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Motivation: Successes of Deep Learning

Computer vision in self-driving cars
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Speech recognition

Reasoning in games
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One Problem of Deep Learning
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Performance is very sensitive to many hyperparameters
o Architectural hyperparameters
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o Architectural hyperparameters
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o Optimization algorithm, learning rates, momentum,
batch normalization, batch sizes, dropout rates, weight decay,
data augmentation, ...

Easily 20-50 design decisions
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Deep Learning and AutoML

Current deep learning practice

Expert chooses Deep

— =2 | architecture & | =2 learning
~—— «“ ”
\ p hyperparameters end-to-end
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Deep Learning and AutoML

Current deep learning practice

UNI
FREIBURG

Expert chooses Deep
~——— =2 | architecture & | =2 learning
~—— “ ”
\ p hyperparameters end-to-end

AutoML: true end-to-end learning
Meta-level :

| : Learning
s earning & | —> box
~_ optimization
v T
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Learning box is not restricted to deep learning

o Traditional machine learning pipeline:
— Clean & preprocess the data
— Select / engineer better features
— Select a model family
— Set the hyperparameters
— Construct ensembles of models

AutoML: true end-to-end learning

Meta-level ,
| : Learning
earning & | —>
7 —> NG box
SN optimization

e’ 1\
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Part 1: General AutoML (by me, now)
AutoML by Hyperparameter Optimization
Black-box Hyperparameter Optimization
Beyond black-box optimization
Meta-learning

Examples of AutoML

Open issues and future work

N o U s W hNhPE

Wrap-up & Conclusion

Part 2: Neural Architecture Search & Meta-Learning
(by Thomas Elsken, after the break)

Feurer and Elsken: AutoML 6
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AutoML by Hyperparameter Optimization
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Wrap-up & Conclusion

Part 2: Neural Architecture Search & Meta-Learning
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Hyperparameter Optimization

Definition: Hyperparameter Optimization (HPO)

Let
@ A be the hyperparameters of a ML algorithm A with domain A,

@ L(Ax, Dtrain, Dyaiiq) denote the loss of A, using hyperparameters A
trained on Dy,qin and evaluated on D,gria.

The hyperparameter optimization (HPO) problem is to find a
hyperparameter configuration A* that minimizes this loss:

A" c arg min L‘(A)\a Dtrain; Dvalid)
AEA

Feurer and Elsken: AutoML 8
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Types of Hyperparameters

° {SVM, RF, NN}
o Example 2: activation function € {RelLU, Leaky RelU, tanh}
o Example 3: operator € {conv3x3, separable conv3x3, max pool, ...}

— Special case: binary

Feurer and Elsken: AutoML 9
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Types of Hyperparameters

o Continuous
Example: learning rate in NNs or GBMs

o |Integer
Example: #units, #trees in GBM

° {SVM, RF, NN}
o Example 2: activation function € {ReLU, Leaky RelU, tanh}
o Example 3: operator € {conv3x3, separable conv3x3, max pool, ...}

— Special case: binary
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4 Types of Hyperparameters

{conv3x3, separable conv3x3, max pool, ...}
{RelLU Leaky RelLU, tanh}
{SVM, RE NN}

2
=)

o Continuous
Example: learning rate in NNs or GBMs

o |Integer
Example: #units, #trees in GBM

o Categorical
— Finite domain, unordered

— Special case: binary
o Example 2: activation function € {ReLU, Leaky RelLU, tanh}
o Example 3: operator € {conv3x3, separable conv3x3, max pool, ...}

— Special case: binary

Feurer and Elsken: AutoML
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Conditional hyperparameters

Conditional hyperparameters B are only active if
other hyperparameters A are set a certain way
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— A = choice of optimizer (Adam or SGD)

— B = Adam’s second momentum hyperparameter (only active if
A=Adam)
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Conditional hyperparameters B are only active if
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o Example 1:
— A = choice of optimizer (Adam or SGD)
— B = Adam’s second momentum hyperparameter (only active if
A=Adam)

o Example 2:
— A = number of layers in a deep neural network

— B = number of units in layer k (only active if A >= k)
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Conditional hyperparameters

Conditional hyperparameters B are only active if
other hyperparameters A are set a certain way
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o Example 1:
— A = choice of optimizer (Adam or SGD)
— B = Adam’s second momentum hyperparameter (only active if
A=Adam)

o Example 2:
— A = number of layers in a deep neural network

— B = number of units in layer k (only active if A >= k)

o Example 3:
— A = choice of classifier (RF or SVM)
— B =SVM's kernel hyperparameter (only active if A = SVM)

Feurer and Elsken: AutoML 10



AutoML as Hyperparameter Optimization
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Definition: Combined Algorithm Selection and Hyperparameter
Optimization (CASH)

Let
o A={AW .. A} be a set of algorithms
o A denote the hyperparameter space of AW fori=1,...,n

o L’(Agf), Dyyains Dyalia) denote the loss of AW ysing A € A trained
on Diyqin and evaluated on Dy qji4.

