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The problem we saw in 2013

The University
of Waikato

UNI
FREIBURG

 Excellent OSS ML software: WEKA [Witten et al, since 1999] &
— GUI-based, particularly popular with novice users L

— ML growing quickly, already 18k citations for WEKA Catogorical Numeric

Baves NET 2 0
NAIvE BAYES 2 0
NAIVE BAYES MULTINOMIAL 0 0
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* Goals of AutoML L
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Our background on automated algorithm configuration in 2013
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* Automated algorithm configuration: finding an algorithm’s best setting
— Topic of my PhD thesis [2009]

* Many successful fielded applications in combinatorial optimization

— E.g., SAT: 500x speedup for software verification by tuning 26 parameters [FMcAD, 2017]
— E.g., MIP: 50x speedups of CPLEX solver by tuning 61 parameters [CPAIOR, 2020]

* Had just developed SMAC: high-dimensional Bayesian optimization
— Already ML on the meta-level; obvious to also apply to ML on the base level

Frank Hutter A Decade of AutoML: Reflections and the Road Ahead KDD 2023 Test of Time Award Presentation
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RapidMiner:

grid search for
chain of operators

Particle swarm
model selection

1990s: many works
on neuro-evolution

Frank Hutter

Auto-WEKA

Making a science of
model search —
optimizing hundreds
of dimensions of
vision architectures

A Decade of AutoML: Reflections and the Road Ahead

Related work on AutoML systems in 2013

Runner-up for
ICML Test of Time Award
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https://www.jmlr.org/papers/volume10/escalante09a/escalante09a.pdf
https://www-ai.cs.tu-dortmund.de/PublicPublicationFiles/fischer_etal_2002a.pdf
https://www.researchgate.net/publication/340035456_A_Reinforcement-Algorithm_Framework_for_Automatic_Model_Selection/fulltext/5e7403a5a6fdccda8b70e892/A-Reinforcement-Algorithm-Framework-for-Automatic-Model-Selection.pdf
http://proceedings.mlr.press/v28/bergstra13.pdf
https://ml.informatik.uni-freiburg.de/papers/11-LION5-SMAC.pdf
https://ml.informatik.uni-freiburg.de/papers/11-LION5-SMAC.pdf
https://ml.informatik.uni-freiburg.de/papers/11-LION5-SMAC.pdf
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Model selection & hyperparameter optimization

 Model selection (with cross-validation)

A" Eargmm— D(r;m,D(a)l )
s £ A L)

Loss of algorlthm A on
i-th cross-validation fold

 Hyperparameter optimization
k

1 (7) (7)
b\ Eargml E SJ(C(Akapt@n?Dvalid)/
=1

Loss of algorithm A with
hyperparameters A on
i-th cross-validation fold

1
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Technical innovation: tackling these problems jointly

 Combined Algorithm Selection and Hyperparameter optimization (CASH)

A%x+ €  argmin ZE A(J) Dt(gmapx(glid)
A eAXNeA) k % %

Loss of algorithm Al) with hyperparameters A
on i-th cross-validation fold

* This can be written as a single HPO problem with hierarchical dependencies

Classifier € {RF, SVM}

CIassifier=RIi/ \CAIassifier=SVM

kernel,
cost, gamma, ...

max depth,
#trees, split criterion, ...
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Auto-WEKA’s configuration space

Base classifier
— 27 choices, each with their own hyperparameters

* Hierachical structure on top of base classifiers

AdaBoostM]1

Bagging

iterations iterations |
use resampling out of bag err

]
|
|
|
|
|
' |percentage + « « |percentage
|
|
|
|
|

| meta_base
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Auto-WEKA’s configuration space

 Feature selection
— Search method: which feature subset
— Evaluation method: how to evaluate feature subsets in that search

— All of these methods have further hyperparameters

* |n total: 768 hyperparameters, 10%’ configurations

. CFS Subset RELIEF

______________________________________

Best First

i Greedy Stepwise

|

I . N ! * * *

[ fwd. 'bkwd. direction ', |missing as separate num neighbours

. | conservative + « + |non-improving nodes| '+ ! |include locally predictive weight by distance
' |threshold lookup cache

