
UC Irvine
UC Irvine Electronic Theses and Dissertations

Title
On Hyperparameter Optimization for Deep Learning

Permalink
https://escholarship.org/uc/item/74t2n9c9

Author
Hertel, Lars Heinrich

Publication Date
2020

Copyright Information
This work is made available under the terms of a Creative Commons Attribution License, 
availalbe at https://creativecommons.org/licenses/by/4.0/
 
Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/74t2n9c9
https://creativecommons.org/licenses/by/4.0/
https://escholarship.org
http://www.cdlib.org/


UNIVERSITY OF CALIFORNIA,
IRVINE

On Hyperparameter Optimization for Deep Learning

DISSERTATION

submitted in partial satisfaction of the requirements
for the degree of

DOCTOR OF PHILOSOPHY

in Statistics

by

Lars Hertel

Dissertation Committee:
Professor Pierre Baldi, Chair

Professor Daniel L. Gillen
Professor Michele Guindani

2020



Chapter 3 c© 2018 American Physical Society
All other materials c© 2020 Lars Hertel



DEDICATION

To my parents, Stephanie, and Penelope.

ii



TABLE OF CONTENTS

Page

LIST OF FIGURES vi

LIST OF TABLES xi

LIST OF ALGORITHMS xii

ACKNOWLEDGMENTS xiii

CURRICULUM VITAE xiv

ABSTRACT OF THE DISSERTATION xvi

1 Introduction 1

2 Background 4
2.1 Hyperparameter Optimization . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2.1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
2.1.2 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.1.3 Optimization Algorithms . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.2 Group Sequential Testing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
2.2.1 Motivational Example and Notation . . . . . . . . . . . . . . . . . . . 12
2.2.2 False Positive Rate under the Fixed Sample Approach . . . . . . . . 13
2.2.3 Sequential Testing Boundaries . . . . . . . . . . . . . . . . . . . . . . 15
2.2.4 Evaluation of Stopping Boundaries . . . . . . . . . . . . . . . . . . . 17

3 Improved Energy Reconstruction in NOvA with Regression Convolutional
Neural Networks 20
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
3.2 The NOvA Experiment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
3.3 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

3.3.1 Simulated Data Sample . . . . . . . . . . . . . . . . . . . . . . . . . 24
3.3.2 Neural Network Architecture . . . . . . . . . . . . . . . . . . . . . . . 32
3.3.3 Neural Network Training . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
3.4.1 νe-CC neutrino energy . . . . . . . . . . . . . . . . . . . . . . . . . . 38
3.4.2 Electron Shower Energy . . . . . . . . . . . . . . . . . . . . . . . . . 45

iii



3.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

4 Sherpa: A Python Hyperparameter Optimization Framework 51
4.1 Motivation and significance . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
4.2 Software Description . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

4.2.1 Hyperparameter Optimization . . . . . . . . . . . . . . . . . . . . . . 53
4.2.2 Components . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54
4.2.3 API Mode . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
4.2.4 Parallel Mode . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

4.3 Software Functionalities . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57
4.3.1 Available Hyperparameter Types . . . . . . . . . . . . . . . . . . . . 57
4.3.2 Diversity of Algorithms . . . . . . . . . . . . . . . . . . . . . . . . . . 58
4.3.3 Accounting for Random Variation . . . . . . . . . . . . . . . . . . . . 59
4.3.4 Visualization Dashboard . . . . . . . . . . . . . . . . . . . . . . . . . 60
4.3.5 Scaling up with a Cluster . . . . . . . . . . . . . . . . . . . . . . . . 61

4.4 Illustrative Examples . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
4.4.1 Handwritten Digits Classification with a Neural Network . . . . . . . 62
4.4.2 Deep learning for Cloud Resolving Models . . . . . . . . . . . . . . . 67

4.5 Impact . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71
4.6 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

5 Reproducible Hyperparameter Optimization 72
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72
5.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

5.2.1 Hyperparameter Optimization . . . . . . . . . . . . . . . . . . . . . . 78
5.2.2 Hyperparameter Optimization for Non-deterministic Training . . . . 79

5.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88
5.3.1 Type I Error Simulation . . . . . . . . . . . . . . . . . . . . . . . . . 88
5.3.2 Motivating Example . . . . . . . . . . . . . . . . . . . . . . . . . . . 88
5.3.3 Evaluation Procedure . . . . . . . . . . . . . . . . . . . . . . . . . . . 91
5.3.4 Evaluation Data Sets and Experimental Setup . . . . . . . . . . . . . 91
5.3.5 MNIST Convolutional Neural Network . . . . . . . . . . . . . . . . . 93
5.3.6 IMDB Movie Review LSTM . . . . . . . . . . . . . . . . . . . . . . . 94
5.3.7 Boston Housing Gradient Boosting Regressor . . . . . . . . . . . . . 95
5.3.8 Distribution of Hyperparameter Optimization Outcomes . . . . . . . 97
5.3.9 Sequential Testing Boundaries . . . . . . . . . . . . . . . . . . . . . . 102
5.3.10 Normality Assumption . . . . . . . . . . . . . . . . . . . . . . . . . . 103
5.3.11 Supplementary Material . . . . . . . . . . . . . . . . . . . . . . . . . 104

5.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

6 Quantity vs. Quality: On Repetitions in Noisy Hyperparameter Optimiza-
tion 107
6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107
6.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

6.2.1 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

iv



6.2.2 Repeated Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . 111
6.2.3 Model-free Optimization . . . . . . . . . . . . . . . . . . . . . . . . . 111
6.2.4 Bayesian Optimization . . . . . . . . . . . . . . . . . . . . . . . . . . 113

6.3 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118
6.3.1 Toy Functions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118
6.3.2 Reinforcement Learning . . . . . . . . . . . . . . . . . . . . . . . . . 119
6.3.3 Image Generation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125

6.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

7 Future Work 129

Bibliography 131

v



LIST OF FIGURES

Page

2.1 Plot of one draw of the sample mean against the number of observations. . . 14
2.2 Sampling densities of the normalized Z-score at the final analysis. The left

plot shows the sampling density using a Pocock stopping boundary, the right
plot is based on an O’Brien-Fleming boundary. . . . . . . . . . . . . . . . . . 16

2.3 Pocock (poc) and O’Brien-Fleming (obf) stopping boundaries in terms of the
observed difference in means required for testing to stop at each interim analysis. 19

3.1 Electron neutrino image pair example. . . . . . . . . . . . . . . . . . . . . . 27
3.2 Distributions of input cell energies (top) and true electron neutrino energies

(bottom) from a subset of the flat flux training sample. . . . . . . . . . . . . 28
3.3 Distributions of input cell energies (top) and true electron neutrino energies

(bottom) from a subset of the regular flux training sample. . . . . . . . . . . 29
3.4 Electron shower image pair example. . . . . . . . . . . . . . . . . . . . . . . 30
3.5 Distributions of input cell energies (top) and true electron energies (bottom)

from a subset of the regular flux training sample. . . . . . . . . . . . . . . . 31
3.6 Diagram of electron neutrino energy predictor (left) and electron shower en-

ergy predictor (right). Triangles represent neural networks. . . . . . . . . . . 33
3.7 Monte Carlo distributions of νe CC energy reconstructed by the regression

CNN (CNN Energy, blue), particle kinematic information (Kinematic Energy,
red), and summing the calibrated calorimetric energy in each cell (Calori-
metric Energy, green), overlapping with true neutrino energy (dashed). The
neutrino oscillations are applied. . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.8 Monte Carlo distributions of ratios of differences between reconstructed and
true νe CC energies to true νe CC energy in the calorimetric energy range of
0 to 5 GeV. Neutrino energy is reconstructed by the regression CNN (CNN
Energy, blue), particle kinematic information (Kinematic Energy, red), and
summing the calibrated calorimetric energy in each cell (Calorimetric Energy,
green). The neutrino oscillations are applied. . . . . . . . . . . . . . . . . . . 40

vi



3.9 Means (top) and relative RMS (bottom, the ratio of RMS to the mean value of
energy) of the Monte Carlo distributions of the ratios of differences between
reconstructed and true νe CC energies to true νe CC energy for different
true neutrino energy bins ranging from 0 to 5 GeV. Neutrino energy is re-
constructed by the regression CNN (CNN Energy, blue), particle kinematic
information (Kinematic Energy, red), and summing the calibrated calorimet-
ric energy in each cell (Calorimetric Energy, green). The neutrino oscillations
are applied. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3.10 Means of the Monte Carlo distributions of ratios of differences between re-
constructed and true νe CC energies to true νe CC energy for different true
neutrino energy bins ranging from 0 to 5 GeV. Neutrino energy is recon-
structed by CNN trained with flat flux (blue) and regular flux (red), the
neutrino oscillations are applied. . . . . . . . . . . . . . . . . . . . . . . . . . 43

3.11 Monte Carlo distributions of ratios of the difference between reconstructed
and true νe CC energy to true neutrino energy for QE, RES, and DIS modes.
Neutrino energy is reconstructed by the regression CNN (CNN Energy, blue),
particle kinematic information (Kinematic Energy, red), and summing the
calibrated calorimetric energy in each cell (Calorimetric Energy, green). The
neutrino oscillations are applied. . . . . . . . . . . . . . . . . . . . . . . . . . 43

3.12 Monte Carlo distributions of ratios of differences between reconstructed and
true νe CC energies to true νe CC energy in the calorimetric energy range of 0
to 5 GeV. Error bands represent systematic uncertainties evaluated by GENIE
reweighting. Neutrino energy is reconstructed by the regression CNN (CNN
Energy, blue), particle kinematic information (Kinematic Energy, red), and
summing the calibrated calorimetric energy in each cell (Calorimetric Energy,
green). The neutrino oscillations are applied. . . . . . . . . . . . . . . . . . . 44

3.13 Means (top) and relative RMS (bottom) of the Monte Carlo distributions of
the ratios of differences between reconstructed and true νe CC energies to
true νe CC energy for different true neutrino energy bins ranging from 0 to
5 GeV. Error bars represent systematic uncertainties evaluated by GENIE
reweighting. Neutrino energy is reconstructed by the regression CNN (CNN
Energy, blue), particle kinematic information (Kinematic Energy, red), and
summing the calibrated calorimetric energy in each cell (Calorimetric Energy,
green). The neutrino oscillations are applied. . . . . . . . . . . . . . . . . . . 46

3.14 Monte Carlo distributions of reconstructed electron shower energy and true
electron energy (dashed) in νe CC events. The shower energy is reconstructed
by CNN (CNN Energy, blue) and summing the calibrated calorimetric energy
in each cell (Calorimetric Energy, green). The neutrino oscillations are applied. 47

3.15 Monte Carlo distributions of ratios of reconstructed electron shower energy to
true electron energy in νe CC events in the shower calorimetric energy range of
0 to 5 GeV. Shower energy is reconstructed by CNN (CNN Energy, blue) and
summing the calibrated calorimetric energy in each cell (Calorimetric Energy,
green). The neutrino oscillations are applied. . . . . . . . . . . . . . . . . . . 48

vii



3.16 Means (top) and RMSs (bottom) of the Monte Carlo distributions of the
ratios of reconstructed electron shower energy to true electron energy in νe
CC events for different shower calorimetric energy bins ranging from 0 to
5 GeV. Shower energy is reconstructed by CNN (CNN Energy, blue) and
summing the calibrated calorimetric energy in each cell (Calorimetric Energy,
green). The neutrino oscillations are applied. . . . . . . . . . . . . . . . . . . 49

3.17 Monte Carlo distributions of ratios of reconstructed electron shower energy to
true electron energy in νe CC events for QE, RES, and DIS modes. Shower
energy is reconstructed by CNN (CNN Energy, blue) and summing the cal-
ibrated calorimetric energy in each cell (Calorimetric Energy, green). The
neutrino oscillations are applied. . . . . . . . . . . . . . . . . . . . . . . . . . 50

4.1 Diagram showing Sherpa’s Study class. . . . . . . . . . . . . . . . . . . . . . 55
4.2 Architecture diagram for parallel hyperparameter optimization in Sherpa. The

user only interacts with Sherpa via the solid red arrows, everything else hap-
pens internally. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

4.3 The dashboard provides a parallel coordinates plot (top) and a table of finished
trials (bottom left). Trials in progress are shown via a progress line chart
(bottom right). Figure recommended to be viewed as PDF and via zooming in. 61

4.4 An example showing how to tune the hyperparameters of a neural network on
the MNIST dataset using Sherpa in API mode. . . . . . . . . . . . . . . . . 64

4.5 Server-script for using Sherpa in parallel mode to tune the hyperparameters
of a neural network trained on the handwritten digits dataset MNIST. . . . . 65

4.6 Trial-script for using Sherpa in parallel mode to tune the hyperparameters of
a neural network trained on the handwritten digits dataset MNIST. . . . . . 66

4.7 Screenshot of the dashboard at the end of the initial random search. The
8 best trials were selected by brushing of the Objective axis in the parallel
coordinates plot. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

4.8 Case study results for an optimized deep neural network applied to cloud
resolving models. Figures 4.8a and 4.8b show the coefficient of determination
R2 vs. pressure for convective heating rate and convective moistening rate,
respectively. Figures 4.8c, 4.8d, and 4.8e show R2 values against latitude,
and 4.8f shows loss trajectories. All figures compare the optimized Sherpa
model against the model developed by Rasp et al. [2018]. . . . . . . . . . . . 70

5.1 Validation loss against epochs for different training runs with the same hy-
perparameters. Different colors represent different runs. . . . . . . . . . . . 73

viii



5.2 Illustration of the varying results obtained from hyperparameter optimization
when the prediction error is a noisy function of the hyperparameter value.
Panel (a) shows a simple example of expected prediction error as a function
of the hyperparameter (solid line). The shaded area represents two standard
deviations from the mean. The function is evaluated at hyperparameter values
from 0 to 6 in steps of 0.5. The dots represent one such evaluation. In
this case the selected hyperparameter would be 2.5 since it corresponds to
the minimum observed prediction error. Panel (b) shows the distribution of
selected hyperparameters over 10000 such evaluations. Panel (c) shows the
observed prediction errors for the selected hyperparameters. Panel (d) shows
the expected prediction errors corresponding to the selected hyperparameters. 74

5.3 Binary tree illustrating the procedure of finding k̃, the maximum k for which
the null hypothesis in Equation 5.5 is not rejected. Each node in the tree
represents a test of this null hypothesis. The array represents the hyperpa-
rameter settings ordered by mean prediction error and the red fill the test
point k. Therefore, if the fourth square is red this indicates that k = 4. The
dark grey fill indicates the remaining possible values for k̃. . . . . . . . . . . 80

5.4 Bar chart showing counts out of 10000 runs that each hyperparameter value is
selected by methods with one trial per hyperparameter setting (nλ = 1) and
the proposed procedure with intermediate sample sizes of nλ = (3, 6, 9). The
proposed method selects the optimal value of 3 in a larger proportion of cases
than the method with nλ = 1. In addition to that, the overall distribution is
more peaked around the optimal value (variance of 0.21 vs 0.57). . . . . . . 89

5.5 The figure shows a box plot that corresponds to the expected prediction error
across multiple runs given selected hyperparameter values from Figure 5.4.
Using an oracle the value of the expected prediction error would be 10 with
zero variance. As shown by their corresponding boxes, the proposed method
(nλ = (3, 6, 9)) is closer to the optimum (mean=10.21, variance=0.075) when
compared to the traditional method of nλ = 1 (mean=10.57, variance=0.55). 90

5.6 Distribution of validation loss across 25 runs for a sample of 10 hyperparameter
settings in the MNIST CNN experiment. . . . . . . . . . . . . . . . . . . . . 92

5.7 Distribution of validation loss across 25 runs for a sample of 10 hyperparameter
settings in the IMDB LSTM experiment. . . . . . . . . . . . . . . . . . . . . 94

5.8 Distribution of validation loss across 25 runs for a sample of 10 hyperparameter
settings in the Boston Housing GBR benchmark. . . . . . . . . . . . . . . . 96

5.9 Boxplots showing distributions of the expected prediction error τλ̂∗ yielded by
the hyperparameter search using methods with nλ = 1 and nλ = (3, 6, 9) and
K = 150 candidate settings. Here, ”3,6,9” corresponds to choosing the best
observed hyperparameter setting from the returned equivalence class while
”3,6,9-s” corresponds to randomly sampling one from the equivalence class. . 99

5.10 Normal quantile-quantile plot for validation losses across different runs of a
sub-sample of 5 different hyperparameter settings in the MNIST CNN, IMDB
LSTM, and Boston GBR experiments. In all cases the points are reason-
ably close to the straight line indicating that the empirical distributions are
approximately Normal. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

ix



6.1 Toy objective functions. The U-curve and Parabola functions attempt to
resemble marginal objective functions often observed for hyperparameters.
The Ackley1D is a common optimization benchmark function. Each plot
illustrates Gaussian noise with variance 3. . . . . . . . . . . . . . . . . . . . 117

6.2 Best objective value against the number of evaluations used for each method. 117
6.3 Variance of the regret across one hundred repeated optimizations against func-

tion evaluations used. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119
6.4 Screenshot of the cartpole task. . . . . . . . . . . . . . . . . . . . . . . . . . 120
6.5 Boxplots showing the distribution of mean rewards across training over 40

optimization runs on the Cartpole environment using PPO2 (higher is better). 121
6.6 Screenshot of the Inverted Pendulum Swing-up task. . . . . . . . . . . . . . 123
6.7 Boxplots showing the distribution of mean rewards across training over 15

hyperparameter optimization runs on the Inverted Pendulum Swing-up task
using PPO2 (higher is better). . . . . . . . . . . . . . . . . . . . . . . . . . . 124

6.8 FID for learning rate optimization of the MNIST non-saturating GAN. Com-
pared are three Bayesian optimization methods and the ASHA algorithm after
21 full evaluations of the GAN. Boxplots are over 16 runs of each hyperpa-
rameter optimization. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127

x



LIST OF TABLES

Page

2.1 Average sample sizes needed to reject the null hypothesis under Pocock and
O’Brien-Fleming boundaries. . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

4.1 Feature comparison of hyperparameter optimization frameworks. Bayesian
optimization, evolutionary, and bandit/early-stopping refer to the support of
hyperparameter optimization algorithms based on these methods. . . . . . . 53

4.2 DNN Hyperparameter Search Space. . . . . . . . . . . . . . . . . . . . . . . 67
4.3 Best hyperparameter configuration found by Sherpa. . . . . . . . . . . . . . 69

5.1 Table showing whether H0,3 would be rejected given the rejection of H0,2,

τ̂λ1 − τ̂λ2 = δ̂, τ̂λ2 − τ̂λ3 = δ̂/m, and α = 0.05. ”T” indicates rejection of H0,3

and ”F” indicates that the test would not be rejected. . . . . . . . . . . . . . 84
5.2 Hyperparameter space Λ for MNIST CNN benchmark. . . . . . . . . . . . . 92
5.3 Results for the MNIST Convolutional Neural Network hyperparameter opti-

mization across 1000 independent simulations for each value of K. . . . . . . 93
5.4 Hyperparameter space Λ for IMDB LSTM benchmark. . . . . . . . . . . . . 94
5.5 Results for the IMDB LSTM hyperparameter optimization across 1000 inde-

pendent simulations for each value of K. . . . . . . . . . . . . . . . . . . . . 95
5.6 Hyperparameter space Λ for Boston Housing GBR benchmark. . . . . . . . . 96
5.7 Results for the Boston Housing gradient boosted regression tree hyperparam-

eter optimization across 1000 independent simulations for each value of K. . 97
5.8 Means (variances) of τλ̂∗ across hyperparameter optimization runs. . . . . . 101
5.9 Results for 1000 simulations using different sequential testing boundaries pa-

rameterized by P for K = 150 candidate settings. . . . . . . . . . . . . . . . 103

6.1 Mean rewards across training and across hyperparameter optimization runs
for different budgets of function evaluations (higher is better). Cell values
are averaged across 20 training runs of the best found agent and across 40
hyperparameter optimization runs. . . . . . . . . . . . . . . . . . . . . . . . 122

6.2 Mean rewards for the Inverted Pendulum Swing-up task across training and
across hyperparameter optimization runs for different budgets of function eval-
uations (higher is better). Cell values are averaged across 20 training runs of
the best found agent and across 15 hyperparameter optimization runs. . . . . 125

xi



LIST OF ALGORITHMS

Page
1 Hierarchical ANOVA . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81
2 Sequential Hierarchical Test . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

xii



ACKNOWLEDGMENTS

I would like to gratefully acknowledge funding from NIH/NIA grant number 5R01AG053555.

Furthermore I would like to acknowledge my co-authors for Chapter 3 Jianming Bian, Lingge
Li, as well as my co-authors for Chapter 4 Julian Collado, Peter Sadowski, and Jordan Ott.

I would like to thank Jianming Bian for a collaboration that has allowed me to gain experience
in applying machine learning in the real world and has been an important part of my PhD.
I also want to thank the NOvA reconstruction group which has been very welcoming and
supportive throughout.

I would like to thank Dan Gillen for the invaluable help he provided in the writing and
development of Chapter 5 and Chapter 6.

Finally, I would like to thank my advisor for his mentorship and support throughout the
program.

xiii



VITA

Lars Hertel

EDUCATION

Doctor of Philosophy in Statistics 2020
University of California, Irvine Irvine, California

Masters of Science in Statistics 2014
Imperial College London London, United Kingdom

Bachelor of Science in Physics 2012
Queen Mary University of London London, United Kingdom

RESEARCH EXPERIENCE

Graduate Student Researcher 2019–2020
University of California, Irvine Irvine, California

TEACHING EXPERIENCE

Teaching Assistant 2014–2019
University of California, Irvine Irvine, California

xiv



REFEREED JOURNAL PUBLICATIONS

Improved energy reconstruction in NOvA with regres-
sion convolutional neural networks

2019

Physical Review D

REFEREED CONFERENCE PUBLICATIONS

Sherpa: hyperparameter optimization for machine
learning models

Dec 2018

NIPS 2018 MLOSS Workshop

Approximate inference for deep latent gaussian mix-
tures

Dec 2016

NIPS Bayesian Deep Learning Workshop

SOFTWARE

Sherpa http://github.com/sherpa-ai/sherpa
Hyperparameter optimization that enables researchers to experiment, visualize, and scale
quickly.

xv

http://github.com/sherpa-ai/sherpa


ABSTRACT OF THE DISSERTATION

On Hyperparameter Optimization for Deep Learning

By

Lars Hertel

Doctor of Philosophy in Statistics

University of California, Irvine, 2020

Professor Pierre Baldi, Chair

Deep learning has recently achieved many breakthroughs. Neural networks - the models

behind deep learning - have a large number of hyperparameters whose correct settings are

crucial to obtain optimal performance. As the need for hyperparameter optimization has

grown, much research has been produced on this topic. Existing hyperparameter optimiza-

tion methods often assume a noiseless objective function. In this thesis we explore the effect

of noise in the objective function, that is the neural network training, on the hyperparameter

optimization. The thesis begins by motivating hyperparameter search through an applied

machine learning problem in the domain of neutrino physics. With the help of hyperparame-

ter optimization we develop an energy estimator for observations from the NOvA experiment

at Fermilab. This energy estimator is able to outperform prior methods in terms of predic-

tion accuracy by using a deep neural network to directly predict the target energy from the

detector response. We then introduce hyperparameter optimization software, Sherpa, that

has been developed as part of this thesis. After that we focus on methods for the selection

of optimal hyperparameter settings when observations are noisy. This is solved through a

group sequential testing framework that results in an equivalence class of hyperparameter

configurations. The method is empirically validated on three machine learning tasks and is

shown to return the optimal hyperparameter setting at a higher rate than choosing the best

observed. It furthermore increases reproducibility by reducing variance in the outcome of the

xvi



search. Lastly, we focus on finding optimal trade-offs between repeated evaluation of hyper-

parameter settings and exploration of the space. In particular, we benchmark a number of

popular hyperparameter search methods on machine learning tasks with high noise between

runs. Empirical results show that standard Gaussian process based Bayesian optimization

without repetition tends to deliver competitive results at even small computational budgets

in high noise hyperparameter optimization. The thesis concludes with suggestions for future

work.
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Chapter 1

Introduction

Machine learning and particularly deep learning has demonstrated many recent successes

in the domains of supervised learning, unsupervised learning, and reinforcement learning.

