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Examining the hyperparameter optimization efficiency of the

Tree-structured Parzen Estimator as a function of the

number of initial random evaluations for the MNIST dataset

Gerg6 Bendegtiz Békési

Faculty of Electrical Engineering and Information Technology, Budapest University of Technology and Economcis

Abstract

Optimizing hyperparameters for a convolutional neural network is crucial for achieving good performance on a
given task, as the choice of hyperparameters can significantly impact the model’s ability to learn and generalize.
Hyperparameter optimization using Tree-structured Parzen Estimator can be an effective method for finding the
optimal set of hyperparameters for a machine learning model, as it can intelligently explore the search space
and identify promising areas for improvement. However, optimal resource allocation for the initial iterations of
TPE still carries significant potential for development. This work focuses on selecting the optimal number of TPE
initialization iterations for a convolutional neural network consisting of two convolutional layers, in case of 100
runs. The best solution presented here is in the top 50 architectures according to Papers With Code, with 99.43%
accuracy on the MNIST dataset, but the main contribution of this work is the examination of the initialization
iteration number, which is a new approach. It can help machine learning model developments in the case of finite
resources.

Categories and Subject Descriptors (according to ACM CCS): 1.2.8 [Artificial Intelligence]: Hyperparameter Opti-

mization

1. Introduction

Hyperparameter optimization (HPO) is the process of find-
ing the best set of hyperparameters for a machine learning
(ML) model. Hyperparameters are parameters that are not
learned from data during model training, but rather are set
before training. Furthermore, the loss function of the given
ML model is not differentiable with respect to them in most
cases, so gradient-based optimization methods can not be ap-
plied to find their optimal configuration. The importance of
HPO lies in the fact that it can significantly affect the per-
formance of a ML model. Finding the optimal set of hyper-
parameters can lead to better generalization performance on
unseen data, as well as faster convergence during training.
There are several techniques that can be used to optimize hy-
perparameters, which can be classified into four categories.

The two simpler methods of them are Grid Search (GS)
and Random Search (RS). GS is the brute-force method that
consists of a grid specification for hyperparameter values,
and then model training and evaluation for each point of the

grid. It is computationally expensive and may not scale well
to large datasets or complex models. RS is a slightly smarter
solution, which involves sampling random combinations of
hyperparameter values and training and evaluating a model
for each combination. It is less computationally expensive
than grid search, but it may still be inefficient for bigger
datasets or complex architectures.

Of the four categories, the two that are competitive are
Evolutionary Algorithms (EA) and Bayesian Optimization
(BO) methods. EAs treat different hyperparameter combina-
tions as a population of individuals and use operators such as
selection, crossover, and mutation to evolve the population
over time. While in BO methods, a probability distribution
is placed over the space of possible hyperparameters, and
this distribution is updated as the model is trained and evalu-
ated. This allows the optimization algorithm to consider not
only the performance of the model on the current set of hy-
perparameters, but also the uncertainty in the model’s per-
formance on other sets of hyperparameters.
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Both types have many uses in Computer Vision (CV) and
beyond. For example, Zhu et al.! used the EA-based particle
swarm optimization technique to improve a convolutional
neural network (CNN) for fault diagnosis. Also an EA was
applied for the hyperparameter tuning of a multivariate time-
series method by Silva et al.2, while CV applications are well
summarized by Nakane et al.3. BO methods can also be ap-
plied to these problems. Tang et al.* carried out the same
CNN tuning to improve the performance of fault diagnosis.
Time series forecasting can be also supported with BO3, and
its impressiveness in CV is proved by Bergstra et al.o. One of
the key components of BO is the surrogate model, which is
used to approximate the objective function and guide the op-
timization process’. The two most widely used categories of
surrogate models are the Gaussian Processes (GP) and Tree-
structured Parzen Estimators (TPE). The previously men-
tioned papers of Bergstra et al.>7 also highlight that TPE,
which is the scope of this work, outperforms GP in many
cases.