________________________________________
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* Baselines
— Model selection only (default hyperparameters)
— Random search: union over grids of 27 base classifiers

* Auto-WEKA: Bayesian optimization with tree-based models
— Variant 1: BO with tree-structured kernel density estimator, TPE [Bergstra et al, '11]
— Variant 2: BO with random forest model, SMAC [Hutter et al, '11]

k
i=1

Frank Hutter A Decade of AutoML: Reflections and the Road Ahead KDD 2023 Test of Time Award Presentation

e Speedup technique for optimizing CV in SMAC
— Skip configuration if results too poor on first folds

Methods for CASH
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Experimental Setup

* 21 prominent datasets from the ML literature
— Many datasets from UCI
— CIFAR-10
— MNIST
— KDD-Cup

e Data split into training & test

* Running Auto-WEKA
— Training time: 30 hours on 4 cores
— Optimize cross-validation on the training portion

— Evaluate on the test portion

Frank Hutter A Decade of AutoML: Reflections and the Road Ahead KDD 2023 Test of Time Award Presentation 11
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* Auto-WEKA outperforms best base classifier
— Even if best base classifier is chosen on test set
— In 6/21 cases: over 10% relative improvements

* Auto-WEKA vs random grid search

— 100 times faster
— CV: Better in 20/21 cases

 Within Auto-WEKA, SMAC vs TPE
— CV: SMAC better in 19/21 cases, 1 tie

— Difference usually small,
only substantial in few cases (SMAC better)

Frank Hutter A Decade of AutoML: Reflections and the Road Ahead

DEXTER
GERMANCREDIT
DOROTHEA
YEAST
AMAZON
SECOM
SEMEION

CAR

MADELON
KR-vs-KP
ABALONE
WINE QUALITY
WAVEFORM
(GISETTE
CONVEX

CIFAR-10-SMALL

MNIST BaAsic

Ror. MNIST + BI

SHUTTLE

KDD09- APPENTENCY

CIFAR-10

Empirical results

RAND. AvuTto-WEKA
GRID  7pp  SMAC
748  9.90 5.48
2245 21.43  19.59
6.03  6.03 5.52
383.87 35.03  36.27
43.94 4843  48.30
6.12  6.25 5.34
6.52  6.01 4.86
154  0.94 0.71
2426 2426  20.87
0.70  0.45 0.32
7245 7220  71.76
3728 35.04  34.74
12.73 1257  11.71
397 3.70 2.42
2850 20.04  24.70
65.11 57.07 __ 57.76
1.00 [13.64 3.64
50.75 | 73.04  59.61
0.0263 0.0230 0.0230
1.88  1.88 1.75
65.54 66.68  63.21

KDD 2023 Test of Time Award Presentation
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Follow-up: Auto-WEKA 2.0 JMLR MLOSS 2016 tool paper

Auto-WEKA 2.0: Automatic model selection
and hyperparameter optimization in WEKA

Lars Kotthoff LARSKOQ@CS.UBC.CA
Chris Thornton CWTHORNTQCS.UBC.CA
Holger H. Hoos HOOS@CS.UBC.CA
Frank Hutter FH@CS.UNI-FREIBURG.DE
Kevin Leyton-Brown KEVINLB@QCS.UBC.CA

* Regression

 Parallelization

Lars Kotthoff

* Fully integrated with WEKA: available through WEKA’s package manager

— Over 1000 downloads per month

Frank Hutter A Decade of AutoML: Reflections and the Road Ahead KDD 2023 Test of Time Award Presentation 13
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What happened since?
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= AutoML: A Timeline

—

g
Start of
yearly First AutoML
AutoML conference:
workshop: still collocated
ICML 2014 with ICML 2022

Auto-WEKA

Year

Making a science of

model search — Hyperopt-sklearn AutoML 2023:
o?’gmizing hundfreds first standalone
of dimensions o

conference
vision architectures ~ Auto-sklearn (Berlin,

September 2023)