Deep learning refers to methods based on neural networks with multiple hidden layers. Deep

neural networks come with a number of hyperparameters - parameters that are not learned

as part of the training procedure but that are chosen by the user. Optimization of these

hyperparameters is crucial to obtain optimal performance. Tuning of hyperparameters typi-

cally involves picking different settings, training a model with each setting, evaluating one’s

models on the target objective (for example, out-of-sample prediction error), and choosing

the setting with the best objective value. A large body of research has been dedicated to the

task of picking good candidate settings. Much work has also been done on speeding up the

optimization by probing hyperparameter settings before fully evaluating them. In this thesis

we explore an aspect of hyperparameter optimization that has so far received less attention:

hyperparameter optimization when observations are noisy.

In many situations training of the machine learning algorithm can involve stochasticity.

This can range from random weight initialization in neural networks, to feature selection
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in random forests, to training on dynamic and random environments as in reinforcement

learning. If the noise introduced by this stochasticity is significant, regular hyperparameter

optimization methods break down in two ways. Firstly, given a set of hyperparameter con-

figurations and their associated performance, it may be non-trivial to identify which one is

best on average. Secondly, the hyperparameter optimization algorithms which suggest can-

didate settings may rely on observations of hyperparameter settings and their corresponding

objective values and may thus be affected by noise in these observations.

We begin the thesis by providing background on the field of hyperparameter optimization

in Section 2.1. Section 2.2 goes on to provide an introduction to group sequential testing as

applied in Chapter 5. In Chapter 3 we illustrate our first contribution, an application of deep

convolutional neural networks to neutrino physics. This application serves as a motivating

example for the importance of hyperparameter optimization. Specifically, we reconstruct the

energy of electron neutrinos and electrons in the NOvA experiment. The developed method

learns to predict neutrino and electron energies based on raw detector outputs and is able

to outperform prior energy reconstruction in terms of reconstruction error. For hyperpa-

rameter optimization in this work we use a Python hyperparameter optimization software

Sherpa which we have developed as part of this thesis. Sherpa - described in Chapter 4

- is a hyperparameter optimization library for machine learning models. It is specifically

designed for problems with computationally expensive, iterative function evaluations, such

as the hyperparameter tuning of deep neural networks. Its source code and documenta-

tion are available at https://github.com/sherpa-ai/sherpa. With the ability to

run hyperparameter optimization algorithms at large computational scales we study noisy

hyperparameter optimization in the following chapters.

Motivated by our work in Chapters 3 and 4, Chapter 5 focuses on how given a pool of

candidate settings and their performance, one should choose a hyperparameter setting in

the presence of stochasticity given a limited number of observations. In the solution of this

2
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problem we particularly concentrate on how this issue relates to the reproducibility of the

optimization. Reproducibility has been a key issue in machine learning over recent years.

We illustrate how regular hyperparameter search methods can lead to a large variance in

outcomes due to non-deterministic model training during the hyperparameter optimization.

To remedy this issue we define the average error across model training runs as the objec-

tive for the hyperparameter search and show that common methods perform poorly on this

metric. We then propose a hypothesis testing procedure that takes variation within hyper-

parameter settings into account while controlling family-wise type one error rates across the

parameter search space. We further embed this procedure into a group sequential testing

framework to increase efficiency in terms of the average number of training replicates re-

quired. Empirical results on machine learning benchmarks show that the proposed method

reduces the variation in hyperparameter search outcomes by up to 90 percent. Moreover, the

sequential testing framework successfully reduces computation while preserving performance

of the method.

In Chapter 6, we consider how existing hyperparameter optimization algorithms are affected

by noise in finding optimal hyperparameter settings. While Chapter 5 focused on reducing

the variance between optimization runs, this chapter focuses on achieving the best average

performance. We particularly explore whether repeated evaluation of the same hyperpa-

rameter settings is necessary and optimal. For this we benchmark a number of model-free

and model-based methods using single and repeated evaluations per hyperparameter setting.

Experiments are conducted on recent high-noise machine learning tasks from the domains of

image generation and reinforcement learning. We demonstrate that model-based optimiza-

tions where the model can estimate the amount of variation within hyperparameter settings

can obtain superior results using just one sample per setting. We conclude the thesis in

Chapter 7 with suggestions for future work.
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Chapter 2

Background

2.1 Hyperparameter Optimization

2.1.1 Motivation

Hyperparameters are tuning parameters of machine learning models that cannot be learned

as part of the training procedure. Hyperparameter optimization refers to the process of

tuning hyperparameters to optimize performance. This is crucial for a machine learning

model to achieve optimal performance. Hyperparameter optimization can often be a manual

process of trial and error in which the researcher tries configurations and comes up with new

configurations based on observed results and experience. The field of automated hyperpa-

rameter optimization, so-called auto ML, or simply hyperparameter optimization attempts

to automate this process. Automation is important for three reasons. The first reason is to

free up researcher time. The manual process of trial and error also known as grad student

descent1 can require significant amounts of human effort. The second reason is to improve

1https://sciencedryad.wordpress.com/2014/01/25/grad-student-descent/
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performance. Hyperparameter optimization can often find better settings than even expe-

rienced researchers as shown by a number of works [Snoek et al., 2012, 2015, Melis et al.,

2017]. The third reason that automation is important is to improve reproducibility. Clearly,

it is easier to reproduce an automated search and assure equal allocation of efforts between

searches than it is when done manually by a researcher.

2.1.2 Problem Statement

Assume a prediction problem in which the available data set is split into Dtrain, Dvalid, and

Dtest and considered fixed thereafter. Training algorithm A is used to obtain a function f

by minimizing the in-sample prediction error A(Dtrain) = f . The function f represents the

prediction model. For example, f may be a trained neural network. A typically involves

optimization of f ’s parameters θ. Commonly A also has parameters λ ∈ Λ called hyper-

parameters, so Aλ(Dtrain) = fλ. Here, Λ = Λ1 × Λ2 × . . .ΛM denotes the hyperparameter

space where Λm can be continuous, discrete valued, or categorical.

To choose λ based on the hold-out validation set and a loss function L we seek to minimize

the expected prediction error (EPE):

∗
λ = arg min

λ∈Λ
E(Dtrain,Dvalid)∼D Ψ(L,Aλ,Dtrain,Dvalid) (2.1)

where D is the data generating process. The validation loss Ψ is given by

Ψ(L,Aλ,Dtrain,Dvalid) =
1

| Dvalid |
∑

(x,y)∈Dvalid

L(y, fλ(x)) (2.2)

such that fλ = Aλ(Dtrain). Since the data generating process D is generally unavailable,

different strategies exist to approximate E(Dtrain,Dvalid)∼D Ψ(L,Aλ,Dtrain,Dvalid). Given a

fixed dataset D ∼ D the expectation can be approximated by averaging Ψ across different
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training-validation splits of D. For very large datasets, it is often sufficient to use just one

training-validation split. The optimization will therefore minimize the validation loss Ψ over

the hyperparameter space Λ and we will refer to Ψ(L,Aλ,Dtrain,Dvalid) as Ψ(λ) since L, A,

Dtrain, and Dvalid are fixed during the optimization. Note that while this notation assumes

a supervised learning problem this setup equally holds for unsupervised or reinforcement

learning scenarios so long as an objective value can be calculated. Chapter 6 extends this

notation to tasks other than supervised learning.

2.1.3 Optimization Algorithms

Model-free Algorithms

The most basic hyperparameter optimization algorithm is grid search. In this case the

user specifies choices for each hyperparameter and the algorithm evaluates the full factorial

design, that is every combination of choices. Grid search has the obvious disadvantage

that it scales poorly with the number of hyperparameters. An alternative is therefore to

use random search [Bergstra and Bengio, 2012]. Random search samples configurations by

sampling hyperparameter values uniformly at random from specified ranges. This has several

advantages. Given a total of N explored λ values and M hyperparameter dimensions, grid

search is only able to explore N1/M settings per hyperparameter dimension. Random search,

however, can explore N unique settings for each hyperparameter dimension [Hutter et al.,

2019]. In scenarios where some hyperparameters are more important than others this allows

random search to explore more settings for the important hyperparameter and therefore often

results in better performance. It is also easier to parallelize random search, since evaluations

are independent of one another. Finally, a random search can be stopped early or continued

for longer than planned while still yielding a valid random search. Chapter 4 implements

grid search and random search as optimization algorithms for Sherpa. Random search is also
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used as the hyperparameter suggestion algorithm in Chapters 3 and 5 and as a benchmark

algorithm in Chapter 6.

Bayesian Optimization

Bergstra et al. [2011] and Snoek et al. [2012] demonstrated the feasibility of using Bayesian

optimization for hyperparameter optimization. Bayesian optimization (BO) is a model-

based approach to global derivative-free optimization of blackbox functions. Given existing

observations of configurations and associated objective values, BO fits a surrogate model

from the search space to the objective. This model is usually faster to evaluate than the

objective function itself. For this reason, a large number of predictions of objective values

can be made. An acquisition function describes the utility of each prediction. By maximizing

the acquisition function one can find the optimal next point to evaluate for the true objective

function [Hutter et al., 2019].

As a surrogate model for the function from the search space λ to the objective Ψ, it is

common to use a Gaussian process GP(m(λ), k(λ,λ)). To allow for sufficient structure in

the surrogate, a Mátern 5/2 kernel is commonly used. The hyperparameters of the kernel

can be found by maximizing the marginal likelihood [Rasmussen, 2003] or via sampling for

a fully Bayesian approach [Snoek et al., 2012]. In the noiseless case, posterior predictions

for the mean and variance take the form:

µ(λ) = k∗K
−1y, σ2(λ) = k(λ,λ)− kT∗K

−1k∗. (2.3)

Here, k∗ represents the covariance between λ and all previously sampled points and K

represents the covariance matrix between all previously sampled points.

For the acquisition function the most popular choice is the expected improvement (EI) [Jones
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et al., 1998] (for minimization):

EI(λ) = E[max(Ψmin − µ(λ), 0)]. (2.4)

where the expectation is taken over Ψ(λ) and Ψmin is the best observed validation loss so

far. The EI is convenient because it can be evaluated analytically for the Gaussian process

model:

EI(λ) = (Ψmin − µ(λ))Φ

(
Ψmin − µ(λ)

σ(λ)

)
σφ

(
Ψmin − µ(λ)

σ(λ)

)
. (2.5)

While the combination of Gaussian Process surrogate model and the expected improvement

acquisition function is the most popular choice, a number of other models and acquisition

functions have been proposed. Bergstra et al. [2011] propose a Tree of Parzen estimators

(TPE) as a model. The TPE approach models p(λ |Ψ) and p(Ψ) (as opposed to p(Ψ|λ)).

In particular, p(λ |Ψ) is modeled as two non-parametric densities. One density is chosen for

Ψ < Ψ∗ and another for Ψ ≥ Ψ∗ where Ψ∗ is a user-specified quantile of Ψ. An advantage of

the TPE approach is its scalability to large numbers of observations, as well as its natural

application to conditional hyperparameter spaces.

In other works, Hutter et al. [2011] employ a random forest (RF) to model p(Ψ|λ). The RF

has a smaller training complexity of O(n log(n)), as opposed to O(n3) for the GP. Here n is

the number of observed hyperparameter settings and corresponding objective values. This

makes it a good choice when a large number observations is feasible. Furthermore, it can

naturally incorporate categorical and conditional hyperparameters. However, the RF is not

a probabilistic model and therefore does not provide uncertainty estimates. As a substitute

[Hutter et al., 2011] use empirical estimates of the variance across trees in the ensemble.

Unfortunately, these estimates are not necessarily well calibrated. For example, the variance

estimates may not increase when extrapolating away from observed data as described in
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[Shahriari et al., 2015].

Finally, Snoek et al. [2015] and Springenberg et al. [2016] utilize Bayesian neural networks

to model p(Ψ|λ). As explained in [Hutter et al., 2019], Bayesian neural networks can out-

perform GP based approaches for ∼ 250 function evaluations or more.

We implement Bayesian optimization in Chapter 4 using the GPyOpt [authors, 2016] pack-

age. Chapter 6 dives deeper into the application of Bayesian optimization in settings with

high observation noise.

Multi-fidelity Optimization

The complexity of machine learning models has increased dramatically over the last years

with modern algorithms taking on the order of days or weeks to train. This makes hy-

perparameter optimization difficult since an evaluation of the objective function typically

requires the full training and evaluation of the machine learning model. While more sophis-

ticated searches such as Bayesian optimization do provide increased efficiency over random

search, they still require at least M + 1 observations to start making suggestions and usually

many more to converge. An alternative approach is therefore to probe hyperparameter con-

figurations using subsets of the training dataset, subsets of features, or a reduced number

of training iterations. These approaches fall under the class of multi-fidelity optimization.

Domhan et al. [2015] approach this concept by using Bayesian neural networks to model

learning curves. Learning curves in this case correspond to the objective function value as

a function of training iterations. By predicting the final objective value for a hyperparame-

ter configuration, bad performers can be stopped early. Which hyperparameter settings to

evaluate is in this case based on Bayesian optimization. Empirically this results in an ap-

proximately two-fold speed up of the hyperparameter search. Klein et al. [2016b] extend this

methodology by predicting a weighted combination of parametric functions and conditioning
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on the hyperparameter space. Golovin et al. [2017] follow a similar approach but using a GP

with a specially designed kernel for learning curve modeling. Swersky et al. [2014] also use a

GP model to predict learning curves, but incorporate this into the Bayesian optimization via

an information-theoretic framework. Finally, Klein et al. [2016a] use a GP to jointly model

loss and training time as a function of dataset size. Using this approach the authors report

speed-ups of 10 to 100 times compared to standard Bayesian optimization.

Recently, approaches based on multi-armed bandits have also been applied to multi-fidelity

optimization. Jamieson and Talwalkar [2016] applied the successive halving algorithm (SHA)

to allocate increasing budgets to smaller and smaller subsets of hyperparameter configura-

tions. In particular, given a number of candidate configurations, SHA:

1. Uniformly allocates a fixed budget to all candidates.

2. Evaluates the performance of all candidates.

3. Promotes the top half of candidates to the next rung.

4. Doubles the budget per configuration in the next rung.

5. Repeats until one configuration remains.

The SHA algorithm has the downside that the user has to decide on the number of con-

figurations and the size of the initial budget. Li et al. [2016] approach this issue with the

Hyperband algorithm by doing a grid-search over these values, covering scenarios of more

configurations and smaller budgets as well as less configurations and larger budgets. Each

combination then calls SHA as a sub-routine. The authors report speed-ups of over an order

of magnitude compared to comparison methods such as standard Bayesian optimization. In

addition, Li et al. [2018] fully parallelized the SHA algorithm.

Finally, Falkner et al. [2018] combined Hyperband with TPE-based Bayesian optimization.
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The authors show that Hyperband yields large speed-ups for small budgets. However, given

a large enough budget Bayesian optimization can catch-up and outperform Hyperband due

to its model-based sampling. Combining Hyperband with Bayesian optimization provides

up to 20-fold speed-ups for a small budget and up to 55-fold speed-ups at large budgets over

standard random search according to an experiment by the authors2.

Multi-fidelity optimization is implemented in Chapter 4 of this thesis via the asynchronous

SHA algorithm. This implementation is then used as a benchmark algorithm for noisy

hyperparameter optimization in Chapter 6.

Large Scale Approaches

A number of population based methods have been applied to the problem of hyperparam-

eter optimization. These approaches include genetic algorithms, evolutionary algorithms,

and particle swarm optimization. Most of these methods maintain a population of hy-

perparameter configurations and apply local perturbations (mutations) and combination of

population members (cross-over) to obtain a new, improved generation. These methods are

conceptually simple and easily parallelizable. While some approaches such as Population-

based Training [Jaderberg et al., 2017] have been designed specifically with neural network

training in mind and are feasible for smaller-scale hyperparameter optimizations, standard

evolutionary methods often require a large number of function evaluations. For example,

Real et al. [2017] demonstrate the competitiveness of evolutionary algorithms in designing

neural network architectures, however, based on a computational budget that is feasible for

few practitioners.

Similarly, deep reinforcement learning has recently been applied to optimizing neural network

architectures [Zoph and Le, 2016]. While such approaches can achieve close to a new state-

2https://www.automl.org/blog_bohb/
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of-the-art, these also suffer from immense computation requirements. Zoph and Le [2016]

trained 12800 neural network architectures for one optimization run requiring 32,400-43,200

GPU-hours which is far more than is usually feasible.

In this thesis we implement the Population-based Training algorithm in Chapter 4. Due

to the large amount of computation required and the relatively narrow application field,

reinforcement learning and evolutionary approaches for hyperparameter suggestion are not

in implemented.

2.2 Group Sequential Testing

In Chapter 5 we use group sequential testing methodology to efficiently choose the optimal

hyperparameter setting among a pool of candidates in the presence of noise. This section

aims to provide a general background on this methodology. Group sequential testing allows

to stop a hypothesis test before the full sample size is reached if observational data suggests

to. The methodology was initially developed for clinical trials where there is an ethical issue

of allocating a new treatment to human subjects. The resulting framework can be applied in

any case where data accumulates and efficiency in terms of the number of observed samples

is a priority. In the following we illustrate group sequential testing methodology via a test

for equality of two continuous random variables. In particular, we describe three approaches

to the design of group sequential stopping rules and explain their different characteristics.

2.2.1 Motivational Example and Notation

We consider the case of two groups A and B with corresponding normal response variables

XA and XB. The random variables XA and XB have means µA and µB, respectively, and
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common known variance σ2. Of interest is the test of hypotheses:

H0 : µA − µB = 0 vs. H1 : µA − µB 6= 0. (2.6)

We consider the case where the observations from each group accumulate one after another

and where we test after every 2n accrued observations (n in each group) for a total of K

tests. Let the tests be indexed by j = 1, . . . , K and define the statistic

Sj =

j∑
i=1

X̄Ai − X̄Bi√
2σ2

. (2.7)

where X̄Ai refers to the sample mean of the ith batch of n observations. Then Sj is a partial

sum of independent identically distributed normal random variables with variance 1 and

mean
√
nµA−µB√

2σ2
.

2.2.2 False Positive Rate under the Fixed Sample Approach

Under the fixed sample approach to this scenario H0 gets rejected if

|Sj| > z1−α
2

√
j. (2.8)

The multiplier z1−α
2

is given by Φ−1(1 − α
2
) for a theoretical type I error of α. Here, Φ is

the cumulative density function of the standard normal distribution. A simulation of this

scenario using µA − µB = 0, α = 0.05, and 100,000 simulation runs provides an empirical

false positive rate of approximately 12.6%. This is considerably higher than the theoretical

5%.

To further illustrate this, Figure 2.1 shows a draw of the sample mean under the null hypoth-

esis at different sample sizes. The bars indicate intermediate analyses under a fixed sample
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Figure 2.1: Plot of one draw of the sample mean against the number of observations.
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stopping bound for a type I error of 5%. Simulating such a path over 1000 runs we obtain

rejection rates of 0.042, 0.050, 0.049, and 0.049 for the individual intermediate analyses. As

expected these match the specified type I error. The observed rate of stopping at any one

analysis we find as 0.121. This means the overall type I error is not the intended 5%.

Armitage et al. [1969] illustrated this increase in false positive rate and derived the sampling

distribution of the group sequential test statistic. Given continuation sets Cj, the group

sequential test statistic is given by (M,S) where M = min {1 ≤ j ≤ K : Sj /∈ Cj} and S =

SM . The sampling density for (M = m,S = s) is then given by

p(m, s) =

 f(m, s) s /∈ Cm

0, otherwise.

where

‘f(1, s) =
1√
j
φ

(
s√
j

)
(2.9)

and

f(j, s) =

∫
Cj−1

1√
j
φ

(
s− u√

j

)
f(j − 1, u)du. (2.10)

Here φ(x) = e−x
2/2/
√

2π is the standard normal density.

2.2.3 Sequential Testing Boundaries

Using the density provided by Armitage et al. [1969] one naturally arrives at the Pocock

boundary [Pocock, 1977]. For the Pocock stopping boundary one simply manipulates the

multiplier of
√
j so that it provides the correct type I error under the sequential density.
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Figure 2.2: Sampling densities of the normalized Z-score at the final analysis. The left plot
shows the sampling density using a Pocock stopping boundary, the right plot is based on an
O’Brien-Fleming boundary.

Particularly, the multiplier c is found such that

PK = 1−
∫ c
√
j

−c
√
j

f(K, s)ds (2.11)

is equal to the intended type I error α. The repeated testing is stopped at any analysis if

Sj /∈ [−c
√
j, c
√
j]. Since Sj/

√
j corresponds to the Z-score and c is constant across interim

analyses, the Pocock boundary is characterized by the fact that it is constant on the scale of

the Z-statistic. Figure 2.2a shows the density of the normalized Z-statistic with K = 4 and

n = 5. The density has spikes at the values of ±c due to the discontinuities at these points.

Another choice of stopping boundary was proposed by O’Brien and Fleming [1979]. In this

case, the stopping boundary is constant on the scale of the partial sums Sj. Specifically,

testing is stopped and the null hypothesis is rejected at analysis j if |Sj| > d. The value

of d is found via simulation so that the type I error given by Equation 2.11 is as desired.
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This choice of stopping boundary is more conservative at earlier analyses. Figure 2.2b shows

the sampling density of the normalized Z-statistic at K = 4 using the O’Brien-Fleming

stopping boundary. Due to the fact, that the O’Brien-Fleming boundary is not constant on

the Z-scale, individual spikes can be seen for each analysis.

Table 2.1: Average sample sizes needed to reject the null hypothesis under Pocock and
O’Brien-Fleming boundaries.

µA − µB Pocock (∆ = 0.5) ∆ = 0.25 O’Brien-Fleming (∆ = 0)
0 19.54 19.77 19.87

0.2 19.43 19.68 19.82
0.4 19.09 19.41 19.62
0.6 18.47 18.89 19.24
0.8 17.53 18.09 18.62

1 16.28 17.00 17.74
1.2 14.78 15.68 16.65
1.4 13.18 14.24 15.42
1.6 11.61 12.83 14.19
1.8 10.20 11.53 13.04

2 9.00 10.40 12.04

Wang and Tsiatis [1987] recognized that these stopping boundaries can be interpolated.

Using the parameterization

|Sj| ≥ Γ(α,K,∆)j∆ (2.12)

the Pocock boundary is defined as ∆ = 0.5 and the O’Brien-Fleming boundary by ∆ =

0. The scaling factor Γ(α,K,∆) is found through numeric search. This gives a choice of

infinitely many boundaries to achieve desired operating characteristics.

