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It's awesome.
[t's complex.

Anton Grabolle / Better Images of Al / Al Architecture / CC-BY 4.0



Real-world workflows are challenging

Standard Data Approach Evaluation
Workflow

reasonable validation on
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AutoML-assisted workflows

Goals Why?
Lo 17 high-performance solutions 9 @ fair comparisons
& efficient resources usage /7 robust development
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A really short story on AutoML

per-
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evaluation
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Image source: M. Baratchi, C. Wang, S. Limmer, J. van Rijn, H. Hoos, T. Back, M. Olhofer: Automated
machine learning: past, present and future. Artif Intell Rev 57, 122 (2024).



Examples of AutoML Methods

Normal Cell

Reduction Cell

Normal Cell

Reduction Cell

Neural Architecture Search
i What is the best DL architecture for my
e, e, Sefr . S, ... Skn. . 20 0. Dy F: ot Now! At task (and hardware)?

All operation
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Image source: C. White, M. Safari, R. Sukthanker, B. Ru, T. Elsken, A. Zela, D. Dey, . Hutter: Neural Architecture Search: Insights from 1000 Papers arXiv
(2023).

«— AutoML'24

J. Dotzel, G. Wu, A. Li, M. Umar, Y. Ni, M. Abdelfattah, Z. Zhang, L. Cheng, M. Dixon, N. Jouppi, Q. Le, S. Li
FLIQS: One-Shot Mixed-Precision Floating-Point and Integer Quantization Search |n; AutoML Conf (2024)



Examples of AutoML Methods e

" Recursive Random
Combine
Features Feature Forest
Elimination Classifier

Weighting
. Image source: R. Olson. N. Bartley, R. Urbanowicz and J. Moore: Evaluation of a Tree-based Pipeline Optimization
Model 1 del 2 odel n Tool for Automating Data Science. In: ACM (2016)

AutoML Systems

What is the best ML pipeline for my task
e e, e and resource constraints)?

AutoML
system

meta- build

Classification

Foundation Models

learning eproce ensemble

ML framework

unimodal / 1__| ¥ Hugging Face

H 1
multlmodal—' timm

Image source: M. Feurer, A. Klein, K. Eggensperger, T. Springenberg, M. Blum, F. Hutter: Efficient and Robust Automated Machine Learning. In: NeurIPS 2015
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Fine-tune foundation models with 3 lines of code

segmentation|~

Image source: Zhigiang Tang, Haoyang Fang, Su Zhou, Tacjiannan Yang, Zihan Zhong, Cuixiong Hu, Katrin Kirchhoff, George Karypis: AutoGluon-Multimodal
(AutoMM): Superc . nodal AutoML with Foundation Models. In AutoML'24




Load Forecasting

AutoML Applications

Causal Discovery

Game Playing

J. Keisler, S. Claudel, G. Cabriel, M. Brégére: Automated Deep Learning for load forecasting. In: AutoML'24

G. Chan, T. Claassen, H. Hoos, T. Heskes, M. Baratchi:
AutoCD: Automated Machine Learning for Causal Discovery
Algorithms. In: AutoML (2024)
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J. Robertson, N. Hollmann, N. Awar, F. Hutter: FairPFN: Transformers Can Do Counterfactual Fairness. In: AutoML'24 \

Reinforcement
Learning

RL Pipeline

Martijn PA. Starmansa et al. Reproducible
radiomics through automated machine learning
validated on twelve clinical

applications. In: arXiv (2021)

RL Algorithms

Continuor

Discrete >, PPO,DQN

RL Environments

3 Mujoco

G. Shala, S. Arango, A. Biedenkapp, F. Hutter, J.
Grabocka: HPO-RL-Bench: A Zero-Cost Benchmark
for HPO in Reinforcement Learning. In: AutoML'24




(Auto-)ML assisted workflows
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AutoML

New tasks:
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Standard tasks:
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One use case: tabular data

e Simple and easy-accessible
e Available in many domains
e Challenging for ML

P iy

— High Demand for AutoML

e HPO methods
e AutoML Systems for
non-ML-experts
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Culmen Length Culmen Depth Flipper Length Weight Sex Species
39.1 18.7 181 3750 5] Adelie
39.5 17.4 186 3800 <] Adelie
40.3 18.0 195 3250 8 Adelie
353 18.9 187 3800 a Adelie
40.6 18.6 183 3550 5] Adelie
40.5 17.9 187 3200 <] Adelie
42.3 21.2 191 4150 o] Adelie
45.2 178 198 3950 2] Chinstrap
46.1 18.2 178 3250 <] Chinstrap
49.8 15.9 229 5950 5] Gentoo
435 15.2 213 4650 a Gentoo
51.5 16.3 230 5500 5] Gentoo
46.2 14.1 217 4375 8 Gentoo
55.1 16.0 230 5850 ] Gentoo

Y Y
A
Culmen Length Culmen Depth Flipper Length Weight Sex
36.7 19.3 193 3450 2]
39.3 20.6 190 3650 5]
38.9 17.8 181 3625 8
51.4 19 201 3950 5]
45.7 173 193 3600 a
50.7 19.7 203 4050 ]
425 17.3 187 3350 2]
48.1 151 209 5500 5]
50.5 15.2 216 5000 2]




One use case: tabular data

e Simple and easy-accessible
e Available in many domains
e Challenging for ML

— High Demand for AutoML

e HPO methods
e AutoML Systems for
non-ML-experts
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Let’s build an AutoML system

?

