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Abstract

Testing software is among the most fundamental practices of programmers. Though
sometimes daunting to carry out, testing still fills an important role of assuring
correct software in various forms. The possibly daunting part of testing is the time
it takes to execute an entire test suite potentially containing millions of test cases.
Such test suites might end up taking days to run, which might leave developers with
idle hands.

Various solutions has been proposed to solve the problem of optimizing test suite
execution in terms of time efficiency. The time from the start of the execution
until receiving an error can be minimized by using test case prioritization. This
could involve ordering test cases in a test suite, such that the test cases with higher
probability to fail (to produce an error) based on modification to a piece of software,
are prioritized in the order of execution.

In this thesis, we implement test case prioritization using a Deep Neural Network that
produces an order of test cases to be executed. We refer to this model as Prioritized
Order Model (POM). We also use test case selection, which involves taking a subset
of a test suite based on some criteria. In the case of this thesis, the criteria is based
on time limitations of the execution of tests. This is done by using an approach that
utilizes the Knapsack Problem.

We found that POM performs well given a sufficient amount of data on test suite error
reports and modified files in a software repository. POM is compared to different
orderings and their time efficiency, which indicated superior performance by POM.

Keywords: Test case prioritization, test case selection, deep neural network, data
augmentation, the knapsack problem.
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1

Introduction

This chapter introduces the problem statement for this thesis project, along with
some background, previous work and limitations.

1.1 Background

Testing software is among the most fundamental practices of programmers. The
tests themselves are usually collected in test suites that belong to a certain category
of tests, like unit and integration tests. However, those test suites might contain
millions of tests and might therefore end up taking days to run. As such, developers
might experience long waiting times between running the test suite and potentially
receiving error feedback. To counter this, test case prioritization can be used in order
to reduce this waiting time. By prioritizing tests that have a higher probability to
fail, errors might be revealed earlier in a test execution.

Different implementations of this problem have been done in previous research. For
example, Rothermel et al. [18] used different techniques which include ordering test
cases based on executed statements and code branching. The problem has also been
attempted with various machine learning methods [5, 21, 20].

From test case prioritization, a subproblem called test case selection can be derived
[18], in which a subset of the prioritized test suite is selected. Since the time it takes
to execute the entire test suite will almost always be the same for each execution,
one might only want to execute the “most relevant test cases”. This has the effect of
constraining the time for the test execution.

1.2 Problem Statement

The purpose of the project can be formulated in the following problem statement:

Does a machine learning model, which is trained on a collection of test
cases and commit history, that produces an ordered test suite have any
significant performance improvements based on the following;:

(i) That test case failures should occur as early as possible.

(ii) The ordered list of tests should not exceed a given time limit.
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This problem statement is addressed through the implementations mentioned in
Chapter 3, where the theory for those implementations are explained in Chapter 2.

1.3 Previous Work

The following subsections lists previous research that are of relevance, and inspired
the solution used in this thesis project.

1.3.1 The Test Case Prioritization Problem, TCPP

The formal problem definition of test case prioritization is introduced in Rothermel
et al. [18] as:

Definition 1. We are given the following: a test suite denoted 7, the set of
permutations of 7 denoted PT, and a function f : PT — R. We state the problem
as the following: Find 7’ € PT such that for all 7" € PT we have that if 7" # T’
then f(T") > f(T").

In the definition above, f is a scoring function that yields an “award value” for an
ordering 7. Notice that the definition defines T as a test suite and not an individual
test case. Definition 1 is referred to as The Test Case Prioritization Problem (TCPP).

Along with the definition of the problem, the authors also introduced nine different
so called prioritization techniques. These techniques are used when ordering the
different test cases. The first three referred to as M;, My and M3 are experimental
controls which could not be used in practice. The authors highlight M3, “Optimal
prioritization”. M3 is based on the rate of fault detection and is employing a greedy
algorithm that always selects test cases that cover the most known faults of a program.
In doing so, the algorithm prioritizes the test cases that cover more faults of the
program.

The rest of the prioritization techniques, My, ..., My, serve as heuristics when
prioritizing test cases. Some of these techniques are based on code statements and
code branching, which makes them applicable in a practical context. More specifically,
a technique like M, counts the number of statements that are executed by a test case
in some program. The test cases are then ordered by the number of statements that
were executed in descending order. For example, if test cases 71, 7o and 73 have 5, 4,
and 8 statement that are executed respectively, the order for the test cases would be
(73,71, T2). Branch coverage is similar to statement coverage, where the number of
branches are counted instead of statements.

A third kind of prioritization technique is the total fault-exposing-potential (FEP).
As indicated by its name, FEP refers to the ability for some test cases to expose
certain faults. For the interested reader, the technique is thoroughly explained under
the name My in Rothermel et al. [18].

2
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1.3.2 Previous Machine Learning Implementations

Previous research have shown the use of machine learning as an implementation for
the test case prioritization problem. Examples of machine learning models used in
this research includes reinforcement learning [21], Support Vector Machines (SVMs)
[5] and Deep Neural Networks (DNNs) [20].

1.3.2.1 Using Reinforcement Learning

One of the main ideas described in Spieker et al. [21] is the use of a history-based
approach with reinforcement learning. The authors call this method the RETECS
(Reinforcement Test Case Selection) method. It considers the steps of prioritization
and selection, followed by test case scheduling for one continuous integration (CI)
cycle. It follows the philosophy of minimizing the time between executing the tests
and receiving feedback in the shape of errors and such, meaning that early execution
of tests that fail are rewarded by their model.