2.2.4 Evaluation of Stopping Boundaries

We now turn to evaluating the presented stopping boundaries in terms of the average sample

size needed to reject H0 for different values of µA − µB. Table 2.1 shows average sample
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sizes until stopping for different effect sizes and the Pocock, O’Brien-Fleming, and ∆ = 0.25

stopping boundaries. The table shows that a Pocock boundary requires on average the

smallest sample size to stop. As expected, the boundary defined by ∆ = 0.25 is between the

Pocock and O’Brien-Fleming boundaries in terms of average sample size. Figure 2.3 shows

a plot of the observed difference in means required to stop at each interim analysis. The

Pocock boundary is the tightest boundary at the first two analyses while the O’Brien-Fleming

boundary is the tightest boundary at the last analysis.

We note here that these are operating characteristics and one may desire different character-

istics for different applications. In clinical trials one often does not want to stop too early.

As we apply these methods in Chapter 5 to the problem of hyperparameter optimization we

want to minimize the average number of samples needed to detect a certain effect size. We

will therefore, as explained later, focus on a Pocock stopping boundary.
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Chapter 3

Improved Energy Reconstruction in

NOvA with Regression Convolutional

Neural Networks

1

3.1 Introduction

Energy reconstruction plays a key role in High Energy Physics (HEP), as it converts detector

unit readout into kinematics of interactions. In a HEP analysis, event and particle types are

usually identified first and then reconstructed energies are assigned to individual final state

particles and the overall event via the energy reconstruction process. Based on these energies,

physical phenomena can be studied as functions of overall energy and internal kinematics

of an event. In neutrino physics, energy reconstruction is essential and challenging for the

1 c© [2018] American Physical Society
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neutrino oscillation studies. Traditionally, particle energies are reconstructed by adding up or

fitting to the hits on detector readout units, and event energy is reconstructed as a function

of particle energies in the event. In this paper, a deep-learning based method for energy

reconstruction of neutrino oscillations will be discussed. The method directly uses detector

hits as inputs without intermediate steps.

Neutrino oscillations are so far the only experimental observation beyond the standard model

since its development about 30 years ago. Neutrinos are very elusive since they only interact

via the weak nuclear force. They have three active flavor states νe, νµ, and ντ . Each is a

different superposition of three mass states ν1, ν2, and ν3. Neutrinos can oscillate between

flavor states. The relationship between flavor and mass states, and the oscillation between

flavors are commonly described by the Pontecorvo−Maki−Nakagawa−Sakata (PMNS) ma-

trix [Pontecorvo, 1968].

Two fundamental questions of interest are remaining to be determined by studying neutrino

oscillations. First, what is the CP phase δ? The CP phase δ relates to the difference in

oscillation behavior between neutrinos and anti-neutrinos. CP violation in the lepton sector

holds implications for matter-antimatter asymmetry in the Universe through leptogenesis.

Second, what is the mass ordering (m3 > m1,2 or m1,2 > m3) between neutrinos? The mass

hierarchy provides key information for future searches of the neutrino-less double beta decay.

Observing the neutrino-less double beta decay would imply that the neutrino is a Majorana

particle meaning it is its own anti-particle. The mass hierarchy will also constrain the so far

undetermined absolute neutrino masses.

Aiming to solve these two questions, current and future neutrino oscillation experiments

focus on electron neutrino appearance (νµ → νe). Neutrino oscillation can be measured by

sending a beam of neutrinos of one flavor through a detector. Oscillated neutrinos arriving

in the detector will be of a different flavor than the one generated from the beam. Observed

neutrino interactions need to be tagged by their flavors. Importantly, the energy of the
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incoming neutrino needs to be well reconstructed as the νµ → νe oscillation probability

changes as a function of neutrino energy.

One of the challenges is thus a good estimation of electron neutrino energy. The accuracy

of neutrino energy reconstruction influences how precisely neutrino oscillation parameters

can be estimated. An electron neutrino can only be identified in charged current (CC)

interactions where the electron neutrino converts into an electron. The νe − CC events

are characterized by an electron along with other potential activity produced by hadrons.

Traditionally, the reconstructed neutrino energy is calculated as a function of electron and

hadron visible energy deposits. However, the estimation of the energy with the kinematics

based method is complicated by missing energy in dead material, non-linear detector energy

responses, invisible energy and identities (mass) of hadrons, and overlaps between electron

and hadron showers.

To address these issues, the neutrino energy can be predicted directly from images of interac-

tions. These images provide additional information on interaction details such as trajectories

and energy deposit patterns of electrons and hadrons. Deep learning and deep convolutional

neural network methods are a natural choice for processing data produced by complex de-

tectors in high energy physics [Shimmin et al., 2017, Sadowski et al., 2017, Baldi et al., 2016,

2014] and have demonstrated success in classification problems in collider and neutrino

experiments. NOvA has pioneered this deep learning technique in flavor tagging problems

and has used it to produce oscillation physics results [Aurisano et al., 2016, Adamson et al.,

2017]. CNN based event identification and reconstruction have also been investigated in

other neutrino experiments [Racah et al., 2016, Acciarri et al., 2017, Renner et al., 2017,

Ghosh, 2018, Delaquis et al., 2018]. In this work, we propose to develop a regression CNN

based method to precisely reconstruct electron neutrino energy and electron energy in the

NOvA neutrino experiment. Neutrino interactions at NOvA typically involve multiple final

state particles with complicated kinematics. The convolutional filters in CNNs can extract
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a richer set of features of these events than the sum of energy deposits. For example, two

neutrinos could deposit almost exactly the same amount of energy in the detector and con-

volutional neural network features learned from event topologies could be used to make a

more refined prediction on the true neutrino energy than the kinematics based method.

Reconstruction of individual final state particle energy in an interaction is a basic task of

energy reconstruction. Specifically, these particle energies are used to study the kinematics,

such as the momentum and energy transfer, in neutrino interactions. To demonstrate that

the regression CNN can also reconstruct single particle energy, a similar method to the

electron neutrino energy estimator is used to estimate electron energy. This estimator can

be used for cross-section measurements and shower reconstruction study.

3.2 The NOvA Experiment

NOvA uses an intense neutrino beam and sends it through sensitive, fine-grained detectors

for long periods of time. The NuMI (Neutrinos at the Main Injector) muon neutrino beam

is produced at Fermilab, Illinois. Aimed at 3.3 degrees downward, the beam travels 810 km

through the earth to the 14 kilotons far detector (FD) in Ash River, Minnesota [?]. The

far detector measures electron neutrinos oscillated from muon neutrinos in the beam. The

NOvA experiment has the longest beam-detector distance in the world which maximizes the

matter effect and allows a measurement of the neutrino mass ordering. Additionally, a 330

ton functionally identical near detector at Fermilab measures unoscillated beam neutrinos

and estimates backgrounds and signals at the far detector. Both detectors are located 14

milli-radians off the centerline of the neutrino beam. This allows the detectors to capture a

narrow energy spectrum of neutrinos at approximately 2 GeV. This is the energy at which

the oscillation probability from a muon neutrino to an electron neutrino is expected to be

at its peak.
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The NOvA detectors are constructed in layers of alternating vertical and horizontal PVC

cells; activities in the cells are recorded in a top view and a side view. There are 344,064

cells in the far detector and 18,000 cells in the near detector. In the far detector, each cell

is 3.9 cm wide, 6.0 cm deep and 15.6 m long. The cells are made of highly reflective plastic

filled with liquid scintillator. The scintillation light produced by neutrino interactions in the

detectors is collected by a wavelength shifting fiber connected to an avalanche photodiode

installed on one end of each cell. The readouts from these photodiodes are converted to

calorimetric energy for physics analyses.

3.3 Methods

3.3.1 Simulated Data Sample

Simulation

The standard NOvA simulation is used to generate training and validation samples for the

regression CNN. The simulation of NuMI neutrino beam is described in Ref. [Acero et al.,

2018]. The beam is simulated by GEANT4 [Agostinelli et al., 2003] and corrected according

to external thin-target hadroproduction data with the PPFX tool [Aliaga et al., 2016]. The

flux shape of the NuMI neutrino beam at NOvA is referred to as the regular flux in this paper.

Since NOvA is an off-axis experiment, the neutrino spectrum at the NOvA far detector from

the NuMI flux peaks at about 2 GeV, close to the νµ → νe oscillation maximum. Since there

are few low energy neutrino (< 1 GeV) events in the NOvA FD Monte Carlo sample with

the regular NuMI flux, the regression CNN νe energy trained with it has a significant true

energy dependence (see Section 3.4). To minimize the dependence of estimated neutrino

energy on true neutrino energy in the νe energy training, a flat neutrino flux shape is used
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to generate the far detector νe CC Monte Carlo sample to train the regression CNN for νe

energy reconstruction. In the case of electron shower energy estimation, electrons from the

regular flux νe CC far detector Monte Carlo sample are used in the electron energy regression

CNN training and its validation.

At NOvA, interactions of neutrinos on nuclei are simulated by GENIE [Andreopoulos et al.,

2010], and detector responses are then simulated by GEANT4. The customized NOvA

detector simulation chain is described in [Aurisano et al., 2015].

To study the νe interactions in the far detector Monte Carlo, we generate νe interactions

with energies taken from the νµ flux distribution. After that, no neutrino oscillations are

applied to the training samples. This is equivalent to assuming all muon neutrinos oscillate to

electron neutrinos in the far detector. To study realistic energy reconstruction performances

from different energy estimators, the real νe appearance signal in the far detector can be

obtained by applying realistic oscillation weights to this sample.

The simulation produces image pairs of the entire detector. As explained in Section 3.2

the two images correspond to cells in the top view (X-view) planes and side view (Y-view)

planes of the detector. The images have a size 896×384 (horizontal × vertical), where each

pixel corresponds to the energy deposited in the corresponding detector cell. The horizontal

coordinate (0-895) of a pixel represents the plane index of the detector cell and the vertical

coordinate (0-383) represents the cell index in that plane. Since X-view planes and Y-view

planes are assembled alternatively, all pixels with odd (even) plane indices are set to zero

for X-View (Y-View). The neutrino flavor and the type of interaction are tagged by the true

neutrino interaction information in GENIE.
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Reconstruction

The overall reconstruction process at NOvA is described in [Baird et al., 2015]. First, differ-

ent neutrino interactions captured in the same pair of detector views are separated [Baird,

2015]. Cell hits are clustered by space and time. This separates neutrino interactions caused

by beam neutrinos from cosmic ray neutrinos in a time window. The procedure collects cell

hits from a single neutrino interaction (slice). The slices then serve as the foundation for all

later reconstruction stages. We will refer to one slice as neutrino interaction from here on.

For each neutrino interaction, the vertex is then identified. The vertex is where the neutrino

interacts with the detector material. All particles created in the interaction originate at the

vertex. In order to reconstruct the vertex position, a modified Hough transform is used to

fit straight-lines to cell hits. Then the lines are tuned in an iterative procedure until they

converge to the image’s reconstructed vertex [Ester et al., 1996, Fernandes and Oliveira,

2008, Gyulassy and Harlander, 1991, Krishnapuram and Keller, 1993, Niner, 2015]. The cell

closest to the reconstructed interaction vertex in each view is chosen as the reference cell in

our pixel maps. We will refer to the reference cell as the reconstructed vertex from here on.

Since the size of the neutrino interaction is much smaller than the entire detector, the image

can be cropped. An image can be cropped by considering the number of pixels that are

occupied in all four directions from the reconstructed vertex. To determine a window size

the distribution of electron neutrino interactions is inspected. The cropped image contains

30 pixels to the left and 120 pixels to the right of the vertex. In the vertical-direction, 70

pixels above and below the vertex are included. This produces images of 151× 141 pixels in

each view. On average, 99.5% of the hits are contained in a cropped image.
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Figure 3.1: Electron neutrino image pair example.

The Electron Neutrino Dataset

True neutrino information is used to select νe CC events from all neutrino interactions. To

to speed up the processing time, a loose pre-selection is applied to remove events with long

prongs or too many hits. The pre-selection requires the number of occupied cells in the

neutrino interaction to be less than 200. Additionally, the length of the longest prong is

required to be less than 500 cm. Prongs are collections of cell hits with a start point and

direction, which are reconstructed based on distances from hits to the lines associated with

each of the particles that paths emanating from the reconstructed vertex [Ester et al., 1996,

Fernandes and Oliveira, 2008, Gyulassy and Harlander, 1991, Krishnapuram and Keller,

1993, Niner, 2015]. The pre-selection keeps most of the electron-neutrino appearance signal

while rejecting a large fraction of background events with long muon tracks. No requirements

are applied to calorimetric energy or reconstructed neutrino interaction identities.

We use 0.98 million simulated samples of electron neutrino interactions as the electron neu-

trino dataset. Each sample consists of a pair of images from the two detector views, the

reconstructed vertex and the simulated truth of electron neutrino energy. We split the

dataset into a training sample with 0.75 million events and a validation sample with 0.23

million events. One example pair of images from the training dataset is shown in Figure 3.1.
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Figure 3.2: Distributions of input cell energies (top) and true electron neutrino energies
(bottom) from a subset of the flat flux training sample.
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Figure 3.3: Distributions of input cell energies (top) and true electron neutrino energies
(bottom) from a subset of the regular flux training sample.
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Figure 3.4: Electron shower image pair example.

In Figure 3.2 (left) we show the spectrum of cell energy deposits in cell hits from a subset of

the flat flux training sample. Figure 3.2 (right) shows the spectrum of true νe energy from

the subset of the flat flux training sample. One can find that there are enough events in the

low νe energy region (< 1 GeV) for training. As a comparison, in Figure 3.3 the cell hit

energy deposits and νeenergy from the regular flux νe FD Monte Carlo sample are shown.

Since NOvA is an off-axis experiment, the νe energy in the FD is bell-shaped peaking around

at 2 GeV, and there are few events below 1 GeV for training.

The Electron Shower Dataset

Electron shower images are created from electron neutrino interactions by reconstructing the

pixels corresponding to the electron shower and setting cell energy values for all other pixels

to zero. We select electron showers from νe CC FD Monte Carlo events by matching the

reconstructed shower direction to the true particle direction.

The creation of electron shower pixel maps starts with prongs. First, the shower core is

defined based on the prong direction provided by the prong cluster. Then signal hits are

collected in a column around this core. The electron deposits energy through ionization in

the first few planes before it starts multiple scattering. In order to capture all deposits from
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Figure 3.5: Distributions of input cell energies (top) and true electron energies (bottom)
from a subset of the regular flux training sample.
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the electron shower, the region corresponding to multiple scattering is enlarged. We require

the radius to be twice the cell width for the first 8 planes from the start point of the shower.

For the following planes, we require the radius to be 20 times the cell width [Bian, 2015].

Electrons from the regular flux νe CC FD Monte Carlo sample are used for training. One

example pair of images from the training dataset is shown in Figure 3.4. We use 660k

simulated samples of electron showers as the electron shower dataset. Each sample consists

of a pair of images, the reconstructed vertex and the true electron energy. We split the

dataset into 610,000 training samples and 50,000 validation samples. In Figure 3.5 (left) we

show the spectrum of cell energy deposits from a subset of the regular flux training sample.

Figure 3.5 (right) shows the spectrum of true electron shower energies from the subset of

training sample.

3.3.2 Neural Network Architecture

The electron neutrino energy model and electron shower energy model are equal in architec-

ture but weights are not shared across the two predictors. The neural network input consists

of two matrices of shape (151, 141) which represent the pixel values of the images and the

cell indices for each view given by the reconstructed vertex. The output is one positive

real-valued number. Inputs and outputs for each model are illustrated in Figure 3.6.

The neural network architecture is modified from the architecture used by NOvA’s CVN

event classifier [Aurisano et al., 2016]. This architecture is optimized from the convolu-

tional neural network GoogLeNet [Szegedy et al., 2015] developed for image recognition.

In addition, NOvA’s CVN utilizes a siamese network structure [?]. The siamese network

structure consists of two identical sub-networks whose outputs are merged to produce the

final output. Each sub-network processes an image from one view. Weights are not shared

between the sub-networks to provide independent information aggregation in each view. The
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Figure 3.6: Diagram of electron neutrino energy predictor (left) and electron shower energy
predictor (right). Triangles represent neural networks.

sub-networks are constructed from convolutional layers and pooling layers.

Convolutional layers apply a weight matrix in a sliding window fashion to the input image.

This allows computing the same feature at different locations in the input image producing an

output referred to as a feature map. Using multiple weight matrices allows learning a variety

of features from the input images. Stacking these convolutional layers makes it possible to

learn higher level features with each additional layer. Pooling layers take a feature map

and reduce its dimensionality. This is done by tiling the feature map and reducing each tile

to its maximum or average. Pooling layers are normally used between convolution layers.

The convolutional layers in our network are based on the Inception module introduced by

Ref. [Szegedy et al., 2015] as part of GoogLeNet.

GoogLeNet is the winner of the ImageNet Large Scale Visual Recognition Competition

2014 [Russakovsky et al., 2015] and state-of-the-art for convolutional neural networks with

pixelmap inputs. Therefore, it is a good choice for our task. In particular, GoogLeNet uses

the Inception module to efficiently extract features of different sizes from the input. This

increases its modeling capacity without a significant increase in the computational cost.
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Each sub-network here is constructed from a sequence of Conv-MaxPool-Conv-Conv-

MaxPool layers followed by two Inception modules [Szegedy et al., 2015]. The Inception

module is a specific configuration of convolutional layers built to simultaneously extract

features of different dimensions. The features are then concatenated and pooled. Each con-

volutional layer and Inception module has 32 filters in the networks used. In the experiments,

using additional Inception modules does not improve model performance. This is expected

because the images here are sparse relative to natural images.

In the NOvA far detector, the scintillation light produced by neutrino interactions in each

15.5m-long detector cell is collected by the wavelength shifting fiber and read from the

avalanche photodiode installed on one end of the cell. The attenuation of the scintillation

light signal is a function of the distance from the interaction point to the readout photo-

diode, so the number of photoelectrons on the photodiode depends on the location of the

interaction point. The readout threshold for each cell is a fixed number of photoelectrons,

so the distribution of the cell energy deposit in each cell after the readout threshold cut

is impacted by the position of the interaction with respect to the readout. This position

dependence cannot be recovered by the cosmic attenuation calibration, which corrects the

position dependence of the average number of photoelectrons for each cell using the mini-

mum ionizing peak (MIP) position of cosmic muon hits. To consider this position effect in

cell energies, we use the reconstructed vertex positions in the two views as neural network

inputs. In our neural network architecture, after the inception modules and an average pool-

ing layer, the output is flattened and concatenated with the reconstructed vertex position.

A linear regression follows which produces the network output, the electron neutrino energy.
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3.3.3 Neural Network Training

Neural networks for supervised learning are trained by defining a differentiable loss function L

between neural network outputs fW(xi) and target values yi. Here, W represents the weights

of the neural network and xi is the neural network input. The loss function represents the

metric by which the neural network accuracy is assessed. During training the neural network

weights W are iteratively updated to minimize L using its gradient and a step size α.

Typically these updates are computed over mini-batches of size n which make up a partition

of the total training dataset. Iteration over all mini-batches constitutes one epoch. Training

parameters such as the step size α and the batch size n are referred to as hyperparameters

must be selected before training and possibly tuned using the loss function on the validation

dataset. We utilize the hyperparameter optimization software SHERPA [Hertel et al., 2018]

which implements a number of hyperparameter optimization strategies and visualization

tools. By automating the task, this software significantly speeds up the computationally

expensive of finding optimal hyperparameters.

Unlike classification problems such as image recognition and particle identification, the target

value yi for the output (energy) of our regression neural network is a continuous variable

varying over events. This requires the definition of an appropriate loss function for the task of

the regression neural network. The goal is to minimize the standard deviation of a Gaussian

fit to the peak of the histogram given by the energy resolution Ereco−Etrue
Etrue

on the test set.

While this quantity cannot be directly optimized the absolute scaled error loss provides an

appropriate surrogate for the task. The training loss function is then given by:

L(W, {xi, yi}ni=1) =
1

n

n∑
i=1

|fW(xi)− yi
yi

|. (3.1)

Traditional loss functions for regression problems are the mean squared error 1
n

∑n
i=1(fW(xi)−
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yi)
2 or the mean absolute error 1

n

∑n
i=1 |fW(xi) − yi|. The former is often used due to its

relationship to the log-likelihood when the data distribution is assumed to be Normal, its

strict convexity, the fact it can be decomposed into variance and bias, and many other de-

sirable properties. In our case, however, the mean squared error is suboptimal, because its

derivative with respect to W is 1
n

∑n
i=1 2(fW(xi)− yi) δfW(xi)

δW
. This increases proportionally

with the distance of the predicted value from the truth. In other words, outliers will have

increased impacts during gradient descent. In the training for neutrino energy, the events

with large invisible energy due to dead material and hadronic interactions shouldn’t have

much larger impacts than those whose visible energy is close to the true energy, so we choose

the absolute error instead of the squared error in the loss function. Furthermore, the origi-

nal CVN/GoogleNet are designed and trained for classification tasks, we optimized training

hyperparameters for the regression task.

Input image pixels are typically normalized to increase numerical stability and gradient

quality. Here most image pixels are zero and the non-zero ones tend to be small. We apply

three normalization methods: mean zero unit variance standardization, log transformation,

and constant scaling. The three methods produce similar results. Therefore, a constant

scaling factor of 100 is chosen after visual inspection of the input spectrum for νe (Figure 3.3

(right)) and electron (Figure 3.5 (right)).

The models are trained with stochastic gradient descent. The hyperparameter search yields

as best hyperparameters: (1) a batch size of n = 32; (2) an initial learning rate of 5× 10−4

with an exponential learning rate decay per batch of 1× 10−5; and (3) a momentum of 0.7.

Models are trained for 100 epochs, or until the validation loss does not increase by at least

0.001 for 5 epochs. The weights from the epoch with the best validation loss are kept.

Regularization techniques are also explored using random search implemented in SHERPA.

Regularization refers to a set of methods that reduce modeling capacity to prevent fitting

to noise in the training set (over-fitting). Here, the model training is optionally regularized
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with L2-penalty on all convolutional layer weights and on the fully connected layer weights.

L2-penalty also referred to as weight-decay which adds the term λ||W||22 to the loss function

L(W, {xi, yi}ni=1). The added term prevents weights from getting too large and thus reduces

modeling capacity. Random search was applied to the L2-penalty multiplier λ over a range

of 1× 10−5 to 1× 10−7. To increase the robustness of learned features, dropout [Srivastava

et al., 2014, Baldi and Sadowski, 2014] was also applied to the fully-connected layer. Dropout

is a technique that randomly sets hidden layer units to zero with a given dropout-probability

during the training. In the hyperparameter search, we let the dropout-probabilities range

from 0 to 0.4. The best performing model found from random search had λ = 0 and zero

dropout-probability. While dropout and L2-penalty tend to be useful for classification there

is an intuitive explanation as to why those methods decrease performance in our regression

problem. In the case of classification, outputs do not directly depend on the magnitude of

the neural network outputs since the outputs are normalized by the sum of all outputs. In

regression, the output of the neural network has to exactly match the target value, which

can take a wide range of values. If hidden layer units are randomly dropped as in dropout,

this estimate may significantly change depending on what units are dropped. Similarly,

L2-penalty may prevent weights from adopting the magnitude required by the scale of the

targets of the prediction.

For the training and validation of the neural network, all models are implemented in Keras

[Chollet et al., 2015] with Tensorflow backend.