This paper views TPE from a special angle. As it was
mentioned a probability distribution is placed over the space
of possible hyperparameters, but to be able to place this dis-
tribution random initial evaluations must be run first. The
amount of these random iterations compared to the whole
computational budget is not well examined yet and chosen
without special justifications in most cases. In some cases,
the initialization budget (IB) is less than 10% © 3, but can
be as high as 40%° or over 60%!'0. So far, no general rule
of thumb has been formulated for the TPE algorithm, as in
the case of few evolutionary algorithms. For this, the opti-
mal IB of the TPE must be examined in the case of bench-
mark datasets. This work takes one of the first steps towards
this goal by examining the IB of the TPE in the case of
the Modified National Institute of Standards and Technology
(MNIST) dataset!!.

The rest of the paper is organized as follows. Section 2
introduces the methods and data used for the work. Results
are presented and discussed in Section 3, and finally, conclu-
sions are drawn in Section 4.

2. Methods and Data

In this section, I first describe the benchmark dataset, then
present the multi-class classification model with its training
methods, and finally highlight the TPE algorithm with its IB
examination.

2.1. The MNIST dataset

The MNIST dataset!! is a widely used dataset for training
and testing image recognition models. It consists of a train-
ing set of 60,000 28x28 grayscale images of handwritten
digits, along with a test set of 10,000 images. The images
are labeled with the corresponding digit they represent, from
0to9.

This dataset is often used as a benchmark for ML algo-
rithms, in the field of CV. It is considered a good starting
point for developing and testing image recognition mod-
els due to its simplicity and relatively small size. So it is
a valuable resource for researchers and developers working
in the field of ML and CV, and it has played a key role
in the development of many successful image recognition
models!2 13. 14

2.2. The Multi-Class Classification Modell

In this subsection I use the ¢y, ¢, dy, da, lin, Ir, g, step ex-
pressions for the model hyperparameters which of optimiza-
tion is highlighted in the next subsection.

CNNs have been very successful in many tasks, includ-
ing multi-class classification! 13.14, so T used a simple CNN
with two convolutional layers and two fully-connected lay-
ers. The convolutional layers use filters to extract features
from the input images. The first convolutional layer has 1 in-
put channel and ¢ output channels, with a kernel size of 3x3.
The second convolutional layer has ¢ input channels and ¢;
output channels, also with a kernel size of 3x3. The output
of each convolutional layer is passed through a ReLU¢ ac-
tivation function to introduce non-linearity.

The model also includes two dropout layers which ran-
domly set d; and d, fraction of the input units to zero dur-
ing training, in order to prevent overfitting. The first dropout
layer is applied after the max pooling operation, which re-
duces the spatial dimensions of the output of the second con-
volutional layer by taking the maximum value in a 2x2 win-
dow.

The fully-connected layers are used to classify the input
images based on the features extracted by the convolutional
layers. The first fully-connected layer has c;x12x12 input
units and /in output units, and the second fully-connected
layer has /in input units and 10 output units, correspond-
ing to the 10 classes in the MNIST dataset. The second
dropout with the fraction d> and another ReLU activation
is applied between them. The output of the second fully-
connected layer is passed through a log-softmax activation
function, which gives the class probabilities for each image.

c:x24x24 c:x12x12

c:x26x26 %‘ 1xlin
1x28x28 I_E N 1x10

L= E{’q Dense
Conv + ReLU y \
Conv + RelLU

Max-Pool + D " Flatten + Dense
ax-Pool + Dropou + ReLU + Dropout

Figure 1: Applied CNN architecture.

This model was trained using the widely used Adam
algorithm!” and the common negative log-likelihood loss
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function!8. The value of the learning rate was [r, the expo-
nential decay was g and the step decay was step.

