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Abstract

Deep learning is proving to be a useful tool in solving prob-
lems from various domains. Despite a rich research activ-
ity leading to numerous interesting deep learning models,
recent large scale studies have shown that with hyperpa-
rameter optimization it is hard to distinguish these models
based on their final performance [15, 17]. The hyperpa-
rameter optimization has shown to improve the state of the
art results on several occasions [10]. These results cast
the doubts over the performance of these improved deep
learning models and lead to the question whether the final
performance of a deep learning model is dependent on the
person performing the hyperparameter optimization task. A
user study was conducted to evaluate the impact of human’s
prior experience in deep learning on the final performance
of a deep learning model. 31 people with different levels
of experience in deep learning were invited to perform a
hyperparameter optimization task. The collected data was
analyzed to find the relationship between human experience
and the final performance of the deep learning model used
for the user study. From the results, we observed that the fi-
nal performance of the model varies with every participant,
and a strong positive correlation exists between the partici-
pant’s experience and the final performance. Our data sug-
gest that an experienced participant finds better results us-
ing fewer resources.

1. Introduction

Deep learning has made major leaps in solving problems
from various domains. It has made major advances in
the field of image recognition [5, 12], speech recogni-
tion [0, 20], analyzing particle accelerator data [3], bioin-
formatics [14, 16], sentimental analysis, question answer-

ing [2] etc. LeCun et al. [13] suggest that success of deep
learning in a variety of domains can be attributed to the fact
that it requires little engineering by hand and automatically
learns representations and feature vectors of raw data used
for the classification or detection.

Every deep learning algorithm is accompanied by a set of
hyperparameters. These hyperparameters are external to
the model and cannot be learned from the dataset explic-
itly. The optimal values for these set of hyperparameters
lead to faster convergence, higher accuracy, and better re-
sults in general. These hyperparameters critically govern
the performance of many learning algorithms [8], and sim-
ple optimization of these hyperparameters has been found to
improve many of the existing state of the art results [10,22].
However, finding the optimal values for these hyperparam-
eters is a challenging task. The same deep learning algo-
rithm will have different optimal hyperparameter configura-
tions for different tasks [ | | ]. Optimal configurations for one
dataset do not necessarily translate to others [23]. This un-
predictable behaviour of hyperparameters in hyperparam-
eter optimization is informally referred to as the “black
magic” in deep learning.

The hyperparameters are usually set by the human designer
of the deep learning models. There have been studies that
improved the existing state of the art results by perform-
ing just hyperparameter optimization [10]. The large scale
experiments conducted in the field of natural language pro-
cessing concluded that by using hyperparameter optimiza-
tion techniques, vanilla Long short-term memory (LSTM)
performs as good as recently designed state of the art meth-
ods [17]. Another study conducted to analyze different gen-
erative adversarial network (GAN) models suggested that if
these models are trained and optimized sufficiently, there is
no better model than vanilla GAN [15]. These results cast
doubts over the performance of these improved deep learn-



ing models and lead to the question whether the final perfor-
mance metric of the deep learning model varies when dif-
ferent people optimize the hyperparameters. It is essential
as it would validate whether a model might lead to differ-
ent final performance when trained by different individuals
even in the absence of any source of variations except hy-
perparameters.

In research literature many deep learning models are pub-
lished without the complete list of hyperparameters, and
their values used to achieve the final performance [19]. This
makes it difficult to reproduce the work presented in the lit-
erature and is implausible to replicate the stated final per-
formance of the model. Thus, validating that final perfor-
mance metric of the model varies based on the human per-
forming the hyperparameter optimization will motivate au-
thors to publish the complete list of hyperparameter values
to make it reproducible.

It is widely assumed that hyperparameter optimization is
a task reserved for experts [21]. The final performance of
a deep learning model is assumed to be highly correlated
with the human’s background knowledge tuning the hyper-
parameters. The validation of this assumption is one of the
main goals of this research.

Thus, in this study, the relationship between human’s ex-
perience in deep learning and final performance of a deep
learning model is investigated by letting people with dif-
ferent experience in deep learning perform hyperparame-
ter optimization in a controlled setting. The data collected
through this user study is used to answer the following re-
search questions:

1. Research question 1: Is there any variance induced in
the final performance of the deep learning model by
hyperparameters?

2. Research Question 2: What is the relation between hu-
man’s experience in deep learning and the final perfor-
mance of the deep learning model?

(a) Hypothesis 1: Humans have no impact on the fi-
nal performance of the model.

(b) Hypothesis 2: Humans with more experience
perform hyperparameter optimization task more
efficiently.

In the following sections, we first describe the user study
conducted to answer the research questions. We then
present the analysis performed over the collected data of
different individuals. Finally, we report the results and draw
conclusions.

2. Approach

In this section, the methodology is discussed in detail.
Specifically, it contains a description about the different

choices and setup of the user study. It is followed by an
explanation of the data collected from the user study and
the data analysis used to answer the research questions.

2.1. User study
2.1.1 Participants Information

The main purpose of this user study is to evaluate the im-
pact of human’s prior experience in deep learning on the fi-
nal performance of a deep learning model. Therefore, it was
important for this research that experience of participants is
well distributed. In total, thirty-one participants completed
the user study. The count of participants with their experi-
ence in deep learning is shown in Figure 1.
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Figure 1: The distribution of experience in deep learn-
ing of participants that took part in the user study.

2.1.2 Experiment Details

The experiment required participants to tune the hyper-
parameters of a deep learning model, SqueezeNet [Y],
for an object classification task with ten classes. The
dataset used for the experiment, imagenen‘el , 1s a subset of
ImageNet* [4] dataset. The dataset is comprised of 13000
training images, 500 images for validation set and 500
images for test set balanced among each class.

The Table 1 shows the list of hyperparameters that were
used for the task. The values for the mandatory hy-
perparameters were required to start the training of the
model, whereas if no value was provided for an optional
hyperparameters then the default value, as suggested by
the designers of the algorithm, was used. The task was to
find the optimal set of hyperparameters maximizing the
final performance metric, that is, the accuracy of the model
on the test set. The participants were asked to submit the

ISee https://github.com/fastai/imagenette
2See http://www.image-net.org/



values of these hyperparameters exposed by the model
using a web interface. The participants were encouraged to
add comments for each hyperparameter choice to submit
their line of thoughts, however, it was not mandatory.

Upon the submission of hyperparameters, the model trained
in the background using the submitted hyperparameters.
While the model was training, the participant could view
the intermediate batch loss and epoch loss in real time.
The participant had an option to cancel training if the
intermediate results do not look promising. As there was
an upper time limit of 120 minutes, early stopping would
enable the participant to try additional hyperparameter
configurations. After training of the model is finished,
accuracy on a validation set is provided to the participant.
The experiment ends when the participant decides that the
model has reached its maximum accuracy or time limit of
the experiment is reached (120 minutes). The flow diagram
of the user study is depicted in Figure 2.

Table 1: List of hyperparameters used for the user study.

Type Hyperparameter Default value

Epochs -
Batch size -

Mandatory Loss function -
Optimizer -
Learning rate 0.001
Weight decay 0
Momentum 0
Rho 0.9
Lambda 0.75

Optional | Alpha 0.99

Epsilon 0.00001
Learning rate decay 0
Initial accumulator value 0
Betal 0.9
Beta2 0.999

2.1.3 Experiment Design Choices

The experimental design decisions were made with a ratio-
nale behind them. This section lists such important deci-
sions and the rationale behind these decisions.

Website Design: One of the key requirements while de-
signing this user study, was to replicate the hyperpa-
rameter optimization setting accurately. The web in-
terface was designed to let participants submit their
choice of hyperparameters, view their submission his-
tory with validation accuracy, and, most importantly,
view the intermediate training results with an option
for early stopping. The web interface provided the

freedom to include these functionalities and collect all
the data for analysis.

Choice of Task: The choice of the task was crucial as it
dictates the other decisions like the selection of model,
dataset, and the hyperparameters involved. The ob-
ject classification is one of the prominent and classi-
cal problems solved using deep learning. With a va-
riety of available open-source dataset of ranging diffi-
culties, it provided us with the freedom to experiment
and choose from different models that fit into our user
study requirements, especially time limit.

Choice of Model: The selection of the deep learning
model was influenced by factors like size of the model,
task in hand, total time taken for training and final
performance of the model. Several prominent mod-
els like LeNet [24], DenseNet [7], and Squeezenet [9]
were considered for the task. To find a balance be-
tween the training time and final performance of the
model, SqueezeNet was chosen for this experiment.
The SqueezeNet has fewer parameters and achieves a
comparable level of accuracy to other deep learning
models with much deeper architecture [9].

Choice of Hyperparameters: The epoch, batch size, loss
function, and optimizer are the mandatory hyperpa-
rameter choices required to train the deep learning
model. There is a plethora of options available for
loss function and optimizer and, therefore, these op-
tions are restricted to the most commonly used. The
mentioned restriction has been added since the upper
time limit of the experiment is bounded, and it would
be difficult for participants to test all possible combina-
tions. There is a set of optional hyperparameters that is
dependent on the choice of optimizer hyperparameter
value. These optional hyperparameters come with de-
fault values, suggested by the designer of the optimizer
algorithm.

Choice of Dataset: There were different choices that were
considered before selecting Imagenette® [4] for the fi-
nal experiment. This choice was influenced by the size
and difficulty of the dataset. If the size is too big, it
would mean more training time and in turn, more wait-
ing time for the participants. Also, if the dataset is not
challenging, it would be relatively easy to achieve a
good final performance and might limit the variance in
the final performance of the model.

Masking Information: The participants were provided
with only partial information about the task and
dataset. As the data is open source, a simple google

3See https://github.com/fastai/imagenette



Now that you are
here, let's give
you a quick
introduction to
get you started!
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Figure 2: The flow diagram of the user study. The participant starts by entering their information. Next, submit
the values for hyperparameters and evaluate intermediate training results. If the training is finished, the partic-
ipant can decide whether to submit a new configuration for hyperparameter or end the experiment. It can be

repeated until the time limit of 120 minutes is reached.

search could giveaway optimal hyperparameter con-
figurations available for this dataset. The choice of
model is majorly dependent on the type of task and
dataset; therefore information about the model was
also masked. They were informed about the number
of classes and size of the dataset, including the parti-
tion information of Train/Val/Test.

2.2. Data Collection

There are two types of information stored for each par-
ticipant, namely background information and experimen-
tal. The background information includes the number of
months of experience in deep learning and highest educa-
tion level at the time of the experiment. The experimental
information contains all the hyperparameter combinations
tried by the participant with the accuracy on the validation
set, subjected to the model’s completion of training. To
indicate the end of the experiment, every participant was
asked to submit their optimal choice of hyperparameter con-
figuration. The final hyperparameter configuration for each
participant is trained on training+validation set, and the fi-
nal accuracy over the test set is recorded.

At the end of the user study, 463 different hyperparame-

ter combinations were collected from 31 participants. The
final hyperparameter configuration submitted by each par-
ticipant is used to train and test the model 10 times, and the
average accuracy is reported as the final accuracy.

2.3. Data Analysis

For all the analysis, we have used p-value<0.05 to ac-
cept or reject the null hypothesis unless reported differently.
That is, the null hypothesis is rejected if the p-value is less
than the threshold (0 . 05); otherwise, it is accepted. As sev-
eral experience categories have an uneven number of partic-
ipants, the participants were divided into groups based on
experience. The first group contains participants with 0 ex-
perience in deep learning, the second group with less than
9 months of experience and the third group with expertise
greater than nine months. This allows us to analyze how
accuracy is distributed under different groups and compare
the distributions. Using the data collected through the user
study, we aim to answer the following questions:

1. Is there any variance induced in the final perfor-
mance of the deep learning model by hyperparam-
eters?

Specifically, it is interesting to validate if there is any

Analyze your intermediate
results



variance induced by changing hyperparameter config-
urations for our user study setting. If there is no vari-
ance or minimal variance found, the impact of the par-
ticipant’s experience on the final performance of the
model cannot be quantified. We perform a random
search over the restricted domain of each hyperparam-
eter and store the final accuracy over the test set for

each configuration. The variance” is reported over the
final accuracy.

2. What is the relationship between human’s experi-

ence in deep learning and the final performance of
the deep learning model?
After establishing that varying hyperparameter config-
urations impact and induce variance in the final perfor-
mance of the deep learning model, we want to validate
the hypothesis that different individual leads to the dif-
ferent final performance of the same model. The fi-
nal performance of each participant is analyzed for a
variance to accept or reject this hypothesis. Further,
it was interesting to see how prior experience impacts
the final performance of the deep learning model. We
calculate the correlation between the user’s experience
and the accuracy on the user’s final submission us-
ing Spearman® [1] rank-order correlation coefficient.
Next, to find the quickest group, that is, the group that
uses the minimum number of tries to achieve the high-
est accuracy we evaluate every participant’s hyperpa-
rameter configuration submissions with its accuracy on
the validation set.

3. What are the different strategies followed by par-
ticipants and how do they evolve with experience?
This is an exploratory question and is intended to pro-
vide a better understanding of the difference in the per-
formance of the participants rather than conclusive ev-
idence of which technique is better. We will make use
of the data collected from the user study, specifically
comments and values submitted by the users. The
main goal is to understand the hyperparameter opti-
mization techniques used by a participant in detail.

3. Results

This section explains and discusses data analysis in detail.
Specifically, it describes the statistical analysis of the data
collected from the user study and how it is used to answer
the research questions.