3.4 Results

We use a simulated test data sample independent of the training and validation samples

in Section 3.3 to test the physics performance of the trained neural networks. The test νe

CC sample is produced with the same simulation and reconstruction method as the training
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sample. Simulation and reconstruction at NOvA are described in Section 3.3.1. The test

sample has a regular flux. In order to mimic the real neutrino energy spectrum in the NOvA

FD, we apply the neutrino oscillations to each FD MC sample by event weighting. To

mimic overall energy resolution of the νe oscillation signal while keeping independent from

specific CP and mass order choices, oscillation probabilities are calculated from the first-

order terms in the full oscillation formula. The values of oscillation parameters are chosen

to be sin2 θ23 = 0.5, sin2 2θ23 = 1, ∆m2
32 = +2.35× 10−3eV2 and sin2 2θ13 = 0.1.

3.4.1 νe-CC neutrino energy

The proposed regression CNN energy estimator is compared with two methods used in

previous NOvA νe analyses: calorimetric energy estimation and kinematics-based energy es-

timation. Used as the νe CC energy in NOvA’s first νe oscillation analysis in 2016 [Adamson

et al., 2016], the calorimetric energy estimator takes the sum of the calibrated calorimetric

energy in each cell for an event and multiplies the sum by a scale factor. The scale factor

corrects for the dead material in NOvA detectors and missing energy taken by undetected

particles. It is estimated via simulated neutrino events. The kinematics-based energy esti-

mator is based on the method used in NOvA’s νe analysis in 2017 [Psihas, 2017] (Kinematic

Energy). This estimator is based on a quadratic function of the reconstructed electromag-

netic and hadronic energy. The electromagnetic energy component is estimated by the sum

of calorimetric energies from the electron and photons. The hadronic energy is estimated

via the sum of calorimetric energies from hadrons such as pions, kaons, and protons. The

electron, photons, and hadrons are identified by a deep-learning based particle identification

algorithm called prong CVN [Psihas, 2018]. Parameters of the quadratic function are also

determined using simulated data.

The true and reconstructed νe CC energy in the FD, weighted by the oscillation probabilities,
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Figure 3.7: Monte Carlo distributions of νe CC energy reconstructed by the regression CNN
(CNN Energy, blue), particle kinematic information (Kinematic Energy, red), and summing
the calibrated calorimetric energy in each cell (Calorimetric Energy, green), overlapping with
true neutrino energy (dashed). The neutrino oscillations are applied.
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energy is reconstructed by the regression CNN (CNN Energy, blue), particle kinematic in-
formation (Kinematic Energy, red), and summing the calibrated calorimetric energy in each
cell (Calorimetric Energy, green). The neutrino oscillations are applied.

are shown in Figure 3.7. The off-axis spectrum convoluted with the oscillation probability

makes the νe-CC energy spectrum peak at around 2 GeV.

The overall performance is illustrated in Figure 3.8. Shown are histograms of (Ereco −

Etrue)/Etrue, the ratio of the difference between reconstructed and true νe CC energy over

true neutrino energy in the calorimetric energy range of 0 to 5 GeV. The neural network

energy is the one with the best resolution. Gaussian fits to (Ereco−Etrue)/Etrue distributions

provide relative resolutions of 8.9% (CNN Energy), 10.1% (Kinematic Energy) and 10.2%

(Calorimetric Energy), respectively. The relative resolution is defined as the ratio of the

standard deviation to the peak value in a Gaussian fit. Relative RMSs (the ratio of RMS

to Mean) are 11.1% (CNN Energy), 13.2% (Kinematic Energy) and 13.6% (Calorimetric

40



Energy).

Figure 3.9 shows means and RMSs of (Ereco − Etrue)/Etrue in each 1-GeV-wide true energy

bin. Both Kinematic Energy and CNN energy estimators are determined from the NOvA

FD νe CC signal sample with oscillated energy spectrum, peaking around 2 GeV. As shown

in Figure 3.9 (left), the energy scale of the three estimators shows no significant biases with

respect to the true neutrino energy, and the regression CNN has better energy resolutions.

The standard training sample of the described regression CNN νe energy estimator uses a

flat flux. We also train the regression CNN using the regular flux with the peak around 2

GeV to understand the effect of the training energy spectrum on the linearity of the energy

scale. The flat flux sample and the regular flux sample are defined in Section 3.3.3.

Energy scales for neutrino energy based on the flat flux training and regular flux training are

shown in Figure 3.10. One can find that the energy scale from the flat flux training has less

biases over true neutrino energy. The flat flux training, therefore, represents the preferred

training mode to generate the regression CNN for the neutrino energy reconstruction.

Figure 3.11 shows estimator performance by interaction mode. νe CC interactions can be

classified as quasi-elastic (QE), resonant (RES), and deep-inelastic scattering (DIS) modes.

In a QE event, the nucleon (p or n) recoils quasi-elastically from the scattering electron,

and the electron, because of its small mass, takes the majority of the incident neutrino

energy. Hadronic energy portions and hadron multiplicities vary in these three modes. For

the RES mode, the nucleon is excited into baryonic resonances and decays to hadrons, so

more neutrino energy is transferred into the hadronic system. In DIS events, the nucleon is

smashed into several hadrons, requiring even larger neutrino energy transfer to the hadronic

system. Figure 3.11 shows (Ereco − Etrue)/Etrue in these categories individually. The CNN

Energy scale shows a better resolution and consistency among the interaction modes.

Systematic uncertainties in the energy reconstruction from the simulation of neutrino inter-
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Figure 3.9: Means (top) and relative RMS (bottom, the ratio of RMS to the mean value of
energy) of the Monte Carlo distributions of the ratios of differences between reconstructed
and true νe CC energies to true νe CC energy for different true neutrino energy bins ranging
from 0 to 5 GeV. Neutrino energy is reconstructed by the regression CNN (CNN Energy,
blue), particle kinematic information (Kinematic Energy, red), and summing the calibrated
calorimetric energy in each cell (Calorimetric Energy, green). The neutrino oscillations are
applied.
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Figure 3.11: Monte Carlo distributions of ratios of the difference between reconstructed and
true νe CC energy to true neutrino energy for QE, RES, and DIS modes. Neutrino energy
is reconstructed by the regression CNN (CNN Energy, blue), particle kinematic informa-
tion (Kinematic Energy, red), and summing the calibrated calorimetric energy in each cell
(Calorimetric Energy, green). The neutrino oscillations are applied.
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Figure 3.12: Monte Carlo distributions of ratios of differences between reconstructed and
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Error bands represent systematic uncertainties evaluated by GENIE reweighting. Neutrino
energy is reconstructed by the regression CNN (CNN Energy, blue), particle kinematic in-
formation (Kinematic Energy, red), and summing the calibrated calorimetric energy in each
cell (Calorimetric Energy, green). The neutrino oscillations are applied.
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actions are evaluated by using the reweighting knobs built into GENIE [Andreopoulos et al.,

2015]. Each reweighting knob computes a weighting factor that can be applied to MC events

to vary normalization and/or shape of a specific type of interaction. In general, these GE-

NIE reweighting knobs deal with systematic uncertainties from modeling of cross-sections,

the hadronization, and final state interactions. The reweighting knobs used in this GENIE

uncertainty study are similar to NOvA’s oscillation analysis Ref [Acero et al., 2018]. We

vary each reweighting knob by +1 σ and -1 σ, where the size of the systematic variation σ

is the recommendation from the GENIE and NOvA authors, based on surveys of interaction

models and existing experimental results. Both the background yield in the signal region

before the background correction and the background correction factor determined by the

Data-MC difference in the sideband are re-determined in the reweighted background MC.

The overall performance with GENIE systematic shifts is illustrated in Figure 3.12. Shown

are histograms of (Ereco−Etrue)/Etrue, the ratio of the difference between reconstructed and

true νe CC energy over true neutrino energy in the calorimetric energy range of 0 to 5 GeV.

The systematic errors of (Ereco − Etrue)/Etrue are 0.2% (CNN Energy), 0.6% (Kinematic

Energy) and 0.9% (Calorimetric Energy), respectively. The systematic errors of the relative

RMSs are 0.3% (CNN Energy), 0.4% (Kinematic Energy) and 0.4% (Calorimetric Energy).

Systematic errors of mean and RMS in each energy bin are shown in 3.13. The regression

CNN shows smallest systematic uncertainties from the simulation of neutrino interactions.

3.4.2 Electron Shower Energy

The reconstructed electron shower energy given by the regression CNN (CNN Energy) is

compared to the sum of the calibrated calorimetric energies (Calorimetric Energy) in electron

showers. In a simulated νe CC event, the most energetic shower matched to a true electron

is chosen as the electron shower sample. The neutrino oscillation weights are applied to the
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Figure 3.13: Means (top) and relative RMS (bottom) of the Monte Carlo distributions of the
ratios of differences between reconstructed and true νe CC energies to true νe CC energy for
different true neutrino energy bins ranging from 0 to 5 GeV. Error bars represent systematic
uncertainties evaluated by GENIE reweighting. Neutrino energy is reconstructed by the
regression CNN (CNN Energy, blue), particle kinematic information (Kinematic Energy,
red), and summing the calibrated calorimetric energy in each cell (Calorimetric Energy,
green). The neutrino oscillations are applied.
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νe CC events. True electron energy and reconstructed electron shower energy distributions

in the FD are shown in Figure 3.14. The CNN electron shower energy is closer to the true

electron energy than Calorimetric Energy. Overall (Ereco−Etrue)/Etrue for electron showers

are shown in Figure 3.15, with relative Gaussian resolutions of 8.2% (CNN Energy) and 9.6%

(Calorimetric Energy) and relative RMS of 13.4% (CNN Energy) and 15.2% (Calorimetric

Energy) . Histograms of (Ereco − Etrue)/Etrue in different shower calorimetric energy bins

and different interaction modes are shown in Figure 3.15 and 3.16. One can find that the

CNN Energy has better resolutions. The bias in CNN electron energy at low energies is

caused by the small proportion of low energy electrons in the regular flux sample used for

training.
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Figure 3.17: Monte Carlo distributions of ratios of reconstructed electron shower energy
to true electron energy in νe CC events for QE, RES, and DIS modes. Shower energy is
reconstructed by CNN (CNN Energy, blue) and summing the calibrated calorimetric energy
in each cell (Calorimetric Energy, green). The neutrino oscillations are applied.

3.5 Summary

We developed regression CNNs with direct pixel-level inputs for electron neutrino energy

and electron shower energy reconstruction. This is an early effort and proof-of-concept of

using CNNs to solve regression problems such as energy reconstruction, vertex reconstruc-

tion, and track parameter determination in HEP. It was found that the absolute scaled error

provides a useful neural network loss function when the goal is to optimize energy resolu-

tion histograms as commonly used in HEP. We also describe the best training parameters

found from hyperparameter search for this regression task. This work demonstrates that

energy reconstruction tasks can be simplified without elaborate energy scale calibration and

model-dependent fits. The performance of the CNN energy reconstruction was verified for

different energy bins, different hadronic energy fractions and different interaction modes. In

all cases, the regression CNN energy achieves superior performance compared with kinemat-

ics based energy reconstruction methods. The regression CNN also shows smaller systematic

uncertainties from the simulation of neutrino interactions.
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Chapter 4

Sherpa: A Python Hyperparameter

Optimization Framework

4.1 Motivation and significance

Hyperparameters are tuning parameters of machine learning models. Hyperparameter opti-

mization refers to the process of choosing optimal hyperparameters for a machine learning

model. This optimization is crucial to obtain optimal performance from the machine learn-

ing model. Since hyperparameters cannot be directly learned from the training data, their

optimization is often a process of trial and error conducted manually by the researcher.

There are two problems with the trial and error approach. Firstly, it is time consuming

and can take days or even weeks of the researcher’s attention. Secondly, it is dependent on

the researcher’s ability to interpret results and choose good hyperparameter settings. These

limitations lead to a large need to automate this process. Sherpa is a software that addresses

this need.

Existing hyperparameter optimization software can be divided into bayesian optimization
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software, bandit and evolutionary algorithm software, framework specific software, and all-

round software. Software that implements bayesian optimization started with SMAC [Hutter

et al., 2011], Spearmint [Snoek et al., 2012], and HyperOpt [Bergstra et al., 2013]. More

recent software in this regime has been GPyOpt [authors, 2016], RoBo [Klein et al., 2017],

DragonFly [Kandasamy et al., 2019], Cornell-MOE [Wu and Frazier, 2016, Wu et al., 2017],

and mlrMBO [Bischl et al., 2017]. These software packages have high quality, stand-alone

bayesian optimization implementations, often with unique twists. However, most of these

do not provide infrastructure for parallel training.

As an alternative to bayesian optimization, multi-armed bandits and evolutionary algorithms

have recently become popular. HpBandSter implements Hyperband [?] and BOHB [Falkner

et al., 2018], Pbt implements Population Based Training [Jaderberg et al., 2017], PyCMA

implements CMA-ES [Igel et al., 2006], and TPot [Olson et al., 2016b,a] provides hyperpa-

rameter search via genetic programming.

A number of framework specific libraries have also been proposed. Auto-Weka [Kotthoff

et al., 2017] and Auto-Sklearn [Feurer et al., 2015] focus on WEKA [Holmes et al., 1994]

and Scikit-learn [Pedregosa et al., 2011], respectively. Furthermore, a number of packages

have been proposed for the machine learning framework Keras [Chollet et al., 2015]. Hy-

peras, Auto-Keras [Jin et al., 2019], Talos, Kopt, and HORD each provide hyperparameter

optimization specifically for Keras. These libraries make it easy to get started due to their

tight integration with the machine learning framework. However, researchers will inevitably

run into limitations when a different machine learning framework is needed.

Lastly, a number of implementations aim at being framework agnostic and also support

multiple optimization algorithms. Table 4.1 shows a detailed comparison of these ”all-round”

packages to Sherpa. Note that we excluded Google Vizier [Golovin et al., 2017] and similar

frameworks from other cloud computing providers since these are not free to use.
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Software Distributed Visualizations
Bayesian-

Optimization Evolutionary
Bandit/

Early-stopping

Sherpa Yes Yes Yes Yes Yes
Advisor Yes No Yes Yes Yes
Chocolate Yes No Yes Yes No
Test-Tube[Falcon, 2017] Yes No No No No
Ray-Tune[Liaw et al., 2018] Yes No No Yes Yes
Optuna[Akiba et al., 2019] Yes Yes Yes No Yes
BTB [Gustafson, 2018] No No Yes No Yes

Table 4.1: Feature comparison of hyperparameter optimization frameworks. Bayesian op-
timization, evolutionary, and bandit/early-stopping refer to the support of hyperparameter
optimization algorithms based on these methods.

Sherpa is already being used in a wide variety of applications such as machine learning

methods Sadowski and Baldi [2018], solid state physics Cao et al. [2019], particle physics

Baldi et al. [2019], medical image analysis Ritter et al. [2019], and cyber securityLangford

et al. [2019]. Due to the fact that the number of machine learning applications is growing

rapidly we can expect there to be a growing need for hyperparameter optimization software

such as Sherpa.

4.2 Software Description

4.2.1 Hyperparameter Optimization

We begin by laying out the components of a hyperparameter optimization. Consider the

training of a machine learning model. A user has a model that is being trained with data.

Before training there are hyperparameters that need to be set. At the end of the training

we obtain an objective value.

This workflow can be illustrated via the training of a neural network. The model is a neural

network. The data are images that the neural network is trained on. The hyperparameter

setting is the number of hidden layers of the neural network. The objective is the prediction
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accuracy on a hold-out dataset obtained at the end of training.

For automated hyperparameter optimization we also need hyperparameter ranges, a results

table, and a hyperparameter optimization algorithm. The hyperparameter ranges define what

values each hyperparameter is allowed to take. The results store hyperparameter settings

and their associated objective value. Finally, the algorithm takes results and ranges and

produces a new suggestion for a hyperparameter setting. We refer to this suggestion as a

trial.

For the neural network example the hyperparameter range might be 1, 2, 3, or 4 hidden

layers. We might have previous results that 1 corresponds to 80% accuracy and 3 to 90%

accuracy. The algorithm might then produce a new trial with 4 hidden layers. After training

the neural network with 4 hidden layers we find it achieves 88% accuracy and add this to

the results. Then the next trial is suggested.

4.2.2 Components

We now describe how Sherpa implements the components described in Section 4.2.1. Sherpa

implements hyperparameter ranges as sherpa.Parameter objects. The algorithm is

implemented as a sherpa.algorithms.Algorithm object. A list of hyperparameter

ranges and an algorithm are combined to create a sherpa.Study (Figure 4.1). The study

stores the results. Trials are implemented as sherpa.Trial objects.
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Figure 4.1: Diagram showing Sherpa’s Study class.

Sherpa implements two user interfaces. We will refer to the two interfaces as API mode and

parallel mode.

4.2.3 API Mode

In API mode the user interacts with the Study object. Given a study s :

1. A new trial of name t is obtained by calling s.get suggestion() or by iterating

over the study (e.g. for t in s).

2. First, t.parameters is used to initialize and train a machine learning model. Then

s.add observation(t, objective=o) is called to add objective o for trial t.

Invalid observations are automatically excluded from the results.

3. Finally, s.finalize(t) informs Sherpa that the model training is finished.

Interacting with the Study class is easy. It also requires minimal setup. The limitation in

API mode is that it cannot evaluate trials in parallel.
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4.2.4 Parallel Mode

In parallel-mode multiple trials can be evaluated in parallel. The user provides two scripts:

a server script and a machine learning (ML) script. The server script defines the hyperpa-

rameter ranges, the algorithm, the job scheduler, and the command to execute the machine

learning script. The optimization starts by calling sherpa.optimize.

In the machine learning script the user trains the machine learning model given some

hyperparameters and adds the resulting objective value to Sherpa. Using a sherpa.

Client called c a trial t is obtained by calling c.get trial(). To add observations

c.send metrics(trial=t, objective=o) is used.

Internally, sherpa.optimize runs a loop that uses the Study class. Figure 4.2 illustrates

the parallel-mode architecture.

1. The loop submits new trials if resources are available by submitting a job to the

scheduler. Furthermore, the new trials are added to a database. From there they can

be retrieved by the client.

2. The loop updates results by querying the database for new results.

3. Finally, the loop checks whether jobs have finished. This means resources are free

again. In addition, the corresponding trials can be finalized.

If the user’s machine learning script does not submit an objective value such as when it

crashed, Sherpa continues with the next trial.
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Figure 4.2: Architecture diagram for parallel hyperparameter optimization in Sherpa. The
user only interacts with Sherpa via the solid red arrows, everything else happens internally.

4.3 Software Functionalities

4.3.1 Available Hyperparameter Types

Sherpa supports four hyperparameter types:

• sherpa.Continuous

• sherpa.Discrete

• sherpa.Choice

• sherpa.Ordinal.

These correspond to a range of floats, a range of integers, an unordered categorical variable,

and an ordered categorical variable, respectively. Each parameter has name and range
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arguments. The range expects a list defining lower and upper bound for continuous and

discrete variables. For choice and ordinal variables the range expects the categories.

4.3.2 Diversity of Algorithms

Sherpa aims to help researchers at various stages in their model development. For this

reason, it provides a choice of hyperparameter tuning algorithms. The following optimization

algorithms are currently supported.

• sherpa.algorithms.RandomSearch:

Random Search Bergstra and Bengio [2012] samples hyperparameter settings uniformly

from the specified ranges. It is a robust algorithm because it explores the space uni-

formly. Furthermore, with the dashboard the user can make their own inference on the

results.

• sherpa.algorithms.GridSearch:

Grid Search follows a grid over the hyperparameter space and evaluates all combina-

tions. It is useful to systematically explore one or two hyperparameters. It is not

recommended for more than two hyperparameters.

• sherpa.algorithms.bayesian optimization.GPyOpt:

Bayesian optimization is a model-based search. For each trial it picks the most promis-

ing hyperparameter setting based on prior results. Sherpa’s implementation wraps the

package GPyOpt [authors, 2016].

• sherpa.algorithms.successive halving.SuccessiveHalving:

Asynchronous Successive Halving (ASHA) [Li et al., 2018] is a hyperparameter opti-

mization algorithm based on multi-armed bandits. It allows the efficient exploration
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of a large hyperparameter space. This is accomplished by the early stopping of un-

promising trials.

• sherpa.algorithms.PopulationBasedTraining:

Population-based Training (PBT) [Jaderberg et al., 2017] is an evolutionary algorithm.

The algorithm jointly optimizes a population of models and their hyperparameters.

This is achieved by adjusting hyperparameters during training. It is particularly suited

for neural network training hyperparameters such as learning rate, weight decay, or

batch size.

• sherpa.algorithms.LocalSearch:

Local Search is a heuristic algorithm. It starts with a seed hyperparameter setting.

During optimization it randomly perturbs one hyperparameter at a time. If a setting

improves on the seed then it becomes the new seed. This algorithm is particularly

useful if the user already has a well performing hyperparameter setting.

All implemented algorithms allow parallel evaluation and can be used with all available

parameter types. An empirical comparison of the algorithms can be found in the documen-

tation1.

4.3.3 Accounting for Random Variation

Sherpa can account for variation via the Repeat algorithm. The objective value of a model

may vary between training runs. Reasons for this can be random initialization or stochastic

training. The Repeat algorithm runs each hyperparameter setting multiple times. Thus

variation can be taken into account when analyzing results.

1https://parameter-sherpa.readthedocs.io/en/latest/algorithms/algorithms.
html

59

https://parameter-sherpa.readthedocs.io/en/latest/algorithms/algorithms.html
https://parameter-sherpa.readthedocs.io/en/latest/algorithms/algorithms.html


4.3.4 Visualization Dashboard

Sherpa provides an interactive web-based dashboard. It allows the user to monitor progress

of the hyperparameter optimization in real time. Figure 4.3 shows a screenshot of the

dashboard.

At the top of the dashboard is a parallel coordinates plot [Inselberg and Dimsdale, 1987,

Hauser et al., 2002]. It allows exploration of relationships between hyperparameter settings

and objective values (Figure 4.3 top). Each vertical axis corresponds to a hyperparameter

or the objective. The axes can be brushed over to select subsets of trials. The plot is

implemented using the D3.js parallel-coordinates library by Chang [2019]. At the bottom

right is a line chart. It shows objective values against training iteration (Figure 4.3 bottom

right). This chart allows to monitor training progress of each trial. It is also useful to analyze

whether a trial’s training converged. At the bottom left is a table of all completed trials

(Figure 4.3 bottom left). Hovering over trials in the table highlights the corresponding lines

in the plots. Finally, the dashboard has a stopping button (Figure 4.3 top right corner).

This allows the user to cancel the training for unpromising trials.

The dashboard runs automatically during a hyperparameter optimization. It can be accessed

in a web-browser via a link provided by Sherpa. The dashboard is useful to quickly evaluate

questions such as:

• Are the selected hyperparameter ranges appropriate?

• Is training unstable for some hyperparameter settings?

• Does a particular hyperparameter have little impact on the performance of the machine

learning algorithm?

• Are the best observed hyperparameter settings consistent?
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Based on these observations the user can refine the hyperparameter ranges or choose a

different algorithm, if appropriate.

Figure 4.3: The dashboard provides a parallel coordinates plot (top) and a table of finished
trials (bottom left). Trials in progress are shown via a progress line chart (bottom right).
Figure recommended to be viewed as PDF and via zooming in.

4.3.5 Scaling up with a Cluster

In parallel mode Sherpa can run parallel evaluations. A job scheduler is responsible for

running the user’s machine learning script. The following job schedulers are implemented.

• The LocalScheduler evaluates parallel trials on the same computation node. This

scheduler is useful for running on multiple local CPU cores or GPUs. It has a simple

resource handler for GPU allocation (see Figure 4.6 for an example).