The Combined Algorithm Selection and Hyperparameter Optimization
(CASH) problem is to find a combination of algorithm A* = A() and
hyperparameter configuration A* € A(®) that minimizes this loss:

: i
A5« € argmin C(A&),Dtmm,Dmhd)
ADeAXeAl)

Feurer and Elsken: AutoML 11
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AdaBoost

kNN

=
-

lllustration of the CASH problem in Auto-sklearn:

e 15 base classifiers
* Up to ten hyperparameters each
* Four levels of conditionality

Feurer and Elsken: AutoML

AutoML as Hyperparameter Optimization
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AutoML as Hyperparameter optimization
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Not limited to the classification algorithm:

——————————————————

| feature
| preprocessor
& /

|
|
|
RF -+ [ AdaBoost kNN :
|
|

| PCA - | fast ICA
__________________ /I\
| qea,rning rate) (# estimators)(ma,x. deptl@

I

See also Thornton et al. (KDD 2013) which introduced the CASH problem.

Feurer and Elsken: AutoML 13


https://arxiv.org/abs/1208.3719
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Part 1: General AutoML

AutoML by Hyperparameter Optimization
Black-box Hyperparameter Optimization
Beyond black-box optimization
Meta-learning

Examples of AutoML

Open issues and future work

N O Uk WwiheE

Wrap-up & Conclusion

Part 2: Neural Architecture Search & Meta-Learning
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DNN hyperparameter -

setting 4

Train DNN
and validate it

Feurer and Elsken: AutoML

Blackbox Hyperparameter Optimization

Validation
loss f(A)
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Blackbox Hyperparameter Optimization

DNN hyperparameter Validation
—> —>
setting 4 loss f(A)
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Blackbox Hyperparameter Optimization

DNN hyper'parameter = .
setting 4

Validation
loss f(A)

T Blackbox
optimizer

min f(A)
AeA

< |

Feurer and Elsken: AutoML
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DNN hyperparameter
setting 4

|

Blackbox
optimizer

min f(A)
AeA

Blackbox Hyperparameter Optimization

Validation
loss f(A)

o The blackbox function is expensive to evaluate
— sample efficiency is important

Feurer and Elsken: AutoML
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Grid Search and Random Search

o Both completely uninformed

o Grid search suffers from the curse of dimensionality

o Random search handles low intrinsic dimensionality better
o Example: an additive function (y = f(x) + g(x))

Grid Search Random Search

@ @ @
Important parameter Important parameter

Unimportant parameter
@
@
@
Unimportant parameter
O

7
Feurer and Elsken: AutoML 16


http://www.jmlr.org/papers/volume13/bergstra12a/bergstra12a.pdf
https://www.springer.com/gp/book/9783030053178

UNI

FREIBURG

Grid Search and Random Search

Both completely uninformed

Grid search suffers from the curse of dimensionality
Random search handles low intrinsic dimensionality better
Example: an additive function (y = f(x) + g(x))
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Bayesian Optimization

Iteration 2

observation

f

posterior mean

+/- stdev

Feurer and Elsken: AutoML
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Bayesian Optimization

Iteration 2

f

observation posterior mean

acquisition max
+/- stdev d

//\*\/\
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Bayesian Optimization

Iteration 2

f

+/- stdev

observation posterior mean

acquisition max

A
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Iteration 3

objective function
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acquisition function
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Bayesian Optimization

Iteration 2

f

observation

+/- stdev

posterior mean

acquisition max

A
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Iteration 3

objective function

acquisition function

Iteration 4

-

-

posterior uncertainty
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posterior mean
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Acquisition Function: Expected Improvement

Feurer and Elsken: AutoML 18


https://arxiv.org/abs/1012.2599

Bayesian Optimization

22 Approach
o Conduct an initial design
o [teratively:

— Fit a proabilistic model to the function evaluations (4, f (1)), most often
a Gausslan process

— Use that model to trade off Exploration vs. Exploitation in an
acquisition function

EIBURG

Popular since
o Sample-efficient

o Works when objective is nonconvex, noisy, has unknown
derivatives, etc

e Recent convergence results

| | |

o Excellent reviews by and

Feurer and Elsken: AutoML 19
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Example: Bayesian Optimization in AlphaGo
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o During the development of AlphaGo, its many hyperparameters
were tuned with Bayesian optimization multiple times.

o This automatic tuning process resulted in substantial
improvements in playing strength. For example, prior to the match
with Lee Sedol, we tuned the latest AlphaGo agent and this
improved its win-rate from 50% to 66.5% in self-play games. This
tuned version was deployed in the final match.

o Of course, since we tuned AlphaGo many times during its
development cycle, the compounded contribution was even higher
than this percentage.