The paper utilizes the problem formulation from Rothermel et al. [18] shown in
Definition 1 above. Spieker et al. [21] goes on to state a different variation of the
problem statement, Time-limited Test Case Prioritization Problem (TTCP), which
takes the time limit of test executions into account as well. This formulation of
TTCP served as a promising source of inspiration for the objective item (ii) (see
Section 1.2). However, the authors’ objective for the paper include taking CI into
account. Therefore, the Adaptive Test Case Selection Problem (ATCS) is proposed
which is derived from TTCP and takes historic test suite executions into account.
The authors conclude that RETECS can be applied on ATCS, which means that the
time aspect was solved within RETECS.

1.3.2.2 Using Support Vector Machines

The idea of test case prioritization has also been used with SVMs. This was done in
Busjaeger and Xie [5]. The objective was to order a set of tests using training data
with binary labels in order to maximize the ordering of tests from unseen data. The
training was based on code changes and tests with an associated label, indicating
whether the test passed or not. The model contain five features, which include a file
modification metric, text path similarity, text content similarity, failure history and
“age” of the test.

1.3.2.3 Using Artificial Neural Networks

The authors of Jahan et al. [13] proposed an Artificial Neural Network (ANN)
approach to TCPP. Their approach consisted of utilizing feature extraction of
multiple features and test case selection as means of preprocessing test case data.
One such feature is the one referred to as the number of modified modules (MM).
The term “module” refers to either a method or function. Based on the extracted
features, tests are being selected to be used in the ANN classifier.

However, the creation of the dataset had a manual component. In order for the ANN
to be trained, the authors resorted to manually label a dataset of test cases. Test
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cases were labeled with a priority value of either 0, 1 or 2, where 0 signifies a low
priority and 2 signifies a high priority. The label is decided based on two features,
one of which being MM. The second feature is the number of modified requirements
(MR) which is simply the number of changed requirements. The sum of MM and
MR is calculated for each test case and then each test case is ordered in descending
order based on the sum. After doing so, the priority class boundaries were decided
by performing “some experiments”.

1.3.2.4 Using Deep Neural Networks

Deep Neural Networks (DNNs), which is a kind of ANN, has also been put to use
in the context of TCPP. Sharif et al. [20] implemented DeepOrder, a deep neural
network for prioritizing test cases. The network consisted of one input layer of
features, three hidden layers and one output layer. The input layer include features
that described individual test cases. Duration of the test case is one such feature.
The output layer consist of only one node, which is the assigned priority value of
the inputed test case. The three hidden layers consists of 10, 20 and 15 neurons
respectively, which was chosen based on experimentation.

The authors of DeepOrder faced issues of imbalanced data. As such, data augmenta-
tion was introduced (for more detail, see Section 2.4 and Section 3.2.1).

1.4 Limitations

The project was carried out in an industrial setting. However, this thesis did not
aim to provide a perfect solution that can be used by employees at Aptiv (Aptiv
Contract Services Sweden AB). The process of integrating the solution to Aptiv’s
system was deemed to not be feasible for the project’s time span. As a potential
future improvement, the solution could be further developed to be integrated into an
industrial setting.
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Theory

In this chapter, the theoretic parts of the project are laid out. The application of
this theory is later realized in Chapter 3.

2.1 The Implementation of TCPP in The Project
Setting

The problem statement in Section 1.2 is closely related to Definition 1, which defined
the test case prioritization problem (explained in Section 1.3.1). In the context of
this thesis project, Definition 1 can be instantiated, with some modifications, as the
following:

Definition 2. We are given the following: a test suite denoted 7, the set of
permutations of 7 denoted P7T and a function f: PT — R. We state the problem
as the following: Find M : A — PT such that for every revision with alteration
0 €A, given f: PT — R, for all 7" € PT we have that

fFM(8)) = F(T).

In this definition, A is the set of possible alterations to the current repository.
Informally, Definition 2 states that some function M needs to be found. More
precisely, in order to find M, every revision of some repository needs to be taken
into account. This is due to the fact that the behavior of f, the scoring function for
a test suite, changes with each revision. The scoring of orders varies for each revision,
which results in differences in what orders it considers to be good or not. With
this caveat of revisions in mind, the aim is to find a test suite M(J) € PT, which
is based on an alteration §, such that M(J) scores better than any other possible
ordering 7. It is important to note that Definition 2 is the ideal case of attempting
to solve item (i) in the problem statement.

In the case concerning this thesis, M is a deep learning model. As such, this is not
an ideal case. Therefore, it is not guaranteed that the machine learning model, M,
produces a perfectly prioritized ordered list of test cases, since M will merely be a
prediction.

Another aspect to consider is Test Case Selection (TCS) in which a subset of tests in a
test suite are selected which are to be executed, in order to reduce the execution time.
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Spieker et al. [21] used this approach in their RETECS model (see Section 1.3.2.1).
As expected by the name, TCS involves ignoring some test cases during the test
execution. This is not without drawbacks, as some empirical evidence shows that
fault detection capabilities are highly reduced [17]. However, Rothermel et al. [18]
suggest that combining test case prioritization and test case selection might be
reasonable in the cases where leaving out certain test cases are acceptable.

2.1.1 Types of Alterations, Ay and A,

The different alterations, ¢, that are explored in this project are of two kinds: file
alterations, ¢, and code alterations, .. Each of these have a corresponding types of
all possible alterations, Ay and A, respectively. The shape of the vectors 6 € Ay
and 0. € A, are the following:

fi G
f2 C2
6f = f3 ,50 = |C3
_fn_ _Cn’_
where f; for i = 1,...,n are file names and ¢; for i = 1,...,n' are code alterations.

The first kind of alteration that can be considered for M is file alterations, denoted
ds. A file is considered to be altered if any modification of the code within the file
has occurred. The second kind of alteration that could be considered for M is code
alterations, denoted d.. This kind of alteration considers changes in line-by-line. As
one can imagine, the order of magnitude in the number of possible code alterations
is significantly larger than file alterations, since the code alterations are on a much
finer level than file alterations. However, in this thesis, only file alterations will be
explored, due to time frame limitations discussed further in Section 5.3.