• The SGEScheduler uses Sun Grid Engine (SGE) [Gentzsch, 2001]. Submission ar-

guments and an environment profile can be specified via arguments to the scheduler.
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• The SLURMScheduler is based on SLURM [Yoo et al., 2003]. Its interface is similar

to the SGEScheduler.

Concurrency between workers is handled via MongoDB, a NoSQL database program. Parallel

mode expects that MongoDB is installed on the system.

4.4 Illustrative Examples

4.4.1 Handwritten Digits Classification with a Neural Network

The following is an example of a Sherpa hyperparameter optimization. It uses the MNIST

handwritten digits dataset Deng [2012]. A Keras neural network is used to classify the digits.

The neural network has one hidden layer and a softmax output. The hyperparameters are

the learning rate of the Adam Kingma and Ba [2014] optimizer, the number of hidden units,

and the hidden layer activation function. The search is first conducted using Sherpa’s API

mode. After that we show the same example using Sherpa’s parallel mode.

API Mode

Figure 4.4 shows the hyperparameter optimization in Sherpa’s API mode. The script starts

with imports and loading of the MNIST dataset. Next, the hyperparameters learning rate,

num units, and activation are defined. These refer to the Adam learning rate, number of

hidden layer units, and hidden layer activation function, respectively. As optimization algo-

rithm the GPyOpt algorithm is chosen. Hyperparameter ranges and algorithm are combined

via the Study. The lower is better flag indicates that lower objective values are not

better. This is because we will be maximizing the classification accuracy. After that a for-

loop iterates over the study. The for-loop yields a trial at each iteration. A Keras model is
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instantiated using the hyperparameter settings. The Keras model is iteratively trained and

evaluated via an inner for-loop. We add an observation for each iteration and use finalize

after the training is finished. Note that we pass the loss as context to add observation.

The context accepts a dictionary with any additional metrics that the user wants to record.

Code to replicate this example is available as a Jupyter notebook2 and on Google Colab3.

A video tutorial is also available on YouTube4. Tutorials using the Successive Halving and

Population Based Training algorithms are also available56.

2https://github.com/sherpa-ai/sherpa/blob/master/examples/keras_mnist_mlp.
ipynb

3https://colab.research.google.com/drive/1I19R1GfKPjlgNdHlxJwNC4PitvySsdon
4https://youtu.be/-exnF3uv0Ws
5https://github.com/sherpa-ai/sherpa/blob/master/examples/keras_mnist_mlp_

successive_halving.ipynb
6https://github.com/sherpa-ai/sherpa/blob/master/examples/keras_mnist_mlp_

population_based_training.ipynb
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import sherpa
import sherpa.algorithms.bayesian_optimization as

bayesian_optimization
import keras
from keras.models import Sequential
from keras.layers import Dense, Flatten
from keras.datasets import mnist
from keras.optimizers import Adam
epochs = 15
(x_train, y_train), (x_test, y_test) = mnist.load_data()
x_train, x_test = x_train/255.0, x_test/255.0
# Sherpa setup
parameters = [sherpa.Continuous(’learning_rate’, [1e-4, 1e-2]),

sherpa.Discrete(’num_units’, [32, 128]),
sherpa.Choice(’activation’,

[’relu’, ’tanh’, ’sigmoid’])]
algorithm = bayesian_optimization.GPyOpt(max_num_trials=50)
study = sherpa.Study(parameters=parameters,

algorithm=algorithm,
lower_is_better=False)

for trial in study:
lr = trial.parameters[’learning_rate’]
num_units = trial.parameters[’num_units’]
act = trial.parameters[’activation’]
# Create model
model = Sequential([Flatten(input_shape=(28, 28)),

Dense(num_units, activation=act),
Dense(10, activation=’softmax’)])

optimizer = Adam(lr=lr)
model.compile(loss=’sparse_categorical_crossentropy’,

optimizer=optimizer,
metrics=[’accuracy’])

# Train model
for i in range(epochs):

model.fit(x_train, y_train)
loss, accuracy = model.evaluate(x_test, y_test)
study.add_observation(trial=trial, iteration=i,

objective=accuracy,
context={’loss’: loss})

study.finalize(trial=trial)

Figure 4.4: An example showing how to tune the hyperparameters of a neural network on
the MNIST dataset using Sherpa in API mode.
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Parallel Mode

We now show the same hyperparameter optimization using Sherpa’s parallel mode. Fig-

ure 4.6 (top) shows the server script. First, the hyperparameters and search algorithm are

defined. This time we also define a LocalScheduler instance. Hyperparameters, al-

gorithm, and scheduler are passed to the sherpa.optimize function. We also pass a

command ”python trial.py”. The command indicates how to execute the user’s machine

learning script. Furthermore, the argument max concurrent=2 indicates that two eval-

uations will be running at a time. Figure 4.6 (bottom) shows the machine learning script.

First, we set environment variables for GPU configuration. Next we create a Client. To ob-

tain hyperparameters we call the client’s get trial method. Furthermore, during training

we call the client’s send metrics method. This replaces add observation in parallel

mode. Also, in parallel mode no finalize call is needed.

import sherpa
import sherpa.algorithms.bayesian_optimization as

bayesian_optimization
from sherpa.schedulers import LocalScheduler
params = [sherpa.Continuous(’learning_rate’, [1e-4, 1e-2]),

sherpa.Discrete(’num_units’, [32, 128]),
sherpa.Choice(’activation’,

[’relu’, ’tanh’, ’sigmoid’])]
alg = bayesian_optimization.GPyOpt(max_num_trials=50)
sched = LocalScheduler(resources=[0,1])
sherpa.optimize(parameters=params,

algorithm=alg,
scheduler=sched,
lower_is_better=False,
command=’python trial.py’,
max_concurrent=2)

Figure 4.5: Server-script for using Sherpa in parallel mode to tune the hyperparameters of
a neural network trained on the handwritten digits dataset MNIST.
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import sherpa, os
GPU_ID = os.environ[’SHERPA_RESOURCE’]
os.environ[’CUDA_VISIBLE_DEVICES’] = GPU_ID
import keras
from keras.models import Sequential
from keras.layers import Dense, Flatten
from keras.datasets import mnist
from keras.optimizers import Adam
epochs = 15
(x_train, y_train), (x_test, y_test) = mnist.load_data()
x_train, x_test = x_train/255.0, x_test/255.0
# Sherpa client
client = sherpa.Client()
trial = client.get_trial()
lr = trial.parameters[’learning_rate’]
num_units = trial.parameters[’num_units’]
act = trial.parameters[’activation’]
# Create model
model = Sequential([Flatten(input_shape=(28, 28)),

Dense(num_units, activation=act),
Dense(10, activation=’softmax’)])

model.compile(loss=’sparse_categorical_crossentropy’,
optimizer=Adam(lr=lr),
metrics=[’accuracy’])

# Train model
for i in range(epochs):

model.fit(x_train, y_train)
loss, accuracy = model.evaluate(x_test, y_test)
client.send_metrics(trial=trial, iteration=i,

objective=accuracy,
context={’loss’: loss})

Figure 4.6: Trial-script for using Sherpa in parallel mode to tune the hyperparameters of a
neural network trained on the handwritten digits dataset MNIST.
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4.4.2 Deep learning for Cloud Resolving Models

Introduction

The following illustrates an example of a Sherpa hyperparameter optimization in the field of

climate modeling, specifically cloud resolving models (CRM). We apply Sherpa to optimize

the deep neural network (DNN) of Rasp et al. [2018].

The input to the model is a 94-dimensional vector. Features include temperature, humidity,

meridional wind, surface pressure, incoming solar radiation, sensible heat flux, and latent

heat flux. The output of the DNN is a 65-dimensional vector. It is composed of the sum of

the CRM and radiative heating rates, the CRM moistening rate, the net radiative fluxes at

the top of the atmosphere and surface of the earth, and the observed precipitation.

Table 4.2: DNN Hyperparameter Search Space.

Name Options Parameter Type

Batch Normalization [yes, no] Choice

Dropout [0, 0.25] Continuous

Leaky ReLU coefficient [0 - 0.4] Continuous

Learning Rate [0.0001 - 0.01]Continuous (log)

Nodes per Layer [200 - 300] Discrete

Number of layers [8 - 10] Discrete

General Hyperparameter Optimization

Initially a random search was conducted on the following hyperparameters: batch normal-

ization [Ioffe and Szegedy, 2015], dropout [Srivastava et al., 2014, Baldi and Sadowski, 2013],

Leaky ReLU coefficient [Agostinelli et al., 2014], learning rate, nodes per hidden layer, num-

ber of hidden layers. The parameter ranges were chosen to encompass the parameters spec-
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ified in Rasp et al. [2018] and are shown in Table 4.2. On the dashboard we select the best

trials (Figure 4.7) and identify that the best performing configurations have low dropout,

leaky ReLU coefficients mostly around 0.3 or larger, and learning rates mostly near 0.002.

The majority of good models have 8 layers and batch normalization. However, the number

of units does not seem to have a large impact.

Figure 4.7: Screenshot of the dashboard at the end of the initial random search. The 8 best
trials were selected by brushing of the Objective axis in the parallel coordinates plot.

Optimization of the Learning Rate Schedule

An additional search was conducted to fine-tune the DNN training hyperparameters. Specifi-

cally, the initial learning rate and the learning rate decay were optimized. The range of initial

learning rate values was ±10−4 of the best value from Section 4.4.2. The range of learning

rate decay factors was 0.5 to 1. The learning rate gets multiplied by this factor after every

epoch to produce a new learning rate. In comparison, the model in Rasp et al. [2018] uses

a decay factor of approximately 0.58. The remaining hyperparameters were set to the best
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configuration from Section 4.4.2. A total of 50 trials were evaluated via random search. The

best learning rate was found to be 0.001196. The best decay value was found as 0.843784.

The overall optimal hyperparameter setting is shown in Table 4.3.

Table 4.3: Best hyperparameter configuration found by Sherpa.

Batch Normalization No

Dropout 0.0

Leaky ReLU coefficient 0.3957

Learning Rate 0.001301

Learning Rate Decay 0.843784

Nodes per Layer [299, 269, 248, 293, 251, 281, 258, 277, 209, 270]

Number of layers 10

Results

We compare the model found by Sherpa to the model from Rasp et al. [2018] via R2 plots

(Figure 4.8). The R2 plots show the coefficient of determination at different pressures and

latitudes. We find that the Sherpa model consistently outperforms the comparison model.

In particular, it is able to perform for latitudes for which the prior model fails. Figure 4.8f

shows that the Sherpa model’s loss reduces further after the Rasp et al. [2018] model has

converged. This is the result of the learning rate fine-tuning from Section 4.4.2.
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(a) (b)

(c) (d)

(e) (f)

Figure 4.8: Case study results for an optimized deep neural network applied to cloud resolving
models. Figures 4.8a and 4.8b show the coefficient of determination R2 vs. pressure for
convective heating rate and convective moistening rate, respectively. Figures 4.8c, 4.8d,
and 4.8e show R2 values against latitude, and 4.8f shows loss trajectories. All figures compare
the optimized Sherpa model against the model developed by Rasp et al. [2018].
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4.5 Impact

Machine learning is used to ever larger extends in the scientific community. Nearly every

machine learning application can benefit from hyperparameter optimization. The issue is

that researchers often do not have a practical tool at hand. Therefore, they usually resort

to manually tuning parameters. Sherpa aims to be this tool. Its goal is to require minimal

learning from the user to get started. It also aims to support the user as their needs for

parallel evaluation or exotic optimization algorithms grow. As shown by references in Sec-

tion 4.1, Sherpa is already being used by researchers to achieve improvements in a variety of

domains. In addition to that, the software has been downloaded more than 6000 times from

the PyPi Python package manager7. It also has over 160 stars on the software hosting web-

site GitHub. A GitHub star means that another user has added the software to a personal

list for later reference.

4.6 Conclusions

Sherpa is a flexible open-source software for robust hyperparameter optimization of machine

learning models. It provides the user with several interchangeable hyperparameter optimiza-

tion algorithms, each of which may be useful at different stages of model development. Its

interactive dashboard allows the user to monitor and analyze the results of multiple hy-

perparameter optimization runs in real-time. It also allows the user to see patterns in the

performance of hyperparameters to judge the robustness of individual settings. Sherpa can

be used on a laptop or in a distributed fashion on a cluster. In summary, rather than a

black-box that spits out one hyperparameter setting, Sherpa provides the tools that a re-

searcher needs when doing hyperparameter exploration and optimization for the development

of machine learning models.

7https://pepy.tech/project/parameter-sherpa
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Chapter 5

Reproducible Hyperparameter

Optimization

5.1 Introduction

In machine learning, hyperparameters are distinct from the model parameters and need to

be set before model training. Hyperparameters are often unintuitive yet they can have large

impact on model performance. Unlike model parameters, hyperparameters are usually non-

differentiable. Therefore, the optimization of hyperparameters typically requires an empirical

search evaluating model performance on training and validation samples. Optimization can

be done manually with the researcher picking candidate values based on their intuition and

experience or automatically with an algorithm suggesting candidates [Goodfellow et al., 2016,

Feurer and Hutter, 2018].

Training algorithms are often subject to randomness. Examples of this are the random

initialization of model parameters before optimization, shuffling of the training data before

using stochastic gradient descent, stochastic regularization such as dropout [Srivastava et al.,
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Figure 5.1: Validation loss against epochs for different training runs with the same hyper-
parameters. Different colors represent different runs.

2014, Baldi and Sadowski, 2013], and data augmentation through random transformations.

The implication of stochasticity in training algorithms is that two equal algorithms may differ

in their out-of-sample prediction error when trained with different seeds for the random

number generator. As an example, Figure 5.1 shows training runs for a neural network

with the same hyperparameters. Clearly, hyperparameter optimization may be impacted by

variation between runs of the same hyperparameters. The end result of failing to account for

such variation is lower reproducibility of experimental results and decreased generalizability

of predictive performance at a specified hyperparameter choice.

Machine learning faces a reproducibility crisis [Hutson, 2018, Lipton and Steinhardt, 2018,

Sculley et al., 2018]. Reproducibility issues appear in two ways. First, the reproducibility

of experimental results themselves are crucial. In particular, Henderson et al. [2018] have

shown that oftentimes it may be impossible to reproduce presented results. Hyperparameter

optimization plays an important role in machine learning research. As part of the scientific

process we would like the hyperparameter optimization itself to be reproducible, that is to
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Figure 5.2: Illustration of the varying results obtained from hyperparameter optimization
when the prediction error is a noisy function of the hyperparameter value. Panel (a) shows
a simple example of expected prediction error as a function of the hyperparameter (solid
line). The shaded area represents two standard deviations from the mean. The function is
evaluated at hyperparameter values from 0 to 6 in steps of 0.5. The dots represent one such
evaluation. In this case the selected hyperparameter would be 2.5 since it corresponds to
the minimum observed prediction error. Panel (b) shows the distribution of selected hyper-
parameters over 10000 such evaluations. Panel (c) shows the observed prediction errors for
the selected hyperparameters. Panel (d) shows the expected prediction errors corresponding
to the selected hyperparameters.
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produce similar results every time. This is not the case when training is non-deterministic.

Figure 5.2 demonstrates this via a toy-example that shows a noisy U-shaped curve of predic-

tion error against a hyperparameter as often observed in machine learning. Different draws

from the curve result in different observed optimal hyperparameters. Figure 5.2(b) shows

the distribution of selected hyperparameters over 10000 hyperparameter searches. Ideally

this distribution would be peaked at the optimal value, here 3. Figure 5.2(c) shows the

observed prediction errors for the selected hyperparameters. Lastly, Figure 5.2(d) shows

the expected prediction errors corresponding to the selected hyperparameters. For an ideal

hyperparameter search this box plot would be flat at 10, the best obtainable value.

The second issue that arises associated to reproducibility is related to the comparison of dif-

ferent methods. Failure to reproduce improvements on baselines has been shown in a number

of domains such as sequence learning [Greff et al., 2017, Melis et al., 2017] , reinforcement

learning [Islam et al., 2017, Nagarajan et al., 2018, Henderson et al., 2018], and genera-

tive adversarial networks [Lucic et al., 2018]. It is crucial to compare two machine learning

methods at their optimal hyperparameters. However, if non-determinism is not taken into

account during hyperparameter optimization, the overall comparison between methods may

be invalid. Consider for example a comparison of machine learning algorithm A vs. machine

learning algorithm B that have equal expected prediction errors across runs at their optimal

hyperparameter setting. During a hyperparameter optimization that does not account for

variation between runs we may select hyperparameters for A and B such that their result-

ing expected prediction error across runs is significantly different. We may then declare a

difference in the two methods, despite the fact that at their optimal hyperparameters they

would have been equal.

Generalization of hyperparameter settings is often assumed in practice. This is partly at-

tributable to the fact that hyperparameter optimization is often computationally expensive.

If the computational resources for hyperparameter optimization are unavailable, it is com-
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mon to use hyperparameter settings provided in prior publications. There are two popular

variations of this: re-using hyperparameters associated with a specific algorithm and re-

using a complete model with all of its hyperparameters. As an example of re-using default

parameters of an algorithm, consider adaptive learning rate algorithms for deep learning.

Chollet et al. [2018] recommend for their widely used machine learning software Keras not

to change the default values of many of these algorithms [Keras, 2019]. It is also common

to re-use a complete model with all of its associated hyperparameters. The Stanford class

Convolutional Neural Networks for Visual Recognition [Karpathy, 2017] recommends using

the hyperparameters of the current state-of-art as baseline when solving computer vision

problems. This practice can also be seen in research by Jean et al. [2016] and Lakhani et al.

[2018] who use neural network hyperparameters from other publications for applications in

social science and medical imaging, respectively.

Failure to take non-deterministic training into account during hyperparameter optimization

may result in non-optimal hyperparameters. While this non-optimality may have small

consequences when only applied to one research study, the publication and reuse of such

hyperparameters can mean that such non-optimality may proliferate to other studies.

Hyperparameter optimization for machine learning models is a widely researched topic. In

particular, a number of methods that suggest hyperparameter settings have been proposed.

The most popular methods are Bayesian optimization [Shahriari et al., 2015], neural ar-

chitecture search [Zoph and Le, 2016], and evolutionary algorithms [Real et al., 2017]. In

Bayesian optimization, the relationship between hyperparameters and prediction error is

modelled by a Gaussian Process or a Random Forest. An acquisition function is used to

determine the next point to explore based on the model. Neural architecture search models

the relationship between hyperparameters and prediction error as a reinforcement learning

problem. Lastly, evolutionary algorithms rely on mutation operators to turn an initial hy-

perparameter setting into an optimal one over many trials. All of the above methods are
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concerned with finding the optimal hyperparameter setting. We consider the problem dis-

cussed orthogonal to the problem of hyperparameter suggestion. In fact it is straightforward

to incorporate such methodology with what we propose and the combination with different

suggestion algorithms is an interesting future extension.

Another important research direction in hyperparameter search is to increase efficiency

through early stopping of unpromising trials. Swersky et al. [2014], Golovin et al. [2017], and

Klein et al. [2016b] model the prediction error after full training given the prediction error

after training on a subset of the data using Bayesian non-parametric modeling. Krueger

et al. [2015] evaluates all candidate hyperparameter settings on increasingly larger subsets

of the data. Sequential testing is performed on whether a configuration is a top or flop

configuration. Lastly, Li et al. [2016] rank trials by their performance on a limited budget of

resources and choose a certain number of configurations from the top to continue. The focus

of all of these methods is to speed up regular hyperparameter search. None of these meth-

ods focus on quantification of uncertainty within hyperparameter settings and are therefore

again orthogonal to what is discussed here.

The current manuscript focuses on hyperparameter optimization that accounts for stochas-

ticity in model training. Our proposed approach is based on the repetition of hyperparameter

settings over multiple trials in order to obtain estimates of the expected prediction error for

a hyperparameter setting. We formalize this procedure and propose a hypothesis test to ob-

tain a set of hyperparameter settings that is not distinguishable in performance. Using the

resulting equivalence class, we further propose to use a sequential testing framework to re-

duce the number of repeated trials expended on unpromising hyperparameter configurations

while maintaining high sensitivity and specificity for detecting optimal settings.
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5.2 Methods

5.2.1 Hyperparameter Optimization

Assume a prediction problem in which the available data set is split into Dtrain, Dvalid, and

Dtest and considered fixed thereafter. Training algorithm A is used to obtain a function f

by minimizing the in-sample prediction error A(Dtrain) = f . The function f represents the

prediction model. For example, f may be a trained neural network. A typically involves op-

timization of f ’s parameters θ. Commonly A also has parameters λ called hyperparameters,

so Aλ(Dtrain) = fλ.

To choose λ one seeks to minimize the expected out of sample prediction error EPE(fλ) =

EX,Y [L(Y ; fλ(X))]:

λ∗ = arg min
λ∈Λ

EPE(fλ). (5.1)

Here, L is a loss function defining the prediction error. Since the expected prediction error

is unavailable it can be estimated with the error on the hold out validation data set Dvalid.

In addition, the hyperparameter space is approximated by a discrete set of values, Λ̃ =

{λ1, . . . , λK}, and hyperparameter optimization proceeds by minimization over Λ̃:

λ∗ ≈ arg min
λ∈Λ̃

Ψ(fλ) (5.2)

where the empirical loss is

Ψ(fλ) =
1

| Dvalid |
∑

(x,y)∈Dvalid

L(y, fλ(x)). (5.3)

As previously mentioned many methods incorporate stochasticity into A. In this case pre-
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dictions resulting from fλ will be random depending on Aλ and Dtrain. This means Ψ(fλ)

are random variables, despite a fixed Dvalid, and hence

arg min
λ∈Λ̃

Ψ(fλ) 6= arg min
λ∈Λ̃

EAλ [Ψ(fλ)] (5.4)

for a given Dtrain and Dvalid, in general. We refer to Ψ(fλ) as Ψ(λ) hereafter.

5.2.2 Hyperparameter Optimization for Non-deterministic Train-

ing

Objective and Testing Procedure

We modify the objective of the hyperparameter optimization to find the hyperparameter

setting λ∗ that minimizes the average prediction error across model training runs. In par-

ticular, we aim to identify a subset of the explored hyperparameter settings such that no

significant difference can be found in average performance for any hyperparameter config-

uration in the subset. More precisely, given hyperparameter settings Λ̃ = {λ1, . . . , λK} we

collect nλ evaluations of Aλi(Dtrain) for each λi and calculate τ̂λi = 1
nλ

∑nλ
j=1 Ψj(λi) the mean

observed validation loss for each hyperparameter setting across nλ training runs. We order

Λ̃ in increasing order by τ̂λi and test the hypotheses:

H0,k : τλ1 = . . . = τλk vs. H1 : at least one different. (5.5)

We start with k = K that is all hyperparameter settings in Λ̃. If H0,K is rejected we reduce

k and repeat the test using the testing algorithm described below. Testing is stopped once

we have found k̃, the largest k such that we fail to reject H0,k. The subset {λ1, . . . , λk̃}

represents an equivalence class of hyperparameter settings that cannot be distinguished in

their average performance. To choose an estimate of λ∗ from {λ1, . . . , λk̃} one can either
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Figure 5.3: Binary tree illustrating the procedure of finding k̃, the maximum k for which
the null hypothesis in Equation 5.5 is not rejected. Each node in the tree represents a test
of this null hypothesis. The array represents the hyperparameter settings ordered by mean
prediction error and the red fill the test point k. Therefore, if the fourth square is red this
indicates that k = 4. The dark grey fill indicates the remaining possible values for k̃.

pick the best observed setting or sample one setting at random. We next describe how to

find k̃. Since Λ̃ is sorted this can be done efficiently via a binary search.