Feurer and Elsken: AutoML 20


https://arxiv.org/abs/1812.06855
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AutoML Challenges for Bayesian Optimization

o Problems for standard Gaussian Process (GP) approach:

— Complex hyperparameter sSpace
o High-dimensional (low effective dimensionality)
o Mixed continuous/discrete hyperparameters

o Conditional hyperparameters

— Noise: sometimes heteroscedastic, large, non-Gaussian

— Model overhead (budget is runtime, not #function evaluations)

Feurer and Elsken: AutoML 21
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o Problems for standard Gaussian Process (GP) approach:

— Complex hyperparameter sSpace
o High-dimensional (low effective dimensionality)
o Mixed continuous/discrete hyperparameters

o Conditional hyperparameters

— Noise: sometimes heteroscedastic, large, non-Gaussian

— Model overhead (budget is runtime, not #function evaluations)

o Simple solution used in SMAC: random forests ]

— Frequentist uncertainty estimate:
variance across individual trees’ predictions ]
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AutoML Challenges for Bayesian Optimization

o — — — — — — — — — — — —

______

_____

* | fast ICA

RF e o e

AdaBoost

kNN

o e e e e e e e e e e e e e e m— — —

c . [me(iian] (WeightingJ @Iéne)

o Simple solution used in SMAC: random forests [Ereiman. 2001]

— Frequentist uncertainty estimate:

variance across individual trees’ predictions [Hutter et al, 2011]

Feurer and Elsken: AutoML
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Other methods

— is good) and p(A is bad), rather
than p(y|A)

Feurer and Elsken: AutoML 22



Other methods

2% o Two recent promising models for Bayesian optimization

— Neural networks with Bayesian linear regression
using the features in the output layer ]

— Fully Bayesian neural networks, trained with stochastic gradient
Hamiltonian Monte Carlo ]
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— is good) and p(A is bad), rather
than p(y|A)
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http://proceedings.mlr.press/v37/snoek15.pdf
https://papers.nips.cc/paper/6117-bayesian-optimization-with-robust-bayesian-neural-networks.pdf
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- Other methods

2% o Adis bad), rather than p(y|A)

o Two recent promising models for Bayesian optimization

— Neural networks with Bayesian linear regression
using the features in the output layer ]

— Fully Bayesian neural networks, trained with stochastic gradient
Hamiltonian Monte Carlo ]

o Tree Parzen Estimator
— Ratio is proportional to Expected Improvement
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Other methods

2% o Adis bad), rather than p(y|A)

o Two recent promising models for Bayesian optimization

— Neural networks with Bayesian linear regression
using the features in the output layer ]

— Fully Bayesian neural networks, trained with stochastic gradient
Hamiltonian Monte Carlo ]

o Tree Parzen Estimator
— Ratio is proportional to Expected Improvement

o Population-based methods

— Genetic algorithms, evolutionary algorithms, evolutionary
strategies, particle swarm optimization

— Embarassingly parallel, conceptually simple
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Other methods

5% e AA is bad), rather than p(y|A)

o Two recent promising models for Bayesian optimization

— Neural networks with Bayesian linear regression
using the features in the output layer ]

— Fully Bayesian neural networks, trained with stochastic gradient
Hamiltonian Monte Carlo ]

o Tree Parzen Estimator
— Ratio is proportional to Expected Improvement

o Population-based methods

— Genetic algorithms, evolutionary algorithms, evolutionary
strategies, particle swarm optimization

— Embarassingly parallel, conceptually simple
o See k for more information.

Feurer and Elsken: AutoML 22
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Part 1: General AutoML

AutoML by Hyperparameter Optimization
Black-box Hyperparameter Optimization
Beyond black-box optimization
Meta-learning

Examples of AutoML

Open issues and future work
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Wrap-up & Conclusion

Part 2: Neural Architecture Search & Meta-Learning
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Beyond Blackbox Hyperparameter Optimization
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DNN hyperparameter . . Validation
setting 4 performance f(A)

] Blackbox |max f(4)
optimizer | AeA

Feurer and Elsken: AutoML 24



Beyond Blackbox Hyperparameter Optimization
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Validation

DNN hyperparameter .
performance f(A)

setting 4

|

Too slow for DL / big data

Feurer and Elsken: AutoML 24
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Main Approaches Going Beyond Blackbox HPO