2.2 Artificial Neural Networks

Hassoun et al. [12] mentions that artificial neural networks are motivated by dis-
tributed, and very large parallel computations accomplished by the human brain
that allows it to be so successful at recognition and classification tasks. While the
development of neural networks can be found between 1950s and 1960s, it is not
until years later, in the 1980s it has had an immense development [12], allowing a
neural network to train on input data.

Neural networks is usually described with three kinds of layers: an input layer,
hidden layers and an output layer [22]. Each layer consists of interconnected nodes,
often referred to as neurons, and each connection is associated with a weight. These
components together form the foundation to a trainable neural network.

When training a neural network, the input is passed through the hidden layers, and
for each pass, an activation function is applied to the weighted sum of the neurons to

6
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determine which neurons are to be considered in the next layer of the network. When
an input has passed through the entire neural network, a loss value is computed,
comparing the output with the actual ground truth. The loss value combined with
the input is then used with a back propagation algorithm, whose purpose is to
update the weights of the network, improving the neural network to achieve better
predictions [22]. Note that a prerequisite for efficiently training a neural network is
to have a sufficient amount of data [1].

While there exists multiple heuristics to solve TCPP [18], neural networks in the
context of this thesis seems natural and could be helpful in finding how d; relates to
test case failures. This is due to the fact that large projects have repositories that
often contain lots of files, and it could be difficult to relate these files 6; with their
test case failures in a purely algorithmic way such that TCPP is solved efficiently.

2.3 The Knapsack Problem

The knapsack problem is possibly one of the more well known problems in computer
science. The problem formulation goes as follows [14]: We have a set of n items
1 =1,2,...,n, where each item has a value, v, and an integer weight, w, associated
with it. We wish to find a subset of items, S, such that we maximize the total value
that we can get, however the total weight must not be larger than some maximum
integer capacity W. In formal terms we have the following:

maximize Zvi
icS
subject to Zwi <WwW

€5

Where ¢ is an item, and the value and weight of that item are v; and w; respectively.
The knapsack problem can be solved using dynamic programming with pseudo-
polynomial time complexity. The weight w; and W is sometimes referred to as a
quantity of time, which is fitting for its use in TCS in the sense that time is a limiting
factor to the problem.

2.4 Data Augmentation

Data augmentation is the practice of generating synthetic data, based on existing
data. One way to achieve this is by using Generative Adversarial Networks (GANs)
[8, 7]. GANSs are neural networks that takes existing data and attempts at generating
new data, while comparing the two. More specifically, GANs consist of two neural
networks: a generator and a discriminator.

The generator generates synthetic data. The discriminator, on the other hand, is
a classifier that attempts at distinguishing between real data and synthetic data
from the generator. The goal for the generator is to produce synthetic data that the
discriminator classifies as real. During the training phase of the GAN, two losses

7
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are calculated: discriminator loss and generator loss. When the discriminator is
being trained, only the discriminator loss is accounted for, since the purpose of
the discriminator is only to distinguish between real data and synthetic data, as a
classifier.

Apart from the the generator loss, the training of the generator also takes the
following into account [9]:

e The discriminator network
e The discriminator output
« Random noise

The random noise is fed into the generator in order to produce a data instance, g.
The produced data is then fed into the discriminator which classifies the data as
either real or synthetic. The generator loss calculated based on the classification of
g. Then backpropagation through the discriminator and generator is used to obtain
gradients, which are then used to update the generator weights. After training a
GAN model, synthetic data can be generated.
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Methods

In this chapter, the methods and implementations of the project are described.
The implementations are partly built by the application of the theory laid out in
Chapter 2. The project consists mainly of three parts: building a dataset, building a
neural network and applying Test Case Selection as a post-processing step. All of
these parts are explained in detail.

3.1 The Pipeline

From the problem statement in Section 1.2, the main goal of the project is to create
a Deep Neural Network, that orders test cases based on alterations in a repository.
However, apart from this neural network, the dataset (described in further detail in
Section 3.2) needed to train and test the model has to be created. As such, a pipeline
that collects the relevant data and compiles it into one dataset was implemented.
Figure 3.1 depicts a diagram of the pipeline.

(i)

Manifest

(@)

change nb, p = diff (change_nb, p)
Server XXXXX_p.xml =
> + o
Test results (.xml) -
+ rl
-
delta_files =
get files(revision hash)
(#43) (iv) - | -
Revision / test result mapping Final datasetJ
Revision hash | Test result Revision hash |delta¥files | Testresult
o TR g [file list,] TR,
Ty TRy ll> rp [file list;] TR;
r, TR, r, [file list,] TR,

Figure 3.1: An abstract representation of the pipeline

First, test result reports are retrieved from a server, (i) in Figure 3.1, as XML files.
These reports contain a list of test cases and whether or not a test case passed or
failed based on a build. Each build is associated with a “change number” and a
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patchset. The file names of the XML files are formatted in the shape of a change
number (denoted change_nb and xxxxx in the diagram) and patchset (denoted p
in the diagram) such that the file name is xxxxx_p.xml. Second, the filename is
parsed and then used to find changes in a manifest repository, (i) in Figure 3.1.
The manifest contains a list of other repositories with their corresponding latest
revision hashes. The latest revision hash is found for each repository by looking at
additions only of a git diff. In doing so for every change number and patchset
pair, a mapped table ((i7i) in Figure 3.1) of revision hashes, r;, and test results, T'R;
is acquired. Finally, the altered files in the repository given a revision hash, are listed
and stored in the final dataset, (iv) in Figure 3.1, along with revision hash itself and
the corresponding test results.