3.1. Variance Due To Hyperparameters (RQ1)

The first task is to evaluate if there is any variance induced
by hyperparameters in the final performance of the deep

4We use numpy . var method of python
SWe have used scipy.stats.spearmanr method in python

learning model used for the user study. The data used for
this experiment is collected by performing a random search
over hyperparameter values and recording model’s accu-
racy. Figure 3 shows the variance in the task and model
selected for the user study. The y-axis represents the num-
ber of occasions the model achieved the accuracy in be-
tween the range on the x-axis. The standard deviation,
mean and variance were found to be 24.34%, 41.83%
and 642 .52 respectively.

Frequency Histogram of Accuracy

100

80

60 1

Count

404

204

0 10 20 30 40 50 60 70 80
Validation Accuracy Range

Figure 3: The frequency histogram for the accuracy
collected over 320 different hyperparameter configu-
rations using random search. The x-axis depicts the
accuracy bins, that is, 0-10 is a bin containing all they
hyperparameter configuration resulting in final accu-
racy in the range [0,10). The y-axis represents the
count for that specific range. The maximum accuracy
achieved is below 80% for the given model.

3.2. Humans and Hyperparameters (RQ2)

The final performance (accuracy) of the model was calcu-
lated on the test set using the hyperparameter configuration
submitted as the final choice by each participant. In total,
31 participants completed the user study. The standard de-
viation, mean, and variance in the final accuracy were found
tobe 26.318%, 55.95 and 692. 65 respectively. Fig-
ure 4 depicts the relationship between final accuracy and
the experience in deep learning of each participant. As the
experience increases, the final accuracy tends to increase. It
is supported by the strong positive Spearman correlation of
0.6018 with p-value of 0.0004.

To analyze the relation between experience and accuracy
further, we compared the distributions of Group 1, Group 2
,and Group 3 using Levene® [18] test to validate if there is
any variance in the accuracy between these groups divided
by experience. The test values presented in the Table 2

%We used scipy.stats.levene method from python.



Experience vs Accuracy (31 participants)
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Figure 4: Distribution of final performance (accuracy)
of all participants.
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Figure 5: Distribution of final accuracy of each group. The
green triangle represents the mean, while the yellow mark
displays the median of the distribution.

show that each group has different distribution and most
variation exists between Group 1 and Group 3 in line with
the distribution shown in Figure 5.

Apart from observing a relation between final accuracy and
experience of each participant, relating final accuracy to
the experience of each individual, it was interesting to see
how many different hyperparameter configurations each in-
dividual had to try before reaching a certain final accuracy.
It shows the minimum resources used by participants to
achieve the given accuracy. For the participant who did
not achieve the given threshold accuracy, participant’s total
number of tries is used. Figure 6 depicts the distribution for
Groups 1, 2, and 3 for different final accuracy as thresholds.
Figure 7 shows the average trace of each group, that is, the
average accuracy of each group after the specific number of

tries. The shaded region represents the standard error’ of
the distribution.

Group3 %
Group2 %

Threshold accuracy 25%

| ]

Groupl T

T T T T T T
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Threshold accuracy 50%
Group3 | %
| |
Group2 - T —
| B
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S N !

Group2 I\I/ #

Groupl W

T T
0 5 10 15 20 25 30
Number of turns

Figure 6: Number of different hyperparameter configura-
tions required to achieve the threshold accuracy for different
groups. The violin plot shown above depicts the probabil-
ity density distribution of the number of turns taken by the
participants in each group. The mean value of each group is
marked for reference.

3.3. Difference in Strategies

In this section, we aim to find insights into the different
strategies used by participants. First, we analyze the com-

7Seehttps://en.wikipedia.org/wiki/Standard_error



Accuracy vs Number of tries
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Figure 7: Average seen trace: it plots the average accuracy
of the group observed after the specific number of tries. The
shaded region represents the standard error® for the distribu-
tion.

Table 2: Levene test for comparing accuracy distribution
between groups divided using experience.

Groups Score p-value
Group 1 vs Group 2 8.40 0.01
Group 1 vs Group 3 | 14.338 | 0.001
Group 2 vs Group 3 5.52 0.029

ments submitted by the participants to explain the choices
made for each hyperparameter. We follow it up by the dis-
cussion on the use of default values that are suggested by
the algorithm designers in the published literature.

3.3.1 Analyzing comments left by participants

Participants were encouraged to leave comments explaining
the reasoning behind choosing a specific value of a hyper-
parameter. In a bid to gather maximum comments, we let
users choose from predefined comments shown in Table 3.
The Figure 8 shows the distribution of comments for each
user and for each group(as explained in Section 3.2).

Figure 8a shows the comments percentage distribution for
each experience category. The majority of comments for a
participant with low experience is dominated by random
guessing comments which indicate the random strategy
adopted by these participants. The random guessing was
found to be negatively correlated with the increasing
experience. We used Spearman rank-order correlation, and
the value was found to be -0 .58 with p-value 0.0007.
The group distribution of comments show a consistent
decrease in random guessing and increase in using values
from experience (green), as the amount of experience
increases.

Table 3: Predefined comments used in user study and their
corresponding numbers

Comment Number
It is just a guess. 1

It is a suggested default 2
value.

It is the value that has 3
worked well for me in the

past.

It is the value I learnt from 4
previous submissions.

Other 5

3.3.2 Use of suggested default values

The hyperparameters are broadly divided into two cate-
gories - optional and mandatory in our user study, as shown
in Table 1. These optional hyperparameters are conditional;
that is, they belong to a specific optimizer algorithm and
come into play only when the corresponding optimizer
algorithm is selected. 1In the user study, participants
were provided the default values for these conditional
hyperparameters, which were suggested by the designer
of optimizer algorithms. Figure 10 shows the number of
participants in each group using these default values as the
starting point. Except for four, every participant in Group
2 and Group 3 started with all suggested default values and
built on it.

4. Discussion

In this section, we will discuss the results based on the
goals of this study set in the introduction (Section 1).

I Humans do impact the final performance of the model
One of the problems discussed in the introduction was the
difficulty in reproducing results of a published model with-
out a complete list of hyperparameters and their values.
Through this user study, we found people with different lev-
els of experience tune a deep learning model, it performs
differently. Every source of variation was eliminated by
fixing the task, dataset, deep learning model, and the execu-
tion environment(random seed, GPUs used for execution)
except the choice of hyperparameters. Figure 4 shows the
variance in the final performance of the model. This sug-
gests that final performance of the model is dependent on
the human tuning it and it is difficult to reproduce the exact
performance of a published model without the exact list of
hyperparameter values used for training of the model.
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Figure 8: Intermediate training results.
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Figure 9: An example depicting how a participant
with no experience in deep learning confuses between
the comment type 3 and comment type 4.
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II Role of humans in hyperparameter optimization

The main goal of this research is to understand the role of
humans in hyperparameter optimization. We are interested Group 1 Group 2 Group 3
in validating the hypothesis 2 that human with prior expe-
rience in deep learning is better suited for hyperparameter
optimization task. Figure 4 shows a strong positive cor-
relation between human’s expertise level in deep learning
and final performance of the model; that the final perfor-
mance increases with an increase in experience of a par-
ticipant. However, several experience categories have an

=
o
L

o
I

Figure 10: The number of participants in each group sub-
mitting their initial hyperparameter configuration using all
default values suggested by the algorithm designer.



uneven number of participants. Therefore, the participants
were divided into groups based on experience, and distribu-
tions were compared. The Levene test (Table 2) validated
that the three distributions of final performance are differ-
ent, which confirms that there is variance induced by prior
experience in deep learning. The choice of Levene test was
motivated by the fact that user’s experience data and the fi-
nal performance are not normally distributed. The box plot
in Figure 5 suggests that on average a participant with no
expertise will achieve lower accuracy compared to experi-
enced participants.

Figure 7 showing the average trace for different groups sug-
gests the participants with higher experience achieve bet-
ter accuracy in less number of tries. The distributions are
shown in Figure 6 indicating similar findings for three dif-
ferent accuracy thresholds. Also, it can be seen that the av-
erage number of tries to reach 75% threshold is relatively
closer. This is because not many participants reach that ac-
curacy, and in that case, their total number of tries is con-
sidered, which are very similar.

III Insights

The data collected from user study was analyzed to gather
insights into the different strategies used by participants.
The first comment analysis suggests that the people with
fewer experience tend to use more random values for hy-
perparameters when compared to experienced participants.
The experienced participant is more dependent on the val-
ues that have worked well for them in the past. From Figure
8b, we can see that Group 1, which contains participants
with no experience in deep learning, has the second-highest
comment percentage for prior experience. This means that
22% of values used by these participants were based on
their prior experience in deep learning. An explanation for
this high percentage could be the confusion between com-
ments, namely ’prior experience’ (3) and ’learned from the
previous submission’ (4). The ’learnt from the last submis-
sion’ comment is meant to indicate the values determined
from prior submissions and by analyzing the results during
the experiment. One such example is shown in Figure 9.
The participant was using the default value for alpha with
appropriate comment (2) but for the next submission up-
dated the comment to (3), which translates to *prior experi-
ence’ instead of ’learning from the previous submission’.
Figure 10 shows the use of suggested default values by par-
ticipants as the starting point. Majority of experienced par-
ticipants tend to use these defaults more often compared
to participants with no prior experience in deep learning.
Although the use of defaults does not necessarily lead to
optimal hyperparameter configuration, however, all those
participants who started with defaults achieved final perfor-
mance greater than 50%.

5. Conclusion and Recommendations

The main goal of this research was to understand the role
of humans in hyperparameter optimization. We conducted
a user study where people with different experience levels
and knowledge in deep learning were invited to perform hy-
perparameter optimization in controlled settings.
Hyperparameter has been shown to have a significant im-
pact on the final performance of the model. However, this
impact varies with the settings used like dataset, model,
task, etc. Thus, we first validated the effect of hyperpa-
rameters used for the user study (RQ1). The results showed
that there is variance induced in the final performance of
the model by varying the hyperparameter values. Next, to
find the relationship between human and the hyperparame-
ter optimization process, every participant was asked to sub-
mit their choice of optimal values of hyperparameter. The
obtained final performance of each participant showed that
the performance of a model is dependent on the individual
performing hyperparameter optimization. A positive corre-
lation between the experience in deep learning and the final
performance of the model indicates that with an increase in
knowledge, the final performance of the model gets better
(RQ2).

Further analysis of the data collected from the user study
showed that experienced participants are quicker to achieve
better accuracy compared to less experienced ones. It in-
dicates that people with more experience can achieve better
results using fewer resources. The analysis of the comments
submitted by participants provides us with insights into the
strategy used by each participant. It suggests that random
strategy is more prominent among people with lesser expe-
rience. The experienced participants tend to use values from
their experience or preferably use a suggested default value
instead of random guessing.

Concluding, we found a strong correlation between the per-
formance of the model and the human performing the hy-
perparameter optimization. The people with more experi-
ence were found to be faster and better at hyperparameter
optimization process.

Further, it provides proof that people differ in their strate-
gies based on their prior knowledge. As people with lesser
experience tend to follow a random approach, that is, they
tend to choose values for their hyperparameter randomly
while people with more experience use their prior knowl-
edge to set the values for hyperparameters.

Apart from the task executed in this thesis, below is the list
of recommendations that would add further value to the re-
search.

1. There is always room for more data. Collecting more
data and inviting more participants to perform the user
study will make the result and conclusions even ro-
bust to outliers. It will provide a better insight into the



process of hyperparameter optimization and generalize
our findings over a broader audience.

The inclusion of more participants could be done in a
structured way. One of the limitations of the presented
study is the different number of participants for each
experience category. It makes it difficult to generalize
the results for each experience category. Thus, while
recruiting for more participants, the experience in deep
learning could be divided equally.

Currently, only the experience in deep learning is used
for each participant to account for the changes in the
final accuracy of the model. This could be expanded
to include more background information of each par-
ticipant like age, gender, ethnicity, education level, ex-
pertise in a specific field of deep learning, etc. Also,
adding more dimensions to the background informa-
tion for each participant would require more data to
make any concrete conclusions.

This study currently focuses on a single task, single
model, and unique dataset. Thus, it can be argued that
the findings of this study could not be generalized for
the entire field of deep learning. Hence, the next step
could be to extend this study further by including mul-
tiple tasks, different models like GAN, RNN, Deep Re-
enforcement Learning, and various datasets.

References

(1]

(2]

(3]

(4]

(5]

(6]

(7]

Spearman Rank Correlation Coefficient, pages 502-505.
Springer New York, New York, N, 2008.

A. Bordes, S. Chopra, and J. Weston. Question An-
swering with Subgraph Embeddings. arXiv e-prints, page
arXiv:1406.3676, Jun 2014.

T. Ciodaro, D. Deva, J. M. de Seixas, and D. Damazio. On-
line particle detection with neural networks based on topo-
logical calorimetry information. Journal of Physics: Confer-
ence Series, 368:012030, jun 2012.

J. Deng, W. Dong, R. Socher, L. Li, Kai Li, and Li Fei-
Fei. Imagenet: A large-scale hierarchical image database.
In 2009 IEEE Conference on Computer Vision and Pattern
Recognition, pages 248-255, June 2009.

N. L. L. Y. Farabet C, Couprie C. Learning hierarchical fea-
tures for scene labeling. In IEEE Trans Pattern Anal Mach
Intell. 2013 Aug;35(8):1915-29. IEEE, 2013.

G. Hinton, L. Deng, D. Yu, G. E. Dahl, A. Mohamed,
N. Jaitly, A. Senior, V. Vanhoucke, P. Nguyen, T. N. Sainath,
and B. Kingsbury. Deep neural networks for acoustic model-
ing in speech recognition: The shared views of four research
groups. [EEE Signal Processing Magazine, 29(6):82-97,
Nov 2012.