Extrapolation of learning curves

Multi-fidelity optimization

Meta-learning

Hyperparameter gradient descent

Feurer and Elsken: AutoML
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Probabilistic Extrapolation of Learning Curves
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o Parametric learning curve models
o Bayesian neural networks
o Linear combination of previous curves
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Probabilistic Extrapolation of Learning Curves
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o Parametric learning curve models

o Bayesian neural networks

o Linear combination of previous curves
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Probabilistic Extrapolation of Learning Curves
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o Parametric learning curve models [Domhan et al, 1JCAI 2015]
o Bayesian neural networks [Kleinetal ICLR 2017]
o Linear combination of previous curves [Chandrashekaran and Lane, ECML2017]
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Probabilistic Extrapolation of Learning Curves
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o Parametric learning curve models [Domhan et al, 1JCAI 2015]
e Bayesian neural networks [Kleinetal ICLR 2017]
o Linear combination of previous curves [Chandrashekaran and Lane, ECML2017]
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Multi-Fidelity Optimization

o Use cheap approximations of the blackbox,
performance on which correlates with the blackbox, e.g.

— Subsets of the data

— Fewer epochs of iterative training algorithms (e.g., SGD)
— Fewer trials in deep reinforcement learning

— Downsampled images in object recognition

Feurer and Elsken: AutoML 27
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Multi-Fidelity Optimization

o Use cheap approximations of the blackbox,
performance on which correlates with the blackbox, e.g.
— Subsets of the data
— Fewer epochs of iterative training algorithms (e.g., SGD)

— Fewer trials in deep reinforcement learning
— Downsampled images in object recognition

— Also applicable in different domains, e.g., fluid simulations:

o Less particles
e Shorter simulations

Feurer and Elsken: AutoML 27
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Multi-fidelity Optimization

o Make use of cheap low-fidelity evaluations
— E.g.: subsets of the data (here: SVM on MNIST)

100% data

_log(€)

o Og(y)

Feurer and Elsken: AutoML 28
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Multi-fidelity Optimization

o Make use of cheap low-fidelity evaluations

— E.g.: subsets of the data (here: SVM on MNIST)
0.0078% data 6.25% data 25% data

log(C)
loelC)

— Iog(y) N Iog(y) o g(y) n—

100% data

Size of subset (of MNIST)
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Multi-fidelity Optimization
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o Make use of cheap low-fidelity evaluations

— E.g.: subsets of the data (here: SVM on MNIST)
0.0078% data 6.25% data 25% data 100% data

log(C)
loglC)

- Iog(y) Temaes  TammmT Iog(y) L g(y) g

Size of subset (of MNIST)
— Many cheap evaluations on small subsets

— Few expensive evaluations on the full data
— Up to 1000x speedups ]
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Multi-fidelity Optimization

o Make use of cheap low-fidelity evaluations
— E.g.: subsets of the data (here: SVM on MNIST)

log(C)

0.0078% data

e Iog(y) n—

logl©)

6.25% data 25% data 100% data

log(C)

_— Iog(y) = g(y) T Og(y) —

>
Size of subset (of MNIST)
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Multi-fidelity Optimization
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o Make use of cheap low-fidelity evaluations

— E.g.: subsets of the data (here: SVM on MNIST)
0.0078% data 6.25% data 25% data 100% data

log(C)
log(C)

logl©)

— Iog(y) T e Iog(y) L g(y) T Og(y) - i

Size of subset (of MNIST)

— Fit a Gaussian process model f(A,b) to predict performance
as a function of hyperparameters A and budget b
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Multi-fidelity Optimization

UNI
FREIBURG

o Make use of cheap low-fidelity evaluations

— E.g.: subsets of the data (here: SVM on MNIST)
0.0078% data 6.25% data 25% data 100% data

log(C)
logl@)

log(C)

Iog(y) e e Iog(y) = Iog(y) ~|Og(y)->

Size of subset (of MNIST)

— Fit a Gaussian process model f(A,b) to predict performance
as a function of hyperparameters A and budget b
— Choose both A and budget b to maximize “bang for the buck”

20 2014;
20 2017]
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log(C)

A Simpler Approach: Successive Halving (SH)

Log Validation error at 35

log©

gty logt)  logl) log(y)

Size of subset (of MNIST)
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A Simpler Approach: Successive Halving (SH)
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o Idea: Use a bandit to allocate more budget to promising
configurations

Log Validation error at 35 Log Validatio

log(C)
log(C)

o) g e il

Size of subset (of MNIST)
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A Simpler Approach: Successive Halving (SH)
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o Idea: Use a bandit to allocate more budget to promising
configurations

o Successive Halving ]
— Randomly sample N configurations & evaluate on cheapest
fidelity

— Keep the top half, double its budget (or top third, triple budget)

Log Validation error at 35 Log Validatio Log Validatio

B Iog(Y) - |08(Y) Iog(y) Nl

o8l9
log(C)
~ log(C)
log(C)