3.2 The Dataset

In order to train the neural network (detailed in Section 3.3), a dataset with suitable
features and labels are needed. Those features are alterations, d, and the labels are
failed test cases corresponding to d, denoted Treq € T for some test suite 7. The
two types of features are discussed in further detail in Section 2.1.1. However, in
this project, only file alterations are considered as the input to the neural network.
The dataset concerning file alterations is compiled in the matrix X, where each
row, i = 1,2,3,...,r, is one datapoint containing n files'!. Each row is a bit vector,
meaning that each entry f; ; is either 1 or 0, indicating whether file j is included or
not. Yy, is the label matrix. Each row corresponds to a row (datapoint) in Xy,
where each entry 7, ; is also a bit vector; if 7; ; is set to 1, it indicates that test case j
failed, otherwise it is set to 0. Each row in Y, has m test cases. Xy and Y,
is therefore defined as following:

fia frz fus oo fua] Tl Ti2 T3 o+ Tim
f2,1 f272 f2,3 t f2,n To1 T22 T3 “+° Tom
Xy = fsqn fs2 fsz o faal, Yo = |71 T2 T3z o Tam
_fr,l fr,Z fr,3 e fr,n_ _7'7«71 Tr,? 7‘7“73 . Tr,m_

In order to create bit vectors of the file names, which are strings, label encoders
from the scikit-learn library [4] are used. A label encoder maps a string to a unique
integer, much like an index. With these indices, bit vectors can be created by taking
a vector of zeros and substituting the zeros with the corresponding index with a one.
The same technique is used when creating a bit vector for test cases.

For example, let main.py, main.hs and amazingHelperFunctions.hs be altered
files and map these to the integer indices 4, 6 and 9 respectively. Let us assume
there are a total n = 10 files that are taken into account for a particular instance of

'For the sake of explanation, mathematical conventions such as 1-based indexing have been
used.

10
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the neural network. In order to create a bit vector, we begin with a zero vector of
size n = 10:

[0000000000}.

In order to yield a bit vector, the indices 4, 6 and 9 in the zero vector are set to 1:

[0001010010}.

3.2.1 Expanding The Dataset with Data Augmentation

Due to the lack of data that was collected at Aptiv for the dataset, data augmentation
was introduced (explained in detail in Section 2.4). Apart from GANs, models such
as SMOGN were also considered [3] which was used in Sharif et al. [20] due to the
lack of relevant test cases. In the end, Wasserstein Generative Adversarial Networks
with Gradient Penalty [11] (WGAN-GP for short) were used for the purposes of this
thesis. The details of how WGAN-GP works and how it generates the synthetic
datapoints is outside the scope of this thesis. As such, the interested reader can read
up on the details of WGAN-GP and its predecessor WGAN in Gulrajani et al. [11]
and Arjovsky et al. [2] respectively.

In order to generate synthetic data, a helpful library that puts the theory of GANs
into practice is needed. Thus, a Python library called YData Synthetic [23] was used.
As discussed in Section 2.4, some real data is needed in order to create synthetic
data, that attempts to mimic the original data. Figure 3.2 depicts six scatter plots
with “exploded data” for three different projects that have been investigated during
the run of this thesis project. The term “exploding data” refers to the transformation
of data within one datapoint to individual datapoints. For example, if we have a
vector of file names, d¢, and failed test cases, Trilea, Within a single datapoint, x, we
can take every file-test case pair into its own datapoint by “exploding” it:

N

T
5f = f2 aﬁailed = |j_;| y X = {5]” ﬁailed}
I3
_fl T |
f2 T1
% Explode X/,X/ _ f3 T
fi
f2 T2
_f3 T2

The reason for using exploded data is because the Python library used to generate
the synthetic data requires the data to be in this form. This posed the problem
of preserving the relationships between altered files and failed test cases. After all,
the datapoints (f1,71), (f1,72), (f2,71) and (f2, 72) says a lot less on their own than
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the single datapoint containing 6} = [ f fg] and Tl 4 = [7‘1 7'2]. This is because
in the non-exploded datapoint gives meaning and a relation between files and test

cases.
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Figure 3.2: Scatter plots of the real data accumulated from the different projects
that has been investigated and synthetic data generated using WGAN-GP from real

data from the different projects.

This posed a problem at first since the generated data was also exploded. This was
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solved by entering a third column for unique identifiers, that needed to be generated.
Specifically, the unique identifier was chosen to be a revision hash that has been
mapped to a unique integer, since this is the format that was used for files and
test cases. The distribution of identifiers attempts to mimic the original data. This
means that each datapoint in the generated data was on the form (u, f, 7), where u
is the unique identifiers, f is a file and 7 is a test case. In order to “unexplode” the
data, every datapoint that shared the same identifier was merged. This is effectively
the inverse of the explode operation explained above. As such, data was created that
more accurately mimics the real data.

As an extra benefit, the exploded data can be used to plot the data on a plane. Each
row in X’ can be plotted where file “names” are on the x-axis and test case “names”
are on the y-axis, as in Figure 3.2. In this thesis project, three different company
projects are considered. Those projects are anonymized as Project 0, Project 1 and
Project 2 in order to distinguish them.

It is evident from the scatter plots above that some tests are more predominant than
others across multiple source code files. This is what gives the plots “lines” of dense
datapoints as tuples, (f;, 7;). The plot in Figure 3.2e can be differentiated from the
others with its vertical lines, as opposed to the horizontal lines in Figure 3.2a and
Figure 3.2c. One possible explanation for this might be the fact that some of the
files in the plot for Project 2 didn’t associate with any test cases when the dataset
was built. In formal terms, it could be expressed that |0 > 1 and |Tajeq| = 0 for a
single datapoint before it was exploded. As such, no point on the scatter plot would
be possible.