Frank Hutter A Decade of AutoML: Reflections and the Road Ahead KDD 2023 Test of Time Award Presentation 15


https://www.researchgate.net/publication/340035456_A_Reinforcement-Algorithm_Framework_for_Automatic_Model_Selection/fulltext/5e7403a5a6fdccda8b70e892/A-Reinforcement-Algorithm-Framework-for-Automatic-Model-Selection.pdf
http://proceedings.mlr.press/v28/bergstra13.pdf
https://iopscience.iop.org/article/10.1088/1749-4699/8/1/014008/pdf
https://www.researchgate.net/publication/340035456_A_Reinforcement-Algorithm_Framework_for_Automatic_Model_Selection/fulltext/5e7403a5a6fdccda8b70e892/A-Reinforcement-Algorithm-Framework-for-Automatic-Model-Selection.pdf

Auto-sklearn (NeurlPS 2015)
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Efficient and Robust Automated Machine Learning

Matthias Feurer Aaron Klein Katharina Eggensperger

Jost Tobias Springenberg Manuel Blum Frank Hutter Matthias Aaron Katharina
Department of Computer Science )
University of Freiburg, Germany Feurer Klein Eggensperger

{feurerm, kleinaa, eggenspk, springj, mblum, fh}@cs.uni-freiburg.de

AutoML

system

Bayesian optimizer

N 'd
data pre- feature

{Xtrain 3 Y;rain;

\
r

classifier

Xiest: b, L} Processor || preprocessor

/ ML framework
100x speedups; improves
now 1h on 1CPU robustness

WEKA — scikit-learn [Pedregosa et al, 2011]

Frank Hutter A Decade of AutoML: Reflections and the Road Ahead KDD 2023 Test of Time Award Presentation 16
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AutoML: A Timeline
Start of
yearly First AutoML
AutoML challenge,
workshop: 2015-2016
ICML 2014 [Guyon et al]
Auto-WEKA

Year

Making a science of
model search —
optimizing hundreds
of dimensions of
vision architectures

Hyperopt-sklearn

Auto-sklearn

Frank Hutter A Decade of AutoML: Reflections and the Road Ahead KDD 2023 Test of Time Award Presentation 17


https://www.researchgate.net/publication/340035456_A_Reinforcement-Algorithm_Framework_for_Automatic_Model_Selection/fulltext/5e7403a5a6fdccda8b70e892/A-Reinforcement-Algorithm-Framework-for-Automatic-Model-Selection.pdf
http://proceedings.mlr.press/v28/bergstra13.pdf
https://iopscience.iop.org/article/10.1088/1749-4699/8/1/014008/pdf
https://www.researchgate.net/publication/340035456_A_Reinforcement-Algorithm_Framework_for_Automatic_Model_Selection/fulltext/5e7403a5a6fdccda8b70e892/A-Reinforcement-Algorithm-Framework-for-Automatic-Model-Selection.pdf

5 The AutoML challenge
=
- T
* A 14-month long competition
that allowed us fully build Auto-sk Huge thanks to
at allowed us fully build Auto-sklearn sabelle for
_ running this
* 2 tracks with 5 phases each oivotal challenge!

— Tweakathon (Kaggle-like)
with up to 130 human teams

— AutoML system track
— Ever more challenging datasets

* Inthe last 2 phases, W
Auto-sklearn won both tracks
- , 7k stars %
— Now > 25k downloads per month on PyPI Dinner with the winners of the competition at ICML 2015

Frank Hutter A Decade of AutoML: Reflections and the Road Ahead KDD 2023 Test of Time Award Presentation 18


https://github.com/automl/auto-sklearn

UNI

FREIBURG

Frank Hutter

Towards AutoDL:
Multi-Fidelity Optimization for Greater Efficiency

A Decade of AutoML: Reflections and the Road Ahead
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AutoML: A Timeline

