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What are Deep Learning researchers for? (hint: not for building applications)

® |nvestigate, understand, and communicate how to let application-specific
engineers build foundation model systems.
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Existential questions

What are Deep Learned foundation/frontier models for?

® Al as a Swiss army knife: Used broadly in any application.

What are Deep Learning researchers for? (hint: not for building applications)

® |nvestigate, understand, and communicate how to let application-specific
engineers build foundation model systems.

We train application-specific engineers using courses/textbooks;

Deep learning researchers find out what should be in the textbook.
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WHoAMI: Jan van Gemert

Computer Vision lab @ TU Delft

Two main research themes:

@® Fundamental empirical understanding-based
deep learning research; (to)

@® Increase data-efficiency to allow visual Al model
training outside big tech.
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My work for fundamental empirical research in ML/DL

Reproduced Papers

Statistics

# Reproductions /
Paper
2.4

# Papers # Reproductions
180 136

ReproducedPapers.org

The Storyline:
The beating heart of empi ML/DL research

Online research guidelines
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Controlled Datasets

Statistics
# Papers # Controlled Datasets

6 4

ControlledExperimentsinML.org

Fupelit

DSAIT4205 Fundan1énta| Researcﬁ in Machine and Deep
Learning (2024/25 Q4)

jeadlines + Buddycheck +

reming you sbou

MSc course
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https://reproducedpapers.org/
https://jvgemert.github.io/links.html
https://controlledexperimentsinml.org/
https://brightspace.tudelft.nl/d2l/home/680990

Metascience for Machine Learning

o0ks,bat avout

https://metascienceforml.
github.io/

This ECCV'26 workshop


https://metascienceforml.github.io/
https://metascienceforml.github.io/
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| first thought to do a paper pre-registration; here's why | didn't:
Pre-registration and registered reports: Example of intervention forced by
researchers on researchers, to align incentives (in Psychology):
® Pre-registration: to motivate hypotheses. Avoid “p-hacking” of spurious
unreproducable results; avoids the cost in invalid theory building.

® Registered report: to allow negative results to get past reviewer 2; avoid
costs of repeatedly redoing plausible negatives.
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| first thought to do a paper pre-registration; here's why | didn't:
Pre-registration and registered reports: Example of intervention forced by
researchers on researchers, to align incentives (in Psychology):
® Pre-registration: to motivate hypotheses. Avoid “p-hacking” of spurious
unreproducable results; avoids the cost in invalid theory building.
® Registered report: to allow negative results to get past reviewer 2; avoid
costs of repeatedly redoing plausible negatives.

Why not?
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| first thought to do a paper pre-registration; here's why | didn't:
Pre-registration and registered reports: Example of intervention forced by
researchers on researchers, to align incentives (in Psychology):
® Pre-registration: to motivate hypotheses. Avoid “p-hacking” of spurious
unreproducable results; avoids the cost in invalid theory building.
® Registered report: to allow negative results to get past reviewer 2; avoid
costs of repeatedly redoing plausible negatives.

Why not?
® Reproducibility costs are low
in ML. See: ICML’26

Reproduction HF hackathon:
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| first thought to do a paper pre-registration; here's why | didn't:
Pre-registration and registered reports: Example of intervention forced by
researchers on researchers, to align incentives (in Psychology):
® Pre-registration: to motivate hypotheses. Avoid “p-hacking” of spurious
unreproducable results; avoids the cost in invalid theory building.

® Registered report: to allow negative results to get past reviewer 2; avoid
costs of repeatedly redoing plausible negatives.

Why not?
L4 Reprod uci blllty costs are low Back in July, ran a hackathon where more than 1,200 community
in ML. See: ICML'26 0 oduce the
. participants
Reproduction HF hackathon: e P days, particpants
pub apers, about a

(eg: "metric learning reality check”; "Is there

® Negative results get published.
progress in activity progress prediction?”; " Are current long-term video

understanding datasets long-term?")

Phoning home to science E.T.: Empirical Theory in Representation Learning Sept 08, 2026 6/13


https://huggingface.co/blog/icml-2026-open-reproductions

Often, deep learning is scientifically shallow [2:3:4]

Observation
/ question

Research
topic area

Scientific

method
Analyze .
Hypothesis
Test with

experiment




The scientific method!! in times of deep learning

Often, deep learning is scientifically shallow [2:3:4]

Observation
/ question

>

Research
topic area

Report
conclusions

iy

Scientific
method

Analyze
data

\ Test with /
experiment

Hypothesis

Phoning home to science

Trial and error (graduate student descent)
Opportunistic ('getting in'). Salary vs science;
Incentives innovation, not science;

Reviewer damage (Bold-nr fetish; Mathiness)!?!;
SOTA-focus benefits the large compute/data few;
Confusing speculation with explanation!?/;