Hierarchical Testing Algorithm

The algorithm to find k̃ is shown in Algorithm 1 and illustrated in Figure 5.3 for K = 8. Let

l be the lowest possible value for k̃, u the highest possible value, and k the current test value

in H0,k. The procedure starts with l = 1, u = K, and k = K and the first test is of H0,K .

The target value k̃ is defined as the largest possible value for which H0,K is not rejected. For

this reason, when H0,k is rejected, the largest possible value for k̃ must be u = k− 1. If H0,k

is not rejected we do not learn anything about u. However, if H0,k is not rejected this means

that the lowest possible value for k̃ must be l = k causing us to explore values to the right

of k. This defines the recursive pattern needed to find k̃. The maximum number of tests is

dlog2Ke+ 1.
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Algorithm 1 Hierarchical ANOVA

input List of lists Ψ, type I error level α
l← 1; u← length(Ψ); k ← u
while l < u do

p-value ← ANOVA(Ψ[1:k])
reject ← p-value < α
if reject then
u← k − 1

else
l← k

end if
k ← d l+u

2
e

end while
output l

Test for Equal Means

In order to test the hypotheses in Equation 5.5, consider an ANOVA F statistic of the form:

Fk =
nλ
k−1

∑k
i=1[τ̂λi − ˆ̂τ ]2

1
k(nλ−1)

∑k
i=1

∑nλ
j=1[Ψj(λi)− τ̂λi ]2

. (5.6)

Here ˆ̂τ = 1
k

∑k
i=1 τ̂λi is the overall sample mean of validation losses. Assuming normality in

Ψj(λi), independence between observations, and equal variances within each λi, Fk follows an

F distribution with parameters k−1 and k(nλ−1) under the null hypothesis of equal means.

Thus a p-value for the test statistic Fk can be obtained by comparing it to F (k−1, k(nλ−1)).

Closed Testing

The hierarchical nature of the above testing algorithm results in a closed testing procedure

[Marcus et al., 1976, Banken et al.] so that the type I error level α for each test is simply

that of the overall procedure.
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To illustrate this, we first consider the scenario in which we were to find k̃ by iteratively

testing H0,k for k = K,K−1, . . . , 1 until we do not reject H0,k. The closed testing procedure

states we can reject hypothesis H0,k at level α if we reject at level α all hypotheses that

intersect with H0,k. For the purpose of illustration we use the notation that (1, . . . , k)

represents H0,k : τλ1 = . . . = τλk . Then consider the example of K = 4. To reject the

hypothesis (1, 2, 3, 4) we only need to reject (1, 2, 3, 4). To reject (1, 2, 3), we need to reject

(1, 2, 3, 4) and (1, 2, 3). To reject (1, 2) we need to reject all of its intersections, that is,

(1, 2), (1, 2, 3), (1, 2, 3, 4), (1, 2, 4), as well as (1, 2), (3, 4). In our case the rejection of (1, 2, 3)

implies the rejection of (1, 2, 4) due to the fact that we order by the observed means. In

addition, (1, 2), (3, 4) gets rejected since (1, 2) is rejected. We now generalize this to any k

and K.

Proposition 1. Given K ordered means and a test of the hypothesis H0,k : τλ1 = . . . = τλk ,

H0,k can be rejected at α if the hypotheses H0,k to H0,K are all rejected.

Proof: We first consider the case where k = K. The set of elementary hypotheses is

{(1, 2), (1, 2, 3), . . . , (1, . . . , k)}. Therefore, the only elementary hypothesis that (1, . . . , k)

intersects with is itself. Thus, testing H0,k is sufficient to reject H0,k.

For the second case, we assume that (1, . . . , k+1) can be rejected. Then (1, . . . , k) can be re-

jected if (1, . . . , k) gets rejected. This is because the collection of hypotheses that (1, . . . , k)

intersects with Ik consists of (1, . . . , k) ∪ Ik+1. Having rejected all intersections of H0,k+1

(by assumption), rejecting the single hypothesis (1, . . . , k) implies that we have rejected all

intersections with H0,k. Using the closed testing principle we can therefore reject (1, . . . , k).

By induction this result generalizes to all k and K.

In the hierarchical testing algorithm described in Section 5.2.2 we may not test all hypotheses

between k and K. For example, we may start by testing (1, 2, 3, 4). Upon rejection of that

hypothesis we continue by testing (1, 2). We now illustrate why under mild assumptions we
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are able to reject (1, 2) at α after only rejecting (1, 2, 3, 4) and (1, 2) (and skipping (1, 2, 3)).

We assume that τ̂λ1 − τ̂λ2 = δ̂ and τ̂λ2 − τ̂λ3 = δ̂/m. Given

F2 =
nλ

2−1

∑2
i=1[τ̂λi −

τ̂λ1+τ̂λ2
2

]2

1
2(nλ−1)

∑2
i=1

∑nλ
j=1[Ψj(λi)− τ̂λi ]2

(5.7)

we assume that
∑nλ

j=1[Ψj(λ1) − τ̂λ1 ]
2 ≈

∑nλ
j=1[Ψj(λ2) − τ̂λ2 ]

2 = SS. We thus obtain an

expression for δ̂ as

δ̂ = 2
qF (1−α,1,2(nλ−1))SS

nλ(nλ − 1)
. (5.8)

Similarly, given

F3 =
nλ

3−1

∑3
i=1[τ̂λi −

τ̂λ1+τ̂λ2+τ̂λ3
3

]2

1
3(nλ−1)

∑3
i=1

∑nλ
j=1[Ψj(λi)− τ̂λi ]2

. (5.9)

and assuming
∑nλ

j=1[Ψj(λ3)− τ̂λ3 ]2 ≈ SS as well as using τ̂λ2 − τ̂λ3 = δ̂/m we can obtain an

expression for F3 as

F3 =
1

9

(
6 +

6

m
+

6

m2

)
qF (1−α,1,2(nλ−1)). (5.10)

By comparing F3 to qF (1−α,2,3(nλ−1)) we can evaluate whether H0,3 would be rejected or not.

Table 5.1 evaluates this for different values of nλ and m and a fixed α = 0.05. Here ”T”

indicates rejection of H0,3 and ”F” indicates the test would not have been rejected. The

table shows that for nλ = 3, τ̂λ2 and τ̂λ3 can almost be equal and H0,3 would still be rejected.

For nλ = 10 there needs to be a difference of at least δ̂/9 between τ̂λ2 and τ̂λ3 to reject H0,3

given the rejection of H0,2. We note that given α = 0.01 all fields in the table evaluate as

”T”.

While omitting a formal proof, it is easy to see that this result extends to the general case

where rejection of the hypotheses H0,k and H0,2k implies the rejection of the hypotheses
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Table 5.1: Table showing whether H0,3 would be rejected given the rejection of H0,2, τ̂λ1 −
τ̂λ2 = δ̂, τ̂λ2 − τ̂λ3 = δ̂/m, and α = 0.05. ”T” indicates rejection of H0,3 and ”F” indicates
that the test would not be rejected.

nλ \m 1 2 3 4 5 6 7 8 9 10 100 1000 10000

3 T T T T T T T T T T T T F
5 T T T T T T T T T T F F F
10 T T T T T T T T F F F F F

H0,k+1, . . . , H0,2k−1. Therefore, by Proposition 1 the testing procedure described in Sec-

tion 5.2.2 is a closed testing procedure under mild assumptions on the observed effect sizes.

Sequential Testing

We propose to use group sequential testing [Jennison and Turnbull, 1999] in order to address

efficiency issues when sampling multiple trials for each hyperparameter setting. Instead of

conducting the testing procedure in Section 5.2.2 once, it is done multiple times at different

fractions of the total sample size.

Previously, we discussed the FWER for a single hierarchical test. Now we embed this

procedure in a sequential testing framework. The new type I error rate corresponding to

the t-th hierarchical test is αt. We begin by specifying the total number of analyses to be

performed, T , and the samples sizes available at each analysis: n1
λ, . . . , n

T
λ .

The testing procedure starts with Λ̃1 = {λ1, . . . , λK} where n1
λ samples are collected for

all λi. Λ̃1 is sorted by the mean validation loss and the hierarchical testing produces k̃1

at FWER α1. For the second analysis Λ̃2 = {λ1, . . . , λk̃1}. We collect n2
λ − n1

λ additional

samples for all λi ∈ Λ̃2 and sort by the observed mean validation loss. Hierarchical testing

produces k̃2 at FWER α2. This process is repeated until we obtain k̃T and the corresponding

Λ̃T = {λ1, . . . , λk̃T }.
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In order to avoid inflation of the family-wise error rate due to repeatedly testing accruing

data, sequential testing theory based upon the results of [Armitage et al., 1969] offers adjusted

FWERs αt for each round of tests.

Sequential Testing Boundaries

We consider one-sided sequential testing boundaries with early stopping only in the case of

rejection of the null hypothesis. The hierarchical test at the tth analysis is then based on

the observations available at that time. In order to apply this methodology to the proposed

hierarchical test we obtain the critical value for the hypothesis test at each interim analysis

by numerically integrating the group sequential density [Armitage et al., 1969] in order

to maintain the overall FWER. These critical values form the stopping boundaries for the

sequential testing procedure. As noted in Emerson et al. [2007], an infinite number of possible

boundaries can be formed to maintain the FWER, each displaying varying amounts of early

conservatism for rejecting the null hypothesis, though all are defined as a function of the

fraction of maximal statistical information to be obtained at the final planned analysis. Here

we utilize the unified family of group sequential stopping boundary [Kittelson and Emerson,

1999]. Let Πt be the accumulated information at analysis t which is nt/nT . The unified

family can be expressed as:

g(Π;A,P,R,G) = (A+ Π−P (1− Π)RG). (5.11)

Here, A, P , andR are used to design the shape of the boundary. The parameterG is found via

computational search to satisfy desired operating characteristics such as the type I error (cf.

Emerson et al. [2007]). This formulation of a sequential testing boundary is expressed on the

scale of the maximum likelihood estimator. For our purposes, we can translate the boundary

to the Z-scale under mean zero and unit variance by multiplying by
√
nt. The type I error
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level for the tth hierarchical test is then given by 1−Φ(
√
ntg(Πt;A,P,R,G)) where Φ is the

cumulative density function of the standard Normal distribution. Popular sequential testing

designs such as the boundary introduced by Pocock [1977] and the boundary introduced

by O’Brien and Fleming [1979] are given by the settings A = 0, P = 0.5, and R = 0 and

A = 0, P = 1, and R = 0, respectively. It is worth noting that the Pocock design is constant

on the Z-scale. With three total analyses equally spaced in information time, the resulting

critical value of a one-sided test is approximately 1.99. This will be utilized in the examples

provided in Section 3.

Hyperparameter Search Algorithm

If training is stochastic, a hyperparameter search using K hyperparameter settings from the

space Λ can be augmented to use the proposed methodology. Testing with overall type I error

level α can be conducted at partial sample sizes nλ to eliminate unpromising hyperparameter

settings as early as possible. Hyperparameter settings can be suggested as desired since no

assumptions have been made about the hyperparameter settings Λ̃. Examples of possible

algorithms are random search, grid search, or Bayesian optimization.

Algorithm 2 provides pseudo-code for an implementation of the proposed procedure. The

sequential testing design is specified by the parameter P . For the pseudo-code in Algo-

rithm 2 the function sequential boundary implements the unified family of sequential

testing designs described in Section 5.2.2 and allows for a flexible choice of stopping bound-

aries. As mentioned, the implementation can be used with any algorithm that suggests

hyperparameter settings which is represented by the function generate hp. In this case

generate hp takes arguments Λ̃[1 : k], Ψ[:, 1 : k], and Λ indicating that it can depend on

the hyperparameter configurations explored so far, their objective values, and the hyperpa-

rameter space, respectively. In Algorithm 2 the function train and eval represents the

training and evaluation of the machine learning algorithm and returns the validation loss.
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Finally, hierarchical test implements the hierarchical testing procedure described in

Section 5.2.2. The procedure returns the set of equivalent hyperparameters as described in

Section 5.2.2.

Algorithm 2 Sequential Hierarchical Test

input Number of hyperparameter settings K, array of cumulative sample size at each in-
terim analysis nλ, hyperparameter space Λ, overall type I error level α, sequential testing
boundary parameter P
α∗ ← sequential boundary(α, nλ, P)
T ←length(nλ)
Ψ← nans((K, nλ[T]))
k̃ ← K
Λ̃←list()
for t = 1 to T do
count←nλ[t− 1] if t > 1 else 0
for k = 1 to k̃ do

if t == 1 then
Λ̃[k] = generate hp(Λ̃[1 : k], Ψ[:, 1 : k], Λ)

end if
for j =count to nλ[t] do

Ψ[j,k]←train and eval(Λ̃[k])
end for

end for
τ ←colmeans(Ψ[:,1:k̃], na.rm=True)
idxs ← argsort(τ)
τ ← τ[idxs]
Λ̃← Λ̃[idxs]
Ψ← Ψ[:, idxs]
k̃ ← hierarchical test(Ψ, τ, α∗[t])

end for
output Λ̃[1:k̃]
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5.3 Results

5.3.1 Type I Error Simulation

We verify via simulation the bound on the theoretical type I error for the hierarchical testing

method introduced in Section 5.2.2 and the same procedure embedded in the sequential

testing framework described in Section 5.2.2. For the simulation we let K = 100 and

Ψj(λk) ∼ N(0, 1) for k = 1, . . . , K and j = 1, . . . , nλ. In the case of the fixed sample

hierarchical test we let nλ = 10. For the hierarchical test embedded in the sequential testing

procedure we let nλ = (3, 6, 9). The type I error level is set to α = 0.05 and each simulation

is repeated 1000 times. The observed rate of type I errors for the fixed sample hierarchical

test is 4.4% in the simulation. For the sequential hierarchical test the observed type I error

level is 5.7%.

5.3.2 Motivating Example

We revisit the motivating example introduced in Figure 5.2. This example had shown that for

a simple noisy function from hyperparameter to prediction error a regular hyperparameter

optimization would have a high variance in outcomes as opposed to just the one optimal

value. The curve shown in Figure 5.2a is simulated as Y = (X − 3)2 + 10 + ε where

ε ∼ N(0, σ2). We let σ2 = 4. In this case X represents the hyperparameter and Y represents

the obtained prediction error. The expected prediction error for a specific hyperparameter

across multiple runs is given by E(Y |X) = (X − 3)2 + 10. We simulate hyperparameter

searches in this scenario by evaluating X on a grid of {0, 1, 2, 3, 4, 5, 6} which includes the

optimal value 3. The hyperparameter search simulation is repeated 10000 times to obtain

results. Figure 5.4 shows the selected hyperparameter from a hyperparameter search with

nλ = 1 against the proposed method with nλ = (3, 6, 9). Here nλ = (3, 6, 9) means that we

88



0

1000

2000

3000

4000

1 2 3 4 5
Selected Hyperparameter

C
ou

nt

Method

1

3,6,9

Distribution of Selected Hyperparameters

Figure 5.4: Bar chart showing counts out of 10000 runs that each hyperparameter value is
selected by methods with one trial per hyperparameter setting (nλ = 1) and the proposed
procedure with intermediate sample sizes of nλ = (3, 6, 9). The proposed method selects the
optimal value of 3 in a larger proportion of cases than the method with nλ = 1. In addition
to that, the overall distribution is more peaked around the optimal value (variance of 0.21
vs 0.57).

first make three draws for all values of X, then reduce the set of candidate X values according

to the test in Section 5.2.2 and draw another three evaluations, and then repeat this process

once more. It can be seen that the bar-chart for nλ = (3, 6, 9) is more peaked around the

optimal value of X = 3 as compared to the bar-chart for nλ = 1. This means that the

optimal value gets selected in a larger proportion of hyperparameter searches. In particular,

the mean and variance of selected hyperparameters for nλ = 1 are given by 2.97 and 0.53,

respectively. For nλ = (3, 6, 9) the corresponding mean and variance are 2.99 and 0.21,

respectively, a 60% decrease in variation. Figure 5.5 shows the expected prediction errors

E(Y |X) corresponding to the selected hyperparameters in Figure 5.4. It can be seen that the

distribution for the regular method with nλ = 1 is much wider (mean=10.53, variance=0.44)

as compared to that for nλ = (3, 6, 9) (mean=10.21, variance=0.069).
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Figure 5.5: The figure shows a box plot that corresponds to the expected prediction error
across multiple runs given selected hyperparameter values from Figure 5.4. Using an ora-
cle the value of the expected prediction error would be 10 with zero variance. As shown
by their corresponding boxes, the proposed method (nλ = (3, 6, 9)) is closer to the opti-
mum (mean=10.21, variance=0.075) when compared to the traditional method of nλ = 1
(mean=10.57, variance=0.55).
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5.3.3 Evaluation Procedure

We consider experiments with nλ = 1, nλ = 5, nλ = 10, or nλ = (3, 6, 9) runs per hyper-

parameter setting. In the case of nλ = 1, k̃ = 1 meaning the hyperparameter setting with

minimum validation error is returned as is currently standard practice. The cases of nλ = 5

or 10 use the hierarchical test from Section 5.2.2 with a fixed sample size. The sequential

testing case with nλ = (3, 6, 9) uses the sequential testing procedure from Section 5.2.2 indi-

cating that interim analyses are conducted after 3, 6, and 9 runs per hyperparameter setting.

Experiments use a Pocock boundary (P = 0.5) unless otherwise indicated. The following

quantities are estimated for each nλ:

1. P̂r(k∗ ∈ [1, k̃]), the empirical probability that the hyperparameter search returns the on

average optimal setting among the explored hyperparameter settings, where k∗ refers

to the index of the optimal setting λ∗ ∈ Λ̃.

2. Mean(k̃), the number of hyperparameter settings returned on average by the procedure.

Lower is better in this case.

3. P̂r(k ∈ [k̃ + 1, K]|k 6= k∗), the power to reject non-optimal hyperparameter settings.

4. Average number of evaluations of A across the entire hyperparameter optimization.

5.3.4 Evaluation Data Sets and Experimental Setup

The above quantities are estimated via simulation on precomputed results. Specifically,

hyperparameter optimization is run with 600 to 1000 randomly sampled hyperparameter

configurations each repeated across 25 runs. For one simulation, a subset of K hyperpa-

rameter configurations is sampled from these data. A Monte Carlo estimate of the optimal

hyperparameter setting λ∗ is obtained. Then the proposed method is run, sampling nλ trials
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Table 5.2: Hyperparameter space Λ for MNIST CNN benchmark.

Hyperparameter Type Range Scale
Learning Rate Float [0.001, 0.1] Log
Learning Rate Decay Float [1e-4, 1e-9] Log
Dropout Lower Layer Float [0.0001, 0.7] Linear
Dropout Higher Layer Float [0.0001, 0.7] Linear

Figure 5.6: Distribution of validation loss across 25 runs for a sample of 10 hyperparameter
settings in the MNIST CNN experiment.

from the given 25 trials for each of the K hyperparameter configurations in the subset and

obtaining the k̃ best configurations. Then a new subset of size K is sampled and the process

repeats. The quantities in Section 5.3.3 are estimated via 1000 independent simulations of

this type.

All hyperparameter optimizations are run using the software Sherpa developed by Hertel

et al. [2018] and its random search algorithm. The proposed sequential testing method

is implemented in R [Team et al., 2013] using Jupyter Notebooks [Kluyver et al., 2016].

The MNIST convolutional neural network and the IMDB LSTM are implemented in Keras

and loosely based on the respective examples provided by Keras https://github.com/

keras-team/keras/blob/master/examples/mnist_cnn.py and https://github.

com/keras-team/keras/blob/master/examples/imdb_lstm.py). The gradient

boosting regressor is implemented in Scikit-Learn developed by Pedregosa et al. [2011].
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Table 5.3: Results for the MNIST Convolutional Neural Network hyperparameter optimiza-
tion across 1000 independent simulations for each value of K.

nλ 1 5 10 3,6,9
K = 50

P̂r(k∗ ∈ [1, k̃]) 0.6 1 1 1

Mean(k̃) 1 3.1 2.1 2.5

P̂r(k ∈ [k̃ + 1, K]|k 6= k∗) 0.99 0.96 0.98 0.97
Avg Evaluations 50 250 500 180

K = 100

P̂r(k∗ ∈ [1, k̃]) 0.48 1 1 1

Mean(k̃) 1 4.4 3 3.4

P̂r(k ∈ [k̃ + 1, K]|k 6= k∗) 0.99 0.97 0.98 0.98
Avg Evaluations 100 500 1000 340

K = 150

P̂r(k∗ ∈ [1, k̃]) 0.43 1 1 1

Mean(k̃) 1 5.7 3.7 4.3

P̂r(k ∈ [k̃ + 1, K]|k 6= k∗) 1 0.97 0.98 0.98
Avg Evaluations 150 750 1500 500

5.3.5 MNIST Convolutional Neural Network

A convolutional neural network is trained on the MNIST data set to classify handwritten

digits. The hyperparameter space and ranges are shown in Table 5.2. Results for the

metrics described in Section 5.3.3 are shown in Table 5.3. For the nλ = 1 case, the optimal

hyperparameter setting is returned approximately 60% of the time (P̂r(k∗ ∈ [1, k̃]) forK = 50

candidate hyperparameter settings). For nλ = 10 this increases to approximately 100% of the

time, however at a 10-fold increase in computation. Using sequential testing with incremental

sample sizes of nλ = (3, 6, 9) the optimal hyperparameter setting is still found approximately

100% of the time while computation increases approximately 3.6 times. At the same time

the average number of returned hyperparameter settings Mean(k̃) is not too large at 2.5.

Similar results can be observed for the K = 100 and K = 150 cases.

93



Table 5.4: Hyperparameter space Λ for IMDB LSTM benchmark.

Hyperparameter Type Range Scale
Learning Rate Float [5e-4, 5e-3] Log
Learning Rate Decay Float [1e-5, 1e-10] Log
RMSprop ρ Float [0.5, 0.99] Linear
Batch Size Int [10, 150] Log
Embedding L2-penalty Float [1e-12, 1e-6] Log
Kernel L2-penalty Float [1e-8, 1e-0] Log
Recurrent L2-penalty Float [1e-8, 1e-0] Log
Embedding Dropout Float [0.0001, 0.5] Linear
LSTM Dropout Float [0.0001, 0.5] Linear
Embedding Features Int [15000, 40000] Linear
Hidden Dimension Int [100, 500] Log

Figure 5.7: Distribution of validation loss across 25 runs for a sample of 10 hyperparameter
settings in the IMDB LSTM experiment.

5.3.6 IMDB Movie Review LSTM

A long-short term memory recurrent neural network (LSTM) is trained to classify IMDB

movie reviews with respect to positive/negative sentiment. The objective is the classification

error. Hyperparameter ranges and model architecture are described in Table 5.4. The

training data set consists of 25,124 examples; hyperparameter evaluation is done on a 12,376

sample validation set; the test set with 12,500 examples is reserved. Table 5.5 shows results of

the proposed procedure compared to standard practices for K = 50, K = 100, and K = 150

hyperparameter settings.

