benign overfitting

• Some authors call interpolating models benignly overfitted.

• Contradicts the older concepts of overfitting (1. & 2.) which were decidedly
negative.

• Be aware!

13 / 18



Generalization apriori and aposteriori

• We would like to know the generalization before creating the model (apriori).

• Generalization is a relation between data, model and model selection procedure (as is
overfitting!)

• Establishing generalization after having seen some data seems therefore easier.

• Hume’s problem tells us that even aposteriori measures (e.g. CV) come with
assumptions.
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Coming to terms with Hume’s problem

• Science creates new (unseen) data to test models.

• Science also creates new preferences among inductive assumptions.

• As long as inductive assumptions are an explicit part of the model they can be
discussed.

• Automated methods for model selection often hide inductive assumptions in the
models they select.

• We cannot discuss our preferences for inductive assumptions once they are hidden.
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The End
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