G. Huang, Z. Liu, L. van der Maaten, and K. Q. Weinberger.
Densely Connected Convolutional Networks. arXiv e-prints,
page arXiv:1608.06993, Aug 2016.

10

[8

—_—

[9

—

[10]

(1]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

(20]

[21]

[22]

F. Hutter, H. Hoos, and K. Leyton-Brown. An efficient ap-
proach for assessing hyperparameter importance. In E. P.
Xing and T. Jebara, editors, Proceedings of the 31st Inter-
national Conference on Machine Learning, volume 32 of
Proceedings of Machine Learning Research, pages 754-762,
Bejing, China, 22-24 Jun 2014. PMLR.

F. N. Iandola, S. Han, M. W. Moskewicz, K. Ashraf, W. J.
Dally, and K. Keutzer. SqueezeNet: AlexNet-level accuracy
with 50x fewer parameters and &It;0.5MB model size. arXiv
e-prints, page arXiv:1602.07360, Feb 2016.

R. P. A. Jasper Snoek, Hugo Larochelle. Practical bayesian
optimization of machine learning algorithms. Bartlett et al.
[8], pp. 29602968, 2012.

R. Kohavi and G. H. John. Autmatic parameter selection by
minimizing estimated error. In Proceedings of the Twelfth In-
ternational Conference on International Conference on Ma-
chine Learning, ICML’95, pages 304-312, San Francisco,
CA, USA, 1995. Morgan Kaufmann Publishers Inc.

A. Krizhevsky, 1. Sutskever, and G. E. Hinton. Imagenet
classification with deep convolutional neural networks. In
F. Pereira, C. J. C. Burges, L. Bottou, and K. Q. Weinberger,
editors, Advances in Neural Information Processing Systems
25, pages 1097-1105. Curran Associates, Inc., 2012.

Y. LeCun, Y. Bengio, and G. Hinton. Deep learning. Nature,
521:436 EP —, May 2015.

M. K. K. Leung, H. Y. Xiong, L. J. Lee, and B. J. Frey.
Deep learning of the tissue-regulated splicing code. Bioin-

formatics (Oxford, England), 30(12):1121-i129, Jun 2014.

24931975[pmid].

M. Lucic, K. Kurach, M. Michalski, S. Gelly, and O. Bous-
quet. Are GANs Created Equal? A Large-Scale Study. arXiv
e-prints, page arXiv:1711.10337, Nov 2017.

J. Ma, R. P. Sheridan, A. Liaw, G. E. Dahl, and V. Svet-
nik. Deep neural nets as a method for quantitative structure-
activity relationships. Journal of Chemical Information and
Modeling, 55(2):263-274, Feb 2015.

G. Melis, C. Dyer, and P. Blunsom. On the State of the Art
of Evaluation in Neural Language Models. arXiv e-prints,
page arXiv:1707.05589, Jul 2017.

1. Olkin. Contributions to probability and statistics; essays
in honor of Harold Hotelling. Stanford, Calif., Stanford Uni-
versity Press, 1960., 1960.

Y. Rao and J. Ni. A deep learning approach to detection of
splicing and copy-move forgeries in images. In 2016 IEEE
International Workshop on Information Forensics and Secu-
rity (WIFS), pages 1-6, Dec 2016.

T. N. Sainath, B. Kingsbury, A.-r. Mohamed, G. E. Dahl,
G. Saon, H. Soltau, T. Beran, A. Y. Aravkin, and B. Ram-
abhadran. Improvements to deep convolutional neural net-
works for LVCSR. arXiv e-prints, page arXiv:1309.1501,
Sep 2013.

B. Shahriari, K. Swersky, Z. Wang, R. P. Adams, and
N. de Freitas. Taking the human out of the loop: A re-
view of bayesian optimization. Proceedings of the IEEE,
104(1):148-175, Jan 2016.

J. Snoek, H. Larochelle, and R. P. Adams. Practical Bayesian
Optimization of Machine Learning Algorithms.
prints, page arXiv:1206.2944, Jun 2012.

arXiv e-



[23] J. N. van Rijn and F. Hutter. Hyperparameter importance
across datasets. In Proceedings of the 24th ACM SIGKDD
International Conference on Knowledge Discovery &#38;
Data Mining, KDD 18, pages 2367-2376, New York, NY,
USA, 2018. ACM.

[24] Y. B. P. H. Yann LeCun, Lon Bottou. Gradient-based learn-

ing applied to document recognition. arXiv e-prints, Aug
1998.

11



Contents

List of Abbreviations . . . . . . . .. ..o xvi

1 Background Information 1
1.1 Hyperparameter Importance . . . . . . . . . .. ... o 1
1.1.1 Beating The State of the Art . . . . . . . .. .. .. ... ... ... ..., 2

1.1.2  Evaluation of Neural Language Models . . . . . . .. .. ... ... .. ... 2

1.1.3  Are All GANs Equal? . . . . . . . ... ... 3

1.2 AutoML . . . .o 4
1.2.1 Imtroduction . . . . . . . . . .. 4

1.2.2 Grid Search . . . . . . .. 5

1.2.3 Random Search . . . . . . . . . . ... 5

1.2.4 Evolutionary Strategies . . . . . . . . . . . ... L 6

1.2.5 Bayesian Optimization . . . . . . . .. . ... 7

1.2.6  Multi-Fidelity . . . . . .. .. . . 8

1.2.7 NAS - Neural Architecture Search . . . . . . . . .. .. ... ... ... ... 10

2 User Study Design 12
2.1 The Experiment . . . . . . . . . . 12
2.1.1 Background Information . . . . . ... ... ..o 13

2.1.2 Hyperparameters . . . . . . . . . . . . .. 14

Xiv



2.1.3 Intermediate Visualizations . . . . . . . . . . . . .

2.1.4 Dataset . . . . ..
2.1.5 Model Used . . . . . . . .
2.2 Design Motivation . . . . . . . ..o
221 Web Platform . . . . .. . ...
222 Task . . ..
2.2.3 Hyperparameters . . . . . . . . . . .
224 Dataset . . . . .
2.2.5 Deep Learning Model . . . . . . . . .. ... oo
2.2.6 Hiding Certain Information From Participants . . . . . . . . ... ... ...
2.3 Participant Information . . . . .. ..o
2.3.1 Recruiting Participants . . . . . . . . ... o Lo
2.3.2 Participant Data . . . . . ... o

Experiments and Results

3.1 Experimental Setup . . . . . . ...
3.2 Variance Due To Hyperparameter . . . . . . . . . . . .. ... ... . ... .....
3.3 Final Performance and Humans . . . . . . . . ... ... ... ... ... ...
3.3.1 Accuracy vs Experience . . . . ... ..o
3.3.2 Group Analysis . . . . . ...
3.4 Strategies of the Experiment . . . . . . . . . ... o oL
3.4.1 Analysis of Comments . . . . . . ... ...
3.4.2 Use of suggested default values . . . . .. ... .. ... .. ... ... ..
Bibliography

A Statistical methods used for analysis

XV

28

28

28

29

31

34

35

36

39

40

45



A.1 Spearman rank-order correlation method

A2 Levene’s test . . . . . .

B Final submission of each participant

C User study screenshots

D Poster and Flyer

Xvi

47

49

53



List of Abbreviations

Abbreviation | Description

AutoML Automate Machine Learning
BOHB Bayesian Optimisation HyperBand
CMA-ES Covariance-Matrix Adaptation Evolution Strategy
CNN Convolutional Neural Network
FID Frchet Inception Distance

GPU Graphics Processing Unit

GP Gaussian Process

GAN Generative adversarial network
GB Giga byte

HPO Hyperparameter Optimization
KDE Kernel Density Estimator

LSTM Long short-termmemory

MCMC Markov Chain Monte Carlo

NAS Neural Architecture Search

RNN Recurrent Neural Network

SVM Support Vector Machine

SGD Stochastic Gradient Descent

Xvil



List of Figures

1.1

1.2

2.1

2.2

2.3

24

2.5

2.6

2.7

2.8

3.1

Exploring of different hyperparameter values in the grid and random search strategies.
Figure reproduced from [1]. . . . . . ... 6

Outline of the successive halving algorithm. After each set of iterations, the number
of configurations is reduced to half, and only the best one survives to finish the
complete training. Figure reproduced from [2]. . . . . . . . ... oL 10

Background Information collected for each participant. . . . . . ... ... ... .. 13

Interface to submit the values for hyperparameter. Next, to every hyperparameter
field, a comment field is given to enter the reasoning behind the value provided by
the participant. . . . . . . . .. 13

The number of training examples in the dataset and the batch size together decide
the number of iterations required to complete one epoch. The figure is reproduced

from an online blog post. . . . . . . .. 15
Intermediate training results. . . . . .. ... Lo 19
Imagenette Dataset example image from each class. . . . . . .. ... .. ... ... 20

The two components, squeeze and expand layer, forms the fire module in the SqueezeNet.
The squeeze layer reduces the number of channels for expanding layer, therefore, ef-
fectively reducing the number of trainable parameters. . . . . . ... .. ... ... 21

SqueezeNet model’s building blocks and the architecture. The figure is reproduced
from SqueezeNet published literature [3] . . . . . . ... ... L. 22

The accuracy plot for LeNet over Imagenette dataset. The x-axis represent the
hyperparameter configuration number found using random search and y-axis is the
final accuracy for that configuration. The maximum accuracy achieved is 56.8% while
the minimum being 10% . . . . . . . . . . 25

An overview of analysis done to answer RQ1.. . . . . . . . .. ... ... .. .... 29

xXviii



3.2

3.3

3.4

3.5
3.6

3.7

3.8

3.9

3.10

3.11

3.12

Ci1

C.2

C.3

The frequency histogram for the accuracy collected over 320 different hyperparameter
configurations using random search. The x-axis depicts the accuracy bins, that is, 0-
10 is a bin containing all they hyperparameter configuration resulting in final accuracy
in the range [0,10). The y-axis represents the count for that specific range. The
maximum accuracy achieved is below 80% for the given model. . . . . . . . . . . ..

An overview of the analysis done for RQ2. . . . . . . . ... ... ... .. ... ..

The distribution of experience in deep learning of participants that took part in the
user study. . . . .. L

The distribution of final accuracy of participants that took part in the user study.
Distribution of final performance (accuracy) of each participant. . . . . . .. .. ..

Distribution of final accuracy of each group. The green triangle represent the mean
while yellow mark displays the median of the distribution. . . . . .. ... ... ..

Average seen trace: it plots the average accuracy of the group observed after the
specific number of tries. The shaded region represents the standard error for the
distribution. . . . . . .. Lo

Number of different hyperparameter configurations required to achieve the mentioned
threshold accuracy by available groups. The mean value of each group is marked for
each distribution. . . . . . . . ...

Intermediate training results. . . . . . . .. Lo Lo

An example depicting how a participant with no experience in deep learning confuses
between the comment type 3 and comment type 4. . . . . ... ... ...

The number of participants in each group submitting their initial hyperparameter
configuration using all default values suggested by the algorithm designer. . . . . . .

The terms and condition webpage used for the user study. It clearly states all expec-
tations and requirements for participants. . . . . . . . .. ..o

The background information page is shown above. It asks the participants to enter
their relevant experience in the field of deep learning and their highest completed
education level. Once the information is submitted by the user, anonymous user id
is generated to identify every unique participant. . . . . . . . .. ... ...

The experiment details page provides the detailed information of the user study. It
starts with the flow diagram of the user study and follows it up with the explanation
of every hyperparameter used for the experiment. . . . . . . . ... ... ... ...

Xix



C4

D.1

D.2

The hyperparameter submission form is used by the participant to submit the values
for hyperparameters and their corresponding comments. Once a hyperparameter
configuration is submitted, the user can view intermediate results and early stop the

training of the model. . . . . . . . . .. 52
Poster used to display on the screens of majority of faculty buildings at TU Delft. . 53
Flyer used to recruit people for user study. . . . . . . . . ... ... L. 54

XX



List of Tables

2.1 List of hyperparameters used for the user study. . . . . .. . ... ... ... .... 14

2.2 Comments available for participants. . . . . . . . ... ... o0 27

3.1 The hardware information of four machines used for the user study. The software
configuration of all these machines are same. GB refers to Giga Byte . . . . .. .. 29

3.2 The result table showing the evaluation metric for different machines used for user

study. . . . 29
3.3 The D’Agostino and Pearson’s normality test results. The null hypothesis is accepted

as the p-value for both data distribution is <0.05. . . . . . .. ... .. ... ... 31
3.4 List of group and participants. . . . . . . . ..o 34
3.5 Levene test for comparing accuracy distribution between groups divided using expe-

TIETICE. .« o o v v o e e 34
A.1 Interpreting different valuesof rg. . . . . . . . ..o 45

B.1 The final submission of each participant. List of abbreviations used for the headings
are listed in Table B.2 . . . . . . . . . .. 47

B.2 List of abbreviations used to display the final submission table. . . . . . . . .. . .. 48

xx1



Chapter 1

Background Information

In this chapter, we first provide background information to make the readers familiar with the
concepts involved in our research topics. Secondly, we offer a brief literature survey of research
discussing their approach, merits, and limitations that are related to our work. To the best of our
abilities, we could not find any research that is directly related to our goal - analyzing the role of
the human in deep learning hyperparameter optimization. However, there is much-related research
that has been conducted to identify the importance of hyperparameter optimization in the field of
deep learning.