94



Table 5.5: Results for the IMDB LSTM hyperparameter optimization across 1000 indepen-
dent simulations for each value of K.

nλ 1 5 10 3,6,9
K = 50

P̂r(k∗ ∈ [1, k̃]) 0.61 1 1 1

Mean(k̃) 1 3.5 2.3 2.5

P̂r(k ∈ [k̃ + 1, K]|k 6= k∗) 0.99 0.95 0.97 0.97
Avg Evaluations 50 250 500 180

K = 100

P̂r(k∗ ∈ [1, k̃]) 0.51 1 1 0.99

Mean(k̃) 1 5 3.2 3.5

P̂r(k ∈ [k̃ + 1, K]|k 6= k∗) 1 0.96 0.98 0.98
Avg Evaluations 100 500 1000 340

K = 150

P̂r(k∗ ∈ [1, k̃]) 0.49 0.99 1 0.99

Mean(k̃) 1 6.1 3.8 4.2

P̂r(k ∈ [k̃ + 1, K]|k 6= k∗) 1 0.97 0.98 0.98
Avg Evaluations 150 750 1500 500

Similar to the results shown in Section 5.3.5 it can be seen that the optimal hyperparameter

setting is only found 61%, 51%, and 49% of the time when nλ = 1 and K = 50, K = 100, and

K = 150 hyperparameter settings, respectively. This proportion increases to near 100% when

any of the methods with repeated trials is used. Among those methods, nλ = (3, 6, 9) achieves

the best trade-off between P̂r(k∗ ∈ [1, k̃]) and the average number of total evaluations, that

is the computational cost.

5.3.7 Boston Housing Gradient Boosting Regressor

A gradient boosting regressor (GBR) is trained on the Boston Housing data set. Estimated

are median housing prices for different locations. Predictors are 13 attributes of houses

in different locations around the Boston suburbs in the late 1970s. The data set is split
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Table 5.6: Hyperparameter space Λ for Boston Housing GBR benchmark.

Hyperparameter Type Range Scale
Learning Rate Float [0.05, 0.15] Linear
Number of Estimators Int [100, 400] Linear
Max-depth Int [2, 10] Linear
Subsample Float [0.5, 1.0] Linear
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Figure 5.8: Distribution of validation loss across 25 runs for a sample of 10 hyperparameter
settings in the Boston Housing GBR benchmark.

into a 303 example training set, 101 examples for validation, and 102 examples for testing.

Tuning parameters include the learning rate, number of estimators, maximum depth, and

subsampling proportion and are shown in Table 5.6. Figure 5.8 shows the validation loss

distributions for a sample of 10 hyperparameter settings. It can be seen that there is a large

amount of overlap between hyperparameter settings.

Table 5.7 shows previously introduced metrics evaluated across 1000 simulations with K =

50, 100, 150. As expected from the overlapping validation loss distributions shown in Fig-

ure 5.8 the ability to find the overall optimal hyperparameter setting is smaller as shown by
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Table 5.7: Results for the Boston Housing gradient boosted regression tree hyperparameter
optimization across 1000 independent simulations for each value of K.

nλ 1 5 10 3,6,9
K = 50

P̂r(k∗ ∈ [1, k̃]) 0.16 1 1 1

Mean(k̃) 1 17 12 13

P̂r(k ∈ [k̃ + 1, K]|k 6= k∗) 0.98 0.67 0.78 0.75
Avg Evaluations 50 250 500 280

K = 100

P̂r(k∗ ∈ [1, k̃]) 0.071 1 1 1

Mean(k̃) 1 32 23 24

P̂r(k ∈ [k̃ + 1, K]|k 6= k∗) 0.99 0.69 0.78 0.76
Avg Evaluations 100 500 1000 530

K = 150

P̂r(k∗ ∈ [1, k̃]) 0.07 1 1 1

Mean(k̃) 1 46 33 35

P̂r(k ∈ [k̃ + 1, K]|k 6= k∗) 0.99 0.7 0.78 0.77
Avg Evaluations 150 750 1500 770

P̂r(k∗ ∈ [1, k̃]) than in the previous examples. We discuss the case of K = 50. For nλ = 1

only 16% of runs return the on average optimal hyperparameter setting out of the explored

settings. The sequential testing procedure with nλ = (3, 6, 9) returns the optimal hyper-

parameter setting in 100% of the simulations. However, the average number of returned

hyperparameter settings is 13. Furthermore, fewer hyperparameter settings are eliminated

at n1
λ = 3 as indicated by the average number of evaluations.

5.3.8 Distribution of Hyperparameter Optimization Outcomes

Reproducible hyperparameter optimization should result in low average prediction error

across model training runs and low variability across hyperparameter optimization runs. Let

λ̂∗ be an estimate of the optimal hyperparameter setting λ∗ ∈ Λ. The estimated optimal

97



hyperparameter setting is then associated with τλ̂∗ = EAλ [Ψ(λ̂∗)] the expectation across

model training runs and for our purposes the outcome of the hyperparameter optimization.

There are two ways of obtaining an optimal hyperparameter setting from the suggested

method. One way is to pick the setting with the overall best observed average validation

loss. The other way is to sample one configuration from the equivalence class returned by

the method. In this section we consider the empirical distribution of τλ̂∗ = EAλ [Ψ(λ̂∗)],

the expected validation loss of the hyperparameter setting λ̂∗ across different runs of the

hyperparameter search via box-plots. We also provide summaries using the estimated mean

Ê{τλ̂∗} and variance V̂ar{τλ̂∗}.

Figure 5.9 shows empirical distributions of the expected prediction error τλ̂∗ across hyperpa-

rameter optimization runs. The method ”1” corresponds to the standard method with one

evaluation per hyperparameter setting. The method ”3,6,9” corresponds to the proposed

sequential testing procedure. The methods ”3,6,9” and ”3,6,9-s” correspond to picking the

best observed and sampling from the equivalence class, respectively. We obtain Monte Carlo

approximations of the expected prediction error across model training runs as the average

across 25 evaluations. The figure rows correspond to the three experiments introduced previ-

ously. For each experiment prediction errors are shown on the validation data set and the test

data set which is not used during the hyperparameter optimization. The methods ”3,6,9”

and ”3,6,9-s” use K = 150 explored hyperparameter settings. To make the comparison fair,

we choose K for the standard method nλ = 1 so that its computational cost approximately

matches that of the nλ = (3, 6, 9) method. That means that for nλ = 1, K = 496 for the

MNIST CNN experiment, K = 501 for the IMDB LSTM experiment, and K = 775 for the

Boston GBR experiment. The results in Figure 5.9 indicate a number of trends. First the

median values for the ”3,6,9” method are equal to or lower than for the nλ = 1 method in all

plots. In the Boston GBR experiment the nλ = (3, 6, 9) method obtains a much lower median

expected prediction error. We believe that this may be due to the large amount of variation

within hyperparameter settings for this experiment. The ”3,6,9-s” method indicates a higher
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Figure 5.9: Boxplots showing distributions of the expected prediction error τλ̂∗ yielded by the
hyperparameter search using methods with nλ = 1 and nλ = (3, 6, 9) and K = 150 candidate
settings. Here, ”3,6,9” corresponds to choosing the best observed hyperparameter setting
from the returned equivalence class while ”3,6,9-s” corresponds to randomly sampling one
from the equivalence class.
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median for most of the plots. The spread given by the interquartile range of the box-plots

is smaller or equal in all cases for the nλ = (3, 6, 9) method when compared to the nλ = 1

method with the exception of Figure 5.9d (IMDB test data set). The nλ = (3, 6, 9) method

with sampling indicates a spread equal to or larger than the nλ = 1 method in all plots.

100



Table 5.8: Means (variances) of τλ̂∗ across hyperparameter optimization runs.

nλ = 1 nλ = (3, 6, 9)

λ best λ sampled

MNIST

K = 177 K = 50

Valid 3.262e-02(7.981e-07) 3.311e-02(1.435e-06) 3.352e-02(2.114e-06)

Test 2.701e-02(6.170e-07) 2.728e-02(8.676e-07) 2.755e-02(1.217e-06)

K = 338 K = 100

Valid 3.245e-02(6.425e-07) 3.243e-02(5.951e-07) 3.298e-02(1.134e-06)

Test 2.690e-02(5.665e-07) 2.686e-02(4.888e-07) 2.720e-02(7.096e-07)

K = 496 K = 150

Valid 3.227e-02(4.899e-07) 3.217e-02(3.643e-07) 3.281e-02(8.175e-07)

Test 2.682e-02(5.481e-07) 2.667e-02(4.179e-07) 2.707e-02(5.712e-07)

IMDB

K = 178 K = 50

Valid 1.451e-01(2.189e-06) 1.456e-01(2.250e-06) 1.461e-01(3.075e-06)

Test 1.402e-01(3.064e-06) 1.404e-01(3.599e-06) 1.410e-01(5.494e-06)

K = 340 K = 100

Valid 1.448e-01(1.539e-06) 1.449e-01(1.548e-06) 1.456e-01(2.663e-06)

Test 1.401e-01(1.920e-06) 1.399e-01(2.371e-06) 1.405e-01(3.951e-06)

K = 501 K = 150

Valid 1.445e-01(1.298e-06) 1.444e-01(1.105e-06) 1.452e-01(2.226e-06)

Test 1.399e-01(1.793e-06) 1.396e-01(1.851e-06) 1.402e-01(3.392e-06)

Boston

K = 278 K = 50

Valid 1.111e+01(3.266e-01) 1.066e+01(3.886e-02) 1.115e+01(1.898e-01)

Test 1.052e+01(9.672e-02) 1.044e+01(3.261e-02) 1.040e+01(1.205e-01)

K = 528 K = 100

Valid 1.107e+01(2.840e-01) 1.058e+01(3.004e-02) 1.107e+01(1.364e-01)

Test 1.056e+01(8.644e-02) 1.042e+01(3.051e-02) 1.041e+01(1.134e-01)

K = 775 K = 150

Valid 1.109e+01(2.880e-01) 1.056e+01(2.934e-02) 1.106e+01(1.359e-01)

Test 1.059e+01(9.065e-02) 1.041e+01(3.040e-02) 1.042e+01(1.063e-01)

Table 5.8 shows means and variances corresponding to the distributions in Figure 5.9. The

first column indicates results for the standard random search with nλ = 1 trial per hyperpa-

rameter setting. The second column shows results for the proposed method with intermediate
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sample sizes of nλ = (3, 6, 9) and choosing the best observed hyperparameter setting λ from

the resulting equivalence class. The last column shows results for nλ = (3, 6, 9), but randomly

sampling one hyperparameter setting from the equivalence class. The means and variances

for K = 150 support the findings from the box-plots in Figure 5.9. For smaller values of

K the observed variances of the proposed method increase (middle column) as compared to

the standard method (left column). We believe that this may be due to the variation in the

sampling of hyperparameter settings from the random search. This variation is expected to

be more pronounced if less samples are taken (smaller values of K). We expect that model

based sampling of hyperparameter settings such as in Bayesian optimization would alleviate

this issue.

5.3.9 Sequential Testing Boundaries

Sequential testing offers an infinite choice of boundary functions when a unified family ap-

proach is considered as explained in Section 5.2.2. We consider varying the parameter P in

the unified family. This parameter can be viewed as a measure of conservativeness at the

first analysis. Lower values therefore correspond to tighter boundaries and higher rejection

rates at the initial analysis. Table 5.9 shows previously introduced results for K = 150 using

sequential testing boundaries corresponding to P = 0.25, 0.5, 0.75, and 1.. Considering the

rate at which the optimal hyperparameter is returned P̂r(k∗ ∈ [1, k̃]) all values of P achieve

a rate close to unity for all experiments. However, when the average number of returned

configurations Mean(k̃) is considered it can be seen that larger values of P reduce this value.

This is expected since the testing procedure has higher power at later analyses. As expected,

the average number of evaluations increases for that reason when P is bigger. Finally, we

would expect the mean and variance between successive runs of the hyperparameter opti-

mization E{τλ̂∗} and Var{τλ̂∗} to be lower for larger values of P . Table 5.9 does not clearly

support this expectation. An explanation for this is that the optimal hyperparameter setting
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Table 5.9: Results for 1000 simulations using different sequential testing boundaries param-
eterized by P for K = 150 candidate settings.

P 0.25 0.5 0.75 1.
MNIST

P̂r(k∗ ∈ [1, k̃]) 0.997 1 1 1

Mean(k̃) 4.56 4.301 3.987 3.99

P̂r(k ∈ [k̃ + 1,K]|k 6= k∗) 0.976 0.978 0.98 0.98
Avg Evaluations 493.689 496.512 500.787 510.423

Ê{τλ̂∗}(V̂ar{τλ̂∗}) 0.032(3.594e-07) 0.032(3.778e-07) 0.032(3.811e-07) 0.032(3.550e-07)

Ê{τT
λ̂∗}(V̂ar{τT

λ̂∗}) 0.027(4.259e-07) 0.027(4.301e-07) 0.027(4.232e-07) 0.027(4.171e-07)

IMDB

P̂r(k∗ ∈ [1, k̃]) 0.992 0.99 0.994 0.993

Mean(k̃) 4.804 4.327 4.062 3.948

P̂r(k ∈ [k̃ + 1,K]|k 6= k∗) 0.974 0.978 0.979 0.98
Avg Evaluations 499.194 501.741 506.433 515.751

Ê{τλ̂∗}(V̂ar{τλ̂∗}) 0.144(1.064e-06) 0.144(1.051e-06) 0.144(1.062e-06) 0.144(1.108e-06)

Ê{τT
λ̂∗}(V̂ar{τT

λ̂∗}) 0.14(1.838e-06) 0.14(1.830e-06) 0.14(1.872e-06) 0.14(1.902e-06)

Boston

P̂r(k∗ ∈ [1, k̃]) 0.999 1 1 1

Mean(k̃) 36.753 34.988 34.52 33.962

P̂r(k ∈ [k̃ + 1,K]|k 6= k∗) 0.76 0.772 0.775 0.779
Avg Evaluations 769.68 773.91 785.595 803.709

Ê{τλ̂∗}(V̂ar{τλ̂∗}) 10.57(2.865e-02) 10.559(2.699e-02) 10.574(2.981e-02) 10.562(2.894e-02)

Ê{τT
λ̂∗}(V̂ar{τT

λ̂∗}) 10.412(2.866e-02) 10.411(2.819e-02) 10.419(2.947e-02) 10.417(2.627e-02)

is returned in almost 100% of cases for each value of P . For this reason the value of P has

little effect on the mean and variation between hyperparameter optimization runs.

5.3.10 Normality Assumption

We now revisit the Normality-assumption made in Section 5.2.2. In particular, the procedure

assumes normality in the residuals. In other words, it is assumed that the distribution of

validation losses within each hyperparameter is normally distributed over runs. In practice,

the ANOVA procedure is robust to slight violations to this assumption. Intuitively we

do in fact expect stochasticity in model training to give rise to symmetric distributions
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that are close to Normal. We check this assumption through quantile-quantile plots for

the presented experiments shown in Figures 5.10a, 5.10b, and 5.10c and find that for the

presented experiments sample quantiles are reasonably close to theoretical Normal quantiles.

(a) (b)

(c)

Figure 5.10: Normal quantile-quantile plot for validation losses across different runs of a
sub-sample of 5 different hyperparameter settings in the MNIST CNN, IMDB LSTM, and
Boston GBR experiments. In all cases the points are reasonably close to the straight line
indicating that the empirical distributions are approximately Normal.

5.3.11 Supplementary Material

Code to generate the presented results is provided in R and available at https://github.

com/LarsHH/reproducible-hyperparameter-optimization-jcgs-2019/tree/

submission. Code to generate the precomputed hyperparameter searches is available in

Python under the same code repository. Due to the computational cost of running the hy-

perparameter searches it is recommended to use the precomputed data sets included in the

repository.
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5.4 Discussion

The variation in model training during hyperparameter optimization poses a problem both

for reproducibility of the hyperparameter search itself and comparisons of different methods,

each optimized using hyperparameter search. In order to account for uncertainty in the

training process replication is necessary. However, due to the computational complexity of

most machine learning methods researchers may be less inclined to run large numbers of rep-

etitions during hyperparameter optimization. To address this we have proposed a sequential

testing and triaging procedure and show that for minimal increases in computation, optimal

and reproducible hyperparameter values can be obtained. This is achieved by theoretically

bounding type I error rates across the testing procedure.

In terms of applicability, the proposed methodology is unlikely to produce worse results than

standard practices as demonstrated in the experiments. More importantly, we expect it to

substantially improve results in scenarios where the variation within hyperparameter settings

is close to variation between hyperparameter settings.

The presented method has the additional advantage that it is easy to estimate variation

stemming from the sampling of the training data. Since one is already conducting multiple

model training runs it is natural to re-sample the validation data set for each training run.

We acknowledge that our proposed approach may include increased computational burden

associated with other optimization algorithms. Figure 5.9 demonstrates, however, that when

the computational cost is matched with standard methods our proposed method achieves

similar mean prediction errors and smaller variance. Therefore, as long as K is reasonably

large, there is no actual increase in computation. Furthermore, while the algorithm in

its current form does not have an anytime property a more sophisticated implementation

could easily approach anytime performance. Future extensions of this work include the

combination of the proposed method with model based hyperparameter suggestion such as
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Bayesian optimization.

106



Chapter 6

Quantity vs. Quality: On Repetitions

in Noisy Hyperparameter

Optimization

6.1 Introduction

Many machine learning methods can show significant variation in performance between runs

with different random seeds. Examples of this are the training of tree-based methods [Gan-

jisaffar et al., 2011], image generation algorithms [Lucic et al., 2018, Kurach et al., 2019],

probabilistic unsupervised models [Locatello et al., 2018], as well as reinforcement learning

algorithms [Henderson et al., 2018, Islam et al., 2017, Nagarajan et al., 2018, Colas et al.,

2018]. Just like most machine learning algorithms, these methods have a number of hyper-

parameters that need to be configured for optimal performance.

Common hyperparameter optimization strategies typically assume noiseless observations or

a negligible amount of noise. For example, most hyperparameter optimization algorithms
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check different settings and then suggest the best observed. However, if observations vary

drastically between seeds, the best observed configuration may not be the best configuration

averaged across many random seeds. Most model-free hyperparameter optimization methods

such as random search [Bergstra and Bengio, 2012], successive halving [Jamieson and Tal-

walkar, 2016, Li et al., 2016], and population-based training [Jaderberg et al., 2017] have no

clear way of handling noisy observations other than evaluating multiple seeds and averaging.

While model-based methods such as Bayesian optimization may be able to deal with noise

in the model, they may still break down in the acquisition function [Picheny et al., 2013].

Using standard hyperparameter optimization methods for noisy optimization may therefore

result in both suboptimal hyperparameter configurations and reduced reproducibility of the

hyperparameter search.

While extensive research on noisy Bayesian optimization exists [Letham et al., 2019, Wu and

Frazier, 2016], no clear evaluation has been done on the usefulness of these methods for noisy

hyperparameter optimization. In particular, there are three important ways in which noisy

hyperparameter search may differ from optimization on noisy synthetic benchmarks. First,

objective functions in hyperparameter search are different and may be simpler than common

optimization benchmarks. For example, the performance of an algorithm often marginally

depends on a hyperparameter in a U-type way [Goodfellow et al., 2016]. Second, the noise

may be heteroscedastic. In particular, there may be less noise near the optimum. Third,

noise may be non-gaussian. The noise almost certainly has limited support, but in some

cases may even be skewed or be close to uniform.

In order to deal with noise in hyperparameter optimization researchers have adopted the

practice of averaging across seeds even during the search [Balandat et al., 2019, Falkner

et al., 2018, Duan et al., 2016]. In this paper we want benchmark this practice against

the use of common hyperparameter optimization techniques and techniques that have been

developed specifically for noisy optimization. Our contributions are:

108



• A review of methods for hyperparameter optimization ranging from model-free multi-

fidelity optimization (partial evaluations), to model-based optimization, to noisy opti-

mization methods.

• An assessment of the performance of these methods on different noisy toy objective

functions. In particular, we observe limitations of the different methods.

• A comparison of the presented methods on three noisy machine learning benchmarks

across many hyperparameter optimization runs.

• Discussion of possible best practices and trade-offs for researchers when faced with

hyperparameter optimization of noisy machine learning tasks.

6.2 Methods

6.2.1 Problem Statement

We define a learning algorithm by loosely relying on the framework introduced by Mitchell

et al. [1997]. A machine learning algorithm A is given experience E and measured on a task

T using a performance measure Ψ. Specifically we can say that A(E) = g where g is a

trained instance of the algorithm whose performance is measured as Ψ(g, T ). An example

of this would be where the task T is to classify images of handwritten digits. Then E is

an annotated dataset of images of handwritten digits, A might be the training of a neural

network, g is the trained neural network (that is, the weights), and Ψ is the classification

accuracy on a holdout dataset. This framework can equally be applied to cases where the

training and evaluation are different from prediction tasks such as reinforcement learning or

image generation. The learning algorithm A usually has associated hyperparameters λ ∈ Λ.

This introduces dependencies of the trained model and the measured performance on these
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hyperparameters, so gλ and Ψ(gλ, T ), respectively. Hyperparameter optimization is then

defined as the process of finding

λ∗ = arg max
λ∈Λ

Ψ(gλ, T ) (6.1)

where Aλ(E) = gλ. Now the learning algorithm A or the experience E may be stochastic.

For example, A may be stochastic due to random weight initialization or E may be stochastic

because it is a dynamic environment such as in reinforcement learning. In each case Ψ is

random. We define the expectation across these factors EA,E [Ψ(gλ, T )] = f(λ) as the true

objective function for the hyperparameter optimization. In practice, this would be the mean

across infinitely many random seeds. The goal for the hyperparameter optimization is now

to find

λ∗ = arg max
λ∈Λ

f(λ). (6.2)

Values of Ψ(gλ, T ) are noisy observations of f(λ). We use Ψ(λ) from this point on since

the task T is usually fixed during the hyperparameter optimization. Equation 6.2 is more

complicated so solve than the previous noiseless optimization of Equation 6.1 because f(λ) is

unavailable and and the distribution of Ψ(λ) is generally unknown. In particular, this intro-

duces two potential problems when applying regular hyperparameter optimization methods:

1. Choosing where to evaluate the next λi during the optimization may be impacted by

observation noise.

2. Choosing λ∗ at the end of the optimization may be impacted by noise.
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6.2.2 Repeated Evaluation

A simple way to deal with observation noise in Ψ(λi) is to collect repeated evaluations and

average the measurements Ψ̄(λi) =
∑K

j=1 Ψ(λji ). The observed sample mean is consistent

for f(λi) meaning that given a high enough number of samples K, Ψ̄(λi) ≈ f(λi) and

the optimization can be treated as noise-less. In practice, the number of repetitions is

often constrained by a computational budget. For this reason, the question is then whether

repetition is the optimal strategy or if there are more computationally efficient approaches.

We now review a number of commonly used approaches to hyperparameter optimization and

how these approaches are impacted by observation noise.

6.2.3 Model-free Optimization

Random search is a simple and popular model-free hyperparameter search algorithm [Bergstra

and Bengio, 2012]. In particular, random search can often serve as a simple but robust base-

line against more complex methods [Li and Talwalkar, 2019]. In random search hyperparam-

eter configurations λ are sampled uniformly at random from the specified hyperparameter

space Λ. At the end of the optimization, λ∗ is picked as the best observed configuration.

When applying random search in the noisy setting, the suggestion of hyperparameter con-

figurations is not impacted. However, the choice of the final recommended configuration

may be influenced. In the presence of noise the best observed setting may not be the on

average best setting. Given the computational budget, this issue can be alleviated given rep-

etition as described in Section 6.2.2. In experiments we denote random search as Random

Search, Random Search x3, and Random Search x5 for using one, three, and 5 evaluations,

respectively.