As mentioned previously, in order to generate new synthetic data, real data is needed.
By using the real data depicted in Figure 3.2a, Figure 3.2c and Figure 3.2e, data
could be generated, which can be seen in Figure 3.2b, Figure 3.2d and Figure 3.2f.

Some remarks can be made regarding the plots of the synthetic data. The generated
data from Project 1 (Figure 3.2d) and Project 2 (Figure 3.2f) appear to generally
follow the same pattern as their corresponding real data. The synthetic data for
Project 1 has five relatively defined “lines” of densely packed datapoints like three
“lines” found in the real data. Both the synthetic dataset and real dataset contain
deviating points for some less failure prone test cases; in the synthetic dataset those
test cases would be number 31 and 25, while in the real dataset those being number
25, 23 and 1.

The synthetic data for Project 0 does not appear to mimic its real data correspondence,
however. The possible reasons for this are numerous. The real data contains three
predominant test cases that each form a “line” of points, however the spread of test
cases in Figure 3.2a might have had an effect in the creating the very diverse set of test
cases and files, that does not conform to “lines”. Table 3.1 contain the hyperparameter
settings that were used in producing the synthetic data. These settings were yielded
through experimentation in a trial-and-error approach. The experimentation mostly
involved tuning the hyperparameters based on the results yielded in the plot format
shown in Figure 3.2b, Figure 3.2d and Figure 3.2f. Attempts were made to mimic
the real data correspondence as closely as possible.
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’ Hyperparameter \ Value ‘ ’ Hyperparameter \ Value ‘
Learning rate 0.01 Learning rate 0.01
Batch size 32 Batch size 256
First beta coefficient 0.6 First beta coefficient 0.6
Second beta coefficient 0.8 Second beta coefficient 0.8
Number of epochs 20 Number of epochs 20
Noise dimension 128 Noise dimension 200
Layer dimension 128 Layer dimension 128

(a) Settings for Project 0 and Project 2. (b) Settings for Project 1.

Table 3.1: Hyperparameter settings for the three projects.

3.3 Implementing The Prioritized Order Model

The process of writing and designing a neural network that fits the project setting
included some experimentation. Previous research served as guidance for the direction
of what the final model might look like and the main source of inspiration for this
stem from Sharif et al. [20]. In order to test the format of the dataset, a simple neural
network was established. The structure of this network was inspired by DeepOrder
[20] which is a model that uses a Deep Neural Network (DNN) in order to assign
priority values, given a test case that consists of a number of different features.

The proposed model for this thesis project is called Prioritized Order Model (POM).
The idea of the network differs substantially from DeepOrder especially in terms of
the input features and the network output. POM takes a vector of file alterations,
df, as input and produces a vector of probabilities for how each test case is to fail,
p. As such, the greatest inspiration from DeepOrder was the network structure in
terms of layers and number of neurons. The structure served as a base on which
later could be altered to suit the needs of the project.

In contrast to the ANN introduced in Jahan et al. [13], POM does not take TCS
into account as a step in preprocessing the data. Instead, it is dealt with after
the prediction is made. This also different to how RETECS (see Section 1.3.2.1)
integrated TCS. The approach for TCS in Jahan et al. [13] is based on just one of
their features called MM (see Section 1.3.2.3). The selected test cases to be prioritized
using the ANN, are chosen if MM > 1 for some test case 7. The implementation of
TCS in POM is explained further in Section 3.4.

Additionally, as mentioned in Section 1.3.2.3, the ANN in Jahan et al. [13] has
features based on modified modules among others. These features are fundamentally
different from that of POM. As also mentioned in Section 1.3.2.3, the dataset for
training the ANN required that test cases where labeled by performing experiments.
Test cases were labeled either 0, 1 or 2, which consequently decreases the granularity
of the orders produced. However, the experiments mentioned in Jahan et al. [13] are
not elaborated upon.

14



3. Methods

3.3.1 The Structure of POM

POM is a sequential neural network that consists of three hidden layers, each with
a certain number of neurons, an input layer and a output layer. The details of the
model is comprised in Table 3.2, which include the number of neurons of each layer,
as well as the activation functions that are used between each layer. Figure 3.3 shows
an overview of the network.

Layer or
Act?vation Type Number of
Function (AF) neurons

Input layer Linear 17|
AF Mish N/A

Hidden layer Linear 10
AF Mish N/A

Hidden layer Linear 20
AF Mish N/A

Hidden layer Linear 20
AF Mish N/A

Output layer Linear Ip|
AF Softmax N/A

Table 3.2: The structure of POM in a table format.

As previously mentioned, POM was inspired by DeepOrder [20]. However, the number
of neurons for each layer differs slightly between the two, since the proposed structure
in Table 3.2 was found to be better for POM. As mentioned in Section 1.3.2.4,
DeepOrder has 10, 20 and 15 neurons in its hidden layers. As also mentioned in
Section 3.3, the input features and output of the network is fundamentally different.
The choice of activation function for DeepOrder is Mish, which is introduced in
Misra [15]. The main motivation by Sharif et al. [20] for this choice, instead of more
conventionally known activation functions such as ReLLU, was mainly due to how
Mish had overcome known flaws in ReLLU. From testing and experimentation, the
conclusion was that Mish performed better than ReLU in POM, which is why Mish
was ultimately chosen over ReLLU.

In Table 3.2, §} = [ i fo - fn} denotes the vector of files that are present in the

input layer and pT = {pl Py e pm} is the vector of test case failure probabilities
that are present in the output layer. The probabilities are based on the input which
are files. The last activation function of the model is a softmax function, which
converts vectors into a probability distribution such that all probabilities sum to 1.
In formal terms, for every prediction, p1,pa, ..., Pm, where p; € [0,1] it is the case
that 37", p; = 1. The predicted probability distribution is then compared to the
ground truth with a cross entropy loss [16].
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Figure 3.3: An overview of POM, that takes in file names, f, that are represented as
bit vectors, and outputs test case failure probabilities, p.