Not identifying the reasons for empirical gains!?.
Confusing benchmarks with 'real-world’

Not clear if results generalize to other work.
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Often, deep learning is scientifically shallow [2:3:4]

Observation ® Trial and error (graduate student descent)

/ question

>

Opportunistic ('getting in'). Salary vs science;

Research
topic area

Report
conclusions

iy

Incentives innovation, not science;

Scientific
method

® Reviewer damage (Bold-nr fetish; Mathiness)?;
® SOTA-focus benefits the large compute/data few;

Analyze
data

\ Test with /
experiment

Hypothesis

e Confusing speculation with explanation!?;
 Not identifying the reasons for empirical gains/?.
® Confusing benchmarks with 'real-world’

® Not clear if results generalize to other work.

"GPU goes BRRR": no mathematical optimality; Need for Empirical Theory.
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Hypothesis

e Confusing speculation with explanation!?;
 Not identifying the reasons for empirical gains/?.
® Confusing benchmarks with 'real-world’

® Not clear if results generalize to other work.
"GPU goes BRRR": no mathematical optimality; Need for Empirical Theory.

® ML/DL has not many empirical theories.
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The scientific method!! in times of deep learning

Often, deep learning is scientifically shallow [2:3:4]

Observation ® Trial and error (graduate student descent)

/ question

>

Opportunistic ('getting in'). Salary vs science;

Research
topic area

Report
conclusions

iy

Incentives innovation, not science;

Scientific
method

® Reviewer damage (Bold-nr fetish; Mathiness)?;
® SOTA-focus benefits the large compute/data few;

Analyze
data

\ Test with /
experiment

Hypothesis

e Confusing speculation with explanation!?;
 Not identifying the reasons for empirical gains/?.
® Confusing benchmarks with 'real-world’

® Not clear if results generalize to other work.

"GPU goes BRRR": no mathematical optimality; Need for Empirical Theory.

® ML/DL has not many empirical theories. Some that | am aware of:
o Neural Scaling Laws; o Bias/variance o ML is like physics/neuroscience;
o Simple axioms explain intelligence o Platonic representation hypothesis o ...
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Storyline: Force empirical evidence for each step

< cl:
< c2: Controlled
No-

confounders
c3: toy-problems
<c4:
How
Why done
interesting? now? Problem Proposed Experiments
Focused. Relevant. So what? 'How?'
Real-world. Factual. not 'what' 4:
< u3: Uncontrolled
With-
< o confounders
‘real' data.

< E
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Storyline: Actionable for both author and reviewer

Why
interesting?

1

Focused.
Real-world.

Phoning home to science

cl: is the controlled setting a reasonable approximation?

<

How
done
now?

2

Relevant.
Factual.

Compare setting: Controlled vs Typical (eg: literature/practice)|

c2: is the baseline method reasonable?|

<

Baseline vs Naive variant (eg: random chance, avg value)

Problem

3

So what?

¢3: baseline method has problem?

<

Comparc baseline method on:
Data-with-problem vs data-without-problem

Proposed

4

'How?'
not 'what'

c4: address?|

Controlled
No-
confounders
toy-problems

lethod™vs Baseline on
data-with-problem

Experiments

5

4: improve?|

Method vs Baseline

u3: problem exist in 'real’ data?

Uncontrolled;

<

Tdentiy data samplcs with problem

With-

< u2: do the 'how done now" baselines reproduce?
‘ompare: reproduced baseline numbers vs reported baseline numbers on same dataset

confounders
‘real' data.

ul: is there 'real' relevant data? (interesting setting?)!

<

Compare setting: chosen datasets vs other datasets
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Storyline encourages empirical rigor

® Storyline required to fit on 1 page to have © TEMCapmd |
a|| points avai|ab|e at the same time. Empty storyline template (replace with paper title)

Please follow: https://jvgemert.github.io/storyline.pd
Each term that is used needs to be introduced/motivated. A

® Forees Helps the authors to provide fist-time. use of a term can be colored; a re-used term under

Try to fit to a single

.. . age; remove unused words; grammar is o
emplrlcal evidence margins or font size if really needed. OK; if 2 pages are needed; so "
® We have "normal” review questions: 1. Why interesting?
. . . : b
summary; pos/neg, scope; rating. 2. How done now?
® Reviewers are asked to review the storyline -
for argumen ta thn (pOInt 1_4 in the J,HV\./hat is missing, and So What?
storyline) and for Empirical rigor (the 4"Broposed spproach (P).
arrows) b
5. Experimental questions.
o .
c2: .
c3: .
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Program on the website

Thanks to all co-organizers and keynotes!


https://empiricaltheory.github.io/
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