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Motivation

The importance of Hyperparameter optimization (HPO)

Frank Hutter – DL 2.0: Towards AI that Builds and Improves AI



Motivation

Quoc Le from Google « AI Frontiers Conference »nov 2018 « Using
Machine Learning to Automate Machine Learning »

slideshare.net/AIFrontiers/quoc-le-at-ai-frontiers-using-machine-learning-to-automate-machine-learning

slideshare.net/AIFrontiers/quoc-le-at-ai-frontiers-using-machine-learning-to-automate-machine-learning


Motivation

How to build Waymo auto pilot (semantic segmentation task)?

random search Auto ML .

https://blog.waymo.com/2019/07/automl-automating-design-of-machine.html

https://blog.waymo.com/2019/07/automl-automating-design-of-machine.html
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AutoML = Learning to learn

input:
1 data S = (xi , yi ), i = 1, . . . , n
2 ML algorithm(s) f`(x , θ, h)

x input
θ parameters
h hyperparameters

3 other datasets with solutions (Sj , f`j (x , θj , hj)), j = 1, . . . ,m

output: a decision function f combining f`k (x , θk , hk), k = 1, . . . ,K

Microsoft’s automated machine learning



A simple example

Learning to learn?

input:
1 data S = (xi , yi ), i = 1, . . . , n classification y∈ {0, 1}
2 ML algorithm(s) f`(x , θ, h)

SVM f1(x , θ = (α, b), h = (C , σ, ε))
RF f2(x , θ, h = (t, p, d , . . . ))

kNN f3(x , θ =∼, h = k)
. . .

3 other datasets with solutions: Iris, glass, cover type,. . . (UCI)

output: K = 3 models were selected

f (x) =
1
2
f1(x , (α?, b?), (1, .1,= 0)) +

1
3
f3(x , k = 3) +

1
6
f3(x , k = 5)



The ML pipeline

ML algorithm(s) → ML Pipeline
coding/normalization/missing values. . .
preprosessing

I feature generation
I representation (PCA. . . )
I feature selection
I . . .

Easily 20 to 50 design decisions: Time budget issues



Auto ML research fields

hyperparameter optimization (HPO)
GridSearchCV
parameters = {’kernel’:(’linear’, ’rbf’), ’C’:[1, 10]}
svc = svm.SVC(gamma="scale")
clf = GridSearchCV(estimator=svc, param_grid=parameters, cv=5)

NAS = neural architecture search (specific hyper parameter)
combining models
meta learning (long term goal)
sklearn.pipeline
from sklearn.pipeline import Pipeline

logistic = SGDClassifier(loss=’log’, penalty=’l2’,
early_stopping=True, max_iter=10000, tol=1e-5, random_state=0)
pca = PCA()
pipe = Pipeline(steps=[(’pca’, pca), (’logistic’, logistic)])



Problem statement: automated machine learning

Define a search space A

min
a∈A

Lval(w?(a), a)

avec w?(a) = arg min
w
Ltrain(w , a)
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Real-world benchmark datasets for ML
UCI Machine Learning Archive: 488 Data Sets
https://archive.ics.uci.edu/ml/datasets.php

OpenML: 2972 results
https://www.openml.org/search?type=data

Kaggle: 24171 dataset
https://www.kaggle.com/datasets

Wikipadia List of datasets for machine-learning research
https://en.wikipedia.org/wiki/List_of_datasets_for_
machine-learning_research

PMLB: A large, curated repository of benchmark datasets for
evaluating supervised machine learning algorithms
https://github.com/EpistasisLab/penn-ml-benchmarks

https://archive.ics.uci.edu/ml/datasets.php
https://www.openml.org/search?type=data
https://www.kaggle.com/datasets
https://en.wikipedia.org/wiki/List_of_datasets_for_machine-learning_research
https://en.wikipedia.org/wiki/List_of_datasets_for_machine-learning_research
https://github.com/EpistasisLab/penn-ml-benchmarks
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Preprocessing: Meta-learning

Toward meta-data: use 144 UCI data sets
Represent the problems: X
Find similar problems: d(new ,X )

Adapt the configuration: algorithm, pipeline, hyper-parameters. . .

NeurIPS 2018 Tutorial on Automatic Machine Learning



How to represent a problem?
Use meta-feature

Data D:
I Number of instances, features, classes, missing values, outliers. . .
I Statistical: skewness, kurtosis, corr., sparsity, entropy, mutual info. . .

Model-based T : properties of simple a decision tree trained the data
Landmarkers P : performance of fast algorithms trained on the task

X = (D,T ,P)

2018 J. Vanschoren, "Meta-Learning: A Survey"



Find similar problems

Compute a distance between problems:
k-NN
Deep metric learning: e.g. Siamese Network
Output (Target): A label, 0 for similar, 1else.