Size of subset (of MNIST)
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A Simpler Approach: Successive Halving (SH)
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o Idea: Use a bandit to allocate more budget to promising
configurations

o Successive Halving ]
— Randomly sample N configurations & evaluate on cheapest
fidelity

— Keep the top half, double its budget (or top third, triple budget)

Log Validation error at 35 Log Validatio Log Validatio

logly) logly) log(y)

o8l9
log(C)
~ log(C)
log(C)

Size of subset (of MNIST)
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A Simpler Approach: Successive Halving (SH)
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o Idea: Use a bandit to allocate more budget to promising
configurations

o Successive Halving ]

— Randomly sample N configurations & evaluate on cheapest
fidelity

— Keep the top half, double its budget (or top third, triple budget)

Log Validation error at 35 Log Validation error at %2

log(C)
logl€)
log(C)_

O el

Size of subset (of MNIST)
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o Idea: Use a bandit to allocate more budget to promising
configurations

o Successive Halving ]

— Randomly sample N configurations & evaluate on cheapest
fidelity

— Keep the top half, double its budget (or top third, triple budget)

Log Validation error at 35 Log Validation error at %2

log(C)
logl€)
log(C)_

O el

Size of subset (of MNIST)
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o Idea: Use a bandit to allocate more budget to promising
configurations

o Successive Halving ]

— Randomly sample N configurations & evaluate on cheapest
fidelity

— Keep the top half, double its budget (or top third, triple budget)

Log Validation error at 35 Log Validation error at %2

log(C)
logl€)
log(C)_

O el

Size of subset (of MNIST)
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A Simpler Approach: Successive Halving (SH)

[Jamieson & Talwalkar, AISTATS 2016]
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Hyperband (its first 4 calls to SH)

[Li et al, IMLR 2018]
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4 Hyperband (its first 4 calls to SH)
o
2 [Li et al, IMLR 2018]
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Hyperband (its first 4 calls to SH)
[Li et al, IMLR 2018]
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Hyperband (its first 4 calls to SH)
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Hyperband (its first 4 calls to SH)
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BOHB: Bayesian Optimization & Hyperband

e Advantages of Hyperband

— Strong anytime performance

General-purpose

o Low-dimensional continuous spaces
o High-dimensional spaces with conditionality, categorical dimensions, etc

Easy to implement
Scalable
Easily parallelizable

Feurer and Elsken: AutoML
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BOHB: Bayesian Optimization & Hyperband

e Advantages of Hyperband
— Strong anytime performance

— General-purpose
o Low-dimensional continuous spaces
o High-dimensional spaces with conditionality, categorical dimensions, etc

— Easy to implement
— Scalable
— Easily parallelizable

o Advantage of Bayesian optimization: strong final performance
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BOHB: Bayesian Optimization & Hyperband

e Advantages of Hyperband
— Strong anytime performance

— General-purpose
o Low-dimensional continuous spaces
o High-dimensional spaces with conditionality, categorical dimensions, etc

— Easy to implement
— Scalable
— Easily parallelizable

o Advantage of Bayesian optimization: strong final performance

e Combining the best of both worlds in BOHB
— Bayesian optimization
o for choosing the configurations to evaluate (using a TPE variant)

— Hyperband

o for deciding how to allocate budgets
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§ Hyperband vs. Random Search
z2
= L.
107!
—— RS
—— HB
21072
2
107 N 2 3 ~ T 6
10 10 10 10 10 10 10

wall clock time |[s]

Biggest advantage: much improved anytime performance

Auto-Net on dataset adult
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Bayesian Optimization vs Random Search
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2
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Biggest advantage: much improved final performance

Auto-Net on dataset adult
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2
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10x speedup
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Biggest advantage: much improved final performance

Auto-Net on dataset adult
Feurer and Elsken: AutoML 35




4 Combining Bayesian Optimization & Hyperband
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Auto-Net on dataset adult
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Part 1: General AutoML

AutoML by Hyperparameter Optimization
Black-box Hyperparameter Optimization
Beyond black-box optimization
Meta-learning

Examples of AutoML

Open issues and future work

L

Wrap-up & Conclusion

Part 2: Neural Architecture Search & Meta-Learning
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Blackbox Hyperparameter Optimization

DNN hyperparameter Validation
—> —>
setting 4 loss f(A)
’ |
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T Blackbox |min f(A)
Task T, optimizer | AeA
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Blackbox Hyperparameter Optimization
DNN hyperparameter - _ Validation
setting 4 loss f(A)
T Blackbox |min f(A) |
Task T; optimizer | AeA

Meta-knowledge

Previous Previous

Task T, IES. P

Previous

Task T,
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Blackbox Hyperparameter Optimization

DNN hyperparameter
setting 4

Validation
loss f(A)