In the following sections, we first describe the work done to explore the importance and role of
hyperparameter optimization in the area of deep learning. We then present the automated ma-
chine learning (AutoML) methods published to eliminate the need of human from the process of
hyperparameter optimization. Many AutoML strategies are inspired by the way humans train a
deep learning model. For example, Bayesian methods with early stopping are motivated by the way
humans analyze the loss and validation loss data during the hyperparameter optimization process.

1.1 Hyperparameter Importance

There has been recent surge in publications trying to emphasis on the need for efficient hyperpa-
rameters optimization and questioning the performance of recent complex deep learning models.
It has been shown several times that when more budget and time allocated for hyperparameters
optimization, there is very little or no performance difference between vanilla and complex models
[1=6]. The conclusions drawn from this research is two folds: First, there is a need to allocate more
resources for hyperparameter optimization process as it highly impacts the model performance. In
addition to the need for resources, there should be more emphasis on the research done to mitigate
the black magic in the hyperparameter optimization process and develop a better understanding
of the entire process. Secondly, it questions the need for researching new complex models as with
efficient hyperparameter optimization; it is difficult to differentiate between vanilla and complex
models.



The following subsections explain these publications in more detail, providing a brief introduction
of the research, presenting their key result, merits, and limitations.

1.1.1 Beating The State of the Art

This paper refers to the process of hyperparameter optimization as a ”black art” and provides an
automatic method to find optimal hyperparameter settings for any given learning algorithm. The
method is based on the Bayesian approach using Gaussian Process (GP) to model the distribution
of the final performance of the learning algorithm. The distribution expects the set of hyperparam-
eter values as input and provides the expected performance of the learning algorithm. In addition
to maximizing the final performance of the model, this AutoML method tries to minimize the time
and resources by following a greedy approach. It exploits the hyperparameter space with a high
probability of impacting the final performance.

The paper uses this GP based Bayesian approach to find the optimal hyperparameters for a 3-
layered convolution network used for object classification on the dataset CIFAR-10'. An expert for
comparisons performs the same task. The Bayesian approach found the optimal hyperparameters
that improved state of the art (at the time of publishing) by over 3% and about 3.98% better than
the expert. The only limitation of the algorithm is the number of training iterations required by
the AutoML approach. It demands a bigger budget and more resources when compared to human
optimization approach.

1.1.2 Evaluation of Neural Language Models

This represents a large scale study conducted to evaluate the various state of the art neural language
models. All these neural language models are based on vanilla recurrent neural network (RNN) that
aims to improve upon the ”shortcomings” of the vanilla model [6]. This research re-evaluates the
Long short-term memory (LSTM) models by using large scale black-box hyperparameter optimiza-
tion over the same task to eliminate any source of variation.

The models were evaluated on different datasets with varying size and difficulty. With large
computation budget allocated, 1000 run for each model, the vanilla LSTMs outperformed other
recently introduced complex models. The LSTM architecture achieved new state of the art results
on Penn Treebank? and Wikitext-2° corpora. The research concludes that with the huge amount
of computation, the new models can be easily outperformed or at least achieve similar performance
compared to the vanilla model. There lies a trade-off between the amount of computation and the
results reported. Thus, there is an apparent need for solutions to make model evaluation cheaper

!See https://www.cs.toronto.edu/~kriz/cifar.html
2See https://www.ling.upenn.edu/courses/Fall_2003/1ing001/penn_treebank_pos.html
3See https://github.com/pytorch/examples/tree/master/word_language_model/data/wikitext-2
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by reducing the hyperparameters or model’s performance sensitivity to it and researching better
hyperparameter optimization strategies.

1.1.3 Are All GANs Equal?

The purpose of the study was to evaluate different generative adversarial network (GAN) algorithms
and determine the possible differences in the overall performance among these algorithms. Various
GAN algorithms have been introduced recently?, and a majority of them have managed to achieve
notable results. The paper designed the experiments and metrics to test prominent GAN algorithms
on neutral grounds. The results show that if trained for long enough, all these algorithms achieve
similar performance level and no modified GAN algorithms consistently outperform the original
GAN [1]. The main goal of this study is to provide a rich comparison of major GAN algorithms
and identify which algorithms perform better (or worse) than others. This study also focuses on
presenting a methodology to compare different GAN algorithms fairly and without any bias.

The authors use FID (Frechet Inception Distance), precision, recall, and F1 score to evaluate the
models. Metrics like log-likelihood and inception score are discussed. However, the research claims
FID is the best fit and robust to handle the task in hand, supported by empirical evidence. The
paper approximates the values of precision, recall, and F1 score for each model using data manifolds.
The study uses an intuitive way to calculate these metrics efficiently. A new dataset is created (Toy
dataset) with a known probability distribution. The squared Euclidean distance is used to find the
resemblance between generated and real samples. If all different types of images are generated, the
recall is high. Moreover, precision is high when the distance between generated images and training
images is low.

Further, this study evaluates each model using two primary experimental setups. The difference lies
in the choice of hyperparameters. The first experiment, referred as wide one-shot setup, identifies
100 samples of hyperparameters using random search, whereas the other setup, termed as narrow
two-shot setup, uses 50 examples of hyper-parameters selected manually using the results of wide
one-shot setup over the single dataset, FASHION-MNIST®. Other design decisions explained in the
study include the choice of datasets (4 datasets from simple to medium complexity), selection of
the architecture, INFO-GAN [7], random seed to make the initial weights in architecture random
and computational budget. The budget is represented in terms of hyperparameters samples used
to find the best fit for the model.

For wide range setup, high variance in FID metric was found for each model. There was no
single model which was found to be significantly stable than others. While for narrow range setup,
the results shown are quite mixed. There are some models which are found to be more sensitive
to hyperparameters than others. Overall, FID values were reported much lower for wide range
hyper-parameter search. The study computes precision, recall, and F1 score over the toy dataset.
It was found that NS-GAN outperforms other models in terms of F1 scores. The study shows the

4See the ever-growing list of all GANs https://github.com/hindupuravinash/the-gan-zoo
5See https://www.kaggle.com/zalando-research/fashionmnist
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impact of increasing the computational budget. With the increase in budget, the minimum FID of
the model decreases while precision and recall increase for the majority of the models except for

BEGAN [4].

The results show that no model dominates other models. It was found that by increasing the
computation budget(or performing more hyperparameter optimization) can improve the perfor-
mance of the model. Conversely, with a low budget, it is difficult to make any significant inference
of the model’s performance. Further, the claims of some models outperforming the Original GAN
model are not supported by the found empirical evidence. The study concludes that future research
in GAN comparison should be done on neutral grounds and more focus is required to understand
and implement the hyperparameter optimization techniques better.

1.2 AutoML

The advent of new powerful and computationally expensive machine learning algorithms have fueled
the interest of many researchers in the field of hyperparameter optimization (HPO). This chapter
begins with a general introduction of the HPO problem, followed by an overview of the different
approaches that have been used for performing HPO.

1.2.1 Introduction

Every learning algorithm has a set of hyperparameters, and the task to obtain the set of optimal
values for these hyperparameters is called HPO. The optimal set of hyperparameters leads to faster
convergence, higher accuracy, and better results in general. These parameters govern the perfor-
mance of any learning algorithm to a huge extent, and simple optimization of these hyperparameters
has been found to improve many of the existing state of art results [7].

Let x be a learning algorithm with N hyperparameters. The domain of each hyperparameter
is denoted by A, where the domain of n-th hyperparameter is represented by A,,, and the combined
configuration space as A = Ay X Ay X ...A,,. Thus, the learning algorithm using a vector of hyper-
parameters instantiated to A can be expressed as y.

There are different ways to express the domain of a hyperparameter based on its type. It can
be real-values, integer-type, Boolean, or categories. Furthermore, the existence of certain hyperpa-
rameters can be dependent on a conditionality, that is, a hyperparameter only comes into existence
only if another hyperparameter is set to some specific value. For example, while using different
machine learning algorithms as a categorical hyperparameter, many other algorithm-specific hyper-
parameters become active only if the corresponding algorithm is being used. Thus, the problem of
HPO can be formally presented as:



>‘* =arg, man(La XX Dtraina Dvalidation) (11)
AEA
where F (L, X, Dirains Dvatidation) 18 the final performance metric generated by the learning algo-
rithm y when trained using a set of hyperparameters initialised using vector A € A.

1.2.2 Grid Search

The first automated algorithm to search over the configurable space A is done by exploring every
possible set of values. The user bounds the domain for each hyperparameter, and grid search algo-
rithm evaluates the possible Cartesian product over these hyperparameter sets [9].

Although grid search explores every possible set of values and guarantees optimal results, it also
suffers from the curse of dimensionality [10]. As the number of possible set combinations increases,
the possible set of combinations increases exponentially. In real-life scenarios, HPO is bounded by
the budget, and thus the number of values that can be evaluated for each of the N hyperparameters
are limited to Budget% [11], where N is the total number of hyperparameters. In the majority of
the cases, it is seen that some hyperparameters are more important for the learning algorithm than
other [1],[12].

1.2.3 Random Search

The major drawbacks of grid search motivated Random search [I]. Random search generates dif-
ferent possible sets of hyperparameters by randomly choosing the value of each hyperparameter. It
tends to work better than grid search when some hyperparameters are more important than others
as it explores more values for each hyperparameter under a certain budget, see Fig. 1.1.

The random search is widely used as the baseline for many other HPO approaches as it does
not make any assumptions about the underlying machine learning algorithm and is expected to
achieve nearly optimal performance if given enough resources. Although random search gives posi-
tive results, it is still non-adaptive, that is, it does not take into account the result of the experiment
before deciding the new set of hyperparameter values. Also. It tends to fail on highly sequential
optimization tasks, performing worse than grid search [1].
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Figure (1.1) Exploring of different hyperparameter values in the grid and random search strategies.
Figure reproduced from [1].

1.2.4 Evolutionary Strategies

The evolutionary strategies generate a set of candidate solutions of the hyperparameter values.
Based on the performance of the model obtained for the solutions, the strategy updates the model
distribution and generates a new set of candidate solutions with the motive that this new set will
produce better performance metric for the model [13].

These two strategies differ in the way they use the results to generate a new set of candidates.
The evolution strategy samples the candidate sets of solutions from a normal distribution and
based on the evaluation results; this normal distribution is updated by replacing the new mean
with the best performing candidate from the prior sample. The next set of candidate solutions is
sampled around the new mean. Another strategy - genetic algorithm - considers only top 10% of
the candidate samples to make decisions for the next candidate generation. It randomly selects
two possible sets from this sample and generates new samples. Due to the greedy nature of these
strategies, it is likely to get stuck at a local optimum. These strategies do not explore the area
because the sample is always limited in space due to constant variance. If the variance is increased,
it becomes difficult for these strategies to converge at one solution. CMA-ES solves this problem
by adaptively increasing or decreasing the search space based on the result obtained for candidate
solutions. It samples candidate solution set from a multivariate normal distribution and updates
its p, o, and X based on the results obtained.

Evolutionary strategies are simple to implement and execute in parallel [I1]. However, as the
number of parameters increases, it suffers a setback in terms of performance due to covariance
calculation.



1.2.5 Bayesian Optimization

Bayesian optimization was the first autotuned network to win the competition against human ex-
perts [15]. It gained interest by achieving state of the art results for image classification using
neural networks [16],[17]. Bayesian optimization can be described as an iterative algorithm that
aims to predict the distribution of the models final performance metric with respect to hyperparam-
eters. It is comprised of two major components: a surrogate model and an acquisition function. The
results obtained through model evaluations are used to fit the surrogate model to a distribution.
The acquisition function uses this distribution to sample new configuration set of hyperparameters
that maximizes the final performance metric of the model. It is designed to find the trade-off be-
tween exploitation and exploration; that is, one of the main objectives of the acquisition function
is to balance the sampling of points from the region of high certainty and unknown regions. This is
necessary to avoid getting stuck at a local optimum. Many different models have been published,
varying based on the choice of surrogate models to acquisition functions used. A few of the promi-
nent approaches are presented in the following section below.

Gaussian Process

The Gaussian Process (GP) has been proven to provide a strong prior over functions, and it has
been widely utilized for properties like smoothness and their measurement of uncertainty estimates.
The GP works on a principle that any finite set of observations with a Gaussian prior induces a
multivariate Gaussian. Initial prior can be used to plug in the expert knowledge about the learn-
ing model distribution. The GP is defined using a mean and a covariance function. The mean
is assumed constant or centered around 0. Thus, the quality of a GP is defined by its covariance
function. The covariance function is represented as a Kernel where the common choice is squared
exponential kernel. However, this choice of the kernel was found to give very smooth distributions
and do not apply to the majority of practical problems [5].

One of the challenges of Bayesian optimization is to achieve parallelism. Since the algorithm tries
to learn from each model evaluation, simple batch parallelism loses important information. The
Markov Chain Monte Carlo (MCMC) estimates of acquisition functions using data from evaluated
results and models being evaluated. The calculation of covariance function has been shown to
scale cubically with the number of data points. This limits the number of configurations that can
be evaluated under the given budget. Many new approaches have been suggested, for instance,
using cylindrical and additive Kernels, evaluating model only on a subset of data, use of random
embeddings to trade off space for speed [15].

Random Forests

Another majorly used surrogate model used for HPO are Random Forests. These are simple ma-
chine learning models generally used for classification and regression tasks and have been proven to



be highly suitable for categorical data [19]. It is considered to be the ensemble of regression trees
where each life contains the learning algorithm final performance metric. It starts with randomly
sampling configurations for evaluation, and using these evaluations a random forest is generated.
Every node is split when minimum number of hyperparameters are considered and the number of
configuration evaluations used at that node is greater than n,,;,. These are the parameters set by
the user. The Regression forests predictive mean and variance is used to calculate the distribution
of learning model function distribution.

