ABSTRACT

YEDIDA, RAHUL. Guidelines for the Application of Neural Technologies in Software
Analytics (or: How to Do More with Less in SE). (Under the direction of Tim Menzies).

Deep learning is now prevalent in software engineering (SE) research, and its ap-
plications are well-understood. However, can we improve these models through tuning?
This dissertation argues that hyper-parameter optimization (HPO) on computationally
cheaper neural network architectures outperforms the state-of-the-art. We demonstrate
that, for five SE tasks (defect prediction, issue lifetime prediction, code smell detection,
automated microservice partitioning, and false alarm detection in FindBugs warnings), a
combination of operators, each devised based on the idiosyncrasies of the datasets under
study, enables a feedforward model to outperform other deep learning technologies that
require orders of magnitude more time to run.

To encourage the use of HPO, we offer two novel strategies based on theoretical
links between the flatness of minima and their generalization ability. One strategy is
purely derived from theoretical machine learning literature, while the other additionally
leverages our observations of SE data complexity across tasks. These methods outperform
prior HPO methods at a fraction of the runtime.

In summary, we caution against using technologies as black-box instruments without
reflecting on the nature of their internal search space. By reflecting on that space, we can

offer a new high-water mark for faster HPO based on the flatness of minima.
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CHAPTER

INTRODUCTION

1.1 Statement of Thesis

Can deep learning (DL) be applied to SE data without first adjusting those learners to
the particulars of SE? Many researchers believe so. A common claim is that DL supports
a kind of automated feature engineering [152, 163, 198, 231, 246] that lets data scientists
avoid tedious manual feature engineering, prior to running their learners.

It is timely to assess such claims. DL is now widely applied to many SE tasks!. Despite
its widespread use, few SE researchers are critically examining the utility of deep learning
for SE. For example, in their literature review, Li et al. [126] explored over 40 SE papers
facilitated by DL models and found that 33 of them used DL without comparison to
other (non-DL) techniques. In our own literature review on DL in SE (reported below
in Section 2), we find experimental comparisons of DL-vs-non-DL in less than 10% of
papers.

In Figure 1.1, we show the distribution of the “smoothness” of SE and non-SE

datasets. We will formalize the notion of smoothness in Chapter 2, but for now, we will

1Bug localization ([100]), sentiment analysis ([81, 128]), API mining ([41, 79, 156]), effort estimation
for agile development ([43]), code similarity detection ([251]), code clone detection ([223]), and more.
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Figure 1.1: Distribution of smoothness for SE and non-SE datasets. SE datasets are
a subset of the datasets explored in this dissertation. ML datasets come from the UCI
repository and the OpenML tasks used in HPOBench.

merely state that it is one measure of the difficulty of learning from a dataset. Clearly,
there is a significant difference between SE and non-SE datasets, and the former are sim-
pler. We argue that this should lead researchers to try simpler machine learning methods
before more complex ones.

One way to address the above, which will not be used here, is massively expensive
runs over multiple data sets and methods, repeated multiple times, to cover a vast space
of possible settings. Rather, we seek some alternate, less compute-intensive approach.
We seek a more fundamental description of what it means to commission a learner for a

particular task. Ideally, that description should be formal, fast, and effective:
e [ormal: Be strongly grounded in mathematical theory;

e Fast: Guide the design of very fast algorithms for the tuning of data miners to

particular data sets;

e FEffective: After tuning, those data miners should perform better than the prior
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Figure 1.2: Left & right shows loss landscape before & after HPO. The loss function is
visualized as the z dimension of domain data mapped into two PCA components z,y. In
this figure, red indicates regions with highest mean squared error.

state-of-the-art.

To find such methods, we turn to the hyperspace boundary thata divides examples of

different classes. We say that:

Statement of thesis: Learning algorithms need to be guided toward “better” deci-
sion boundaries through a combination of engineering methods that preprocess data,

with hyper-parameter optimization to find “good” minima during optimization.

We will elaborate on what constitutes a “better” decision boundary and a “good”
minimum later in this dissertation. This method, which we call BOUNDED, is a set of
methods, only some of which are needed for some tasks. We strongly advocate for exper-
imenting with simpler methods before using more complex ones, and in accordance with
that tenet, we show that for some tasks, not all the engineering methods of BOUNDED
are necessary.

Figure 1.2 shows a preview of the motivation behind our approach. The right side
shows a “good” minima; Chapter 2 will discuss the literature on why this is the case. We
will also show that the techniques proposed in this dissertation change the loss landscape
from looking like the one on the left, to the one on the right.

Other researchers have argued that for something like BOUNDED. However, prior
work has been limited in its scope of decision boundary manipulation. For example,
support vector machines (SVMs) use convex optimization to produce a maximum-margin
classifier in a kernel space.But the boundary manipulation methods are hard-wired into

the learner. Here, we explore learner-independent methods for boundary manipulation.



Recently, there has been some work in optimizing for “good” minima [72], by modifying
gradient descent. That work, however, only looks at the loss function to change the
decision boundary, rather than attempting to directly manipulate it. Moreover, their
work is limited to a fixed set of hyper-parameters. In this work, on the other hand,
boundary manipulation is a primary design feature of our algorithms.

Our boundary manipulation methods will divide into four areas:

Boundary engineering: adjust the decision boundary near our data points;

Label engineering: control outliers in a local region by using just a small fraction of

those local labels;

Instance engineering: addressing class imbalance in local regions of the data;

These treatments are combined with parameter engineering’® to control how we

build models.

To confirm the effectiveness of this approach, the experiments reported later in this
paper explore 20 repeated trials on 38 software engineering data sets exploring issues
such as defect prediction, detecting false alarms in static code warnings, issue lifetime

prediction, code smell detection, and automated microservice partitioning.

1.2 Contributions
The major contributions of this dissertation are summarized below:

e We develop formal theory to help make informed decisions about the engineering

problems discussed above.

e For the five software analytics tasks listed above, we achieve state-of-the-art results.
Moreover, our methods are significantly (and often orders of magnitude) faster than

the prior state-of-the-art.

e We show that learning problems can be divided into a set of engineering decisions,
each of which needs careful consideration. We further show that some problems are
simpler than others, and advocate for matching the complexity of the solution to
that of the problem.

2We use this term synonymously with hyper-parameter optimization.



e We demonstrate that SE datasets are often simpler than their non-SE counterparts

because the smoothness of the loss landscapes generated by them is much lower.

e We demonstrate that a distinct minority of software analytics papers use hyper-

parameter optimization despite repeated results showing its efficacy.

e To motivate researchers to adopt hyper-parameter optimization, we derive the the-
ory for, and implement, two novel algorithms for hyper-parameter optimization

that outperforms prior work, while also being significantly faster.

1.3 Papers from this Dissertation

This thesis is a culmination of several research works [2, 232, 234, 235, 236, 238, 239,
241, 242, 243], discussed below. They, along with other research by the author during his
Ph.D., are listed in Table 1.1

In Agrawal et al. [2] we explored standard HPO methods for SE and was one of
the papers advocating for hyper-parameter optimization. While successful, this paper
encouraged us to seek a more fundamental approach. In Yedida & Menzies [234], we
presented an early version of BOUNDED. Yedida et al. [241] showed that a simpler ver-
sion of BOUNDED could outperform a much more complex model, orders of magnitude
faster. Yang et al. [232] marked an initial exploration into the problem of detecting false
alarms in static code analysis tools. Yedida et al. [239] was the first collaborative work
with IBM Research, showing that hyper-parameter optimization can significantly im-
prove automated microservice partitioning algorithms and change the conclusions from
research. We continued this work in Yedida et al. [243], which proposed a novel approach
based on recommendations from ML and SE literature. In Yedida & Menzies [235], we
showed that our early version of BOUNDED could be applied successfully to another
SE domain. Yedida et al. [242] matured BOUNDED and showed that it could be ap-
plied to yet another SE domain. We introduced SMOOTHIE in Yedida & Menzies [236], a
novel hyper-parameter optimization method tailored to SE data, based on the observa-
tion that the various parts of BOUNDED increased the smoothness of the loss and led
to “good” minima. Finally, Yedida & Saha [238] was a second step, proposing another

novel hyper-parameter optimization method that directly optimized for “good minima”.