Another more recent model-free approach to hyperparameter search is Successive Halving
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(SHA) [Jamieson and Talwalkar, 2016], as well as its extensions Hyperband [Li et al., 2016]

and Asynchronous Successive Halving (ASHA) [Li et al., 2018]. Hyperband has been shown

to outperform random search and model-based search methods on certain benchmarks. Sim-

ilar results are available for the ASHA algorithm. SHA operates by randomly sampling

configurations and allocating increasingly larger budgets to well-performing configurations.

In the beginning, a small budget is allocated to each configuration. All configurations are

evaluated and the top 1/η is promoted. Then the budget for each promoted configuration is

increased by a factor of η. This is repeated until the maximum per-configuration budget of

R is reached. When tuning neural networks with SHA, the budget is often the number of

training iterations. That way the algorithm can probe a lot of configurations without fully

evaluating them. However, the budget can equally be the number of training examples or

the number of random features.

We consider the application of SHA with the budget the number of training iterations in our

noisy optimization problem. At intermediate stages, SHA prunes configurations based on

their partial evaluations. Since we consider the case where full evaluations are noisy, partial

evaluations are expected to be noisy, too. Hence, ranking and pruning may erroneously

eliminate good configurations. SHA provides one or multiple completed configurations at

the end of the optimization. Usually, the best observed is chosen from these. Just like for

random search the best observed configuration may not necessarily the best configuration

on average. In experiments we refer to SHA with training iterations as ASHA (we use the

asynchronous version).

Alternatively, the SHA budget can be the number of repeated evaluations per configuration

as demonstrated by Falkner et al. [2018]. Instead of deciding on a fixed number of repeti-

tions per configuration as described in Section 6.2.2, SHA can start with one repetition per

configuration and allocate more repetitions to well performing candidates. Given that the

number of candidates described by 1/η is large enough at each stage, we would expect not
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to eliminate the on average best configuration. In addition to that, at the end of the opti-

mization we have multiple repetitions for each well performing configuration. This provides

a better estimate of the performance on average and we are less likely to make a mistake

by simply picking the best observed. In experiments we refer to SHA with repetitions as

ASHA-Repeat.

Lastly, evolutionary algorithms have recently been successfully applied to hyperparameter

optimization and architecture search for neural networks [Real et al., 2017]. One algorithm

inspired by this paradigm is Population-Based Training (PBT) [Jaderberg et al., 2017].

In PBT a population of models is trained jointly with optimizing their hyperparameters.

This happens in a two-stage approach where all population members are first trained for

a number of training iterations. In the second stage the population evolves by replacing

bad performing members with good ones and perturbing their hyperparameters. The two

stages alternate until all population members are fully trained. Contrary to most other

hyperparameter optimization approaches PBT allows schedules of hyperparameters via the

perturbation mechanism. PBT has shown strong results in multiple domains including the

training of reinforcement learning agents. Note however that there is a distinct difference

in the goal of PBT compared to the other approaches discussed in this section. While most

hyperparameter optimization methods aim to find the best performing hyperparameter set-

ting, PBT aims to deliver an optimally trained model. Retraining that model is complicated

because the schedule of hyperparameter settings needs to be traced back. Furthermore, if

the training is noisy as in our case, the retrained model is not guaranteed to have similar

performance. For these reasons we do not include PBT in our empirical evaluations.

6.2.4 Bayesian Optimization

Bergstra et al. [2011] and Snoek et al. [2012] demonstrated the feasibility of using Bayesian
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optimization for hyperparameter optimization. Bayesian optimization (BO) is a model-

based approach to global derivative-free optimization of blackbox functions. Given existing

observations of configurations and associated objective values, BO fits a surrogate model

from the search space to the objective. This model is usually faster to evaluate than the

objective function itself. For this reason, a large number of predictions of objective values

can be made. An acquisition function describes the utility of each prediction. By maximizing

the acquisition function one can find the optimal next point to evaluate for the true objective

function.

As described by Srinivas et al. [2009], it is common to use a Gaussian Process (GP) as a

surrogate model for f(λ). For the covariance kernel the Matern 5/2 kernel is a common

choice. We assume that observations have normal noise, that is Ψ(λ) ∼ N (f(λ), τ 2). This

offers a natural framework for noisy observations. Inference for the noise τ 2 can be made

via maximization of the marginal likelihood. In particular, given a collection of observations

C = {(λi,Ψi)}ni=1 and a GP prior, we can obtain the posterior distribution at hyperparameter

setting λ as f(λ)| C ∼ N (µn(λ), σ2
n(λ)). Assuming a zero prior, the posterior mean and

variance are given by:

µn(λ) = k(λ)T (K + τ 2I)−1

σ2
n(λ) = k(λ,λ)− k(λ)T (K + τ 2I)−1k(λ)

where k(λ) is the vector of covariances with all previous observations and K is the covariance

matrix of the observations.

As mentioned before, Bayesian optimization chooses the next point to evaluate via the

acquisition function. The most popular choice of acquisition function for hyperparameter
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optimization is the expected improvement (EI) [Mockus et al., 1978]. The EI is given by

EI(λ) = Ef(λ)| C[I(Ψmin, f(λ))]. (6.3)

where I(r, s) = max(0, r − s) and Ψmin = min1≤i≤n Ψi is the minimum observed validation

loss. Part of why the EI is popular is that it can be computed analytically. However, in

the noisy setting when Var(Ψ(λ)) is large, Ψmin may just be low by chance and mislead the

optimization. This can result in the over-exploitation around Ψmin and the optimization

getting ”stuck” around this point. In experiments we refer to EI as GPyOpt-EI since we are

using the GPyOpt [authors, 2016] implementation.

Letham et al. [2019] extended expected improvement to handle noisy observations by inte-

grating over observations. Ignoring constraint handling also introduced by the authors, the

noisy expected improvement (NEI) can be written as:

NEI(λ) = Ef(λ1:n)| C{Ef(λ)|C∗ [I(Ψ∗min, f(λ))]}. (6.4)

where C∗ = {(λi,Ψ∗(λi)) : Ψ∗(λi) ∼ f(λi)|C}ni=1 is a fantasy dataset sampled from the

posterior and Ψ∗min is the minimum of the fantasy dataset. In practice, this approach fits

a GP model with a residual variance term. Samples are drawn from the posterior at the

observed points and new, noise-less GP models are fitted for each sample. For each noise-less

fantasy model the EI is computed for a point f(λ) under that model. The EI values for λ

are then averaged across the fantasies to obtain the NEI. Balandat et al. [2019] simplify this

approach by taking the expectation over the joint posterior:

qNEI(λ) = Ef(λ),f(λ1:n)| C[I(min f(λ1:n), f(λ)]. (6.5)

Letham et al. [2019] showed that NEI outperforms regular EI on objective functions with

Gaussian noise and given the true variance. In our experiments we infer the noise term
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τ 2. We further note that the true distribution of Ψ(λ) may be non-gaussian which could

impact the performance of NEI. We also perform experiments with the mean of repeated

evaluations in which case a noise estimate will be provided and the distribution of the mean

will be closer to normal due to the central limit theorem. In experiments we will use the

qNEI implemented in BoTorch1 to calculate the noisy expected improvement and refer to it

as BoTorch-qNEI. The qNEI with repeated samples we will call BoTorch-qNEI x3.

An alternative to the EI criterion is the Lower(/Upper) Confidence Bound (LCB) criterion

[Srinivas et al., 2009]. The LCB takes the form

LCB(λ) = µn(λ) + βσn(λ) (6.6)

where β is a coefficient set by the user. This coefficient is sometimes termed the exploration

weight. Tuning the exploration weight may improve the performance of LCB. However, since

in practice the computational budget to tune this parameter is rarely available, we use a

default value of β = 2. While LCB has been shown to be outperformed by EI on noise-less

objective functions [Snoek et al., 2012], contrary to EI it is not impacted by noise. This is

due to the fact that it only depends on the posterior mean and variance. In all experiments

we refer to LCB as GPyOpt-LCB.

We note that there is a much larger choice of acquisition functions than the ones presented in

this section. In particular, the knowledge gradient [Scott et al., 2011, Wu and Frazier, 2016]

is an acquisition function that, while difficult to compute, can handle noise and has been

shown to outperform the presented acquisition functions. Furthermore, entropy-search-based

methods [Hennig and Schuler, 2012, Hernández-Lobato et al., 2014, Wang and Jegelka, 2017]

also naturally handle noise. We leave the evaluation of these methods to future work.

While the choice of acquisition function determines how to choose the next point, one still

1https://botorch.org/
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Figure 6.1: Toy objective functions. The U-curve and Parabola functions attempt to resemble
marginal objective functions often observed for hyperparameters. The Ackley1D is a common
optimization benchmark function. Each plot illustrates Gaussian noise with variance 3.

Figure 6.2: Best objective value against the number of evaluations used for each method.

needs to pick a best setting at the end of the optimization. In the noise-less case this is often

done by picking the best observed λi. Frazier [2018] suggests to rely on the surrogate model

and pick the best predicted λ from that model. Since this approach is robust to noise we

use the predicted best λ in all experiments. To make this feasible in multi-dimensional tasks

we find the best predicted by optimizing an LCB acquisition with β = 0, thereby utilizing

existing optimization tools in BoTorch and GPyOpt.

117



6.3 Experiments

6.3.1 Toy Functions

We first evaluate the methods in Section 6.2 on three toy objective functions: a parabola

with a smooth step (Figure 6.1 left), a parabola (Figure 6.1 middle), and the Ackley 1-

D function (Figure 6.1 right). To make the objective function noisy a Gaussian random

variable is added with mean zero and variance 3. We compare three Bayesian optimization

methods (BoTorch-qNEI, GPyOpt-EI, GPyOpt-LCB) as well as Random search, Random

Search x3, and ASHA-Repeat that is successive halving applied to repetitions. Figure 6.2

shows the average regret for 100 optimization runs for each method. The regret is defined as

the absolute difference between the best obtained value and the function minimum. Over a

budget of 30 function evaluations it can be seen that for the U-curve and Ackley1D functions

BoTorch-qNEI performs best on average. For the Parabola GPyOpt-EI and GPyOpt-LCB

perform best. Variances between runs are shown in Figure 6.3 and exhibit similar trends.

For Ackley1D and U-curve BoTorch-qNEI shows the smallest variance. For the parabola

GPyOpt-EI and GPyOpt-LCB have the smallest variance across runs. We also conduct

the same experiments with uniform and skewed noise distributions. While LCB and NEI

still perform best, there is no significant difference in the performance of the two. We

hypothesize that NEI relies heavily on the Gaussian noise assumption when integrating out

the observations and may therefore be more susceptible to deviations from that assumption.
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Figure 6.3: Variance of the regret across one hundred repeated optimizations against function
evaluations used.

6.3.2 Reinforcement Learning

Cartpole Balancing

Next, we compare the introduced algorithms on a reinforcement learning task. The cartpole

task [Barto et al., 1983] is a continuous control problem that requires to balance a pole on

a friction-less cart. The cart can be moved left or right. A screenshot of the task is shown

in Figure 6.4.
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Figure 6.4: Screenshot of the cartpole task.

The cartpole task has been used as a benchmark for reinforcement learning (RL) algorithms

[Duan et al., 2016] and most recently to benchmark hyperparameter optimization for rein-

forcement learning [Falkner et al., 2018, Balandat et al., 2019]. In RL it is common to use

multiple observations for hyperparameter tuning [Duan et al., 2016, Falkner et al., 2018,

Balandat et al., 2019]. This is due to the high noise that is inherent in the training of RL

algorithms. In particular, training depends on the interaction with the environment. The RL

agent may get off to a bad start and may not be able to recover from it. In this experiment

we want to address whether the use of repeated samples is an optimal strategy. Here we

tune the hyperparameters of the proximal policy optimization algorithm by Schulman et al.

[2017] implemented in [Hill et al., 2018] for the Cartpole-v1 environment from [Brockman

et al., 2016]. We tune the log learning rate (uniform [−5,−1]) as well as the entropy coeffi-
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Figure 6.5: Boxplots showing the distribution of mean rewards across training over 40 opti-
mization runs on the Cartpole environment using PPO2 (higher is better).

cient (uniform [0, 1]), discount factor (uniform [0, 1]), and likelihood ratio clipping (uniform

[0, 1]). The RL agent is trained for 30000 steps. RL agents on the cartpole task are often

compared in terms of the number of episodes until a mean reward of at least 195 is obtained

over a one hundred episode run. However, this measure is not optimal for hyperparameter

optimization since some agents may not converge.

Alternatively, RL agents are often compared via plotted reward curves. The qualitative

comparison of two reward curves can be made quantitative by considering the area under

the reward curve. For a constant number of steps the area under the curve is proportional

to the mean reward across the training. We thus choose the mean reward across training as

the hyperparameter optimization objective.

The hyperparameter optimization itself is given a budget of 100 function evaluations. After

that the configuration returned by the optimization is trained 20 times and the mean across

those runs is taken as the optimization outcome. The hyperparameter optimization itself is

repeated 40 times. Results are shown in Figure 6.5 (right). The same evaluation procedure
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Table 6.1: Mean rewards across training and across hyperparameter optimization runs for
different budgets of function evaluations (higher is better). Cell values are averaged across
20 training runs of the best found agent and across 40 hyperparameter optimization runs.

Evaluations 25 50 100

ASHA 125.2 135.0 134.4
BoTorch-qNEI 149.7 155.2 158.3
GPyOpt-EI 136.5 143.6 148.5
GPyOpt-EI x3 93.7 133.5 151.9
GPyOpt-LCB 141.1 149.7 148.7
Random Search 112.0 130.3 139.1
Random Search x3 85.6 102.6 123.0
Random Search x5 69.6 89.1 105.7

is also done after 25 and 50 function evaluations (Figure 6.5 left and middle, respectively).

Table 6.1 also shows means for the corresponding budgets and methods.

From Figure 6.5 and Table 6.1 it can be seen that BoTorch-qNEI has the best results across

all budgets. However, it is notable that GPyOpt-LCB is only marginally worse. GPyOpt-EI

catches up after 50 evaluations and GPyOpt-EI x3 after 100 evaluations. This seems to

indicate that the EI acquisition does perform worse due to noise. For EI with 3 replicates

it seems that the computation allocated to replicates does not help, especially on a budget

of 25 evaluations. One would expect that Random Search eventually catches up with the

model-based methods. This is however not the case here. This may be due to the fact that

Random Search still needs more evaluations. It may also be because Random Search picks

the best observed configuration which may be inaccurate. Random Search x3 and Random

Search x5 seem to lack a sufficient numbber of observations. Finally, ASHA, here applied to

early stopping of configurations seems to stagnate after 50 evaluations. We believe that the

pruning of configurations after partial training may be subject to too much noise to yield an

accurate hyperparameter optimization. Finally, we also note that BoTorch-qNEI has some

outliers with significantly better mean rewards. We emphasize here that these are not lucky

training runs but lucky optimization runs. It seems therefore that there is still room for

improvement on the benchmarked algorithms.
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Inverted Pendulum Swing-up

As a second experiment from the domain of reinforcement learning, we consider the Inverted

Pendulum Swing-up task. Just like the Cartpole balancing task from Section 6.3.2, the

Inverted Pendulum Swing-up task is a classic problem from the control theory literature.

A screenshot of the environment is shown in Figure 6.6. The friction-less pendulum (red)

starts in a random position with random velocity and the goal is to keep it standing up.

To achieve this the agent can apply negative or positive effort to the joint. The reward is a

function of how upright and still the pendulum is.

Figure 6.6: Screenshot of the Inverted Pendulum Swing-up task.

In comparison to the Cartpole balancing task, this problem is considered more difficult. This

means it will generally take more training time-steps and algorithm tuning to achieve a high
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Figure 6.7: Boxplots showing the distribution of mean rewards across training over 15 hyper-
parameter optimization runs on the Inverted Pendulum Swing-up task using PPO2 (higher
is better).

reward on this problem.

We again apply the proximal policy algorithm by Schulman et al. [2017]. This time the

hyperparameter search-space consists of the log-learning-rate (uniform [−5,−1]) and the

log-entropy-coefficient (uniform [−5, 0]). The agent is given 2 × 106 timesteps for training.

The hyperparameter optimization objective is, as before, the mean reward across training.

Figure 6.7 shows boxplots of mean rewards across training over 15 hyperparameter optimiza-

tion runs. It can be seen that after 25 evaluations all algorithms perform similarly except for

algorithms with three or 5 repetitions which perform worse. After 50 evaluations BoTorch-

qNEI performs significantly better than all other algorithms. This trend continues after 100

evaluations. These results are also reflected in the means shown in Table 6.2. The next best

performers after BoTorch-qNEI are GPyOpt-EI x3 and GPyOpt-LCB - the former better in

terms of the mean and the latter better in terms of the median.
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Table 6.2: Mean rewards for the Inverted Pendulum Swing-up task across training and across
hyperparameter optimization runs for different budgets of function evaluations (higher is
better). Cell values are averaged across 20 training runs of the best found agent and across
15 hyperparameter optimization runs.

Evaluations 25 50 100

ASHA -482.0 -493.7 -472.6
BoTorch-qNEI -474.7 -406.2 -387.3
GPyOpt-EI -497.2 -483.5 -467.5
GPyOpt-EI x3 -553.1 -487.6 -436.9
GPyOpt-EI x5 -612.2 -520.9 -491.9
GPyOpt-LCB -503.7 -456.2 -442.4
Random Search -481.8 -474.2 -449.3
Random Search x3 -546.1 -511.4 -490.2
Random Search x5 -694.0 -578.2 -444.6

6.3.3 Image Generation

In this experiment we turn to the task of image generation using a Generative Adversarial

Network (GAN). GANs are powerful generative models that are trained via a discriminator

that classifies whether examples stem from the dataset or were sampled from the generative

model. Both the discriminator and the generative model are trained via stochastic gradi-

ent descent. We use the non-saturating GAN introduced by Goodfellow et al. [2014] on

the MNIST [Deng, 2012] dataset. Our objective is the Fréchet Inception Distance (FID)

as introduced by Heusel et al. [2017]. While the authenticity of samples can only truly be

judged by humans, different scores have been proposed for the purpose of automation and

comparison across studies. For the FID, samples are first embedded into a continuous rep-

resentation using a different neural network (usually the Inception model). Then the mean

and covariance are estimated for generated and real data. The Fréchet distance between

the two is the FID. We use the code implementation from the CompareGAN package2 with

15625 training steps. For each training we compute the FID once at the end of the training.

We tune the Adam [Kingma and Ba, 2014] learning rate over a range of [1e − 4, 1e − 1]

2https://github.com/google/compare_gan
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on a logarithmic scale. This is similar to the ”narrow” hyperparameter search conducted

by Lucic et al. [2018]. We restrict the number of allowed evaluations - that is full training

of the GAN - to 21 for each search algorithm. For the ASHA algorithm we use R = 9,

η = 3, and let a resource of 1 correspond to 1200 training steps (resulting in a maximum of

15600 training steps). We also restrict ASHA to a maximum of 10 completed models. This

corresponds to approximately 90 tried configurations at the bottom rung and matches the

total computation used by the other methods. To estimate the mean across training runs

for a specific configuration we use a surrogate GP that has been fitted on a large number of

fully trained models across the hyperparameter range.

Figure 6.8 shows boxplots of the FID at the end of the optimization for three Bayesian opti-

mization methods and ASHA over 16 hyperparameter optimization runs. ASHA, GPyOpt-

LCB, and BoTorch-qNEI are all able to obtain the minimum for at least one run. Among

these three, GPyOpt-LCB and BoTorch-qNEI tie on the median, but GPyOpt-LCB has a

lower first quartile. ASHA has the highest variation overall but slightly lower median that

GPyOpt-EI.

From exploratory runs we have found that the GAN optimization does have lower noise

compared to previous examples. This justifies why ASHA is able to perform well.

6.4 Discussion

After evaluating a number of hyperparameter optimization methods on both synthetic func-

tions and real machine learning hyperparameter optimization tasks we have found that

model-based search in the form of GP-based Bayesian optimization performs best in terms

of the average achieved across optimization runs. We believe that this is due to the fact that

the GP estimates the mean function whose minimum is our optimization target. Among
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Figure 6.8: FID for learning rate optimization of the MNIST non-saturating GAN. Compared
are three Bayesian optimization methods and the ASHA algorithm after 21 full evaluations
of the GAN. Boxplots are over 16 runs of each hyperparameter optimization.

127



Bayesian optimization methods we find that the lower confidence bound as well as noisy ex-

pected improvement perform best. This is intuitive since these acquisition functions are able

to handle noise better than the expected improvement acquisition function. Using replicates

with expected improvement does not provide better results. We also find that successive

halving applied to early stopping shows a large variation in outcomes and on-average does

not perform as well as model-based search. For random search we also do not find that

repeated evaluation of the same configuration helps when the computational budget is fixed.

However, we believe that this may change if more function evaluations were allowed. Overall,

our conclusion is that the best strategy for noisy hyperparameter optimization is to use a

model-based search. The lower confidence bound performed well in experiments, is easy to

implement, and is available in most Bayesian optimization packages. If available, more ad-

vanced criteria such as the noisy expected improvement may provide further improvements.
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Chapter 7

Future Work

To conclude the thesis we illustrate directions of future work in the domains of deep learning

applied to neutrino physics, the software Sherpa as developed in Chapter 4, and the problem

of hyperparameter optimization when observations are noisy.

Future work in the domain of neutrino physics focuses around the next generation neutrino

experiment Deep Underground Neutrino Experiment (DUNE). The goal for DUNE is to

model energy reconstruction and additional tasks via deep learning. This includes the re-

construction of the direction of the electron shower as well as the reconstruction of the vertex

- the point where the incoming neutrino interacted with the matter in the detector. Initial

efforts towards this goal are described in Seong et al..

Future work also includes further development of Sherpa, the hyperparameter tuning software

illustrated in Chapter 4. One of Sherpa’s goals is to support a large variety of hyperparameter

optimization algorithms. This inevitably requires the continuous updating, addition, or

replacement of search algorithms in the software. Sherpa also aims to provide as much

insight to the user as possible. For this reason, an important direction for future work is the

extension of its visualizations. In particular, marginal plots may be useful to understand the
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relative importance of individual hyperparameters. Finally, another direction for future work

would be to increase user friendliness of Sherpa by turning it into an online service. In this

case, the user would only provide the trial-script as defined in Chapter 4. The optimization

itself would be defined via a web application. This would eliminate any need to deal with

concurrency on the user-side and make it easier to set up Sherpa. Potential challenges would

be how to finance servers running the web application and search algorithms.

Lastly, in the domain of hyperparameter optimization for noisy machine learning algorithms

future work consists of further exploration of existing methods applied to this problem, as well

as specific modeling for this task. Chapter 6 explored the application of successive halving to

noisy hyperparameter optimization. Results showed that the model-free partial evaluation of

hyperparameter settings may be too noisy to successfully prune under-performing settings.

In the case of successive halving, the elimination of settings is based on quantiles of the

objective. As described in Chapter 2, other works eliminate settings based on a model such

as a Gaussian Process. In that case, the model may be able to delineate the noise from the

mean trend just as we found is the case when modelling the hyperparameter space. It would

be important to explore whether such methodology would perform well on benchmarks and

allow speed-ups even for noisy objectives. Another direction for future work is to better

model the observations of the objective, specifically with regards to the noise distribution.

As mentioned in Chapter 6, NEI heavily depends on the assumption of Gaussian noise

and its performance may deteriorate if the observation noise is significantly non-Gaussian.

Observation noise from machine learning objectives may however be skewed or uniform.

Therefore, it may be possible to improve the performance of NEI by relying less on the

Gaussian assumption when suggesting the next hyperparameter setting.
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