Blackbox

Task T

Meta-knowledge

optimizer

min f(A)
AeA

< |

Previous Previous
Task T, IES. P

Previous

Task T,

Analogy to manual hyperparameter optimization:
* Accumulate knowledge over time
* Use Knowledge when optimizing on a new dataset

Feurer and Elsken: AutoML
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Task-independent recommendations

o |ldea: learn a sorted list of defaults
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o Advantages:
— Easy to share and use
— Strong anytime performance
— Embarassingly parallel

o Disadvantages:
— Not adaptive

Feurer and Elsken: AutoML
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Task-independent

recommendations

o |dea: learn a sorted list of defaults

o Advantages:
— Easy to share and use

— Strong anytime performance
— Embarassingly parallel

o Disadvantages:
— Not adaptive

o Method:
— Mostly greedy

configurations
(] Cy C3

Co

Ca

datasets

bad

single best

configuration

complements
¢z best

complements
{c2,cp} best
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Task-independent recommendations
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o |ldea: learn a sorted list of defaults
o Advantages:

— Easy to share and use

— Strong anytime performance

— Embarassingly parallel - W ? '-T; T
o Disadvantages: 3 gt

— Not adaptive %0'50' I
o Method: 2 025 l

— Mostly greedy oo T8 | I ——
e Results "7 Numberof evaluations

— Improves over Random Search and Bayesian Optimization
[ I& ' ) ]
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Joint model for Bayesian optimization
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Joint model for Bayesian optimization
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°

Jointly train a ,,deep” neural network on all tasks
Have a separate output layer (head) for each tasks
Each head is a Bayesian linear regression

Feature extraction on hyperparameter configurations

Task t; | Task t, ‘ ‘Task tT ‘

w

Feature extraction/
Transfer learning

Feurer and Elsken: AutoML
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Joint model for Bayesian optimization

Jointly train a ,,deep” neural network on all tasks
Have a separate output layer (head) for each tasks

Each head is a Bayesian linear regression

Feature extraction on hyperparameter configurations

13

—— Random search

—— ABLR NN

— ABLR RKS

—-= ABLR NN transfer

— GP

. GP transfer (ctx, L1)

\ BOHAMIANN transfer (ctx)

—
, -

— - ———— -
—

0 25 50 75 100 125 150 175 200

iteration
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Analyzing the effect of hyperparameters

o Search Space Pruning

— Rate all candidate configurations by their potential on past
datasets

— Drop the ones with low potential (plus some space around)

Feurer and Elsken: AutoML 41
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datasets

— Drop the ones with low potential (plus some space around)

o Hyperparameter importance

o Search Space Pruning

— Rate all candidate configurations by their potential on past

Analyzing the effect of hyperparameters

JE—

Ve

JI|| EIII k1]
Number of Tterations
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Part 1: General AutoML

AutoML by Hyperparameter Optimization
Black-box Hyperparameter Optimization
Beyond black-box optimization
Meta-learning

Examples of AutoML

Open issues and future work

N o Uk whe

Wrap-up & Conclusion

Part 2: Neural Architecture Search & Meta-Learning
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Example | — Data cleaning and ingestion

* Automatically detect the dialect of CSV files
* Automatically classify data types

* Automatically detect mistakes in the data gathering
process

e Check out the talk of

Feurer and Elsken: AutoML 44
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Example Il — Feature Engineering

From relational data bases:

* Automatically aggregates information, can for example
generate the average sum of orders

* Requires post-hoc pruning of the features

Feurer and Elsken: AutoML
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* From relational data bases:

Example Il — Feature Engineering

* Automatically aggregates information, can for example

generate the average sum of orders

* Requires post-hoc pruning of the features

Deep Fee_ilu.re, d=3 Deep Fea‘ture, d=2
= = RFEAT 3
CustomerID = Gender | Age  AVG(Orders.SUM(Product.Price)) OrderID | Customer ID SUM(Product.Price)
1 e 1 2 $300
5 e Ly 1=+ SUM g
i f 45 $250 -~ i
4 o T 4 2 §200
Base Column Deep Feature, d=1
.r‘_'.'_‘i F A
ProductID |  Price ID | OrderID | Productld | Product.Price HERAT
1 $100 1 1 9 2900 ~ AVG
2 N rpap — | 2 1 1 $100 SUM
3 $200 3 \ :._Ixx\
4 4 '

Feurer and Elsken: AutoML
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Example Il — Feature Engineering

* From relational data bases:

* Automatically aggregates information, can for example
generate the average sum of orders
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* Requires post-hoc pruning of the features

* From featurized data:
* Genarate candidate features by applying

* unary (normalization, discretization, sgrt, square, log etc.)
e binary (+,-,%,/)
* higher order (GroupByThen)
e Use search mechanism to perform guided exploration
* Use feature selection to remove unnecessray features again