Table 1.1: List of papers written and published during Ph.D. program.

Authors Title Venue Year
Directly related to dissertation
Agrawal, A., Yang, X., Agrawal, R., Simpler Hyperparameter Optimiza- IEEE Trans. SE 2021
Yedida, R., Shen, X., & Menzies, T. tion for Software Analytics: Why,
How, When?
Yedida, R., & Menzies, T. On the Value of Oversampling for IEEE Trans. SE 2021
Deep Learning in Software Defect
Prediction
Yang, X., Chen, J., Yedida, R., Yu, Learning to recognize actionable Empirical SE 2021
Z., & Menzies, T. static code warnings (is intrinsically
easy)
Yedida, R., Krishna, R., Kalia, A., Lessons learned from hyper-  Automated SE (Conf.) 2021
Menzies, T., Xiao, J., & Vukovic, M.  parameter tuning for microservice
candidate identification
Yedida, R., Krishna, R., Kalia, A., An Expert System for Redesigning Exp. Sys. with App. 2023
Menzies, T., Xiao, J., & Vukovic, M.  Software for Cloud Applications
Yedida, R., Menzies, T. How to Improve Deep Learning for  Mining Software Repositories 2022
Software Analytics (a case study with
code smell detection)
Yedida, R., Kang, H. J., Tu, K., Lo, How to Find Actionable Static Anal- IEEE Trans. SE 2023
D., & Menzies, T. ysis Warnings: A Case Study with
FindBugs
Yedida, R., & Menzies, T. Is Hyper-Parameter Optimization Under review 2024
Different for Software Analytics?
Yedida, R., & Saha, S. Flatness-guided hyper-parameter op-  Under review 2024
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Yedida, R., Yang, X., & Menzies, T. Old but Gold: Reconsidering the Unpublished 2021
value of feedforward learners for soft-
ware analytics
Unrelated to dissertation
Saha, S., Nagaraj, N., Mathur, A., Evolution of novel activation func- Eur. Phy. J. Spec. Top. 2020
Yedida, R., & HR, S. tions in neural network training for
astronomy data: habitability classifi-
cation of exoplanets
Yedida, R., Saha, S., & Prashanth, LipschitzLR: Using theoretically = Applied Intelligence 2021
T. computed adaptive learning rates for
fast convergence
Sridhar, S., Saha, S., Shaikh, A., Parsimonious computing: A minority IJCNN 2020
Yedida, R., & Saha, S. training regime for effective predic-
tion in large microarray expression
data sets
Yedida, R., & Saha, S. Beginning with machine learning: a  Eur. Phy. J. Spec. Top. 2021
comprehensive primer.
Baldassarre, M. T., Ernst, N., Her- (Re) Use of Research Results (Is Comm. ACM 2023

mann, B., Menzies, T., & Yedida, R.
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CHAPTER

2

BACKGROUND

This chapter will cover background concepts in deep learning and will briefly touch on

important results in convex optimization.

2.1 Deep learning

2.1.1 Feedforward networks

Feedforward neural networks are a slight extension of multi-layer perceptrons, and are a
technology from the 1980s [176]. Briefly, a feedforward network is a directed acyclic graph
of nodes, where the edges are weighted—these weights form the parameters of the model.
At each node, a weighted sum of the inputs is performed, followed by an “activation func-
tion” to form an output, and weights are updated using the backpropagation algorithm
[176]. A typical activation function used is the ReLU function, f(z) = max(0,z), which
was introduced by Nair & Hinton [152].

Despite their simplicity, feedforward networks have been shown theoretically to have
large representative capacity; for example, Hornik et al. [98] shows that these networks
can represent any arbitrary decision boundary. This interest is not merely theoretical:
Galke & Scherp [74] show that for image classification, feedforward networks can perform

competitively with the state-of-the-art algorithms. Nevertheless, modern approaches con-



tinue to be more popular in both deep learning and software engineering literature, partly
because optimization with modern deep learning layers is easier [181], and partly because
over-parameterized neural networks can still be optimized by simple algorithms such as
gradient descent [59, 254].

2.1.2 Deep learning

Deep learning refers to an extension of feedforward networks (or “artificial neural net-
works”). Those had a limited number of hidden layers and used the sigmoid or threshold
function at each node (this function is called the “activation function” in deep learning

literature). They differ from “deep learners” in the following respects:

e Hidden layers: Modern deep learners typically have many hidden layers, that

allow for hierarchical feature selection [246].

e Activation functions: Deep learners now use a variety of activation functions,
most notably, the ReLU (f(x) = max(0, z)) [152] function.

e Architectures: The “architecture” of a deep learner refers to the arrangement of
the nodes and the connections between them. For example, convolutional neural
networks and recurrent neural networks [96] are two classes of architectures. Cru-
cially, the “feedforward” network architecture refers to the standard multi-layer
perceptron setup, but is typically implemented with more layers and the ReLLU

activation function.

Importantly for the context of this paper, however, it is noteworthy that the more
recent learners are more complex in that they have orders of magnitude more parameters
than prior, simple, feedforward networks (which have been around for decades). For
example, a modern deep learner for language modeling can have billions of parameters
[169]. Consequently, these are significantly slower to optimize, although they typically
achieve better results. As we will see in the next section, the more complex networks

dominate the SE field as well, and the feedforward network is rather abandoned.

Autoencoders

An autoencoder is an encoder-decoder architecture that is used to compress an input into
fewer dimensions. While several variations exist, such as the variational autoencoder, in

this paper, we only discuss the standard model (called a stacked autoencoder).
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Figure 2.1: A basic autoencoder. Here, the input of size 8 is reduced to the bottleneck
layer of size 4, and the network then increases back to size 8.

In this model, the network is designed with hidden layers that decrease in size to a
certain point (called the bottleneck layer), and then increase back to the original input
length (see Figure 2.1). The network is then trained to recreate the original inputs, by
minimizing the mean squared error (MSE) loss function. This forces the network to learn a
mapping from the original input length to the bottleneck length (this part of the network
forms the encoder), and another mapping from the bottleneck layer to the original input
length (called the decoder). These can then be used to reduce dimensionality of some

data, or recreate the original data from the lower-dimensional embeddings.

2.2 Deep learning in SE

Using a literature review, this section argues that the issue raised in this dissertation (that
researchers seen rush to use the latest methods from deep learning literature, without
baselining them against simpler) is widespread in the software analytics literature.

To understand how deep learning are used in SE, we performed the following steps.

e Seed: Our approach started with collecting relevant papers. As a seed, we collected

papers from the recent literature review conducted by [218].

e Search: To this list, we added papers added by our own searches on Google Scholar.

