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Why AutoML?
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So many machine learning problems. ..

THE BIOPHARMACEUTICAL RESEARCH AND DEVELOPMENT PROCESS

POTENTIAL NEW MEDICINES

speech recognition social science
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...so little time

classifiers = [
KNeighborsClassifier(3),
SVC(kernel="1linear", C=0.025),
SVC(gamma=2, C=1),
GaussianProcessClassifier(1.0 x RBF(1.0)),
DecisionTreeClassifier(max_depth=5),
RandomForestClassifier(max_depth=5, n_estimators=10, max_fe
MLPClassifier(alpha=1, max_iter=1000),
AdaBoostClassifier(),
GaussianNB(),
QuadraticDiscriminantAnalysis()]

source: https://scikit-learn.org
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Different models perform differently

source: https://scikit-learn.org
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Decisions, decisions. ..

a pipeline: a directed graph of learning components

Pipeline

. dimensionalit;
imputer encoder standardizer Y estimator

reducer
L o [0 mean and unit] H
raw dataset. 1 [impute missing entries | | L N e o PCA KNN :
H by mean \ 25% components k=5 ;
H cach feature :

so many choices to make:

data imputer: fill in missing values by median? ...
encoder: one-hot encode? ...

standardizer: rescale each feature? ...

dimensionality reducer: PCA, or select by variance? ...

estimator: use decision tree or logistic regression? ...

VVvyVvyVvyYVvyy

hyperparameters: depth of decision tree?
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No Free Lunch

On 215 midsize OpenML classification datasets:

» The best-on-average pipeline (highest average ranking):

The baseline pipeline

. . . dimensionality .
imputer encoder standardizer estimator

H reducer i
; encode 0 mean and unit - ‘gradicnt boosting w/ | |
impute missing entries : M| remove features .
HIPUIE IISSIOR ENIES Lo categorical as (> variance for ! ! learning rate 0.25 and
; by mode with 0 variance P
1 integer cach feature maximum depth3 | |

» The best estimator for each dataset:

gradient boosting - 38.60%
I nultilayer perceptron - 20.93%

kNN - 10.23%

adaboost - 8.84%

extra trees - 5.58%

B logistic reg
EE decision tre

random forest - 3.26'
EE lincar SVM - 1.86%

Gaussian naive Bayes - 1.40%

m

%

source: [Yang et al.(2020)Yang, Fan, Wu, and Udell]
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No Free Lunch

On 215 midsize OpenML classification datasets:
» The best-on-average pipeline (highest average ranking):

The baseline pipeline

i encoder standardizer  dimensionality i
lmpuler reducer estimator

; encode 0 mean and unit - ‘gradicnt boosting w/ | |
impute missing entries : M| remove features .
HIPUIE IISSIOR ENIES Lo categorical as (> variance for ! ! learning rate 0.25 and
; by mode with 0 variance P
1 integer cach feature maximum depth3 | |

» The best estimator for each dataset:

gradient boosting - 38.60%
I nultilayer perceptron - 20.93%
kNN - 10.23%
adaboost - 8.84%
.58%
- 5.58%

extra tre

decision tree -
random forest - 3.26%
linear SVM - 1.86%

Gaussian naive Bayes - 1.40%

source: [Yang et al.(2020)Yang, Fan, Wu, and Udell]
Theorem (No free lunch [Wolpert(1996)])

There is no one model that works best for every problem.
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Problem solved!

»> import autosklearn.classification as .ar.n:,.m.,mam fromcovpaty sul.co' ety poesslans,
>>> cls = autosklearn.classification.AutoSklearnClassifier()

>>> cls.fit(X_train, y_train)

>> predictions = cls.predict(X_test)

v

Tearn = tabular_learner(dls, metricssaccuracy)
tearn. fit_one_cycle(2)

v

# Run AutoML for 20 base models (limited to 1 hour max runtime by default)
aml = H20AutoML (max_models=20, seed=1)
aml.train(x=x, y=y, training_frame=train)

from flaml import AutoML
automl = AutoML()
automl.fit(X_train, y_train, task="classification")

from autogluon. tabular import TabularDataset, TabularPredictor
train_data = TabularDataset('https://autogluon.s3.amazonaws. con/datasets/Inc/train.csv')
test_data = TabularDataset('https://autogluon. s3.amazonaws. con/datasets/Inc/test.csv')

predictor = TabularPredictor(label='class').fit(train_data, time_limit=60) # Fit models for 60s
leaderboard = predictor. leaderboard(test_data)
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Definitions

automated machine learning (AutoML) chooses a ML model
+ hyperparameters so you don’t have to.