- = Input —» —» Output —® Decision

Should work on any supervised
tabular classification task.
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Standardize in- and output

?

Data, Metric, u
Budget >
Should work on any supervised
tabular classification task.
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Needed: ML in four lines of code

import automl
Data, Metric, >>> cls = automl.Classifier()
B Budget >>> cls.fit(X _train, y_train)
>>> predictions = cls.predict(X_test)
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One solution: Auto-sklearn 1.0

_ Data, Metric,
Budget

Bayesian optimizer

data pre- feature —
classifier
processor preprocessor

AutoML]
system

Model

’Predictions,
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Auto-sklearn 1.0 to Auto-sklearn 2.0

Self-configure
A set of good, diverse system for new tasks
starting points —\/
AutoML
multi-fidelity optimizer system

Data, Metric, . | data pre- feat - Predictions,
] (11 \ l
—

make use of partial
evaluations
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Open-source Auto-sklearn

automl / auto-sklearn

) Issues 188 Pull requests 7 Discussions Actions Projects 1 iki Security 2

e auto-sklearn Edit Pins ~ Unwatch 215 Fork 1.3k Star 7.5k

Used by 518
ECEAQGTG® -

>>> cls = autosklearn.classification.AutoSklearnClassifier() Contributors (0
>>> cls.fit(X_train, y_train) 200 0%

>>> predictions = cls.predict(X_test) Qu 5§’ 209

ntributo

import autosklearn.classification

e used for many applications (>2.5K citations and >15K downloads/month)
e won 2 AutoML competitions
Jautoml/auto-sklearn
lautoml/auto-sklearn-talks

M. Feurer, A. Klein, K. Eggensperger, T. Springenberg, M. Blum, F. Hutter: Efficient and Robust Automated Machine Learning. In: NeurlPS 2015
M. Feurer, K. Eggensperger, S. Falkner, M. Lindauer, F. Hutter: “Auto-Sklearn 2.0: Hands-free AutoML via Meta-Learning. In: JMLR 2022 [ 19



An (incomplete) timeline of AutoML systems for tabular data

AutoML I

2015/16
Ensemble
selection from AGEYILWNGGEETE GA-PSO-FMS AutoML II
libraries il Learning vs Prior [Sun et al] FLAML [Wang et
models Learning Auto-WEKA  Auto-sklearn LU IR IIB Auto-Keras LightAutoML
[Caruana et al.] 2007 [Thornton et al.] [Feurer et al] [Jin et al] [Vakhrushev et al]

2005 2010 2014 2016 2020 2022

2004 2012 2015 2019 2021
Gene Expression Ensemble particle Hyperopt- TPOT [olson et al] Auto-Gluon Auto-sklearn
Model Selection swarm model sklearn H20 [LeDell et al] [Erickson et al] 2.0 [Feurer et al]
[Statnikov et al.] selection [Komer et al]

[Escalante et al] AutoML

Benchmak
2022

AutoML

GrandPrix

& 0 machine learning 2024
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= for science
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https://ieeexplore.ieee.org/abstract/document/4371365
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https://ieeexplore.ieee.org/abstract/document/5596915
https://dl.acm.org/doi/10.1145/2330784.2331014
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https://proceedings.scipy.org/articles/Majora-14bd3278-006
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https://www.automl.org/wp-content/uploads/2020/07/AutoML_2020_paper_61.pdf
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https://arxiv.org/abs/2003.06505
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https://arxiv.org/abs/2109.01528
https://arxiv.org/abs/2007.04074

Tabular (Auto-)ML now. ICL?

Data, Metric,

Budget > TabPFN Predictions / Model

(in-context learning)

TL;DR TabPFN, a transformer pre-trained
* _____________ | on synthetic data, that instantly yields
predictions for tabular datasets.

O _"—.—:7 r Remarks:
?E Tuned ML Methods :
N e Up to 1000 samples, 100 features,
10 classes

1 | e works best on continuous datasets

a1 - l w/o missing values
Is 58 30s Smin 1h

Budget

O/automI/TabPFN



Tabular (Auto-)ML now. LLMs? Agentic Data Science?
Architectures? Synthetic Data Generation?

(Automated)

Feature
Engineering

Synthetic
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...the end?
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Or not?

IT DOESN'T
WORK ON MY
DATA. IT’S NOT
GOOD ENOUGH.
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When applying (Auto-)ML
Can we frame it in a standardized description? __
How can we measure performance? '
Are there additional constraints?

¢ €¢¢

Could this be an ML benchmark task?

When researching ML methods pet= When researching AutoML methods

formance : _ 2
@ s the method flexible? evaluation @® Doesit sca}e to real-world ML
® What's an effective search space? ® How does it perform across tasks?
. . . 1 2
@ Are there priors / heuristics? ® Where does it not work?
@ Could this be an AutoML AutoML @ Isit easy-to-use?
benchmark task?
search search
space algorithm
Image source: M. Baratchi, C. Wang, S. Limmer, J. van Rijn, H. Hoos, T. Back, M. Olhofer: Automated
machine learning: past, present and future. Artif Intell Rev 57, 122 (2024).
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ML needs AutoML!
AutoML needs M].2

! AutoML makes progress in ML accessible.
2 ML is the foundation of AutoML.

Thanks!

s Katharina Eggensperger
o . katharina.eqgensperger@uni-tuebingen.de
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