Freeze-Thaw BO First AutoML

[Snoek et al, 2014] challenge,
2015-2016
Start of yearly [Guyon et al] BOHB
AutoML [Falkner et al, 2018]

workshop:
ICML 2014

Fabolas
[Klein et al, 2017]

LC-Net
[Klein et al, 2017]

Hyperband
[Li et al, 2017]

Auto-WEKA

Learning curve

prediction
[Domhan et al, 2015]

Making a science of
model search — Hyperopt-sklearn
optimizing hundreds

of dimensions of

vision architectures Auto-sklearn

Frank Hutter A Decade of AutoML: Reflections and the Road Ahead KDD 2023 Test of Time Award Presentation 20


https://www.researchgate.net/publication/340035456_A_Reinforcement-Algorithm_Framework_for_Automatic_Model_Selection/fulltext/5e7403a5a6fdccda8b70e892/A-Reinforcement-Algorithm-Framework-for-Automatic-Model-Selection.pdf
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Multi-Fidelity Optimization
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* Use cheap proxies, e.g. subset of the data
— Do most of the work on these cheap proxies

* E.g.:Support Vector Machine (SVM) on MNIST dataset (hyperparameters: C, v)

Log Validation error at - Log Validation error at 2= Log Validation error at s,...

Log validation
error when trained
on full dataset of
50.000 data points
(takes several
hours to compute)

Log validation error __—W
(red:bad; green:0K; —
O -
blue:good) when %
trained on subset of o
390 data points
(takes few seconds :
tocompute) - o

log(@
log(C)

— |og(y) o g(y) N— |¢g(y)

Size of subset (of MNIST)

— up to 1000x speedups over blackbox optimization on full data
— similar ideas: Successive Halving & Hyperband ]

Frank Hutter A Decade of AutoML: Reflections and the Road Ahead KDD 2023 Test of Time Award Presentation 21


http://proceedings.mlr.press/v54/klein17a/klein17a.pdf
https://openreview.net/pdf?id=ry18Ww5ee

§ Empirical Evaluation: Hyperband vs. Random Search
=
= L
107!
20x speedup —&— RS
=10~
=
3x speedup
1072 5 .| > 3 T T 6
10 10 10 10 10 10 10

wall clock time ||

Biggest advantage: much improved anytime performance

Auto-Net on dataset adult
Frank Hutter A Decade of AutoML: Reflections and the Road Ahead KDD 2023 Test of Time Award Presentation 22


http://proceedings.mlr.press/v80/falkner18a/falkner18a.pdf

§ Empirical Evaluation: Bayesian Optimization vs. Random Search
F
10~ no speedup (1x)
/ —a— RS
1072
o
10x speedup
T L T/ A /A 11T S TV T

wall clock time [

Biggest advantage: much improved final performance

Auto-Net on dataset adult
Frank Hutter A Decade of AutoML: Reflections and the Road Ahead KDD 2023 Test of Time Award Presentation 23


http://proceedings.mlr.press/v80/falkner18a/falkner18a.pdf

= BOHB: Combining Bayesian Optimization & Hyperband
F
107!
20x speedup - RS
\ —<— BOHB
51072
=
50x speedup
10_3 : : T Ly =

10" 10! 10? 10° 10* 10° 10°

wall clock time [

Best of both worlds: strong anytime and final performance

Auto-Net on dataset adult
Frank Hutter A Decade of AutoML: Reflections and the Road Ahead KDD 2023 Test of Time Award Presentation 24
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Combination with Meta-Learning

* Meta-learn the set of configurations to start BOHB with

\

/I\/Ieta-Learning /M

~

-

BOHB ———

~

& Base-level learning
\ /)

 About 100x speedups due to meta-learning across datasets W
e Used in Auto-sklearn 2.0 to win the second AutoML challenge y

Frank Hutter

A Decade of AutoML: Reflections and the Road Ahead

KDD 2023 Test of Time Award Presentation
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= AutoML: A Timeline
o]
i
e Freeze.Thaw BO First AutoML Second AutoML
challenge challenge, 2017-2018
[Snoek et al, 2014] ’
2015-2016 [Guyon et al]
Start of yearly [Guyon et al] BOHB
AutoML [Falkner et al, 2018]
workshop:
ICML 2014 Fabolas