° | 5, 6]
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Example Ill: Off-the-shelf Algorithms

o Reduce the amount of tuning:
— Random Forests are excellent default classifiers

— Learning rate adaption

° rProp
e RMSProp

e Adam

o Ranger (look ahead + rectified Adam)

— Pre-trained Neural Networks
— Better defaults

Feurer and Elsken: AutoML 46
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Part 1: General AutoML

AutoML by Hyperparameter Optimization
Black-box Hyperparameter Optimization
Beyond black-box optimization
Meta-learning

Examples of AutoML

Open issues and future work

N O Uk wihe

Wrap-up & Conclusion

Part 2: Neural Architecture Search & Meta-Learning
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Access to real-world large-scale datasets
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While a commonly cited reason for the pressing need for

effective and efficient data mining algorithms is the
growing number of huge databases, the data mining
research community almost never gets to see those

databases. Most databases available for empirical studies

are ridiculously small. Unless a number of realistic and big

databases become publically available, the only way to fill
the gap seems to be the use of artificially generated

databases.
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Access to real-world large-scale datasets

e The current state:
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Access to real-world large-scale datasets

* The current state:
 Many image datasets available -> good for NAS
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Access to real-world large-scale datasets

* The current state:
 Many image datasets available -> good for NAS

e UClis not structured/machine readable -> bad for general
AutoML
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Access to real-world large-scale datasets

* The current state:
 Many image datasets available -> good for NAS
e UClis not structured/machine readable -> bad for general
AutoML
* What do we need:
* Large real-world datasets
* Many of them
* Machine readable description
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Access to real-world large-scale datasets
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* The current state:
 Many image datasets available -> good for NAS
* UCI is not structured/machine readable -> bad for general
AutoML
* What do we need:
* Large real-world datasets
* Many of them
* Machine readable description

* Call for contribution:
* |f you have a paper which introduces a new dataset
e orif you have a paper which uses large datasets
e orif you have large datasets at hand

=> upload them to g
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OpenML.org

i Openh

e Collaborative machine learning
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* Share:  Download:
* Datasets * >20.000 datasets
* Tasks * >90.000 tasks
* Runs * >9.985.000 runs
* APIsin Python, R and Java
 Learn more on & get involved today!

[Vanschoren et al., SIGKDD 2014]
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Search space representation

Bounded representation

1. Creation of bounds still requires
eX p e rt k n OW | e d ge Log Validation error at s,,,.

2. Dynamic extension possible,

but not widely used
[ ,

3. AutoML tools ship with
search spaces

4. |If you release an algorithm,
also release the search space
and make magic constants tunable, too

Pipeline construction?
* See
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https://papers.nips.cc/paper/4443-algorithms-for-hyper-parameter-optimization.pdf
http://proceedings.mlr.press/v51/shahriari16.pdf
https://www.cs.ubc.ca/~hoos/Publ/Hoos10.pdf
https://www.slideshare.net/JoaquinVanschoren/automl-lectures-acdl-2019
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Overfitting
dataset: wine-quality-red (n=1052), opt-best (hold-out)

N . . . ]
2
g 0,40 Heeremtmeeeeeessa i P Sttt S
LoD T T B U R ———
=
T T O S S USRS
e
B 034L e

4‘0 6‘IU 8[0 100

opt. iterations

* Overfitting on HPO level possible
* Alleviate by:
* More data
Reshuffle the train-valid split each iteration
* Separate selection split

Stable optima
* Ensembling
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https://corpus.ulaval.ca/jspui/bitstream/20.500.11794/28364/1/33862.pdf
https://corpus.ulaval.ca/jspui/bitstream/20.500.11794/28364/1/33862.pdf
https://link.springer.com/article/10.1007/s13755-017-0023-z
https://link.springer.com/article/10.1007/s10994-018-5735-z
https://corpus.ulaval.ca/jspui/bitstream/20.500.11794/28364/1/33862.pdf
https://link.springer.com/chapter/10.1007/978-3-319-57529-2_45
https://epubs.siam.org/doi/abs/10.1137/1.9781611972726.16
http://www.jmlr.org/papers/volume10/escalante09a/escalante09a.pdf
https://www.springerprofessional.de/a-holistic-classification-optimization-framework-with-feature-se/7077530
https://papers.nips.cc/paper/5872-efficient-and-robust-automated-machine-learning.pdf
https://corpus.ulaval.ca/jspui/bitstream/20.500.11794/28364/1/33862.pdf
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Image credit: Rich Caruana, AutoML 2015
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https://indico.lal.in2p3.fr/event/2914/contributions/6481/attachments/6048/7173/CaruanaAutoMLWorkshopICML2015rev4.pdf
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Bayesian optimizer

feature lnssifi
classifier
preprocessor

data pre-
processor

—

{Xtrain: Y;irain:
Xtest: E}

Image credit: Rich Caruana, AutoML 2015
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feature lnssifi
classifier
preprocessor

data pre-
processor

—

{Xtrain: Y;irain:
Xtest: E}

Image credit: Rich Caruana, AutoML 2015
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Part 1: General AutoML