2.3. Tree-structured Parzen Estimator Algorithm

This iterative algorithm was developed to provide the best
possible latency improvement by achieving an expected ac-
curacy target in terms of the y loss function. It uses the his-
torical evaluations of the hyperparameter configurations (x)
to create probabilistic models, which can suggest next set of
hyperparameters for evaluations. TPE simulates p(x|y) and
p(y) with Gaussian mixtures to indirectly obtain p(y|x). Ac-
cording to Equation 1, the / model improvement is created
by choosing a new configuration:

I(x) = ReLU (y* — y(x)), (1)

where y* is the threshold value of the loss function and
RelLU is the widely used Rectified Linear Unit. The expected
improvement is calculated by Equation 2:

p(x]y) is modeled as g(x) if y > y*, and as /(x) otherwise,
where g(x) is the probability density of the loss values more
than y*, and (x) is the probability density of the remaining
values. By factoring out p(x) from Equation 2:

*

[ oo O =) - 1(x) - p(y)dy

ElL~(x) = , 3
) =) s (- pr= ) 1)
which is equivalent to Equation 4:
* > vF)yF y* d
Ely () = PO 2Y) Y — [Zoo POy @

1—p(y2y*)+19(y2y*)-%

TPE uses this last formula. It evaluates the hyperparameters
iteratively by g(x)/I(x) to find the hyperparameters x* with
the maximum expected improvement. Every evaluation was
run for 15 epochs with a batch size of 512. The search space
where the optimal solution is sought is given in Table 1.

During the optimization I used the the first decile of loss
values as threshold value, and 10-90, 20-80, 30-70, 40-60,
50-50, 60-40, 70-30, 80-20, 90-10, or 100-0 random initial
evaluation-TPE evaluation ratio to examine the IB depen-
dency. When TPE uses too few initial random iterations, it

Table 1: Ranges of the hyperparameters.

Hyperparameter =~ Minimum value =~ Maximum value
cl 24 48
&3 64 96
d 0.1 0.5
dy 0.25 0.7
lin 128 192
Ir 10—4 102
g 0.1 0.9
step 1 5

may not have enough data to accurately model the function
being optimized, which can lead to suboptimal results. On
the other hand, using too many initial random iterations may
take up a part too big of the computational budget and not
leave enough resources for the BO. So, it is important to
strike a balance between random initial evaluations and TPE
runs. That is why this examination is important.

3. Results

In this paper I use Accuracy, Precision, Recall, F1 Score,
Receiver Operating Characteristic (ROC) and the area under
the ROC curve (AUROC) for performance evaluation. Accu-
racy, Precision, Recall, and F1 Score are evaluation metrics
used to measure the performance of a classifier on a clas-
sification task. They are calculated based on the number of
true positive, false positive, true negative and false negative
predictions made by the classifier. The ROC curve is a graph-
ical representation of the trade-off between true positive rate
(TPR) and false positive rate (FPR). It is often used to evalu-
ate the performance of a binary classifier. AUROC is a metric
that quantifies the overall performance of a classifier based
on the ROC curve. It is calculated by integrating the curve
between O and 1 with different threshold values. In multi-
class classification, these metrics can be calculated for each
class separately, or they can be averaged across all classes,
as it is done in this paper, to get the overall evaluation of
the classifier’s performance. Further detailed description of
these metrics is well summarized by Fawcett!®.

3.1. Comparison of Different IB Choices

During the HPO TPE used the Accuracy, which is the most
used metric of the MNIST dataset, to find the optimal CNN
architecture. It is shown in Figure 2 for all the budget sce-
narios. It is clear that the best accuracies are achieved with a
random initial evaluation-TPE evaluation ratio of 20-80 and
30-70. The best hyperparameter configuration at the 20-80
ratio is given in Table 2.