Our search keywords included “deep learning AND software”, “deep learning AND
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Figure 2.2: Summary of venues in our literature review.

defect prediction”, and “deep learning AND bug fix” (this last criteria was added
since we found that some recent papers, such as Lee et al. [121], used the term “bug

fix time” rather than “issue close time”).

e Filter: Next, we filtered papers using the following criteria: (a) published in top
venues as listed in Google Scholar metrics for Software Systems, Artificial Intelli-
gence, and Computational Linguistics; or, released on arXiv in the last 3 years or
widely cited (> 100 cites) (b) has at least 10 cites per year, unless it was published
in or after 2017 (the last three years). The distribution of papers across different

venues is shown in Figure 2.2.

e Backward Snowballing: As recommended by Wohlin [225], we performed “snow-
balling” on our paper (i.e. we added papers cited by the papers in our list that also
satisfy the criteria above). Our snowballing stopped when either (a) the list of pa-
pers cited by the current generation is a subset of the papers already in the list, or

(b) there were no further papers found.

This led to a list of 155 papers, which we summarize in Figure 2.3. Some engineering
judgement was used in assigning papers to the categories of that figure. For example,

a paper on learning a latent embedding of an API [156] for various purposes, such as
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No filters Compare to non-DL Perform HPO

language processing 5 2 1 4 1 n 4 1 1 4 1 -4 5 1 1 1
Code Synthesis 4 1 11 -5 1 —n 1
code comprehension 1 3 1 1 1 ﬂ 11 1 1 -6 1
language model 1 2 2 6 1 -7 1 2 - 4 1 3
defect prediction- 5 2 3 1 1 -4 1 1 1 1 -2 1 1
code similarity- 2 2 1 1 11 -1 1 1 1 - 2 1
Program Repair - 5 1 -2 | 5
Vulnerability Detection- 2 1 2 1 -2 1 1 1 - 1
other - 2 1 1 -2 1 1 -1 1 1
bug localization - 11 1 - 1 1 - 1
issue close time - 1 1 - 1 - 1
Program Repair/Bug Fix - 1 1 - -1 1
Software Categorization - 1 1 - 1 -
code smell - 1 1 - 1 - 1
image processing - 1 - 1 -
Feature Envy Detection - 1 - 1 -
Testing - 1 - -
Software Energy Metrics - 1 - 1 -
vulnerability detection - 1 - -1

‘Per‘fon‘n ni)n-friviél I-‘IPO‘ Noﬁ»tr‘iviai H150 + C(‘)mp‘are‘ to honLDL
language processing - 2 1 - 2 1

Code Synthesis - 4 -

code comprehension- 2 1 -1 1
language model - 1 1 1 -
defect prediction - 1 1 - 1
code similarity - 1 1 -

Program Repair - 1 -
Vulnerability Detection - -
other- 1 1 1 -1 1 1
bug localization - -
issue close time - 1 - 1
Program Repair/Bug Fix - -
Software Categorization - -
code smell - 1 -
image processing - -
Feature Envy Detection - -
Testing - -
Software Energy Metrics - -

vulnerability detection - -
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Figure 2.3: A summary of our literature review of deep learning methods in SE. For a
list of the papers shown in the right-hand-side column, see Table 2.2
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discovering analogous APIs among third-parties [41], was categorized as “code compre-
hension”. Similarly, most papers performing some variant of code translation, including
API translation as in [80], were categorized into “language processing”—a bin that con-
tains programming language processing and natural language processing. Tasks that we
could not justifiably merge into an existing bin (e.g. on image processing [160, 199] were
given their own special category.

From our analysis, we observe the following:

e 80 (51.9%) of those papers compare their results to non-DL methods. We suggest
that number should be higher—it is important to benchmark new methods against

prior state-of-the-art.

e Only a minority of papers (50 = 32.5%) performed any sort of hyper-parameter
optimization (HPO), i.e., used methods that tune the various “hyper-parameters”,
such as the number of layers of the deep learner, to eke out the best performance
of deep learning (39.4%).

e Even fewer papers (12 = 7.8%) applied hyper-parameter optimization in a non-
trivial manner; i.e., not using deprecated grid search [25] and using a hold-out set

to assess the tuning before going to a separate test set).

These “best of breed” papers are listed in Table 2.2.

Table 2.1: Static code analysis data distribution

Project ‘ # train # labels imbalance% # test

maven 2 1 33 1
cassandra 9 4 38 4
jmeter 10 4 43 4
commons 12 5 59 5)
lucene-solr 19 5 38 6
ant 22 6 36 7
tomcat 134 13 41 37
derby 346 20 37 92
total | 554 58 156
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Table 2.2: Papers satisfying all criteria of Figure 2.3.

Paper Reference
Suggesting Accurate Method and Class Names 5]

An expert system for redesigning software for cloud applications [243]

How to Find Actionable Static Analysis Warnings: A Case Study With — [242]
FindBugs

How to improve deep learning for software analytics: (a case study with [235]
code smell detection)

A convolutional attention network for extreme summarization of source [6]
code

Automating intention mining [99]
500+ times faster than deep learning: A case study exploring faster [145]
methods for text mining stackoverflow

On the Value of Oversampling for Deep Learning in Software Defect [234]
Prediction

Why and what happened? Aiding bug comprehension with automated [252]
category and causal link identification

Old but Gold: Reconsidering the value of feedforward learners for [241]
software analytics

In summary, we find that the general pattern in the literature is that while there
is much new work on deep learning, there is not so much work on comparing these
new methods to older, simpler approaches. This is a concern since, as shown in this
paper, those older simpler methods, being faster, are more amenable to hyper-parameter
optimization, and can yield better results when tuned. As we stated above, 48% of papers
do not compare against simpler, non-deep learning methods, and only 9% of papers apply
hyper-parameter optimization in a non-trivial manner to their approach, possibly due to

the computational infeasible nature of doing so with more complex methods.

2.3 Hyper-parameter optimization

Hyper-parameters dictate the specifics of how a learning algorithm operates. Classically,
the example of k in k—nearest neighbors is used to demonstrate the difference between
hyper-parameters and parameters (i.e., model parameters that are learned). Within the
neural networks realm, there are more hyper-parameters to work with: the batch size,

the learning rate and other hyper-parameters of the optimizer used, the method of ini-
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tialization, etc. Hyper-parameter optimization is a systematic technique of finding a set
of hyper-parameters that yield a high performance for a given machine learning model.
Precisely, we seek to perform the following optimization:

min f(z;6, Dya)

z€R™

(2.1)
s.t.0 = arg ;nax f(2;0, Dyyain)

where D, and Dy,.q;, are the validation and training datasets respectively and f.

Within deep learning, the community has taken to theoretical and empirical methods
of setting hyper-parameters. For example, [88] derives a theoretical reason to initial-
ize the weights using a scaled Gaussian distribution. Similarly, [191] discusses empirical
methods to manually tune hyper-parameters based on the performance of the current
system. However, more automated methods of hyper-parameter optimization have now
been developed and are also used often.

(2.1) is challenging to solve because f is often a black-box and computationally expen-
sive function. There is significant prior work in hyper-parameter optimization [1, 9, 25,
26, 48, 66, 67, 125]. Indeed, as learning systems become more intricate, it is crucial that
we eke out the most performance. However, this is a non-trivial problem, as evidenced
by the long line of research in this direction.

The simplest form of hyper-parameter search is random search, which tries n randomly
chosen hyper-parameter configurations. Opentuner [8] is a multi-armed bandit meta-
technique with a sliding window that incorporates an exploration/exploitation trade-off
based on the number of times a specific technique is used. It combines DE, a greedy
bandit mutation technique, and hill-climbing methods.