types of AutoML:
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Definitions

automated machine learning (AutoML) chooses a ML model
+ hyperparameters so you don’t have to.

types of AutoML:

» hyperparameter tuning chooses the best hyperparameters
for the model

» combined algorithm and hyperparameter search
(CASH) chooses an estimator and hyperparameters

» neural architecture search (NAS) chooses a deep
learning architecture
e.g., number of layers, type of layer, width, learning rate

» metalearning, or learning to learn, uses information
gleaned from a corpus of datasets to choose a better model
on a new dataset

kinds of datasets: tabular, timeseries, image, text, video,
genomics, ...
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Techniques
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Grid search vs random search

Grid Layout Randam ou

2 2
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Important parameter Impaortant parametar

source: Bergstra & Bengio 2012 [Bergstra and Bengio(2012)].

» grid search is more well-known
» random search samples more distinct values of each hyperparameter

» random search is more efficient when only some hyperparameters are
important
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Bayesian optimization (BO)

jective fi B
observation (x) objective fn (f(-))

V_acquisition max

acquisition function (uf(-))

t=3

new observation (x,)

posterior mean ((+)

posterior uncertainty
(u() £0(-) A4

source: Brochu et al, 2010
[Brochu et al.(2010)Brochu, Cora, and De Freitas]
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Multi-armed bandit

How long to spend evaluating each pipeline?

» Budget: training examples or training time
» Estimate performance of each pipeline with small budget
» Allocate budget to promising pipelines
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Genetic programming

Population
| Rank Programs

b4

Is any program + Yes “Survival of the fittest”:

ood enough?

: ) Automatically explore numerous
No possible pipelines to find the best

for the given dataset

New population

source: dotnetlovers.com
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Ensemble

|
00000
00000

|
Ensemble classifier

source: By Sirakorn - Own work, CC BY-SA 4.0,
https://commons.wikimedia.org/w/index.php?curid=85888768

Original Data

Bootstrapping

Aggregating

Bagging
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Stacking

Output
4
Weighting
1 f f
Stack Model 1 Model 2 | """ | Model n
1 1 1
Concat
F_1 ) )
Base Model 1 Model 2 | --- | Model n
1 t 1
Input

source: AutoGluon Tabular
[Erickson et al.(2020)Erickson, Mueller, Shirkov, Zhang, Larroy, Li, and Smola]
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Metalearning

- Training Training | | Training
Training e
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Learning Metalearning

» learning splits datasets
» metalearning splits learning instances:

> same model, different datasets ( “sets of datasets”)
e.g., stock market data on different days

» different models, same dataset
e.g., performance of ridge regression at different \'s

source: OBOE [Yang et al.(2019)Yang, Akimoto, Kim, and Udell]
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OBOE: low rank autoML

given: m datasets, n machine learning models
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OBOE: low rank autoML

given: m datasets, n machine learning models
measure: error of each model on each dataset
form: m x n data table A

models
X X X X X
A = datasets X X X X X
X X X X X

source: OBOE [Yang et al.(2019)Yang, Akimoto, Kim, and Udell]
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OBOE: low rank autoML

given: m datasets, n machine learning models
measure: error of each model on each dataset
form: m x n data table A

find: X € R™* Y € R**" for which

A ~ XY
models
X X X X X X1 |
datasets X X X X X " 1
X X X X X Xy — |

source: OBOE [Yang et al.(2019)Yang, Akimoto, Kim, and Udell]
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OBOE: low rank autoML

given: m datasets, n machine learning models
measure: error of each model on each dataset
form: m x n data table A

find: X € R™k, Y € R*" for which

A =~ XY
( models
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dataset X X X X X ;
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OBOE: low rank autoML

given: m datasets, n machine learning models
measure: error of each model on each dataset
form: m x n data table A

find: X € R™¥, Y € R*" for which

A =~ XY
models
X X X X X —X1— | |
datasets o e X ~
x ox ox ox x| | e || Yn
m | |
X X X —Xmi1—