3.4 Test Case Selection, TCS

As discussed in Section 3.3.1, the model outputs a vector of probabilities, each of
which is associated with a test case. To achieve a prioritization based on the model
output, it is sufficient to order the list of test cases in descending order based on the
probability. However, from the problem statement in Section 1.2, item (ii) states
that the total time of the ordered list of test cases should not exceed a given time
limit. POM does not take time as a feature into consideration. Instead, Test Case
Selection (TCS) is done as a post-processing step. This section will describe how
TCS is applied to the model output.

For all test cases in a test result, there exists an execution time for each test case.
As such, each output probability is associated with the average execution time of
the test cases. With this mapping between test case probability and the average
time it takes to execute the test, the objective is to maximize the sum of test case
probabilities subject to the time it takes to execute each test. Hence, the idea of
using the knapsack problem (see Section 2.3) to apply such a time constraint seems
appropriate.

To apply TCS to the test prioritization, an instance of the knapsack problem can be
created. We are given the following: the vector of probabilities p produced by the
model, a vector of average times, [tl ty t3 --- tm], a set S containing indices, 1,
for each test case (which are chosen based on p; and t;), and a time limit 7. Applying
the knapsack problem for this instance, we get the following:
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maximize Z i
€S

subject to Zti <T

€S

In this thesis, dynamic programming is utilized to solve the knapsack problem, and
the time complexity is pseudo-polynomial, which can be problematic when the input
size is too large [14]. For this project, however, there were no problem with the
running time of the algorithm.

To achieve a final, time constrained prioritization, only the test cases selected by the
algorithm are included. The overall idea is depicted in Figure 3.4
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Figure 3.4: The workflow when considering time into the prioritization.
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4

Results & Evaluation

In this chapter, the results of performing test case prioritization with POM and
test case selection utilizing the knapsack problem are presented. To further assess
the results, relevant baseline methods are utilized to compare the use of machine
learning in a test case prioritization context.

4.1 Evaluation Methods

When evaluating POM, different methods had to be developed that suited the
needs and context for test case prioritization and test case selection. From previous
literature [6, 18, 20, 21|, Average Percentage of Faults Detected (APFD) seems to
be a common evaluation metric for test case prioritization. APFD is described
as a measurement of the effectiveness of fault detection in a prioritized order [18].
However, APFD is not directly applicable to evaluate POM, since it requires faults
to be known [6]. For this thesis, it it only possible to know whether a test case
passed or not which is why alternate methods has been developed to achieve similar
measurements.

4.1.1 Time Until First Failed Test Case, TUFFTC

The first method of evaluation is to consider is when the first failure occurs in
the ordering. This can be used to easily get a sense of the meaningfulness of the
prioritized result. This metric is referred to as Time Until First Failed Test Case
(TUFFTC).

4.1.2 Test Coverage

To further assure that POM produces a meaningful prioritization, a form of test
coverage is performed on the prioritized output. The test coverage is defined as
follows:

Number of correctly predicted test cases

Test coverage =
& Total number of test cases that have failed

The definition by itself might seem straight forward. However, the quantities for
“the number of correctly predicted test cases” and “the total number of test cases
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that have failed” have to be defined as well.

The number of correctly predicted test cases is acquired by looking at the label
dataset Y, ., from Section 3.2. As discussed there, each row is one datapoint
containing a number of failed test cases. Let k; be the number of failed test cases
for some datapoint d, then k4 is defined as

m
kd = Z Td,i-
=1

Let Tpredictea be the set containing the first ky test cases from the prediction vector
of test cases for some datapoint d. Let Trieq be the set of failed test cases from the
datapoint d. Tgilea is also known as the label for d. It is the case that |Tpredicted| =
kq = |Ttaitea|. From this, the number of correctly predicted test cases for this
datapoint, is ¢ = | Tpredicted N Tailea|- In words, this is the act of checking which test
cases in Tpredicted are in Tpilea and then count every occurrence of such test cases.
This is just for one datapoint. The number of correctly predicted test cases would
therefore be

r
D
d=1

where 7 is the total number of datapoints. The total number of test cases that have
failed can be defined as

S k.
d=1

4.1.3 Prioritization Methods for TCPP

For the TCPP evaluation, three baseline methods have been compared to POM and
are described below:

o Default: refers to the original test suite, without any modifications to the
ordering.

o Prioritized: refers to the prioritized test suite computed by POM.

« Random: creates a random ordering of the test suite for each iteration of
testing phase. This is to avoid the risk of finding a superior ordering by
coincidence.

o Frequency sort: creates an ordering in the test suite based on how often a test
case fails overall, meaning that test cases failing more often will be prioritized.

The results of these methods can be found in the columns of Table 4.1 and Table 4.4.

20



4. Results & Evaluation

4.1.4 Test Case Selection Evaluation Methods

For the TCS evaluation, dummy time data is sampled from the discrete uniform
distribution for each test case. The reason for this is that time data for test cases
was not available in the initial phase of the project.

Evaluating POM with TCS differs somewhat from the previous methods. Due to the
time constraint, the prioritized output will be a subset of all test cases produced by
POM, which can cause some trade offs. For instance, the time to execute the TCS
prioritization can be reduced significantly. However, there is a risk that potential
test case failures are excluded from the selected subset. An interesting point to
investigate is whether a failure is included or not in the selected subset. Thus, the
ratio between the number of failures in the selected subsets and the total number
of failures is calculated. This ratio is referred to as failure inclusion. Test coverage
is also included in the evaluation of the TCS variant of POM to further assess its
performance. Note that in this case, test coverage is performed on the TCS test
suite which is a subset of the prioritized test suite.