Bayesian Optimization (BO) has emerged as the most popular technique for HPO.
Bergstra et al. [26] propose the Tree of Parzen Estimators (TPE) algorithm. Rather than
model p(y|x), TPE models p(x|y) as

() y<y*
g(z) y>y*

p(zly) =

where y* is chosen so that p(y < y*) = v for some quantile 7. The functions [(x) and
g(x) are kernel density estimates. TPE optimizes the EI, which they show is equivalent
to maximizing [(z)/g(x). Snoek et al. [193] use Gaussian Process (GP) models as the

surrogate function in Bayesian optimization. They use Expected Improvement (EI) as

14



the acquisition function. Similarly, Herndndez-Lobato et al. [91] use predictive entropy
search (PES) as the acquisition function. Swersky et al. [201] exploit iterative train-
ing procedures in their Bayesian optimization framework, which they call freeze-thaw
Bayesian optimization. Snoek et al. [194] use neural networks for modeling distribu-
tions over functions that yields an approach that scales linearly over data size (rather
than cubically as in GP-based Bayesian optimization). BOHB [67] combines the BO-
based TPE with HyperBand [125], replacing the initial random configurations with a
model-based search. Notably, BOHB uses a single multi-dimensional KDE instead of hi-
erarchical single-dimensional KDEs used by TPE. The authors of HEBO [48] note that
(i) even simple HPO problems can be non-stationary and heteroscedastic (ii) different
acquisition functions can conflict. To tackle the former, they use the Box-Cox [30] and
Yeo-Johnson [244] output transformations and the Kumaraswamy [118] input transfor-
mation. It also uses NSGA-II to optimize a multi-objective acquisition function. TuRBO
[58] assumes the hyper-parameter to performance mapping is Lipschitz, and generates
pseudo-points to improve convergence of vanilla BO. It also uses an ensemble of learners
to predict performance, and if the prediction is poor, uses it to instead update the GP
model. Finally, we mention PriorBand [136], which incorporates an expert’s prior beliefs
about good configurations, but maintains good performance even if that prior is bad.

We defer to [69] and [29] for recent reviews on hyper-parameter optimization tech-
niques. There is also a long line of work studying neural architecture search, which aims
to find optimal architectures for a dataset. We refer the reader to White et al. [222] for
a comprehensive review of the field.

There is also a long (and growing) line of work studying neural architecture search 16,
64, 129, 130, 171, 197, 229, 253]. This field studies systematic approaches to find optimal
neural network architectures for a dataset. For example, [129] start with small building
blocks and work up to a hierarchical, more complex architecture. [130] frame the problem
in a way that allows them to use gradient descent to find an optimal architecture. We
do not use neural architecture search in this work, but mention it due to its relevance to
hyper-parameter optimization; indeed, neural architecture search focuses on one specific
subset of hyper-parameters—the network architecture-without focusing on others such
as batch size, optimizer-specific hyper-parameters such as learning rate, preprocessing
algorithms used, etc. Moreover, neural architecture search approaches can be slow and
take days on a modern GPU to find an optimal architecture, for one dataset and for
one run. Our methods use statistical analysis to check that our approach is better by

a statistically significant margin, and therefore neural architecture search could not be

15



incorporated in our overall framework. Nevertheless, we direct the reader to [65] for a
recent literature review of neural architecture search approaches.

Several benchmarks have been proposed for hyper-parameter optimization: notable
ones include YAHPO Gym [166], HPO-B [10], and HPOBench [63].

2.4 Flat minima and generalization

The idea of flat minima was first studied by Hochreiter & Schmidhuber [94]. In particular,
they define “flat minima” as large connected regions where the weights are e—optimal.
Hochreiter & Schmidhuber [95] intuit that because sharper minima require higher preci-
sion, flatter minima require less bits to describe. They use this intuition to show that flat
minima correspond to minimizing the number of bits required to describe the weights of
a neural network. This notion of minimum description length (MDL) [78, 174] was also
exploited early on by Hinton & Van Camp [92]. Flat minima were revisited by Chaudhari
et al. [39], who noted that minima with low generalization error have a large proportion
of their eigenvalues close to zero. They then construct a modified Gibbs distribution
corresponding to an energy landscape f, and minimize the negative local entropy of this
modified distribution, and approximate the gradient via stochastic gradient Langevin dy-
namics (SGLD) [220]. However, their assumptions were, admittedly unrealistic. Keskar
et al. [112] show that when using large batch sizes, optimizers converge to sharp minima,
which are characterized by many large positive eigenvalues of the Hessian. Further, they
define the notion of sharpness as a generalization measure as the robustness to adversarial

perturbations in the parameter space:

_ \”\SIEI%I%‘;TH) fw+v) — f(w)

(2.2)

and compute this using 10 iterations of L-BFGS-B [36] with ¢ = {1073,5-107*}. In
particular, the above is closely related to the largest eigenvalue of V2 f(w). This notion
of sharpness was also endorsed by Jiang et al. [103], who performed a large-scale study
of many complexity measures on two datasets, with 2,187 convolutional networks. In
particular, they endorse the following metrics for generalization: (i) variance of gradients
(ii) squared ratio of magnitude of parameters to magnitude of perturbation, a la Keskar
et al. [112] (iii) path norm [154] (iv) VC-dimension (inversely correlated).

A line of work in physics [17, 18] showed that in the discrete weight scenario (a

much more difficult problem), isolated minima were rare, but there existed accessible,
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dense regions of subdominant minima, and that these were robust to perturbations and
generalized better. These authors devised algorithms explicitly designed to search for
nonisolated minima. In the continuous weight space, nonisolated minima correspond to
flat minima. Dziugaite & Roy [61] obtain nonvacuous generalization bounds for deep
overparameterized neural networks using the PAC-Bayes framework [141]. Neyshabur
et al. [153] showed that increasing the number of hidden units (which in turn, increases
the number of trainable parameters) can lead to a decrease in generalization error with
the same training error. Neyshabur et al. [154] showed that sharpness as computed by
(2.2) is not sufficient to capture the generalization behavior (but noting that “combined
with the norm, sharpness does seem to provide a capacity measure”), and advocate for
expected sharpness in the PAC-Bayesian framework, similar to Dziugaite & Roy [61].
They show that plots of expected sharpness versus KL divergence in PAC-Bayes bounds
for varying dataset sizes capture generalization well. Li et al. [124] showed that the
sharpness of the loss surface correlates well with the generalization error. In their seminal
paper, Jastrzebski et al. [102] showed that SGD is a Euler-Maruyama discretization of
a stochastic differential equation whose dynamics are influenced by the ratio of learning
rate to batch size (which they call “stochastic noise”), and that SGD finds wider minima
with higher stochastic noise levels than sharper minima. Wu & Su [228] study the flat
minima hypodissertation through the lens of dynamical stability, and show that SGD
will escape from overly sharp (measured by the Frobenius norm of the Hessian), low-loss
areas exponentially fast. We note that they use the associate empirical Fisher matrix
(AEFM) as an approximation for the Hessian, which holds for low empirical risk (and
converges to the Hessian, see Kunstner et al. [119]).

In search of flatter loss surfaces, Seong et al. [185] propose the use of non-monotonic
learning rate schedules. They advocate for large learning rates, which enable the opti-
mization algorithm to escape sharp minima, and descend into flatter minima. This paper
proves a significant theoretical result that provides intuition on why flat minima gener-

alize better. Without stating the proof, we will reiterate that theorem below:

Theorem 2.1. Suppose |L(W +6W;z) — L(W;2)| < € holds for any 6" such that
H(SWHF < § for some 6 > 0,e > 0. Then |L(W;xz+ %) — LIW;x)| < € holds for any

x llo™ |l )
0% such that Tl < om0y

This result shows that a translation in weight space is equivalent to a translation in
data space. Critically, this explains the generalization of flat minima: if the test data

differs from the training data by some ¢*, then under some conditions, that deviation
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can be translated into weight space. Since the minima is flat in weight space, this means
the loss value does not change much, and so the network still performs well on the test
set.