Random forests boost high parallelism, easy to scale to high dimensions and work well with high
categorical parameters, unlike GP. The scaling for fitting the surrogate model and predicting the
variance is in the order of Log(n) and n*Log(n), respectively, compared to n? and n? for GP [20].

Tree-Structured Parzen Estimators

Contrary to Gaussian process, where the model distribution is predicted using P(Y/x) where z is
a given set of hyperparameters and Y is the model final performance metric; Tree Parzen takes
the opposite approach. It replaces the prior distribution with I(z) and g(z), both represents non
parametric densities of the points. The I(z) represents the density of points where the corresponding
model performance was observed to be lower than y*, whereas g(x) represents the points with
performance greater than y*. The y* is chosen to be some quantile of the observed performance
metric and keeps on updating with each new evaluated result. These observed densities are used to
maximize the expected improvement to find new candidates for evaluation. It is solely dependent on
the ratio %, which means for maximum improvement it is ideal to draw points from I(z) density
region. The configuration set with the greatest expected improvement is returned [20]. It has
been widely used to optimize parameters for deep neural networks for image classification, speech

recognition, and neural language modelling [21].

1.2.6 Multi-Fidelity

All approaches presented in the above sections need the model to complete the training and learn
from the results obtained. They treat the execution of the model as a black box, and thus, with the
onset of complex architecture and huge datasets, training exceeds several hours or even days [22].
One novel way to search for optimal hyperparameters is to train the model on a smaller subset of
training data, by using a subset of features or reduce the size of images et al. Another approach
includes predicting the model distribution based on the data collected using fewer iterations and
early stopping the training of models [23].

The Bayesian optimization does improve the performance of human experts but at the cost of
more resources or budget. One of the main reasons is that, unlike humans, Bayesian optimization
algorithms do not observe the intermediate results in their learning. The prediction of the learn-
ing curve of the models performance, based on a few model iterations, can be used to predict the



final performance of a model. This predicted final performance value is compared with the current
best value to decide if the training should be continued. It records the performance of the model
at regular intervals and a linear combination of 11 parametric functions to generate the model
distribution for the given set of hyperparameters. MCMC inference is used to predict the final
performance value of the model. This approach was used to predict the optimal combination of 52
hyperparameters of image classification on Cifar-10 using ten fully connected layers. It managed to
speed up the HPO process by the factor of 2 when compared to Bayesian optimization (SMAC,TPE).

Another similar approach, Freeze-Thaw Bayesian optimization, explores N possible hyperparam-
eter configurations at a time for m intervals and uses these results to refit the Gaussian process.
It eliminates worst performing models and replaces them with new hyperparameter configurations
generated using Gaussian process and acquisition function [24].

The use of bandit-arm strategy for HPO improved upon the existing strategies in terms of the
budget. The successive halving algorithm shifts the focus on the budget available for optimization
of hyperparameters [25]. It randomly samples the initial set of configurations of hyperparame-
ters that will be used to evaluate the model. Initially, all configurations were allowed fixed set of
iterations r and based on the obtained performance results, worst performing half of these config-
urations is dropped. Thus, in the end, only the best performing configuration is returned. The
complete algorithm for a set of 8 different combinations of hyperparameters is shown in Fig. 1.2.
The shortcoming of this approach is the need of trade-off between the number of configurations
and budget available. The user can choose to assign more budget to a small number of configura-
tions, which creates the problem of wasting resources on poor configurations by training them for
a longer period, or small budget for more number of configurations that causes premature stopping
of promising configurations.

Hyperband was introduced to combat this problem of finding an appropriate balance between the
number of configurations and the budget. Another motivation to introduce Hyperband was to ex-
plore more algorithms based on a random search. The Bayesian optimization was found to surpass
random search but only by little margins [17]. The random search is conceptually simple, easy to
implement and is embarrassingly parallel which makes it a viable option to pursue [14].

Hyperband selects multiple configurations at random and divides them into multiple batches of
the successive halving algorithm. Each batch returns their best performing configuration, and out
of these, the top-performing algorithm is returned. It showed improvements over random search and
black box Bayesian optimization algorithms and took only constant time more than vanilla random
search when used for HPO of deep neural networks [206]. Another interesting algorithm, BOHB,
aims at combining the best of Hyperbands early stopping approach with prominent Bayesian ap-
proach to learn the new configurations from the past results rather than randomly sampling over the
configuration space. It uses the collected dataset including the partial run of each model and uses it
to generate a new batch of configurations. It uses a similar approach to Tree Parzen estimator but
rather than using a multiple single-dimensional KDE; it uses single multidimensional KDE. To fit
this kernel at least D+1 evaluations are required, where D is the number of hyperparameters being
tuned. The BOHB tries to balance the exploitation and exploration while finding the next set of
hyperparameters by choosing p fraction of total samples randomly. It outperforms all the state-of-
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Figure (1.2) Outline of the successive halving algorithm. After each set of iterations, the number of
configurations is reduced to half, and only the best one survives to finish the complete training. Figure
reproduced from [2].

the-art methods of HPO for tasks like SVM classification, deep neural networks, and reinforcement
learning [18].

1.2.7 NAS - Neural Architecture Search

The HPO takes place after the model architecture is designed and implemented. However, de-
signing and implementing complete architecture requires expert knowledge and time. Thus, neural
architecture search aims to develop a complete architecture and find the optimal set of hyper-
parameters using just the validation set. One of the first variants of NAS used re-enforcement
learning with gradient-based optimization to find the optimal combination of architecture and its
hyperparameters [27]. It uses an RNN based controller that updates the architecture and choice of
hyperparameters using a performance metric of the model created. The performance metric of the
model is used as a reward signal to update the current model to maximize the reward. Although
architecture choices are limited to CNNs and RNNs, NAS provides a wide range of choices ranging
from enabling skip connections, pooling, local contrast, et al.

The results show that NAS was able to build a model for CIFAR-10, which achieved 0.09% better
performance and 1.05 times faster than state-of-the-art. During this experiment, NAS came up
with staggering 12,800 intermediate architectures, and 800 GPUs were used concurrently for train-
ing purposes. It becomes clear that one of the major shortcomings of NAS using re-enforcement
learning is an extensive requirement of computational resources.
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Chapter 2

User Study Design

This chapter explains the user study designed to collect the participant’s data used to answer the
research questions. It attempts to explain the design choices considered and provides the reasoning
behind the decision. It starts with a general introduction and flow of the experiment, followed by
a brief explanation of each major component in the research.

2.1 The Experiment

The experiment aimed to replicate a hyperparameter tuning scenario in the best possible way. To
facilitate hyperparameter optimization for the participant with no experience with deep learning
or computer science, we decided to make a simple user interface. The user interface is divided into
three significant components - participant’s background information, interface to submit the values
for hyperparameters, and live graphs to view intermediate training results.

The participant submits their number of experience in deep learning and highest current education
level using participant’s background information. After submitting their background information,
the participant selects the values of hyperparameters and submit it using the hyperparameter in-
terface. The participants were motivated to add comments for each hyperparameter to understand
the reasoning behind the selected value. Once the hyperparameters are submitted, the model starts
training in the background, and intermediate visualization is made available for the participant to
analyze the impact of selected hyperparameter values. All three components are shown in Figures
2.1, 2.2 and 2.4, respectively.

12



Background Information

Experience with Deep Learning (in
months)

Highest education level.

Select your Level

Figure (2.1) Background Information collected for each participant.

Epochs: Select your Comment
Batch Size: Select your Comment
Loss Function: | Select Loss Function Select your Comment
Optimizer: Select type of Optimizer Select your Comment
Select this to indicate your final submission

Figure (2.2) Interface to submit the values for hyperparameter. Next, to every hyperparameter field, a
comment field is given to enter the reasoning behind the value provided by the participant.

2.1.1 Background Information

Every participant was asked to submit their background information - experience (in months) in the
field of deep learning and highest education level. The expertise in areas related to deep learning
like machine learning, artificial intelligence, etc. is excluded. This study aims to find the relation
between the participant’s experience and the final performance of the deep learning model. The
highest education level information could help us understand the variance in the final performance,
if any, within the participants with similar experience level. The participants were not asked to
submit any other personal information that could be used to trace the final results of the experiment
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back to a specific participant.

2.1.2 Hyperparameters

The hyperparameters are the key component of our user study. These hyperparameters are divided
into two sets of categories - mandatory and non-mandatory hyperparameters. The complete list of
hyperparameters is shown in Table 2.1. The mandatory hyperparameters are required for the model
to start training. The non-mandatory list of hyperparameters are conditional hyperparameters; that
is, it is dependent on the choice of optimizer hyperparameter. These are the hyperparameters that
control the behavior of the optimizer algorithm and, if the participants provide no value, the default
values suggested by the designer of these algorithms are chosen. Below we provide brief information
about each hyperparameter used in this study.

Table (2.1) List of hyperparameters used for the user study.

Type Hyperparameter Default value

Epochs -
Batch size -

Mandatory Loss function -
Optimizer -
Learning rate 0.001
Weight decay 0
Momentum 0
Rho 0.9
Lambda 0.75

Optional | Alpha 0.99

Epsilon 0.00001
Learning rate decay 0
Initial accumulator value 0
Betal 0.9
Beta?2 0.999

Epoch: The epoch controls the number of times the optimizer algorithm iterates over the entire
data set. It is defined before training of the model, and, one epoch is finished when an entire
dataset has completed both forward as well as backward iteration exactly once. The minimum
value for this field is 1 as there is at least one epoch required to go through the complete
dataset. Generally, a model requires more than one complete iteration over the dataset to
learn the problem distribution better. The Figure 2.3 shows the differences between epoch,
batch , and iteration'.

1See https://www.quora.com/What-is-an-epoch-in-deep-learning
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Batch Size: When dealing with large datasets, one epoch is too big to feed to the algorithm at
once. So, one epoch is divided into multiple batches. A batch is the total number of training
examples used for one forward and backward pass by the optimizer algorithm. Figure 2.3
explains the relation between epoch, batch size, and iterations. The minimum value required
for batch size is one as the optimizer algorithm needs at least one training example to learn
the correct value of weights.

[ ]
. @ Iteration
L N N

We cannot pass the entire If we have 10,000 images
An Epoch represents one dataset into the neural as data and a batch size of
iteration over the entire natwaork at once. So, we 200, then an epach should
dataset. divide the dataset into contain 10,000/200 = 50
number of batches. iterations.

Figure (2.3) The number of training examples in the dataset and the batch size together decide the
number of iterations required to complete one epoch. The figure is reproduced from an online blog post.

Loss Function: Every deep learning model learns using a loss function. The loss function is a
mathematical way to measure how wrong the predictions are of your model. It is a method
of evaluating how well the model has learned the given problem. If the prediction deviates
too much from truth results, the loss function is usually high. The participants were given
different choices of the loss function to choose from, and each option is explained below:

1. Cross entropy’:

Cross entropy loss measures the performance of a classification model whose output is a
probability value for each class depicting the confidence for each category. Cross-entropy
loss increases as the predicted probability diverge from the actual label. A perfect predic-
tion would have a log loss of 0 as it would have value 1 for the correct class and zero for
the rest. The equation 2.1 shows the calculation of cross-entropy loss for a single training
example. The cross-entropy is represented as the combination of softmax function® and
negative likelihood. The x contains the output from the last layer of the model for each
class, and class is the index of the correct label.

— explx[class]]
loss (z, class) = —log <—ZJ ea;p(a:[j])) (2.1)

2We use torch.nn.CrossEntropyLoss method from python
3See https://en.wikipedia.org/wiki/Softmax_function
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2. L1 loss™

It is also known as the Ll-norm loss function. The L1 loss is minimizing the sum of
the absolute differences between the target value and the estimated values. It calculates
the distance between the predicted values and the true labels for each training example.
The equation 2.2 depicts the L1 loss of a single training example where z,, is the output
value of the model for class n and y,, is the correct value.

loss (z,y) = L = {l1,ly..1,} " 1 = |20 — yn| (2.2)
3. Mean squared loss®:

It is also known as the L2-norm loss function. The mean squared loss calculates the
difference between the model’s predictions and the ground truth, square it and average
it across the complete dataset. The equation 2.3 shows the mean squared loss calculation
for one training example x with the truth value y.

loss (z,y) = L= {ly, lp..ln} |1y = (2 — )’ (2.3)
4. Negative likelihood®:

The negative log-likelihood loss is high if the model puts low confidence at the correct
class, and it is low when the model puts high confidence in the right class. The equation
2.4 represents the calculation of negative likelihood for a single training example. The x
contains the output values for each class passed through a softmax function.

loss (x, class) = —log (x[class]) (2.4)

Optimizer: During the training process, the model updates its weight and parameters to min-
imize the loss function and make predictions more accurately. The optimizer connects the
loss function with the model’s parameters and weight by updating the model in response to
the output of loss function. The optimizer tries to shape and mold the model into its most
accurate form. The loss function guides the optimizer by guiding the model to update the
weights in the right direction.

The optimizer algorithms have been used extensively in the field of deep learning [28-30].
Below are the several prominent optimizer algorithms that are widely used in the field of deep
learning and have been chosen as the different options for the choice of optimizers.

