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Introduction

AutoML

Taking Human out of Learning Applications: A Survey on Automated Machine Learning [arXiv]



Introduction

Applications of AutoML

• Automatic model selection
• Auto-WEKA: Combined Selection and Hyperparameter Optimization of 

Classification Algorithms [KDD-2013]

• Efficient and robust automated machine learning [NIPS-2015]

• Neural architecture search
• Neural architecture search with reinforcement learning [ICLR-2017] 800 GPUs 

are used!

• Progressive neural architecture search [ECCV-2018]

• Automatic feature engineering
• Deep feature synthesis: Towards automating data science endeavors [ICDSAA-

2015]

Taking Human out of Learning Applications: A Survey on Automated Machine Learning [arXiv]



Introduction

• Many different machine learning algorithms exist; taking into 
account each algorithm’s hyperparameters, there is a staggeringly 
large number of possible alternatives overall.

• This suggests a natural challenge for machine learning: given a 
dataset, to automatically and simultaneously choose a learning 
algorithm and set its hyperparameters to optimize empirical 
performance.

• Combined algorithm selection and hyperparameter optimization 
problem (short:CASH)
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Methods

Model Selection

• is the loss achieved by algorithm A when trained 
on ,          and evaluated on           . The k-fold cross-validation is used.

Hyperparameter Optimization

• are hyperparameters of a given learning algorithm A.

Combined Algorithm Selection and Hyperparameter Optimization 
(CASH)



Methods

Sequential Model-Based Optimization (SMBO)

• CASH:

• This problem can be reformulated as a single combined hierarchical 
hyperparameter optimization problem with

• where         is a new hyperparameter that selects between

• Using Sequential Model-Based Optimization to tackle it.



Methods

Selecting the Next Hyperparameter Configuration

• Using acquisition function to quantify (in closed form) 
how useful knowledge about 

Expected Improvement (EI): a prominent acquisition function

• is an existing given error rate

• We can compute the expectation of           about current model 



Methods

• Main difference between existing SMBO algorithms: the model class 
they employ.

Sequential Model-based Algorithm Configuration (SMAC)

• SMAC uses random forest models (which are not usually treated as 
probabilistic models)

• SMAC obtains a predictive mean  and variance  of                    
over the predictions of its individual trees for λ

• It then models as a Gaussian

• EI can be computed by the closed-form expression:

• where                            and                     denote the probability density function and 
cumulative distribution function of a standard normal distribution, respectively.

Sequential Model-Based Optimization for General Algorithm Configuration [LION-2011]
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Experiments

Baseline Methods 

• Ex-Def: performing exhaustive 10-fold cross-validation on the 
training set and to return the classifier with the smallest average 
misclassification error across folds.

• Random Grid: considering a grid of hyperparameter settings for each 
of base classifiers, and performs a random search in the union of 
these grids.
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Experiments

•
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Improvements

Methods

•

• Adding two components to Bayesian hyperparameter optimization of 
an ML framework: 

• Meta-learning for initializing the Bayesian optimizer 

• Automated ensemble construction from configurations 
evaluated during optimization

15
Efficient and Robust Automated Machine Learning [NIPS-2015]



Improvements

Experiments

•

16
Efficient and Robust Automated Machine Learning [NIPS-2015]