The seminal works of Dauphin et al. [51] and Choromanska et al. [44] showed both
theoretically and empirically that local minima are more likely to be located close to
the global minimum. In particular, Dauphin et al. [51] showed using the perspectives
of random matrix theory (via the eigenvalue distribution of Gaussian random matrices
[224]), statistical physics (via the analysis of critical points in Gaussian fields by Bray
& Dean [32]), and neural network theory [182] that saddle points are exponentially less
likely than local minima.

Most recently, Wen et al. [221] showed that sharpness is neither necessary, nor suf-
ficient for generalization, by studying some simple architectures, showing that general-
ization depends on the data distribution as well as the architecture; for example, merely
adding a bias to a 2-layer MLP makes generalization impossible for the XOR dataset.

Of course, it is not possible to discuss generalization in deep learning without dis-
cussing the results of Zhang et al. [249], who showed that deep learners can fit with zero
training error on random labels using an architecture that generalizes well when fit to the
correct labels. Bartlett et al. [22] and Harvey et al. [87] found that the VC-dimension for
deep ReLU networks is O(W Llog W) and ©(WU) respectively, where W is the number
of parameters, L the number of layers, and U the number of units. Hardt et al. [86] show
that stochastic gradient methods are uniformly stable!, which implies generalization in

expectation.

2.5 Convex optimization
In this section, we summarize some results from convex optimization, which will be useful
in our discussion of hyper-parameter optimization.

Lemma 1. Let f : R — R be a differentiable function. Then, p—strong convexity
implies:

(i) (Polyak-Lojasiewicz (PL) inequality)

SIVF@IE > p(f(x)  £o)

LAn algorithm A is e—uniformly stable if VS, S’ € Z for some space Z, such that the datasets S and
S’ differ by at most one example, supEA[f(A(S);2) — f(A(S");2)] <€
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(i)
IVf(z) =Vl = plz—yll

(iii)
(Vf@%—vﬂwax—wfﬁwvf@%—vﬂww

Proof. (i) Strong convexity implies

1
f@)Zf@%+Vﬂ@T@—x%+jw—$W
Minimizing with respect to y yields the result.

(ii) Strong convexity gives us:
(Vf(@) = Vi) (@ —y) > pulz -yl (2.3)
Applying Cauchy-Schwarz inequality gives us:

V(@) = V)lllz =yl > (V@)= V) (@—y)
> pllz —ylf?

where the last step comes from (2.3).

(iii) Set ¢,(2) = f(2) — Vf(x)T2. Tt is easy to see that ¢, is also pu—strongly convex.
Applying the Polyak-Lojasiewicz inequality to ¢,(z) with z* = z,

(F0) = VH()Ty) — (F(x) — VI()T2) = duly) — 6a(=")
< inwgg(y)nﬁ

< inwy) — V@)
Swapping x and y in the above,
(F(@) = V(u)"z) — (f(0) - VI)"y) < iuwm — Vi) (2.4)

Adding (2.4) and (2.4) yields the result.

Lemma 2. If f : R" — R is smooth and p—strongly convex, then

1

5 VI@I 2 1) = 1) = Sl = 27|
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Proof. The first part is the Polyak-Lojasiewicz inequality. The second part follows from
the definition of strong convexity and setting y = x,z = 2* and using f(z*) > min f(y).
y

]

Theorem 2.2 (Smooth and strongly convex gradient descent). Suppose f : R — R be
B—smooth and p—strongly convex. Then with the gradient descent update rule

1
Tyl = T — —Vf(xk)

p

where % 15 the learning rate, we have

f@w—f@ws(l—g)<ﬂm»—ﬂfn

(wo)—f(z¥)

Consequently, we require glog ! iterations to find an e—optimal point.

Proof. From the above results,

f@%H)Sf@w-—iﬂVf@wW

and Lemma 2 gives us

IV @l = 2u(f (2x) — f(z7))

Therefore,
flan) = F(e") < fla) = fla) = g5V F @I
< o) = ) = G = f)
- (1-4) Ut - 76
f@@—f@ﬂs<1—g)?ﬂm»—ﬂf»

J(@o)—f(z")

- iterations for e—optimality. m

Therefore we need k = glog

Note that strong convexity guarantees optimality. f—smoothness can only assure
e—criticality. This implies the existence of global minima.
Strong convexity is a necessary condition for learnability, as along with f—smoothness,

it can be shown that such problems are learnable [186]. Additionally, strong convexity
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provides a quadratic lower bound on the growth of the loss function, which implies that
the convexity condition will never be violated in the local domain of the function in the

context of deep regression with regularization.
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CHAPTER

3
CASE STUDIES

To understand the significance of BOUNDED, we need to look at how hyper-parameter
optimization (HPO) is currently conducted in software engineering. This chapter reviews
a sample of that work, and provides a background on the tasks that we study and prior

work exploring those tasks. Each part of this chapter is divided into:
e A problem statement
e The prior state of the art in handling that problem with HPO

e Open issues with that approach. These open issues will motivate the need for
BOUNDED.

3.1 Defect Prediction

Every quality assurance decision is associated with a human and resource cost to the
developer team. It is impractical and inefficient to distribute equal effort to every com-
ponent in a software system [33]. Hence, it is common to match the quality assurance
(QA) effort to the perceived criticality and bugginess of the code for managing resources

efficiently.
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Table 3.1: Software projects data used in the defect prediction case study [1]. For an
explanation of attributes used in this data, see Table 3.2.

Project Train versions Test versions  Training Buggy % Test Buggy %
ivy 1.1,1.4 2.0 22 11
lucene 2.0, 2.2 2.4 53 60
poi 1.5, 2.0, 2.5 3.0 46 65
synapse 1.0, 1.1 1.2 20 34
velocity 1.4, 1.5 1.6 71 34
camel 1.0,1.2, 1.4 1.6 21 19
jEdit 3.2,4,0,4.1,42 4.3 23 2
log4j 1.0, 1.1 1.2 29 92
xalan 2.4, 2.5, 2.6 2.7 38 99
xerces 1.2,1.3 1.4 16 74

Table 3.2: Static attributes for the classes seen in the Table 3.1 data.

Attribute  Description (with respect to a class)

wmc Weighted methods per class [42]

dit Depth of inheritance tree [42]

noc Number of children [42]

cbo Coupling between objects [42]

rfc Response for a class [42]

lcom Lack of cohesion in methods [42]

lcom3 Another lcom metric proposed by Henderson-Sellers [90]

npm Number of public methods [20]

loc Number of lines of code [20]

dam Fraction of private or protected attributes [20]

moa Number of fields that are user-defined types [20]

mfa Fraction of accessible methods that are inherited [20]

cam Cohesion among methods of a class based on parameter list [20]
ic Inheritance coupling [202]

cbm Coupling between methods [202]

amc Average method complexity [202]

ca Number of classes depending on a class [202]

ce Number of classes a class depends on [202]

max_cc Maximum McCabe’s cyclomatic complexity score of methods [142]
avg-cc Mean of McCabe’s cyclomatic complexity score of methods [142]