[Klein et al, 2017]

LC-Net
[Klein et al, 2017]

Hyperband
[Li et al, 2017]

Auto-WEKA

Learning curve

prediction
[Domhan et al, 2015]

Making a science of

model search — Hyperopt-sklearn PoSH-Auto-sklearn Auto-PyTorch Auto-sklearn 2.0
optimizing hundreds [Feurer et al, 2018] [Zimmer et al, 2020] [Feurer et al, 2022]
of dimensions of
vision architectures ~ Auto-sklearn Auto-Keras AutoGluon

[Jin et al, 2018] [Erickson et al, 2020]
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Neural architecture search

Frank Hutter A Decade of AutoML: Reflections and the Road Ahead KDD 2023 Test of Time Award Presentation 27
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= AutoML: A Timeline
(2 a]
S |
= L Freeze-Thaw BO First AutoML BOHB 700 -
[Snoek et al, 2014] challenge, [Falkner et al, 2017 5000 NAS
Start of yearly 2015-2016 Second AutoML - papers in
[Guyon et al] challenge, 2017-20 , 5001
AutoML Guyon et al] 5 the last 3
workshop: @ 400 years
ICML 2014 Fabolas E 300,
[Klein et al, 2017] =2
Auto-WEKA _ LC-Net 200-
[Thornton et Learr.nn.g curve [Klein et al, 2017] 100
al. 2013 prediction Hyperband
[Domhan et al, 2015]

[Li et al, 2017] 2015 2016 2017 2018 2019 2020 2021 2022

Year

Tabular NAS

benchmarks
[Ying et al, 2019]

NAS with RL
[Zoph & Le, 2017]

Making a science of
model search —
optimizing hundreds

Auto-sklearn 2.0
[Feurer et al, 2022]

of dimensions of Hyperopt-sklearn PoSH-Auto-sklearn Auto-PyTorch
vision architectures [Bergstra et al, 2015] [Feurer et al, 2018] [Zimmer et al, 2020]
[Bergstra et al, 2013] Auto-sklearn Auto-Keras AutoGluon

[Feurer et al, 2015] [Jin et al, 2018] [Erickson et al, 2020]
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https://openreview.net/pdf?id=r1Ue8Hcxg
https://proceedings.mlr.press/v97/ying19a.html

2019 result: Bayesian optimization outperforms RL for NAS
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—_

(-
g
|

Mean test regret of 500 runs

HB*

- RS
SMAC

TPE
RE

- BOHDB"

RL

Random search

| Reinforcement
Learning

\\ Regularized
Evolution &

Bayesian

—_
5
L
-
iy

Frank Hutter

T T T
107
Estimated wall-clock time (seconds)

Optimization
(SMAC / BOHB)

 SMAC (published 2011) outperforms RL (published 2017)
e Bergstra [2013] optimized 238 architecture choices, Zoph & Le [2017] only 50
* Google did not invent NAS or AutoML (and it wasn‘t invented in 2017)

A Decade of AutoML: Reflections and the Road Ahead KDD 2023 Test of Time Award Presentation 29
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Frank Hutter

Trustworthy AutoML

A Decade of AutoML: Reflections and the Road Ahead

..... -.;, European
-:-:erc Research
- o...o. .... - .
BRI ERL Council
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a
N A

domain expert can
specify objectives

Multi-objective AutoML: trustworthiness as the system’s objective

Deep Learning 2.0

® fairness

® robustness

® model calibration

Multi-objective DL 1.0
AutoML | '
T data-driven ‘
@ interpretability .,..-.... European
® latency of predictions '3:3..3,1 C Research
RaSs e Council
@ size(memory) of the model b U r,

Example: Fairer and more accurate than traditional fairness mitigation algorithms [Dooley et al, 2022]

Frank Hutter A Decade of AutoML: Reflections and the Road Ahead
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Additional Trustworthy Dimensions
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~