4We use torch.nn.functional.1l1 _loss method from python
5We use torch.nn.MSELoss method from python
6We use torch.nn.NLLLoss method from python
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1. Stochastic Gradient Descent (SGD):

The SGD is a variant of the most popular optimization technique used in deep learning,
Gradient Descent [31]. The gradient descent is fast, robust, and easily adaptable to mul-
tiple domains. Gradients are partial derivatives of the weights in the model and are a
measure of change. It calculates the impact of small change in the weights of the model
on the loss function. Guided by the loss function, the weights are updated to move in the
right direction. These two steps are repeated until the loss function is as low as possible.
The gradient descent has been used across all types of Machine Learning and other math
problems as an optimization technique.

SGD used gradient descent to optimize the model, but instead of using every training
example in the dataset to update the weights, it uses single or multiple examples as a
batch for each pass. The convergence time increases for gradient descent as the size of
dataset increases, and thus, SGD leads to faster convergence.

2. Averaged SGD:

The averaged SGD, as proposed in [32], is a variant of SGD that aims to reduce the
impact of noise present in the training examples. The complete procedure of optimiza-
tion is similar to SGD, but instead of updating individual weights, the averaged SGD
takes the mean of weights as the final solution.

3. Adagrad:

The learning rate is found to be a vert difficult hyperparameter to set [33]. If it is
set too small, then the parameter update will be slow, and there are high chances of
getting stuck into a local minimum. Otherwise, if it is set too high, there are chances
of never settling at the optimum loss. The learning rate is usually set constant for all
parameters in different dimensions, which make things worse as each parameter has dif-
ferent sensitivity on each dimension.

The Adagrad is one of the first well-known algorithms to mitigate this issue by adaptively
scaling the learning rate in each dimension. The learning rate is scaled using the accumu-
lated squared gradient collected in each dimension over time. Thus, the dimension with
less frequent updates receives high learning rates. Although, due to the accumulation of
gradient over time, the Adagrad suffers from learning rate decay problem. The learning
rate becomes close to 0 in a few dimensions, which stops the learning in the model. As
this algorithm decreases the learning faster for more frequent parameters, and relatively
slower for a non-frequent parameter, it is more suited for sparse data.

4. RMSProp:
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RMSProp was never published in the scientific literature but was taught in one of the
lectures in the course Neural Networks for machine learning”. The RMSProp also belongs
to an adaptive learning rate family and uses the moving average to adapt the learning
rate based on the squared gradient received for each parameter. As the name root mean
square suggests, RMSProp uses the square root of the mean squared gradient value to
modify updates for each parameter. Similar to Adagrad, the updates with time becomes
smaller as the squared gradient increases. It is ideal for a convex problem with one
minimum but for a non-convex problem it creates a problem as there are high chances
of getting stuck in local minima.

. Adadelta:

The Adadelta and RMSProp were stemmed out at the same time, trying to fix the
shortcomings of Adagrad. The Adadelta tries to minimize the learning rate decay prob-
lem by limiting the past gradient values considered to adapt the learning rate [34]. Tt
tries to consider the last W values of the past gradient to calculate the moving average
and combined with the current gradient value, and it decides the learning rate for each
parameter. Similar to RMSProp, it uses the root mean square value of the pst gradients.

. Adam:

Adam, stands for Adaptive Moment Estimation [35], is another stochastic gradient opti-
misation technique that uses adaptive learning rate to speed up the optimisation process.
The learning rate is a hyperparameter that decides the amount of update required for
each weight. The Adam uses different learning rate for each weight in the model, con-
trary to SGD where all weights share the same learning rate. The weights that receive
very small or less frequent updates over time receives large learning rate from Adam.
This speeds up the learning process as the learning rates are tuned automatically and
no manual intervention is required.

In order to handle the diminishing learning rate issue, Adam uses exponential average
decay for squared gradients to prevent it from accumulating over time.

2.1.3 Intermediate Visualizations

The common practice during hyperparameter optimization is to evaluate the intermediate training
results. The training is a costly process, and depending on the task, it could take from hours to
days to complete. The analysis of the loss values during the training of the model could provide

"See https://www.coursera.org/learn/neural-networks/home/welcome
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valuable insights into the final performance of the model being trained. Figure 2.4 shows the two
visualizations that were made available to each participant. The first visualization plot the loss for
each batch in an epoch. It is consistently overwritten with each epoch. The second visualization
plots loss value for each epoch. These visualizations were updated in real-time as the model is being
trained and a participant could decide to cancel the training if the participant feels the current
configuration of hyperparameters is not optimal in a bid to save time and try more configurations.
We used Visdom®, an open-source library from facebook, to plot the loss visualizations in real-time.

Batch loss trace for a single Epoch Epoch loss trace

2.302.

2298
2296

2294

Loss

2292

225 2288

2286

5 10 15 20 25 30 1 1.2 14 16 1.8 2

Batch Number Epoch Number

(a) The batch vs. loss graph. The x-axis (b) The Epoch vs. Loss graph. The x-axis
depicts the batch number while the y-axis depicts the epoch number while the y-axis
shows the loss for that specific batch. shows the loss for that specific epoch.

Figure (2.4) Intermediate training results.

2.1.4 Dataset

The task decided for this user study was object classification. The participants were asked to train
a model using the given set of hyperparameters to perform object classification over ten classes.
The object classification is the most prominent and classical problems that were solved using deep
learning. It paved the way for the development of complex and effective deep neural networks that
are being used in the majority of domains today.

The choice of the dataset was effected by the size and the difficulty of the dataset. Initially, we
decided to experiment with MNIST Handwritten Digit dataset. The size of the dataset was small
enough to let participants try multiple hyperparameter configurations without having to wait too
long for training. Although the complexity of the dataset was lower than the required standards.
The deep learning models have become so advanced that it was straightforward for the model to
learn this dataset representation and perform the majority of the times accurately. In order to make
the user study problem a bit more realistic, we decided to use Imagenette’.

Imagenette is a subset of the famous ImageNet dataset'’ [30] and is used to evaluate the credi-
bility of the model before it is trained and tested on the ImageNet itself. It has ten classes, as

8See https://github.com/facebookresearch/visdom
9See https://github.com/fastai/imagenette
10See http://www.image-net.org/
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shown in Figure 2.5, with each class, has 1300 training images, 50 in the validation set and test set
of 50 images. Each image is of size 160 px.

(c) Class Tench

Sl

B

(f) Class French Horn

(g) Class Garbage truck (h) Class Gas pump (i) Class Golf ball

LS

(j) Class Parachute

Figure (2.5) Imagenette Dataset example image from each class.

2.1.5 Model Used

The choice of the model is dependent on the type of task and dataset available. For object de-
tection, various models have been implemented and have proven to show high performances. As
each participant will train a model from scratch for every hyperparameter configuration, we wanted
to find a model that is small in size, less trainable parameters but at the same time deep enough
to be able to perform well for the given problem. We tried various models including LeNet [37],
ResNet [38] and DenseNet [39] but ultimately decided to implement SqueezeNet [3]. The LeNet
has a smaller size and lower accuracies while ResNet and DenseNet come with many deeper layers
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that increased the training time. The SqueezeNet has smaller size but similar final performances
when compared to the other models.

The SqueezeNet reduces the size of the model by reducing 3x3 convolution filters with 1x1 con-
volution filters. It introduces a fire module that consists of two parts. First, the squeeze layer
that is made up using 1x1 convolution filters. Next is the expand layer that is the combination
of 1x1 and 3x3 convolution filters. The fire module is shown in Figure 2.7a. The squeeze layer
helps in reducing the number of channel input to the expand layer reducing the number of trainable
parameters in the model. Figure 2.7b shows the complete architecture of the SqueezeNet model.
The model starts with a standalone convolution layer, stacked with eight layers of fire modules. As
it can be seen from Figure 2.6, the number of filters is gradually increased in the fire modules.
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Figure (2.6) The two components, squeeze and expand layer, forms the fire module in the SqueezeNet.
The squeeze layer reduces the number of channels for expanding layer, therefore, effectively reducing the
number of trainable parameters.

The performance results comparison of SqueezeNet with AlexNet [10] on an object classification task
is presented in the literature [3]. There is 50 times reduction in the size of the model in SqueezeNet
while exceeding the Topl and Top) accuracy when compared to AlexNet. These results motivated
our decision to select SqueezeNet as a model for our user study as it is much faster to train while
providing comparable accuracy when compared to prominent models available in deep learning.
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pand layer, forms the fire module in the
SqueezeNet. The squeeze layer reduces the
number of channels for expand layer, there-
fore, effectively reducing the number of
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(b) The complete architecture of the
SqueezeNet module. The conv represents
the convolution layer and fire represent the
fire module.
Figure (2.7) SqueezeNet model’s building blocks and the architecture. The figure is reproduced from
SqueezeNet published literature [3]

2.2 Design Motivation

This section lists the reason for certain choices made during the design of the user study. The user
study is the main part of this research, and each component of this user study was added after

careful consideration and sufficient motivation.
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2.2.1 Web Platform

The key requirement of this user study was to replicate the hyperparameter optimization setting
without having people to worry about implementing and deploying their deep learning model on the
cluster. The idea was to include participants with a different background in the deep learning field,
and, that includes a participant with no experience in the field of computer science. To facilitate the
hyperparameter optimization task, the choice of a web platform seems appropriate. Also, to answer
the question about the difference in strategies of different participants we would require detailed
information about every hyperparameter configuration selected by the participant, the order in
which these hyperparameter configurations were used and the participant’s reasoning for choosing
those specific values. Thus, by developing a web platform, every activity of a participant can be
easily recorded and managed.

This web platform is fully equipped with all the functionalities generally required during the hyper-
parameter optimization process. The participants could submit their choice of hyperparameters,
view the intermediate visualization during training, validate their model’s performance on the val-
idation set, and put an early stop to the training if required.

2.2.2 Task

The object classification is one of the most prominent and classical problems solved using deep
learning. It kick started the development of deep network models like AlexNet, ResNet, VGGNet,
et al. Thus, choosing task as object classification gave us the benefit of selecting from a variety of
open-source datasets and deep learning models.

2.2.3 Hyperparameters

One of the drawbacks of conducting a user study to observe and analyze hyperparameter optimiza-
tion is the time required for the model to complete the training. It is difficult to find participants
willing to be a part of long user study. Thus, we tried including the hyperparameters that are
required by the task in hand and is most commonly used. By including many hyperparameters, we
could have made it inconvenient for the participants to find the optimal values for each hyperpa-
rameter in the given time. We tried replicating an object classification task and included all the
hyperparameters required to train the model as efficiently as possible.

The choice of loss function and optimizers were restricted to balance the time and choices available
for the participants. Also, there are a plethora of choices available for loss functions and optimizer
and including them as options would require implementing each method, which makes it rather
inconvenient. All the options well suited for object classification task were included.
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2.2.4 Dataset

The selection of Imagenette'' as our dataset for the user study was an iterative process. We first
started with a simpler dataset, MNIST handwritten recognition. The training time was quite low,
but the task to classify MNIST dataset was found to be quite simple. The models could easily
classify images in MNIST dataset as the task was not complicated enough for the models to learn
as the image size is 28px and with only two colors black and white.

The other dataset we tested was Tiny Imagenet'?. This dataset has 200 classes with each class
contains 600 images. Due to the size of the dataset, the training time became too high. Finally,
we found a dataset that suits the object classification task, with the correct number of classes and
images so that the training time is not too high and represents a real-world problem.

2.2.5 Deep Learning Model

The selection of SqueezeNet was influenced by two major factors: size and accuracy. The user
study demanded that the model should have fewer trainable parameters but could achieve a similar
level of accuracy compared to other prominent models proposed in the literature. We experimented
with several models like LeNet, DenseNet, and SqueezeNet. As can be seen from Figure 2.8, LeNet
could only achieve maximum accuracy of 56.08% due to the shallow architecture of the model.
While DenseNet did improve the accuracy but at the cost of training time as it was required to
use high-resolution images (320px) for DenseNet. The SqueezeNet perfectly balanced these models
as it has a deeper architecture compared to LeNet while being easily trainable when compared to
DenseNet. It showed high accuracy for the object classification task over Imagenette dataset.

2.2.6 Hiding Certain Information From Participants

The participants were provided with only partial information about the task and dataset. They were
informed about the number of classes and size of the dataset, including the partition information of
train/Val/test. As the data is open source, a simple google search could giveaway optimal hyper-
parameter configurations available for this dataset. As the choice of model is majorly dependent
on the type of task and dataset, information about the model was completely masked.

1See https://github.com/fastai/imagenette
12See https://tiny-imagenet .herokuapp.com/
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Accuracy plot of LeNet over Imagenette for different Hyperparameter Configuration
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Figure (2.8) The accuracy plot for LeNet over Imagenette dataset. The x-axis represent the hyper-
parameter configuration number found using random search and y-axis is the final accuracy for that
configuration. The maximum accuracy achieved is 56.8% while the minimum being 10%

2.3 Participant Information

2.3.1 Recruiting Participants

For the user study, we conduct an open recruitment process inviting participants with different
backgrounds in deep learning. We promoted this study as a contest where the participant who
achieves the highest final accuracy on the test dataset wins. Apart from the first prize, there were
free drinks (coffee, tea, juices) and cookies available for every participant. The monetary payment
has been proven beneficial to motivate the participants and had positive effects on the participant’s
willingness to participate in research [11].

The recruitment process was done by advertising and promoting our user study throughout the
TU Delft communications channel. The poster for our user study was displayed on all the screens
of the library, 3SME, CiTG, 10, EWI, and TBM buildings. The advertisement promotes the user
study and encourages students from different educational backgrounds to sign up for user study
using a doodle link. The poster used for recruitment is shown in the D. During the signup process,
the participants were asked to choose a 2 hour slot. It was made clear in the requirements that
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a participant is free to leave at any point during the experiment, and the maximum duration was
limited to 2 hours.