Defect prediction models [73] are one way to take a look at the incoming changes
and focus inspection effort on specific modules (ignoring others). There is much indus-
trial interest in such predictors: a survey of 395 practitioners from 33 countries and five
continents [213] found that over 90% of the respondents were willing to adopt defect
prediction techniques. Such predictors can save labor compared with traditional manual
methods. For a telecommunications company, Misirli et al. [148] built a defect prediction
model that predicted 87% of code defects and decreased inspection efforts by 72% (and
reduced post-release defects by 44%). Kim et al. [114] applied a defect prediction model
to API development process at Samsung. Their models could predict the bug-prone APIs

with reasonable accuracy (0.68 F1 scores) and reduce the resources required for executing
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test cases. These defect predictors require very simple code features and hence are very
cheap to build (compared to using, say, a static code analysis tool with an expensive
license) And while these models use simple attributes, they are still remarkably effective.
Rahman et al. [170] compared (a) static code analysis tools FindBugs, Jlint, and PMD
with (b) defect predictors (which they called “statistical defect prediction”) built using
logistic regression. No significant differences in cost-effectiveness were observed.
However, prior work has the key issue of solely using deep learning as automated
feature extractors, such as Wang et al. [217]. Numerous prominent papers [152, 163, 198,
231, 246] say that deep learning offers “automated feature engineering” that removes
the need for intricate preprocessing. In that view, the first few layers of a deep learning
network automatically re-weight/ignore important/irrelevant inputs [152]. While it is
certainly true that deep neural networks automatically learn hierarchical representations
of data, which can often correlate well with human-observed hierarchies of features [247],
we argue that this does not excuse practitioners from performing no feature engineering
a priori. In our method (see Chapter 4), we will show that a principled approach to

designing a deep learning system outperforms the prior work, orders of magnitude faster.

3.2 Bugzilla issue lifetime prediction

When programmers work on repositories, predicting issue close time has multiple benefits

for the developers, managers, and stakeholders since it helps:

e Developers prioritize work;
e Managers allocate resources and improve consistency of release cycles;
e Stakeholders understand changes in project timelines and budgets.

e [t is also useful to predict issue close time when an issue is created; e.g. to send a

notification if it is predicted that the current issue is an easy fix.

We explore issue close time prediction for two reasons. Firstly, it is a well-studied
problem [3, 76, 82, 83, 113, 121, 139, 173, 211]. Secondly, recent work has proposed a
state-of-the-art deep learning approach to issue close time prediction (see the DeepTriage

deep learning systems from COMAD’19, described later in this paper [137]).
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3.2.1 Traditional Algorithms for Predicting Issue Close Time

Most large software systems have a system to track bugs, or issues, in the product. These
issues typically go through the same lifecycle, in which they transition across various
states, including UNCONFIRMED and CLOSED, while also being assigned final states
such as WONTFIX [219].

To find prior work on predicting issue close time, we searched for papers in the last ten
years (since 2010) in Google Scholar using keywords “bug fix time”, “issue close time”,
and “issue lifetime”. Then, we filtered them according to the criterion that they must
be published in a top venue according to Google Scholar metrics for Software Systems!.
Finally, using engineering judgement, we added in systems that were recommended by

reviewers of a prior draft of this paper. That search found several noteworthy systems:

e Guo et al. [82] use logistic regression on a large closed-source project (Microsoft
Windows), to predict whether or not a bug will be fixed. Using regression analysis,
they identified the factors that led to bugs being fixed or not fixed.

e Giger et al. [76] use decision trees to predict the bug-fix time for Mozilla, Eclipse,
and GNOME projects. They divided their target class into two labels: fast and
slow, to get a binary classification problem, and used the area under the ROC

curve (AUC) metric as their evaluation criteria.

e Marks et al. [139] also used decision trees, but instead, use an ensemble method, i.e.,
random forests, on Eclipse and Mozilla data. Their motivation for using random
forests, apart from the better performance as compared to standard decision trees,
is the ability to extract the relative importance of features in the input data. They
report accuracy scores of 63.8% and 67.2% on the Mozilla and Eclipse repositories

respectively.

e At MSR’16, Kikas, Dumas, and Pfahl [113] built time-dependent models for is-
sue close time prediction using Random Forests with a combination of static code

features, and non-code features to predict issue close time with high performance

e More recently, Habayeb et al. [83] reported in IEEE TSE’17 a prediction system
based on hidden Markov chains. Like Giger et al. [76], they divided their target

lhttps://scholar.google.com/citations?view_op=top_venues&hl=en&vqg=eng_
softwaresystems
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labels into fast and slow fix-times and experimented with different values of the
number of hidden states of the hidden Markov model.

Based on the above, we assert that the two prior state-of-the-art non-neural methods
in area used random forests and logistic regression. Hence we will we use these two

systems as part of the study.

3.2.2 Deep Learning and Issue Close Time

As to deep learning and issue close time prediction, two contenders for “state-of-the-
art” are DASENet [121] and DeepTriage[137]. The DASENet paper asserts that their
algorithm defeats DeepTriage but after much effort, we could not reproduce that result?.

Hence, for this study, we use DeepTriage since:
e [t is a state-of-the-art deep learner that performs for lifetime prediction.
e It has been very recently published (2019);
e [ts reproduction package allowed us to run that code on our machines.

e It uses datasets commonly used in the literature (Aside: we were tempted to use the
dataset provided by Vieira et al. [211] for our deep learning baseline. However, their
lack of prior benchmarks meant we could not provide a comparison to demonstrate

the efficacy of our approach.)

From a technical perspective, DeepTriage is Mani et al. [137]’s extension of bidirec-
tional LSTMs with an “attention mechanism”. A Long Short-Term Memory (LSTM) [96]
is a form of recurrent neural network that has additional “gate” mechanisms to allow the
network to model connections between long-distance tokens in the input. Bidirectional
variants of recurrent models, such as LSTMs, consider the token stream in both forward
and backward directions; this allows for the network to model both the previous and the
following context for each input token.

Attention mechanisms[15] use learned weights to help the network “pay attention”
to tokens that are more important than others in a context. Formally, an attention
mechanism maps a query and key-value pairs to an output, where the queries, keys, and

values are all vectors. These are obtained as projections of the inputs into different vector

2We found that the reproduction package published with DASENet has missing files. We tried con-
tacting the authors of that paper, without success.
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spaces. The output is computed as a weighted sum of the values, where the weights are
learned during training. This allows the network to handle long-range dependencies and
context efficiently. The most popular form of attention today is the scaled dot-product

attention:

. QKT
Attention(Q, K, V') = softmax Vv
Vdy,

where dj, is the dimension of the queries and keys.

Prior to running DeepTriage, its authors recommend using a standard set of pre-
processing techniques: pattern matching to remove special characters and stack traces,
tokenization, and and pruning the corpus to a fixed length. Beyond these steps, they rely
on the deep learner to perform automated feature engineering.

Similar to defect prediction, we argue that the reliance on automated representation
learning leads to over-engineered systems that are needlessly computationally expensive.
This also has the (major) side-effect of accelerating climate change [54, 56, 106]. We
will show that an extremely simple method outperforms the prior state-of-the-art, and
strongly advise that SE researchers try out simpler methods before using computationally

expensive ones.

3.3 Static code analysis

Automatic static analysis (SA) tools, such as Findbugs, are tools for detecting bugs in
source code without having to execute that code. As they can find real bugs at low
cost [84, 205], they have been adopted in open source projects and in industry [13, 24,
164, 179, 209, 245]. However, as they do not guarantee that all warnings are real bugs,
these tools produce false alarms. The large number of false alarms produced is a barrier
to adoption [45, 105]; it is easy to imagine how developers will be frustrated by using tools
that require them to inspect numerous false alarms before finding a real bug. While false
alarms include spurious warnings caused by the over-approximation of possible program
behaviors during program analysis, false alarms also refer to warnings that developers
do not act on. For example, developers may not think that the warning represents a bug
(e.g. due to “style” warnings that developers perceive to be of little benefit) or may not
wish to modify obsolete code.