3500
* Explainable AutoML i f
=y
. . 2500
— Hyperparameter ImpOrtance ana|y5|S - N
3 2000 \/
— Automated repOrt generation = 1500 ol
1000 - : :tr:dmted cost MariUS
5007 & incumbent Lindauer
107 10¢ 105 10¢ 103 102 10!
learning_rate litestaass Eiiéisess
AR -
-:-:e:rc Research
94.2% BO with expert priors "..'::';“ Council

* Human-in-the-loop
— Guiding the HPO system
— User priors on good configurations

94.0% 12.5x Speedup
93.8%
Vanilla BO
6%

93.2%

Validation Accuracy
&
=]
=2

°0 10 20 30 40 50
Iteration
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The Age of Large Pretrained Models

...-.:.'. :.';; European
i @Y C | Research
; °'.-' son Council
KDD 2023 Test of Time Award Presentation 33
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AutoML in the age of large pretrained models

 AutoML for pretraining
— Efficiency is key (e.g., SUS 4.6M for training GPT-3)

 AutoML for fine-tuning
— Another CASH problem: choice of pre-trained model and how to fine-tune it
— QuickTune system for few-shot image classification
— Perfect match for AutoML: cheap & many different objectives for fine-tuning

* AutoML for prompting

* Meta-learning the entire classification algorithm: TabPFN

Frank Hutter A Decade of AutoML: Reflections and the Road Ahead KDD 2023 Test of Time Award Presentation
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TabPFN, a GPT-like model for tabular data

TabPFEN is a transformer pretrained to do tabular classification

* Framed as next-word prediction: X;, V1, « X Vi Xpa1r ¢

* To be more precise:

(Y Ko Vb Xopn — BN —— Via

* To be even more precise:

(G Y1), o (K V)b Xt e PGt | X s 0 Y1) oo Gy YD)

Frank Hutter A Decade of AutoML: Reflections and the Road Ahead KDD 2023 Test of Time Award Presentation 35
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TabPFN, a GPT-like model for tabular data

On a new dataset, TabPFN only executes a single forward pass
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Quantitative results (87 numerical datasets without missing values)
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* Better performance in 1s than than any other ML / AutoML method in 1h
— Disclaimer: these are average results; TabPFN is not the best on every single dataset

Numerical Datasets (87)

. ANEAR |
FN GPU ! AutoSkiearn2
> 36 000x speedup :;

Reg. Cocktalls
AutoGluon® |

o
fos)
0

* Limitations we’re working on

— Size: up to 1000 data points,
100 features, 10 classes

— Not (yet) designed for:
categorical features,
missing values,
uninformative features

— High inference time
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Mean ROC AUC +/- std of 5 splits

0.80

0.01s 100s 1000s 1Vh 2k

Time spent for optimize/fit + predict
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Wrap-up
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Outlook: The Next 10 Years of AutoML
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AutoML: Al that Builds and Improves Al

... to be more
— performant
— fair
— calibrated
— energy-efficient
— robust
— aligned

... for the good
of humanity

Image credit: DALLE-2
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 AutoML is here to stay D
— Democratization of ML -
— Productivity tool
 AutoML does not have to be slow
— Meta-learning
— Multi-fidelity optimization
— Guidance by human experts
* Trustworthy AutoML is key
— For the good of humanity
Frank Hutter A Decade of AutoML: Reflections and the Road Ahead

The Springer Series on Challenges in Machine Learning

all our code '

........

Frank Hutter \\\4 7
Lars Kotthoff i
JoaquinVanschoren Editrs

Automated
Machine

IS open-source:

Learning

e 4 Springer

AutoML Conference 2023

I Potsdam[BerIin, Germany
September 12th - 15th 2023

KDD 2023 Test of Time Award Presentation

40


http://www.automl.cc/
https://www.automl.org/book/
github.com/automl
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Thanks to the amazing AutoML community and those who’ve helped build it

/ \ \ \ N
5 / I | \ \ NN e — -
am R e R e

AutoML Fall School 2022 My fantastic group
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