2.3.2 Participant Data

The purpose of this user study is to gather data for the analysis required to demystify the hyper-
parameter optimization process. There are two types of information stored for each participant -
personal and experimental. The personal information includes the number of months experience in
deep learning and highest education level at the time of the experiment. The experimental data
contains all the hyperparameter combinations tried by the participant with the accuracy on the
validation set, subjected to the model’s completion of training. Every participant was asked to
submit their optimal choice of hyperparameter configuration to indicate the end of the experiment.
The final hyperparameter configuration for each participant is trained on the training and validation
set, and the final accuracy over the test set is recorded.

Apart from this, we encouraged participants to add their motivation or line of thoughts behind
choosing a certain value for a hyperparameter. The participants were provided with a predefined
list of comments to choose from and an option to add their comments. The predefined comments
can be viewed in Table 2.2. The predefined comments were included to make the commenting
process easier for participants. Also, it is easier to analyze the predefined comments compared to
personal comments, which would require much manual effort. Each comment was selected for a
reason, and it is explained below:

1. It is just a guess
It represents that the participant selected the entered value for a specific hyperparameter as
a random guess.

2. It is a suggested default value.
It means that the value chosen by the participant was suggested as default by the algorithm
designer, or mentioned as a part of best practices online.

3. It is the value that has worked well for me in the past
This comment is used to show the experience of the participant. It is used when a participant
uses a specific value of hyperparameter that has worked well for him in the experience, that
is, for other models trained by the participant.

4. It is the value I learned from previous submissions
It is used when a participant finds the value for a hyperparameter that produces optimal final
performance from the model. It is used to differentiate between the values learned from past
experience outside the user study and the ones learned from the experiment.

5. Other
It allows the participant to add more detailed comments. A participant can use this option
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to add any comment and explain more elaborately as to why a specific value is chosen for a
hyperparameter.

At the end of the user study, 463 different hyperparameter combinations were collected from 31
participants. The final hyperparameter configuration submitted by each participant is trained and
tested 10 times, and the average accuracy is reported as the final accuracy.

Table (2.2) Comments available for participants.

Comments

It is just a guess.

It is the suggested default value.

It is the value that has worked well for me in the past.
It is the value I learnt from previous submissions.

Other
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Chapter 3

Experiments and Results

This chapter explains the initial experimental setup and the analysis performed over the collected
data from the user study in order to answer our research questions. Firstly , we evaluate the impact
of hyperparameter configurations on the final performance of the model. Secondly, we correlate
the final accuracy of each participant with their months of experience in deep learning. Lastly, we
explore different strategies that is used by participants and how it varies with the background in
deep learning.

3.1 Experimental Setup

The user study was divided into multiple slots where each slot had the maximum capacity of four
participants. There were four machines running independently with similar configuration as shown
in the table 3.1. In order to validate the variance that could be induced due to the varying machine
configurations, mainly the run time of model training, same hyperparameter configuration is used
for the model and trained on four machines. The model is trained 10 times and average run time
for each machine is shown in the table 3.2. The results show that there is very minimal difference
between machines in terms of running time while there is no difference in the obtained final accuracy.
Apart from the underlying machines, everything was same for all participants. For every statistical
tests performed in following sections, we have used p-value as 0.05 to test the hypothesis, unless
specified otherwise.

3.2 Variance Due To Hyperparameter

In this section, we first answer our first research question, that is, if there is any variance in
the final performance of the model induced by varying hyperparameter configurations. The task,
model and dataset is same as the one used for the user study. Our goal is to validate that by
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Table (3.1) The hardware information of four machines used for the user study. The software configu-
ration of all these machines are same. GB refers to Giga Byte

Machine number processor | RAM GPU

Machine 1 17-3820 16GB | 1GB GTX-Titan
Machine 2 17-3820 16GB | 1GB GTX-Titan
Machine 3 17-3820 16GB | 1GB GTX-Titan
Machine 4 i7-2600K | 16GB | 1GB GTX-Titan

Table (3.2) The result table showing the evaluation metric for different machines used for user study.

Machine number execution time (in sec)
Machine 1 517.353
Machine 2 527.9

Machine 3 513.324
Machine 4 530.656

varying hyperparameter values, the final performance of the model changes. Thus, we used random
search! to automate the process. In total of 320 hyperparameter configurations were tested and
the Figure 3.2 shows the frequency histogram of the accuracy. The histogram shows the spread
of final performance of the model for the given task and dataset. The final performance is highly
varied, with 10-20% being the most popular range. It can be seen that maximum accuracy achieved
over 320 hyperparameter configurations using random search is below 80%. The mean, standard
deviation and variance of accuracy was found to be 41.83%, 25.34%, 642.52 respectively. An

overview of our approach is shown in Figure 3.1

3.3 Final Performance and Humans

In this section, we focus on answering our second research question by using the participant’s
performance data collected during user study. First, we compare the final performance achieved

"'We used sklearn.model_selection.RandomizedSearchCV method in python.

The hyperparametars
behave differently in
different settings. It is
necessary to verify if
varying hyperparametar
values has any impact on
final performance of the
maodel.

Problem

Different hyperparametar
configurations lead to

— different final
parformance (accuracy)
of the model.

Hypothesis

Research Question

Figure (3.1) An overview of analysis done to answer RQL.
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Figure (3.2) The frequency histogram for the accuracy collected over 320 different hyperpa-
rameter configurations using random search. The x-axis depicts the accuracy bins, that is, 0-10
is a bin containing all they hyperparameter configuration resulting in final accuracy in the range

[0,10). The y-axis represents the count for that specific range. The maximum accuracy achieved
is below 80% for the given model.
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by participants with their experience in deep learning. Following that, we group the participants
into three groups based on their experience and analyze these groups over accuracy and speed. An
overview of this section is provided in Figure 3.3.

Correlation between
accuracy and experience
The unvalidated
assumption that People with more
hyperparameter expernance in deep Grouped analysis of
optimization task is leaming are better at 2 : Accuracy vs —" accﬂricy v8
usually reserved for hyperparameter Experience
experts as it is optimization compared to
performed better by less experienced people.
experts, Grouped analysis of
L | number of tries
Problem Hypothesis Research Question

Analysis

Figure (3.3) An overview of the analysis done for RQ2.

3.3.1 Accuracy vs Experience
Normality test

The normality test is done to validate the distribution of the data. It is important as the choice
of many statistical methods are dependent on the underlying distribution of the data. We test
the data collected, the final accuracy of every participant, and the experience of a participant in
deep learning, for normal distribution using two methods. First, we plot a histogram and visually
validate the distribution. Secondly, we use D’Agostino and Pearson’s® test to validate the collected
data. D’Agostino and Pearson’s combines skew and kurtosis to create a robust test of normality [12].

Figure 3.4 shows the underlying distribution of the participant’s experience. It can be seen that the
data is not normally distributed. It is supported by the statistical results obtained using D’Agostino
and Pearson’s test as displayed in the Table 3.3. Similarly, using Figure 3.5 and Table 3.3 we can
safely assume that the accuracy distribution is not normally distributed.

Table (3.3) The D’Agostino and Pearson’s normality test results. The null hypothesis is accepted as
the p-value for both data distribution is <0.05.

Null hypothesis test score | p-value | Decision
Participant’s  experi- 7.56 0.02 Accept
ence is not normally

distributed

Participant’s accuracy 21.72 0.00019 | Accept
is not normally dis-
tributed

2We used scipy.stats.normaltest method from python.
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Figure (3.4) The distribution of experience in deep learning of participants that took part in the user
study.
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Figure (3.5) The distribution of final accuracy of participants that took part in the user study.
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Human and Hyperparameters

The final performance (accuracy) of the model was calculated on the test set using the hyperpa-
rameter configuration submitted as the final choice by each participant. In total, 31 participants
completed the user study. The standard deviation, mean, and variance in the final accuracy were
found to be variance is 26.318%, 55.95 and 692.65 respectively and the distribution is shown in
the Figure 3.6. The The x-axis depicts the experience of the participants while the box plot shows
the distribution of multiple participant with same experience and the mean. It can be seen that the
final achieved accuracy tends to increase with the experience of participants. This shows that final
performance of model is related to the participant training it. In order to verify the correlation be-
tween experience and final accuracy on the test set, we performed Spearman?® correlation test. The
results showed a strong positive correlation between experience and accuracy with a correlation
factor of 0.6318 with p-value 0.00018.

Experience vs Accuracy (31 participants)

80 1 m
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40 -

30 -

accuracy (%)
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10 +

T
0 3 4 5 6 9 10 12 18 20 24 36
Experience {months)

Figure (3.6) Distribution of final performance (accuracy) of each participant.

From the Figure 3.6, we can see the jump in accuracy in participants with 4 or more number
of experience in months. But the accuracy levels become similar and comparable as the experience

3We used scipy.stats.spearmanr method in python
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increases. Thus, to validate if the accuracy distribution is different and vary as the experience
increases, we divide the participants into three groups. The details of grouping is shown in the
Table 3.4. The grouping was done based on experience and number of participants in each group.

Table (3.4) List of group and participants.

Group Grouping Criteria Number of participants
1 Experience = 0 8
2 Experience > 0 and <=9 11
3 Experience > 9 12

3.3.2 Group Analysis
Accuracy

The first experiment was done to test the group distribution and validate the hypothesis that
all three distributions are different and there is a variance that is induced due to experience. We
performed levene test to validate the hypothesis as the group distributions, accuracy and experience,
are not normally distributed. Levene’s test is widely used to verify if the given distributions have
equal variance [13]. If the distributions are same and have equal variance, it is called as homogeneity
of variance. That is, there is no variance or difference in the given distributions. The levene test
can be used to verify this assumption for the distributions that is not normally distributed.

Table (3.5) Levene test for comparing accuracy distribution between groups divided using experience.

Groups Score | p-value
Group 1 vs Group 2 | 8.40 0.01
Group 1 vs Group 3 | 14.338 | 0.001
Group 2 vs Group 3 | 5.52 0.029

The results from Levene* test are shown in the Table 3.5. The p-value shows that it is safe to
reject the null hypothesis, that is, the distributions do not have homogeneous variance. It can be
seen from Figure 3.7 that Group 1 and Group3 have the highest variance and thus have the highest
Levene test score.

Number of Turns

Now that it has been established that final performance of model is positively correlated with the
experience of the participant, it was interesting to see which participants to see how many different
hyperparameter configurations each participant had to try before reaching a certain final accuracy.

4We used scipy.stats.levene method in python.
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Figure (3.7) Distribution of final accuracy of each group. The green triangle represent the mean while
yellow mark displays the median of the distribution.

It reflect the resources used by each participant to achieve the threshold accuracy. This number of
tries of each participant is related to participant’s experience in a bid to find any correlation. The
Figure 3.9 shows the number of tries distribution for each group for three different final accuracy,
that is, 25%, 50% and 75% respectively. It can be seen that Group 3 participants were quickest
to improve the accuracy for all 3 different thresholds and thus using minimal resources to achieve
better results. Figure 3.8 depicts the average trace of each group, that is, the average accuracy of
each group after the specific number of tries.The shaded region represents the standard error of the
distribution calculated using the standard deviation of the distribution.

Thus, to answer RQ2 we can state that final performance of the model increases with the increase
in participant’s experience in deep learning. Also, participant with higher experience can achieve
better accuracy faster compared to others.

3.4 Strategies of the Experiment

In this section, we focus on answering an exploratory question. The question, What are the
different strategies followed by participants and how do they evolve with experience?,
aims to find insights in the strategies used by participants. This is an exploratory research question
and is intended to provide better understanding of hyperparameter optimization strategies rather
than conclusive evidence of which technique is better. First, we analyze the comments submitted
by the participants to explain the choices made for each hyperparameter. We follow it up by the
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Figure (3.8) Average seen trace: it plots the average accuracy of the group observed after the specific
number of tries. The shaded region represents the standard error for the distribution.

discussion on the use of default values that is suggested by the algorithm designers in the published
literature.

3.4.1 Analysis of Comments

The participants were encouraged to leave comments explaining the reasoning behind choosing a
specific value for a hyperparameter. In a bid to gather maximum comments, we let users choose
from predefined comments explained in the Section 2.3. The Figure 3.10 shows the distribution of
comments for each user and for each group, as specified in the Table 3.4.
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Figure (3.9) Number of different hyperparameter configurations required to achieve the mentioned
threshold accuracy by available groups. The mean value of each group is marked for each distribution.
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(a) The batch vs loss graph. The x-axis depicts the batch number while y-axis shows the loss for that
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(b) The Epoch vs Loss graph. The x-axis depicts the epoch number while y-axis shows the loss for that
specific epoch.

Figure (3.10) Intermediate training results.

The Figure 3.10a shows the comments percentage distribution for each experience category. The
majority of comments for participant with low experience is dominated by random guessing com-
ments which indicate the random strategy adopted by these participants. The random guessing was
found to be negatively correlated with the increasing experience. We used Spearman’s rank-order
correlation and the value was found to be -0.58 with p-value 0.0007. The group distribution of
comments show the consistent decrease in random guessing and increase in using values from past
experience (green).

Submission | Alpha.Value Alpha.Comment.Value | Accuracy
#

1 0.75 2 68.6%

2 0.75 3 67.6%

Figure (3.11) An example depicting how a participant with no experience in deep learning
confuses between the comment type 3 and comment type 4.