When applying TCS, the knapsack method and a naive solution are compared.
Further description of each method can be seen below:

o Naive: refers to a naive way to applying TCS to the prioritized test suite
produced by POM. This done by selecting the first test cases, that together do
not exceed a specified time limit.

o Knapsack: selects a subset of test cases based on the probabilities that has
been produced by POM, with respect to a specified time limit.

The results of these methods can be found in the columns of Table 4.3 and Table 4.6.

4.2 Evaluation Results Using Real Data

Table 4.1 contains data on the average time it takes to find the first failed test case
in the total list of test cases that failed. Each row represents the average TUFFTC
for a specific project and each column describes which method is used. It is evident
that the prioritized ordering finds the first failure faster in every instance tested
compared to the default and the randomized ordering. However, the frequency sort
performs better than POM in all cases.

Project Default | Prioritized | Random | Frequency sort
[tu.] [tu.] [tu.] [tu.]
Project 0 | 51229 2944 31180 2102
Project 1 | 11695 27 5106 0
Project 2 | 53908 3970 19794 643

Table 4.1: Average TUFFTC for the different projects with four types of orderings
of real data.
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The results from performing the test coverage validation using POM and on test
data from the different projects can be found in Table 4.2.

) Prioritized Frequency sort
Project
test coverage test coverage
Project 0 82% 82%
Project 1 88% 92%
Project 2 87% 87%

Table 4.2: Test coverage for the prioritized and frequency based orderings of real
data.

4.2.1 Test Case Selection Results

The Test Case Selection results can be found in Table 4.3, including different time
limits used and its corresponding test coverage and failure inclusion by each method.
A greater time limit usually implies that more tests are included in the prioritized
order.

Time limit Test coverage Failure inclusion
[tu.] Naive | Knapsack | Naive | Knapsack
Project 0 1000 13% 86% 13% 36%
2000 13% 86% 25% 64%
3000 20% 86% 41% 68%
4000 20% 86% 48% 73%
5000 20% 86% 54% 75%
Project 1 1000 100% 100% ™% 76%
2000 100% 100% 88% 88%
3000 100% 100% 88% 88%
4000 100% 100% 88% 88%
5000 100% 100% 88% 88%
Project 2 1000 10% 60% 11% 42%
2000 10% 60% 31% 54%
3000 10% 60% 33% 68%
4000 10% 60% 40% 59%
5000 10% 60% 44% 62%

Table 4.3: Test coverage and failure inclusion result using different time limits for
the TCS version of test prioritization (real data).

Each project was tested on different time limits, to analyze how an increased time
limit affects the overall result. For this round of evaluation, an upper time limit of
5000 is chosen based on testing and re-testing with different time limits. Table 4.3 is
visualized in Figure 4.1, where the orange line corresponds to the knapsack method,
while the blue line refers to the naive method.
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Figure 4.1: Comparisons between the naive method against the knapsack problem

for test case selection using the real data.

4.2.2 Remarks on Results Using Real Data

While the results appear promising for POM, it is important to reflect over its
meaning. For each project, there were roughly five to ten test case failures among a
total of at most 30 test results that were used in the validation. In total, the number
of datapoints varied between 150 to 200 between each project. Note that the amount
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of validation data, and data overall in this step is extremely low in a deep learning
context.

4.3 Evaluation Results Using Data Augmentation

This section aims to describe the results using synthetic data to further assess the
possibilities of machine learning in test case prioritization. From Section 4.2, the
results show that POM does not prioritize better than the frequency based method.
It is probable that the low amount of data might be the reason for this, which is
why the results in this section is based on generated data.

The amount of synthetic data in each project differed, and the number of datapoints
in the test set for each project can be seen below:

e Project 0: 7806 rows of test data
o Project 1: 2720 rows of test data
o Project 2: 3198 rows of test datal

The average TUFFTC can be found in Table 4.4. Comparing the prioritized column,
it seems like the model manages to prioritize a test suite more efficiently compared
to the other baseline methods.

Project Default | Prioritized | Random | Frequency sort
[tu.] [tu.] [tu.] [tu.]
Project 0 7253 1288 7889 3976
Project 1 733 36 357 116
Project 2 488 72 954 127

Table 4.4: Average TUFFTC for the different projects with four types of orderings
of synthetic data.

Moreover, the results from using the test coverage validation on the prioritized and
the frequency based method are depicted in Table 4.5. It is evident from Table 4.5
that the test coverage of the prioritized method is higher compared to the frequency
based method.

) Prioritized | Frequency sort
Project
test coverage | test coverage
Project 0 55% 23%
Project 1 73% 66%
Project 2 1% 60%

Table 4.5: Test coverage for the prioritized and frequency based orderings of synthetic
data.

LA different train and test split is used due to the amount of data generated for project 2.
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4.3.1 Test Case Selection Results using Data Augmentation

The results of using TCS with the augmented data can be seen in Table 4.6 and
Figure 4.2. The time limits differ substantially compared to the limits used in
Section 4.2.1, due to the general increase in the amount of data. It was found that
using more data, an upper time limit of 2500 was found to be enough to test due to
the execution time and the results achieved.

Time limit Test coverage Failure inclusion
[tu.] Naive | Knapsack | Naive | Knapsack
Project 0 250 20% 23% 14% 25%
500 24% 31% 16% 27%
750 56% 61% 38% 48%
1000 81% 83% 55% 65%
1250 81% 83% 55% 62%
1500 82% 83% 56% 62%
2500 85% 85% 58% 62%
Project 1 250 65% 81% 37% 81%
500 74% 86% 47% 64%
750 91% 86% 47% 64%
1000 96% 97% 79% 83%
1250 98% 98% 79% 82%
1500 99% 99% 79% 82%
2500 99% 99% 79% 82%
Project 2 250 59% 64% 26% 64%
500 93% 94% 41% 68%
750 94% 94% 55% 75%
1000 94% 95% 55% 65%
1250 96% 96% 68% 72%
1500 96% 97% 70% 1%
2500 98% 98% 71% 70%

Table 4.6: Test coverage and failure inclusion result using different time limits for
the TCS version of test prioritization (synthetic data).