I Similar: loss = min
W
‖GW (X1)− GW (X2)‖2

I Else: loss =

min
W

max(m − ‖GW (X1)− GW (X2)‖, 0)2

NeurIPS 1994 Bromley et al. "Signature verification using a" siamese" time delay neural network"



Recommend and adapt configurations

Zero-shot meta-models:
take the best

Ranking weighted models

Randomly pick, tune and
adapt

Brazdil et al. "Metalearning: Applications to Data Mining", 2008
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Hyperparameter tunning

Different types of hyperparameters
continuous (SVM’s C , learning rate)
integer (kNN’s k , number of layer)
categorical

I algorithm choice
I activation function
I . . .

Easily 20 to 50 design decisions: Time budget issues



Hyperparameter tunning

Use preprocessing to find out the domain
grid search
random search
reinforcement learning
evolutionary strategy
Hyperparameter Gradient Descent [Franceschi et al, ICML 2018]
Bayesian search

J. Bergstra and Y. Bengio. "Random search for hyper-parameter optimization.", JMLR 2012



how to manage the time budget to scale

Brute force (time out)

Many cheap evaluations on small data
Few expensive evaluations on all data

Successive Halving (SH) [Jamieson & Talwalkar, AISTATS 2016]
I begin with traininng m models
I at each time step keep half of them

Hyperband, [Li et al, ICLR 2017] a bandit strategy that dynamically
allocates resources to a set of random configurations and uses
successive halving

Bayesian optim. [Falkner, Kleil, ICML 2018]
Falkner et al.. "BOHB: Robust and Efficient Hyperparameter Optimization at Scale", JMLR 2018



Hyperparameter auto tuning tools

https://github.com/automl/HpBandSter
https://github.com/automl/SMAC3

by M. Lindauer and F. Hutter, Lecture at AutoML Fall School 2022: The AutoML Landscape

https://github.com/automl/HpBandSter
https://github.com/automl/SMAC3


Results on the neural architecture search

Regularized Evolution for Image Classifier Architecture Search E. Real et al, 2018
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Post processing: Model agregation (Stacking)

Model construction
Predictor generation: f1(X ), . . . , fK (X )

Feature: Φ(X ) = (f1(X ), . . . , fK (X ))T ...

Penalized Loss
Minimization of

arg min
β∈Θ

1
n

n∑
i=1

`(Yi , < Φ(Xi ), β >) + pen(β)

where pen(θ) is a penalty.
Predictor selection if β is sparse.

Classical Penalties
AIC / Ridge / Lasso / Elastic Net
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Auto ML frameworks
based on frameworks

I H2O docs.h2o.ai/h2o/latest-stable/h2o-docs/automl.html
build on H2O framework

I Auto Sklearn automl.github.io/auto-sklearn/master/
build on SKLearn framework

I Auto-WEKA www.automl.org/automl/autoweka/
build on WEKA framework

commercial:
I Google (Vizier, automlvision, automl NLP), Azure, FBLearner. . .

research (other)
I TPOT github.com/EpistasisLab/tpot Tree-Based Pipeline Opti.
I MLJar github.com/mljar/mljar-supervised
I AutoGluon (Amazon) github.com/awslabs/autogluon
I http://news.mit.edu/2019/nonprogrammers-data-science-0115

. . .

AutoML Frameworks
openml.github.io/automlbenchmark/frameworks.html

docs.h2o.ai/h2o/latest-stable/h2o-docs/automl.html
automl.github.io/auto-sklearn/master/
www.automl.org/automl/autoweka/
github.com/EpistasisLab/tpot
github.com/mljar/mljar-supervised
github.com/awslabs/autogluon
openml.github.io/automlbenchmark/frameworks.html


Auto ML Benchmark

https://compstat-lmu.shinyapps.io/AutoML-Benchmark-Analysis/

https://compstat-lmu.shinyapps.io/AutoML-Benchmark-Analysis/


Auto ML tools

Auto WEKA [Thornton et al, KDD 2013]
I Based on WEKA and SMAC Hyperopt sklearn [Komer et al, 2014]

Auto sklearn [Feurer al, NIPS 2015]
I Based on scikit learn & SMAC / BOHB
I Won AutoML competitions 2015-2016 & 2017-2018

Auto pytorch [Zimmer et al., IEEE PAMI 2021]
I optimizes the network architecture (NAS) and the hyperparameters

TPOT [Olson et al, EvoApplications 2016]
I Based on scikit learn and evolutionary algorithms

H2O AutoML
I Based on random search and stacking

https://www.automl.org/

https://www.automl.org/


Auto ML at work: Auto Sklearn



Auto ML at work: Auto Sklearn



Conclusion
How to explore?
How to evaluate?
How to combine?
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