The problem of addressing false alarms from static analysis tools has been widely stud-

ied. There have been many recent attempts to address the problem. Some researchers have
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Table 3.3: The features studied in prior work [214, 232, 233]. The “Golden Features”
are in bold.

Feature type Feature

size context for warning type, method

size context in file, package

warning context in method, file, package
warning context for warning type

fix, non-fix change removal rate

Warning defect likelihood for warning pattern
combination variance of likelihood

defect likelihood for warning type
discretization of defect likelihood
average lifetime for warning type

method, file, package size
comment length
comment-code ratio
method depth

file depth
Code method callers, callees
characteristics # methods in file, package

classes in file

# classes in package
indentation
complexity

warning pattern
warning type

Warning warning priority
characteristics warning rank, warnings in method, file
package

latest file, package modification
file, package staleness

File file age, creation
history deletion revision
developers

call name, class, parameter signature
method visibility

return type

new type, new concrete type

operator

Code field access class, field

analysis catch

field name, type, visibility, is static/final
return type

is static/ final/ abstract/ protected
class visibility,is interface

added, changed, deleted, growth, total,
percentage of LOC in file (past 3 months)

LOC added , changed, deleted, growth

Code total, percentage in file (last 25 revisions)
history added, changed, deleted, growth, total,
percentage of LOC in package (past 3 months)
added, changed, deleted, growth, total,
percentage of LOC in package (last 25 revisions)

Warning warning lifetime by revision, by time
history warning modifications, open revision
File file type, name

Characteristics package name

proposed new SA tools that use more sophisticated, but costly, static analysis techniques
(e.g. Infer [37], NullAway [19]). Regardless, the large volume of false alarms remains
unsolved; despite their improvements, these tools still produce many false alarms [206].
Other attempts to prune false alarms include the use of test case generation to validate
the presence of a bug at the source code location indicated by the warning [109]. As
generating test cases is expensive, these techniques may face issues when scaling up to

larger projects, limiting their practicality.
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Table 3.4: Summary of dimensionality of eight projects. The projects are sorted in the
ascending order of their intrinsic dimensionality.

Project Original Intrinsic Instance number
Dimensionality Dimensionality

commons 127 3.45 22

derby 292 3.45 458

tomcat 284 3.64 184

lucene-solr 278 3.83 30

ant 329 4.62 35

cassandra 265 5.47 17

maven 22 5.47 4

jmeter 287 5.79 18

3.3.1 Early results (Golden features)

A promising line of research is the use of machine learning techniques to identify and
prune false alarms [85, 89, 127, 178, 214, 232, 233]. By framing the problem as a binary
classification problem, these tools use a machine learner that classifies warnings as ac-
tionable warnings or as false alarms. These techniques use features extracted from code
analysis and metrics computed over the code and warning’s history in the project. Figure
3.1 demonstrates the use of a machine learner for pruning false alarms. A static analyzer
is ran on a training revision and the warnings produced are labelled. When applied to
the latest revision, only warnings classified as actionable warnings by the machine learner
are presented to the developers.

To assess proposed machine learners, datasets of warnings produced by FindBugs
have been created. As the ground-truth label of each warning is not known, a heuristic
was applied to infer them. This heuristic compares the warnings reported at a particular
revision of the project against a revision set in the future. If a warning is no longer
present, but the file is still present, then the heuristic determines that the warning was
fixed. As such, the warning is actionable. Otherwise, if the warning is still present, then
the warning is a false alarm.

Recently, Wang et al. [214] performed a systematic literature review to collect and
analyze over 100+ features proposed in the literature, categorizing them into 8 categories.
To remove ineffective features, they performed a greedy backward selection algorithm.

From the features, they identified a set of 23 Golden Features that are most important

29



Code Static analyzer  Warnings @

(training revision) |
Machine Learner

K &—» labels /

Training phase

. Q . 8
O - R RS

Code Static analyzer Warnings Machine Learner

Testing phase

Figure 3.1: To detect actionable warnings, a machine learner is trained based on warn-
ings from a training revision. Each warning is annotated with a label. When deployed on
the latest revision, only warnings classified as actionable warnings by the machine learner
are presented to the developers.

Table 3.5: Initial results with SVMs on static analysis data

Dataset Precision AUC False alarm rate Recall

cassandra 0.67 0.33 0.25 0.67
jmeter 0.5 0.36 0.14 0.17
commons 0.67 0.52 0.57 0.62
lucene-solr 0.56 0.70 0.36 0.71
ant 0 0 0 0
tomcat 0.52 0.41 0.19 0.32
derby 0.2 0.64 0.12 0.08
median 0.52 0.41 0.19 0.32

for achieving effective performance. Table 3.3 lists these features.

3.3.2 Further Results

Yang et al. [232] further analyzed the Golden Features using the data collected by Wang
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et al. [214]. They found that all machine learning techniques were effective and performed
similarly to one another. Their analysis revealed that the intrinsic dimensionality of
the problem was low; the features used in the experiments were more verbose than the
actual attributes required for classifying actionable warnings. This motivates the use of
simpler machine learners over more complex learners. From their analysis, SVMs were
recommended for use in this problem, as they were both effective and can be trained at
low cost. In contrast, deep learners were effective but were relatively more costly to train.

For each project in their experiments, one revision (training revision) is selected for
extracting warnings for training the learner, and another revision (testing revision) set
chronologically in the future of the training revision is selected for extracting warnings
for evaluating the learner. This simulates a realistic usage scenario of the tool, where the
learner is trained using past data before developers apply it to another revision of the

source code.

3.3.3 Issues in Prior Results

Subsequently, Kang et al. [110] replicated the Yang et al. [232] study but found subtle
methodological issues in the data collected by Wang et al. [214] that led to overoptimistic
results.

Firstly, they found data leakage where the information regarding the warning in the
future, used to determine the ground-truth labels, leaked into several features. Five fea-
tures (warning context in method, file, for warning type, defect likelihood, discretization
of defect likelihood) measure the ratio of actionable warnings within a subset of warn-
ings (e.g. warnings in a method, file, of a warning type). To determine if a warning is
actionable, the ground-truth label was used to compute these features, leading to data
leakage. Kang et al. addressed this issue by reimplementing the features such that they
are computed using only historical information, without reference to the ground truth de-
termined from the future state of the projects. As only the features were reimplemented,
the total number of training and testing instances remained unchanged.

Secondly, they found that a substantial number of warnings appear in both the train-
ing and testing dataset. As some warnings remain in the project at the time of both
the training and testing dataset, the model has access to the ground-truth label for the
warning at training time. Kang et al. addressed this issue by removing warnings that were
already present during the training revision from the testing dataset, ensuring that the

learner does not see the same warning in both datasets. After removing these warnings,
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the number of warnings in the testing revision decreased from 15,695 to 2,615.

Next, Kang et al. analyzed the warning oracle, based on the heuristic comparing
warnings at one revision to another revision in the future, used to automatically produce
labels for the warnings in the dataset. After manual labelling of the actionable warnings,
Kang et al. found that only 47% of warnings automatically labelled actionable were
considered by the human annotators to be actionable. This indicates that the heuristic
employed as the warning oracle is not sufficiently reliable for automatically labelling the
dataset.

Kang et al. manually labelled 1,357 warnings and after filtering out duplicate warnings
and warnings with uncertain labels, a dataset of 768 warnings remained. On this dataset,
Kang et al. again applied off-the-shelf SVM models, assessing them with the evaluation
metrics listed in Table 4.8. The results of the SVM are shown in Table 3.5.