AutoML by Hyperparameter Optimization
Black-box Hyperparameter Optimization
Beyond black-box optimization
Meta-learning

Examples of AutoML

Open issues and future work

N o Uk wihe

Wrap-up & Conclusion

Part 2: Neural Architecture Search & Meta-Learning
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HPO for Practitioners: Which Tool to Use?

If you have access to multiple fidelities

e We recommend BOHB
(* ]

o Combines the advantages of Bayesian optimization and
Hyperband

If you do not have access to multiple fidelities

e Low-dim. continuous: GP-based BO

(e.g., : : :
o High-dim, categorical, conditional: or

o Purely continuous, budget >10x dimensionality:
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http://proceedings.mlr.press/v80/falkner18a/falkner18a.pdf
https://github.com/automl/HpBandSter
https://botorch.org/
https://github.com/mlr-org/mlrMBO
https://sigopt.com/
https://github.com/automl/SMAC3
https://github.com/automl/SMAC3
https://github.com/hyperopt/hyperopt
http://cma.gforge.inria.fr/
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Open-source AutoML Tools based on HPO

Auto-WEKA
— 768 hyperparameters, 4 levels of conditionality
— Based on WEKA and SMAC
Hyperopt-sklearn
— Based on scikit-learn & TPE
Auto-sklearn
— Based on scikit-learn & SMAC

— Uses meta-learning and posthoc ensembling
— Won AutoML competitions 2015-2016 & 2017-2018

H20 AutoML

— Uses implementations from H20.ai
— Based on random search and stacking

TPOT

— Based on scikit-learn and evolutionary algorithms

ML-PLAN
e Based on WEKA and Hierarchical Task Networks

Feurer and Elsken: AutoML
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https://www.cs.ubc.ca/labs/beta/Projects/autoweka/papers/autoweka.pdf
http://conference.scipy.org/proceedings/scipy2014/pdfs/komer.pdf
https://papers.nips.cc/paper/5872-efficient-and-robust-automated-machine-learning.pdf
h2o.ai
https://link.springer.com/chapter/10.1007/978-3-319-31204-0_9
https://link.springer.com/article/10.1007/s10994-018-5735-z
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AutoML: Democratization of Machine Learning

Auto-sklearn also won the last two phases
of the AutoML challenge human track (!)

o |t performed better than up to 130 teams of human experts

o |tis open-source (BSD) and trivial to use:
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AutoML: Democratization of Machine Learning
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Auto-sklearn also won the last two phases "Tﬁaﬂ
of the AutoML challenge human track (!) %e

o |t performed better than up to 130 teams of human experts %
o |tis open-source (BSD) and trivial to use:

import autosklearn.classification as cls
automl = cls.AutoSklearnClassifier()
automl.fit(X train, y_train)

y _hat = automl.predict(X_test)

automl.github.io/auto-sklearn

® Watch 207 W Star 3,824 ?Fork 731
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What have we learned?

1.

AutoML by Hyperparameter Optimization
AutoML can be phrased as an HPO problem

Black-box Hyperparameter Optimization
We reviewed Bayesian optimization
Beyond black-box optimization
Practically applicable by using domain knowledge
Meta-learning
Increase practicality by using previous data
Examples

AutoML can be used in almost every step of the ML pipeline

Open issues and future work

Datasets, search space representation & overfitting
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4 Further reading

o£ o Automated Machine Learning: Methods, Systems,

Challenges

— Edited by Frank Hutter, Lars Kotthoff and Joaquin Vanschoren

— Contains introductions to HPO, Meta-Learning and NAS

e Various literature reviews on arXiv:

o AutoML workshop video recordings

: Focus on open source software
: General and comprehensive

Automated
: Focuses mostly on NAS Machine
: NAS survey Learning
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https://www.springer.com/de/book/9783030053178
https://arxiv.org/pdf/1908.05557.pdf
https://arxiv.org/pdf/1810.13306.pdf
https://arxiv.org/pdf/1908.00709.pdf
https://arxiv.org/pdf/1905.01392.pdf
https://sites.google.com/view/automl2019icml/schedule

Thank you for your attention!
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Special thanks to Frank Hutter and Joaquin Vanschoren for
providing me with the slides this presentation is based on.

AutOML org

Contact:
feurerm@cs.uni-freiburg.de

, @__mfeurer__ , @automlfreiburg
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