From the Figure 3.10b, we can see that Group 1 which contains participants with only 0 experience
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in deep learning has second highest comment percentage for past experience. This means that
22% of values used by these participants were based on their prior experience in deep learning. One
explanation for this high percentage could be the confusion between past experience and learnt from
previous submission. The learnt from previous submission comment is meant to indicate the values
learnt from prior submissions and analyzing the results during experiments. One such example
is shown in the Figure 3.11. The participant was using default value for alpha with appropriate
comment (2) but for next submission updated the comment to 3 which translates to past experience
instead of learnt from previous submission.

3.4.2 Use of suggested default values

The hyperparameters are broadly divided into two categories - optional and mandatory in our
user study, as shown in Table 2.1. These optional hyperparameters are conditional; that is, they
belong to a specific optimizer algorithm and come into play only when the corresponding optimizer
algorithm is selected. In the user study, participants were provided the default values for these
conditional hyperparameters, which were suggested by the designer of optimizer algorithms. Figure
3.12 shows the number of participants in each group using these default values as the starting point.
Except for four, every participant in Group 2 and Group 3 started with all suggested default values
and build on it.

Groups using default values as a starting point

N w H U1 [e)] ~
o o o o o o
I L I I I I

[a
o
I

Participants using defaults (in %)

Group 1 Group 2 Group 3

Figure (3.12) The number of participants in each group submitting their initial hyperparameter con-
figuration using all default values suggested by the algorithm designer.

Figure 3.12 shows the use of suggested default values by participants as the starting point. The
more experienced participants tends to use these defaults more often compared to participant with
no prior experience in deep learning. Although the use of defaults does not necessarily lead to
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optimal hyperparameter configuration, however, all those participants who started with defaults
achieved final performance greater than 50%.
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Appendix A

Statistical methods used for analysis

A.1 Spearman rank-order correlation method

The Spearman [11] correlation is a non-parametric test for evaluating the strength of a monotonic
relationship between two variables. The non-parametric test does not make any assumption about
the underlying distribution of the variables. Spearmans correlation coefficient, represented as ry, is
the strength of the monotonic relationship between two variables and ranges between [-1,1]. The
interpretation of different values of r, is shown in the Table A.1. The strength of the relationship
(rs) is calculated as [11]:

63 2
- = Al
n?(n—1) (A1)
where d; is the difference between the ranks of two variables and n is the total number of data
points.

rs =

Table (A.1) Interpreting different values of rs.

rs value Interpretation
rs =0 No monotonic relationship
rs < 0 | Negative monotonic relationship between two variables
re >0 Positive monotonic relationship

A.2 Levene’s test

Levene’s test [13] is performed to validate if different groups containing multiple samples have
homogeneity of variance. It is a non-parametric test that could be used to analyze the variance
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between groups and find the difference in variance. The Levene’s test assumes the null hypothesis
that all groups have similar variances while the alternative hypothesis is that there is at least a pair
of groups that has different variance.
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Appendix B

Final submission of each participant

Table (B.1) The final submission of each participant. List of abbreviations used for the headings are
listed in Table B.2

Alpha BS Bl B2 EPOCH EPS IA LAMBD LR LRD LF MOM OPT RHO  UserID WD

1 099 30 0.9 0.999 100 1le-06 0O 0.0001  0.0001 0 cross_entropy 0 adam_optimizer 0.9 BCT935A 0
2 1 10 0 0 12 1le10 0 0.0001 0.01 0 mean_squared_loss 0 adam_optimizer 0.9 BBSDATA 0.9
3 0.99 10 0.9 0.999 20 0.1 0 0.0001 0.001 0 cross_entropy 0 adam_optimizer 0.9 7D4253A 0
4 099 64 0.9 0.999 50 0.01 0 0.0001 0.001 0 cross_entropy 0 adam_optimizer 0.9 A86DC8A  0.001
5 0.99 25 0.9 0.999 150  1e-06 0 0.0001 0.001 0 cross_entropy 0 averaged_sgd 0.9 6B392DA 0
[§ 099 32 09 0.999 25 le-06 O 0.0001  0.0001  0.01 cross_entropy 0 adam_optimizer 0.9 5B55DDA  0.001
7 099 100 0.9 0.999 7 le-06 0 0.0001 0.001 0 cross_entropy 0.95 sgd 0.9 303272A 0
8 0.99 300 0.9 0.999 200 1e-06 0 0.0001 0.001 0 cross_entropy 0 averaged_sgd 0.9 347864A 0
9 0.99 100 0.9 0.999 25  1e-06 0 0.0001 0.001 0 mean_squared_loss 0 adam_optimizer 0.9 02AECEA 0
10 0.99 32 09 0.999 32 1le-06 0 0.0001  0.0005 0 cross_entropy 0 adam_optimizer 0.9 BEBF04A 0.1
11 0.99 200 0.9 0.999 10 1e-06 0 0.0001 0.001 0 cross_entropy 0 adam_optimizer 0.9 9950E8A 0
12 0.99 100 0.9 0.999 100 1e-06 0 0.0001 0.001 0 mean_squared_loss 0 rms_prop 0.9 B65339A 0
13 099 10 0.9 0.999 100 1e-06 0 0.0001 0.01 0 cross_entropy 0 averaged_sgd 0.9 DC871EA 0
14 0.99 130 0.9 0.999 150  1e-06 0 0.1  0.0001 0 cross_entropy 0.5 adam_optimizer 0.9 408EECA le-05
15 099 13 09 0.999 18 5e-06 0 0.0001 0.05 0 cross_entropy 0 ada_delta 0.9 193DD8A  0.0001
16 0.99 128 0.9 0.999 80 1le-06 0 0.0001 0.001 0 cross_entropy 0.9 sgd 0.9 45A082A  0.0005
17 0.99 1 09 0.999 6 le06 O 0.0001 0.001 0  mean_squared_loss 0 ada_grad 0.9 6EBC93A 0
18 099 32 09 0.999 60 1le-06 0O 0.0001 0.001 0 cross_entropy 0 sgd 0.9 114076A 5e-05
19 0.99 200 0.9 0.999 1000  1e-06 0O 0.0001 0.5 0 cross_entropy 0.2 sgd 0.9 44B94AA 0.25
20 0.99 200 0.99 0.99 200 0.0001 0 0.99 0.00015 0.6 cross_entropy 1.2 sgd 0.9 CB4504A 0.9
21 0.99 480 0.9 0.999 100 1le-06 0O 0.0001 0.001 0 negative_log_likelihood 0 adam_optimizer 0.9 751A69A 0
22 2 800 0.8 0.8 1200 6 0 0.0001 8 0  cross_entropy 4 averaged_sgd 0.9 DF66BFA 8
23 0.99 512 0.7 0.999 700 1le-06 0.1 0.0001 0.001 0.001 cross_entropy 0.9 sgd 0.8 582898A 0
24099 10 0.9 0.999 50 1le-06 3 0.0001 0.01 10 mean_squared_loss 0.9 sgd 0.9 088842A 0.001
25 0.99 50 0.5 0.999 50  1le-06 0 0.0001  0.0002 0 cross_entropy 0.9 adam_optimizer 0.9 CB52FFBA 0
26 099 50 0.9 0.999 100 1e-06 0 0.0001 0.001 0 cross_entropy 0 sgd 0.9 739CF5A 0
27 0.99 128 0.9 0.999 50  1e-08 0 0.0001  0.0001 0 cross_entropy 0 adam_optimizer 0.9 F16B6BA 0
28 0.99 950 0.9 0.999 1000 1e-06 0 0.0001 0.36 0 cross_entropy 0.9 adam_optimizer 0.9 DACIDIA 0.7
29 0.99 555 0.9 0.999 70  1e-06 0 0.0001 0.001 0 cross_entropy 0 adam_optimizer 0.9 51DAACA 0
30 0.99 900 09 0.99 600 0.1 0 0.0001 0.02 0 cross_entropy 0 ada_delta 0.95 342496A 0.01
31 075 32 09 0.999 70 1le-06 0 0.0001 0.003 0 cross_entropy 0.1 sgd 0.9 0B7093A 3e-05
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Table (B.2) List of abbreviations used to display the final submission table.

Abbreviation | Complete Name
Alpha Alpha
BS Batch Size
B1 Beta 1
B2 Beta 2
EPS Epsilon
IA Initial accumulator
LAMBD Lambda
LR Learning rate
LRD Learning rate decay
LF Loss function
MOM Momentum
OPT Optimizer
RHO RHO
UserID UserID
WD Weight decay
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Appendix C

User study screenshots

Hyperparameter Optimization  Terms  About  Background Information  Tunelt  Results

Black Magic in Deep Learning

Delft University of Technology

Welcome to the study that examines how one's background and experience can affect the final accuracy of a deep learning model. Before taking part in the
study, please read this consent form carefully and click on the | Agree button at the bottom of the page only if you understand the statements and freely
consent to participate in the study.

The purpose of this study is to evaluate how having a prior knowledge and experience in the field of deep learning impact the choices made while tuning the
hyperparameters of a deep learning model and the final performance. The experiment is conducted by Kanav Anand, MSc student at the Delft University of
Technology for pure research purposes.

Your participation in the experiment is voluntary. If you are not suitable for the experiment or/and decide to not participate in this study or withdraw in the
middle of the experiment, you will not be penalized. You do not have to give an explanation for your withdrawal.

Participation in the study will take approximately 60-120 minutes. It invelves the following steps:

The first step is to familiarize with the problem in hand.

The second step requires you to fill in some educational background information. These responses are confidential and will be used only for research
purposes.

The third step requires you to submit values of hyperparameters. After submission you can view the intermediate training results.

The final step is to submit the optimal values of hyperparameters found during this experiment.

To protect your confidentiality, this study is fully anonymous and does not include any information that could identify you personally. The results of this
study will only be used for research purpeses. If you have any further questions related to this study, don't hesitate to contact Kanav Anand
(k.anand@student.tudelft.nl).

This research has been reviewed by TU Delft's Human Research Ethics Committee.

If you are 18 years of age or older, understand the statements above and freely consent to participate in our please, click on | Agree button to
begin the study.

Terms Agreed!

Figure (C.1) The terms and condition webpage used for the user study. It clearly states all expectations
and requirements for participants.
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Hyperparameter Optimization  Terms  About  Background Information  Tunelt  Results

Background Information

Experience with Deep Learning (in
months)

Highest education level:

Figure (C.2) The background information page is shown above. It asks the participants to enter their
relevant experience in the field of deep learning and their highest completed education level. Once the
information is submitted by the user, anonymous user id is generated to identify every unique participant.
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Hyperparameter Optimization  Terms  About  Background Information  Tunelt  Results

Experiment Details

Taskin hand

The task is to find the optimal set of hyperparameters maximizing the final performance metric, that is, the accuracy of the model on the test set. You will be
asked to submit the values of different hyperparameters exposed by the model using a form. We encourage you to use the comments field next to each
hyperparameter to submit your line of thoughts. Upon submission you can view intermediate performance (loss value) of the model on the training data for
each batch and epoch. You can use these intermediate results to pre-maturely end the training and submit new choice for the hyperparameters. After
training of the model is finished, the accuracy of the model on validation set is displayed in the results tab.

This task can be repeated over multiple times until you think the performance cannot be improved further by updating Hyperparameter values or time limit
is reached. In order to submit your final choice of hyperparameters, select the checkbox next to the submit button.

Submit your

:"‘,‘f “‘;‘t\!:“ are Read the background Submit your
ElEas E experiment information. (We choice of

i ] description do not store any hyperparaneters
‘E"t““u“:";‘t‘;“n‘:. provided below ersonal (start tuning)
get v 4 information)

one more lry!—T

Intermediate results look bad

Thanks for your
help!

Done for the day!

'Analyze your intermediate
results

select the

final
submission Can you improve these
checkbox and results further?

submit your
final choice.

Intermediate results look promising!

Analyze the
jmode s Wait for the madel ta train and

Figure (C.3) The experiment details page provides the detailed information of the user study. It starts
with the flow diagram of the user study and follows it up with the explanation of every hyperparameter
used for the experiment.
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Hyperparameter Optimization  Terms  About  Background Information  Tunelt  Results

Epochs: 1 Select your Comment
Batch Size: 1 Select your Comment
Loss Function: | Cross Entropy Select your Comment

Adam Optimizer Select your Comment

Optimizer:

Learning Rate: Select your Comment

Epsilon: Select your Comment

Weight Decay: Select your Comment

Betal: Select your Comment

BetaZ: Select your Comment

Submit Job Select this to indicate your final submission
[Fer——T T ——

Figure (C.4) The hyperparameter submission form is used by the participant to submit the values for
hyperparameters and their corresponding comments. Once a hyperparameter configuration is submitted,
the user can view intermediate results and early stop the training of the model.
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Appendix D

Poster and Flyer

COME AND

THE HYPERPARAMETERS.

WHEN WAS THE LAST TIME YOU WERE AWARDED FOR
FINE TUNING A DEEP LEARNING MODEL?

DO YOU WANT TO UNDERSTAND THE BLACK MAGIC
BEHIND HYPERPARAMETER TUNING?

HELP US DEMYSTIFY THE TUNING PROCESS!

For more details, visit
http://bit.ly/tune-details

=1

Figure (D.1) Poster used to display on the screens of majority of faculty buildings at TU Delft.
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WHEN WAS THE LAST TIME YOU
WERE AWARDED FOR FINE TUNING A
DEEP LEARNING MODEL?

DO YOU WANT TO UNDERSTAND THE
BLACK MAGIC BEHIND
HYPERPARAMETER TUNING?

HELP US DEMYSTIFY THE TUNING
PROCESS!

For more details, visit
http://bit.ly/tune-details

Book your slot at
http://bit.ly/tune-doodle

Scan to book your slot

Figure (D.2) Flyer used to recruit people for user study.
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