> rows x; € R¥ of X are dataset metafeatures
» columns y; € R¥ of Y are model metafeatures
> x;y; ~ Ajj are predicted model performance

source: OBOE [Yang et al.(2019)Yang, Akimoto, Kim, and Udell]
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Metalearning with NLP and GNNs

Find the best pipeline

| TPOT |

e
Probability Distribution

source: Real-time AutoML
[Drori et al.(2020)Drori, Liu, Ma, Deykin, Kates, and Udell]
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Systems

20/27



AutoML systems

Optimizing over scikit-learn style models:

> Auto-WEKA
[Thornton et al.(2013) Thornton, Hutter, Hoos, and Leyton-Brown]
BO on conditional search space

» auto-sklearn
[Feurer et al.(2015)Feurer, Klein, Eggensperger, Springenberg, Blur
meta-learning + BO

» TPOT
[Olson et al.(2016)Olson, Urbanowicz, Andrews, Lavender, Kidd, ar
genetic programming

» Hyperband
[Li et al.(2018)Li, Jamieson, DeSalvo, Rostamizadeh, and Talwalka
multi-armed bandit

» PMF [Fusi et al.(2018)Fusi, Sheth, and Elibol]: matrix
factorization 4+ BO

> Oboe [Yang et al.(2019)Yang, Akimoto, Kim, and Udell]:
matrix factorization + experiment design 21/27
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Neural architecture search (NAS)

Google NAS [Zoph and Le(2016)]: reinforcement learning

NASBOT
[Kandasamy et al.(2018)Kandasamy, Neiswanger, Schneider, Poczo
BO + optimal transport

Auto-Keras [Jin et al.(2019)Jin, Song, and Hu]: BO +
network morphism

AutoML-Zero [Real et al.(2020)Real, Liang, So, and Le]:
genetic programming
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Lots of good options!

+ auto-sklearn ¢ TPOT + Auto-WEKA ¢ H20 AutoML ¢ GCP-Tables * AutoGluon
apgﬁﬁ\éﬁ > * . bnp-parivas {K- R Y
amazon_emplovee.
kadg..pngm‘gﬁ%@g:f} . bt santander-trans... * * ¢
ponkomar2iat sanander-salis.. K PP *
1163 mgrﬁﬁ
gu%ﬁﬁlngg % porto-seguro | 9‘@ » *
s :
sl - . — o« o
ngills - waimart-recat *
HoEars
it Fege Lt e e ¢ o o ©
hon 3303 X I oromoep
i 3 house-prices o o006 o
e o, )
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seament s s santander—value oo *
0.1 05 1 2 5 10 20 1.0 0.9 0.8 0.7 0.6 0.5 0.4 03 0.2 0.1 0.0
Loss on Test Data (relative to AutoGluon) Percentile Rank on Leaderboard
(A) AutoML Benchmark (1h) (B) Kaggle Benchmark (4h)

source: AutoGluon Tabular
[Erickson et al.(2020)Erickson, Mueller, Shirkov, Zhang, Larroy, Li, and Smola]

23/27



Fast and slow options

«+ Auto-sklearn ~ = Cloud-automl| =+ HpBandSter  «sse H20AutoML === TPOT == FLAML

600s
PIoodtriccard

00s
PIoodtriccard austral’

60s
PIoodtriccard austral’
i redit.

austral
i

DAk imerai995

DK imerai995 DAk imerai995

Binary classification datasets ordered by size counter clockwise,
from smallest (blood-transfusion) to largest (riccardo). Metric:

AUC.
source: FLAML [Wang et al.(2020)Wang, Wu, Weimer, and Zhu]
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Challenges and conclusion
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Challenges

» interpretability: can we find good, interpretable models?
when is interpretability necessary?
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Challenges

interpretability: can we find good, interpretable models?
when is interpretability necessary?

feature engineering
overfitting

cost:

e.g., Google RL-based NAS [Zoph and Le(2016)]: 1k GPU
days

(> $70k on AWS)

26 /27



Summary

» AutoML automatically picks a good ML pipeline for your
problem

» |ots of easy-to-use packages

» lots of interesting ideas
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