4.3.2 Remarks on Results Using Data Augmentation

It is important to note that the generated data does not completely reflect the reality
of the actual data. The main of goal of utilizing data augmentation is to explore the
possibilities of machine learning in test case prioritization.
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Figure 4.2: Comparisons between the naive method against the knapsack problem

for test case selection using synthetic data.
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Discussion & Conclusion

This chapter aims to discuss the results presented in Chapter 4 and how the project
can be further developed to produce stronger results.

5.1 Discussion

From Section 4.2, it could be observed that POM managed to prioritize a test
suite, especially when looking at the time it takes to find the first failure. However,
comparing the time of failure with the model output to the frequency based method,
it could be concluded that the frequency based method performed slightly better.
Investigating the cause for this, the amount of real data and the number of test case
failures in that data provided turned out to be insufficient to train a neural network.
Moreover, it is difficult to validate the output from POM, since the optimal test
ordering is not known. Therefore, during the training of the network, the predicted
test suite produced by POM is compared to the original test suite. Then, to produce
a final ordering, POM’s output probabilities are sorted in a descending order which
consequently favors the frequency of test case failures. This is the probable reason
for why the frequency based method is such a good contender to POM from the
results in Section 4.2.

To attempt to improve the performance of POM, data augmentation was introduced.
With this, new data could be generated based on the data that was available to
increase the data size and possibly its diversity. The hypothesis was that with more
data available, POM should be able to perform better than the frequency based
method, which was indeed the case. However, it is important to note that once
augmented data is introduced, the meaning of the result changes. For instance, the
result can not be used by the company, since it does not rightfully reflect the reality.
However, the results based on data augmentation can be a good indicator of what is
needed to achieve good results using machine learning and neural networks. In this
case, increasing the data size, while also introducing more diversity to the data is
beneficial. Based on the results in Section 4.3, one of the main takeaways is that the
data seems plausible in a real world setting, which in turn allows POM to perform
well. One possible solution to achieve this could be to spend more resources into
creating datasets specifically for test case prioritization. This is to introduce more
test case failures in the dataset to increase the diversity, to allow a model to better
understand how file changes relate to test case failures.
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Furthermore, utilizing data augmentation to generate data, it is hard to avoid that
the generated data will be preferable over the original data. This is due to the
generative model, since it is trained to generate expanded datasets, which ultimately
will favor POM. Hence, it is important to be cautious about the generated data and
to reason about how and why it produces the result it does. Based on the structure
and looks of the generated data compared to the original data however, it seems
plausible in this case that it could be likely to appear in a real world scenario.

Looking at the test coverage column in Table 4.3, the measured values rarely change as
the time limit and the failure inclusion both grow. The hypothesis is that the number
of test case failures in the test data are low and the quality of the prioritization by
POM is quite low. Thus, as the time limit grows, new failures will not be detected
since their priority value might be low, or that more failures does not exist in the
test data.

Comparing POM to DeepOrder by Sharif et al. [20], the key difference is the input.
DeepOrder processes individual test case features and predicts a probability to
eventually provide a prioritization while POM looks at file changes exclusively. It
is not apparent which of the methods is preferable; it could depend on the data
that is available. If each test case contains useful features to determine a priority,
using test cases as input might be more desirable. Also, if time is included in the
test case features, it would be easier to construct a model that takes time into
consideration in the final priority. As for today, POM prioritizes a test suite which is
then processed by another algorithm to apply TCS to the problem. However, without
such information for each test case, looking at file changes might be preferable since
they usually can be easily found in the version control history.

5.2 Conclusion

In this thesis, a machine learning based approach for TCPP, using deep neural
networks is presented. While the results from Section 4.2 were not along the lines
with the initial hypothesis, drastic improvements could be seen in Section 4.3, when
data augmentation was introduced. What could be observed is that when a diverse
and sufficient amount of data exists, the results of using POM were remarkable,
indicating that the approach works rather well in the context of TCPP.

Furthermore, as a post-processing step, a solution for TCS was implemented utilizing
the knapsack problem. The implementation considered time as an aspect that
introduces a time constraint to the original problem. Looking at the TCS results,
they are not as convincing compared to the TCPP results. However, it can be
observed that using the knapsack problem in a TCS setting works.

5.3 Future Work

As discussed in Section 2.1.1, two types of alterations were proposed: file and code
alterations. In this project, only file alterations were touched upon, due to the limited
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time frame and scope of this master thesis. However, as mentioned in Section 1.3.2.2,
Busjaeger and Xie [5] used text content similarity as a feature in their SVM model.
Their method for this were based on the work of Saha et al. [19], while adding their
own modifications. With this, code alterations might serve as a promising aspect
that merits a full exploration in the context of DNNs.

Another aspect to explore further is to construct a dataset specifically for test case
prioritization and observe how it performs on real data. With the knowledge gained
from this thesis, it seems feasible to spend an extra amount of effort on creating a
dataset with high quality. In addition to using data from changes in production, it
could be of value to perform a numerous amount of iterations to observe which test
cases covers different files and add it to the current dataset. This is to gain more
representation of each test case failure, which in turn would introduce diversity into
the dataset, allowing for better predictions from a machine learning model.

Finally, exploring different test case selection methods could be of interest. In this
thesis, a naive method and the knapsack problem is utilized and compared for test
case selection. However, these methods are experimental, especially the knapsack
problem in a test case selection context. To further analyze different test case
selection methods, Graves et al. [10] mentions several test case selection techniques
which can be a good source for inspiration.
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