This 20-80 set also outperforms its competitors in terms of
Precision, Recall, and F1 Score metrics, although the 30-
70 set performs the best in terms of AUROC value. This
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Figure 2: TPE-optimized CNN accuracies at different IBs
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Table 2: Best hyperparameter configuration. 800
Hyperparameter Value § e
¢ 33 400
c 80 200
di 0.42674887062658584
dy 0.3989921607853992 o
lin 139 Predicted labels
lr 0.0024478035602169294
g 0.5659849851416996 Figure 5: Confusion matrix of the 20-80 ratio
step 5

1000

can be seen in Figure 3, where, similar to Figure 2’s Ac-
curacy value, Precision, Recall, and F1 Score are optimal at
the 20-80 ratio, while the best AUROC result is observed
at the 30-70 ratio. The effectiveness with which the various

True labels

0.9992
0.9946 | W Precision m AUROC
e Recall

_ 09944 | W F1Score 0.9990

0.9942
0.9988

0

], F1 Score [

0 1 2 3 4 5 6 7 8 9

= 0.9940 Predicted labels

0.9986

s o

o

8 &8

woow

& 3
AUROC [-]

Figure 6: Confusion matrix of the 30-70 ratio

0.9984

0.9934

Precision [-], Recall [

0.9982
0.9932

0.9930 0.9980 1000

50 60
1B ratio [%]

Figure 3: Precision, Recall, F1 Score and AUROC values at
different IBs

True labels

TPE-optimized classifiers with different IBs classify the dif-
ferent classes, as well as the types of errors they commit, can
be interpreted using their confusion matrices. The confusion —
matrices of the classifiers with ratios of 10-90, 20-80, 30- Predicted labels
70, 40-60, 50-50, 60-40, 70-30, 80-20, 90-10, and 100-0 are
shown in Figures 4 through 13, respectively.

Figure 7: Confusion matrix of the 40-60 ratio
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The shown classifiers mostly confuse similar numbers,
which is the main source of their few errors. Therefore, it
is worth observing the number pairs 4-9, 2-7, 3-5, 6-0, 8-0,
8-9, 7-9 and 5-9 in Figures 4 through 13. These 16 types of
error source account for 60.3% of all errors for all classifiers.
Therefore, 371 of the total 615 errors, which can be classi-
fied into 90 sources, occur in these typical pairs. The best
classifier with an IB of 20% primarily has error sources of
type 2-7, 3-5, and 4-9 among these types of error sources.
Similarly, 2-7 and 4-9 error sources are characteristics of the
second-best classifier with 30% IB, but 6-0 error source is
more significant than 3-5.

3.2. Results of the 20% IB case

In Subsection 3.1, it was seen that the TPE optimized classi-
fier that uses a 20% budget for initialization gives the best
results. The training and testing results of this classifier’s
15 epoch long training are presented in this Subsection. To
do this, Loss, Accuracy, Precision, Recall, F1 Score, and
AUROC values are used in Figures 14 through 19 respec-
tively.

Figure 14 shows that the negative log-likelihood loss val-
ues are similar in magnitude for training and testing, al-
though there is minimal overfitting in the system. This can be
seen from the fact that the testing values are slightly bigger
than the training values. The effects of step decay are also
clearly visible on the testing data set, as the loss decreases at
the fifth and tenth values.



Accuracy [-]

Precision [-]

Békési / Examining the HPO efficiency of the TPE as a function of the number of initial random evaluations for the MNIST dataset

L] ® Training
® Testing

0.07 A \

0.06

0054 ¢ \

Loss [-]

0.04 \ \®
)
0.03 +

0.02 4

0.01 4

T
[} 2 4 6 8 10 12 14
Epoch number [-]

Figure 14: Loss values of the best CNN

@ Training
09950 © Testing
0.9925 4
L]
0.9900 4
® .- s
- s
- ’
098754 .~ le
/
/
0.9850 4 ,I.
L] 7
II
0.9825 4 .
I
I
1
0.9800 4 ;
;
I
0.9775 4 L
0 2 4 6 8 10 12 14

Epoch number [-]

Figure 15: Accuracy values of the best CNN

@ Training
099504 ® Testing
0.9925 4
[}
0.9900 +
e .-
e #
098754 -7 Ao
s
/
0.9850 1 o
Y ’
’
II
0.9825 4 o
I
’
0.9800 + I’
f’
)
0.9775 1 L]
T T T T T T T T
0o 2 4 6 8 10 12 14

Epoch number [-]

Figure 16: Precision values of the best CNN

Recall [-]

F1 Score [-]

