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I Introduction

Tree-Parzen Estimators
for deterministic outcomes
for uncertain outcomes (our proposal)
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Hyperparameter optimization problem

Hyperparameters:

« Influence the learning process

« Are not optimized during the training of the ML algorithm
« should be specified before the training phase

« Complex domain (numeric, discrete, etc)

Validation protocol Performance measure Validation dataset

Solver (SGD, ADAM)
Activation function

Goal of this research:
+ Data efficient search for an optimal configuration
+ Account for performance uncertainty during the optimization

Learning rate Performance = uncertain

Different data to train/validate
(bootstrapping, k-fold cv, ...)
Retraining if the ML algorithm has
some (random) inner optimization O Mean perormance
Monte Carlo dropout (for DNN)
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Tree Parzen Estimators (TPE) algorithm*
Model the distribution of each input using KDE

o o
Bad observations | . . pos
|E: 04 -
: \
‘Good observations
. "/
10 1s 20 2s g as an a5 50

" is some quantile y of the observed ¥ values, so
thatp(y <y") =y

_flx) y<y,xeXx
PQlX,Y) = {g(x) other case

How to suggesta new hyperparameter
configuration?
ESTIMATE DENSITIES [(x) and g(x)

using all the observations and their
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* Bergstra, J., Bardenet, R., Bengio, Y., & Kégl, B. (2011). Algorithms for hyper-parameter optimization. Advances in
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Tree Parzen Estimators (TPE) with uncertainty (our algorithm)

Model the distribution of each input using KDE
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Experimental design
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Concluding remarks

« Basic idea: TPE algorithm adjustment to account for performance uncertainty
+ Weighted KDE: ility that a given HP configuration is “good” or “bad”

« Our proposal outperforms the original TPE (final result and/or search speed)
+ Interesting for settings with limited budget!

« Further fine-tuning required to get high-quality performance on datasets with probability of being good
and bad very close (dataset 980)

Further research:
« Multi-objective extension
* Multivariate KDE
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