AUROC [-]

@ Training
0.9950 1 ® Testing

0.9925

0.9900

0.9875

0.9850

0.9825

0.9800

0.9775

[} 2 4 6 8 10 12 14
Epoch number [-]

Figure 17: Recall values of the best CNN

@ Training L]
099504 ® Testing

0.9925

0.9900

0.9875

0.9850

0.9825

0.9800

0.9775

T T T T T T T T
[} 2 4 6 8 10 12 14
Epoch number [-]

Figure 18: F1 Score values of the best CNN

[ ] Trau.nng .d_:__l.__.._-'
099954 ® Testing e
2.
[ ] ’.”’
L -
0.9990 4 o .
/‘ ___________
———————————— S @ —=mm——mm =g
N ® . LI I
0.9985 4 J °
[ ] ’1 L]
°
’
J
0.9980 1 /
‘I
1
0.9975 4 ’l
i
1
/
/
0.9970 4 L]
T T T . . . . ‘
0 2 4 6 3 0 A "

Epoch number [-]

Figure 19: AUROC values of the best CNN



Békési / Examining the HPO efficiency of the TPE as a function of the number of initial random evaluations for the MNIST dataset

Accuracy, Precision, Recall, and F1 Score values are quite
similar in Figures 15, 16, 17, and 18. This is not really sur-
prising, as there is a significant correlation between these
metrics. Here, the training and testing results are similar as
well, but the former is slightly better.

The AUROC values of the testing data set on Figure 19 do
not show the same asymptotic convergence as the previous
Loss, Accuracy, Precision, Recall, and F1 Score values. The
effect of step decay is also significant here, as it results in
an improvement as can be seen at the fifth and tenth data
points. However, a slight decrease in the AUROC values can
be observed thereafter. The ROCs corresponding to the last
data points can be seen on Figures 20 and 21. As can be
seen, the ROCs are shown separately for each class both for
training an testing. Only the range of TPR above 0.95 and
FPR below 0.03 is shown for the sake of better visibility.
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Figure 20: Training ROC values
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Figure 21: Testing ROC values

4. Conclusion

In this work, after reviewing the modern HPO options and
CNN HPO options, including TPE HPO, the optimization
of TPE for IB was examined. It is shown in this paper that
if TPE has too low IB ratio, it finds a local optimum in the

hyperparameter space. However, a too high ratio of IB con-
sumes too many resources and the probability-based opti-
mization does not reach the optimum. So, it is crucial to find
a balance between random initial evaluations and TPE runs.

According to the first table of hyperparameters, I opti-
mized a CNN for the MNIST dataset using a batch size of
512 and 15 epochs. I varied the IB-TPE budget ratio between
10-90 and 100-0 with a step of 10. The total amount of re-
sources was 100 runs in every case. Out of all the options,
20% IB turned out to be the best and 30% IB was the second
best. The former was the best in terms of Accuracy, Preci-
sion, Recall, and F1 Score, while the latter was the best in
terms of AUROC. From the confusion matrices of the 10
options, it was found that the better alternatives (20% IB,
30% IB) do not show any significant differences in the dis-
tribution of errors between classes compared to the worse
alternatives. So, their performance is consistently better.

The best alternative was evaluated separately as well.
Asymptotic convergence characterized the Loss (negative
log likelihood), Accuracy, Precision, Recall, and F1 Score,
but this was not the case for AUROC. Due to the minimal
overfitting, the noticeable effect of step decay, and the nature
of AUROC, it may be worthwhile to conduct these studies
with larger epoch numbers, different batch sizes, and more
resources in the future. However, the solution presented here
is still included in the top 50 classifier architectures accord-
ing to Papers With Code for MNIST?0, despite the fact that
the aim of this work is to study the TPE IB optimization,
rather than creating the best architecture. Therefore, this ar-
chitecture can be further optimized.

Future research will focus on HPO using more epochs and
resources, as well as working with different batch sizes. Af-
ter that, I am going to examine the IB of TPE on different
datasets as well.
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