From the results, we observe that the performance of the SVMs using the Golden
Features declined after addressing the methodological issues. These issues do not show
that machine learning techniques do not work in filtering false alarms; in their analy-
sis, Kang et al. found that the Golden Features still had predictive power. Moreover,
Kang et al.’s analysis was only done using the best-performing predictor pointed out by
prior works. Specifically, only the off-the-shelf SVMs were used. Here, we build upon the
features identified in the prior studies [85, 89, 127, 178, 214, 232, 233]; but instead of
only using off-the-shelf machine learners, we tap on the power of more advanced and

specialized learners, data engineering methods and hyperparameter optimization steps.

3.4 Code smell detection

[23] proposed the idea of code smells, which are “certain structures in the code that
suggest (sometimes they scream for) the possibility of refactoring”. They introduce 22

different code smells, of which we study four:

e Feature envy refers to a condition when a method accesses the data of another
object more than its own. This is a sign that the method should be a part of the

other class instead.

e Large class refers to when a class tries to do too much. This can be identified by

having too many instance variables, which may lead to duplicated code.

e Long method refers to methods that are too long and cause difficulty in compre-

hending their functionality and scope. Beck et al. [23] state that shorter methods
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facilitate “explanation, sharing, and choosing”, and suggest being aggressive about

decomposing methods.

e Misplaced class occurs when classes are improperly distributed, and should be

moved to the correct package.

We use the same four code smells as prior work [131] to make a fair comparison.
Detecting code smells using machine learning is widely studied in the SE literature.
Azeem et al. [14] present a systematic literature review of the field, but we discuss some
here. Schumacher et al. [184] study the god class smell in a commercial environment, and
the efficacy of automated metric-based systems to detect it. Contrary to other researchers’
beliefs, Yamashita & Moonen [230] conclude that code smells have a minor impact on
software maintainability. Fontana et al. [70] study four code smells: god class, data class,
long method, and feature envy using twelve subjects from Qualitas Corpus of [204].
Sahin et al. [180] use bilevel optimization to study seven code smells over nine open-
source projects. Palomba [162] study long method detection on three software systems.
Fontana et al. [71] conclude that machine learning can effectively be applied for code
smell detection, achieving high accuracy. They show through an extensive comparison,
that J48 and random forests were the best at detecting code smells. Pecorelli et al. [165]
study the role of different class imbalance mitigating solutions for 11 code smells on 13
software systems. They conclude that balancing classes does not significantly improve
performance.

Liu et al. [131] use deep learning to detect code smells. Studying the same four code
smells as above, they use different deep learning architectures for each code smell. For
all code smells, they preprocess text features using word2vec [146, 147]. For feature envy,
they use convolutional neural networks; for large class detection they use LSTMs; for
long method, they use feedforward networks; and for misplaced classes, they use only the
word2vec model. Based on our literature review, we assert that Liu et al. [131] is the prior
state-of-the-art in code smell detection. Further, it is published in a top venue as listed
by Google Scholar metrics (TSE) and is recent (the latest revision is from September
2021).

We believe it should be possible to detect all code smells using a single model type.
As such, our method will use the same feedforward network structure as the above case
studies for code smell detection. We will show that except in the case where Liu et al.
[131] also use feedforward networks, we outperform their methods on all types of code

smells.
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3.5 Automated microservice partitioning

To fully exploit the cloud, systems have to be rewritten as “microservices” comprising
multiple independent, loosely coupled pieces that can scale independently. Microservice
architectures have many advantages [4, 227] such as technology heterogeneity, resilience
(i.e., if one service fails, it does not bring down the entire application), and ease of
deployment. Therefore, it is of significant business interest to port applications to the
cloud under the microservice architecture. For example, Netflix states that the elasticity
of the cloud and increased service availability are two of the primary reasons it switched
to a microservice architecture®. They use the cloud for distributed databases, big data
analytics, and business logic. Further, they mention that moving to the cloud reduced
their averaged cost.

Daya et al. [52] report on the long queue of applications waiting to be ported to the
cloud. Once ported to cloud-based microservices, code under each microservice can be
independently enhanced and scaled, providing agility and improved speed of delivery.
But converting traditional enterprise software to microservices is problematic. Such tra-
ditional code is monolithic, i.e., all the components are tightly coupled, and the system
is designed as one large entity. Thus, some application refactoring process is required to
convert the monolithic code into to a set of small code clusters.

When done manually, such refactoring is expensive, time-consuming, and error-prone.
Hence, there is much current interest in automatically refactoring traditional systems into
cloud services.

But when we try to use Al tools for this task, we often encounter similar problems.

Specifically, there are so many algorithms and partitioning goals:

e Table 3.6 lists the various coupling and cohesion goals used by prior work on par-
tition generation. Note that in column one, any goal marked with “[-]” should be

minimized and all other goals should be mazimized.

e See also Table 3.7 which lists some of the partitioning tools, as well as their control
parameters. In the table, the core idea is to understand what parts of the code call
each other (e.g., by reflecting on test cases or use cases), then cluster those parts of
the code into separate microservices. These algorithms assess the value of different

partitions using scores generated from the Table 3.6 metrics.

3https://about.netflix.com/en/news/completing-the-netflix-cloud-migration
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Table 3.6: Yedida et al. [239] report five widely used metrics to assess the quality of
microservice partitions. In this table, [-] denotes metrics where less is better and [+]
denotes metrics where more is better. For details on how these metrics are defined, see

§4.11.5.

Metric Name Description Goal

BCS [-] ([107] Business context sensitivity Mean entropy of If minimized then
business use cases more business cases
per partition handled locally

ICP [-] ([107] Inter-partition call percentage Percentage of If minimized then
runtime calls across  less traffic between
partitions clusters

SM [+] ([104] Structural modularity A combination (see  If maximized then
§4.11.5) of cohesion  more self-contained
and coupling defined clusters with fewer
by Jin et al. [104] connections between

them

MQ [+] ([149] Modular quality A ratio involving If maximized then
cohesion and more processing is
coupling, defined by  local to a cluster
Mitchell &

Mancoridis [149]

IFN [-] ([149] Interface number Number of If minimized then
interfaces needed in  fewer calls between
the microservice clusters
architecture

NED [] ([107] Non-extreme distribution Number of If minimized,

partitions with
non-extreme values

fewer “boulders”
(large monolithic
partitions) or “dust”
(partitions with only
one class)

In such a rich space or options, different state-of-the-art Al approaches may generate
different recommendations. Yedida et al. [239] concluded that looking at prior work, we
seem to have a situation where analysts might run several partitioning algorithms to find
an algorithm that performs the best based on their business requirements. For example,
analysts might prefer Mono2Micro [107, 108] over others considering the clean separation
of business use cases where as they might prefer CoGCN [55] and FoSCI [104] for low
coupling. As stated, this is hardly ideal since these partitioning algorithms can be slow
to execute. Accordingly, this paper seeks optimization methods that support partitioning

for a wide range of data sets and goals.
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Table 3.7: Hyper-parameter choices studied for automated microservice partitioning All
the methods take runtime traces (or use cases) as their input. These methods return
suggestions on how to build partitions from all the classes seen in the traces. For further

details on these partitioning algorithms, see §3.5.

Algorithm Hyper-parameter (min, default, max)
Mono2Micro [107, 108] Number of clusters (2, 5, 10)
Number of clusters (5, 5, 13)
Number of iterations to run NSGA-II (1, 3, 6)
FoSCI [104] Population size for NSGA-II (30, 100, 200)
Parent size to use in NSGA-IT (10, 30, 50)
Maximum partition size (17, 17, 17)
MEM {140] Number of partitions (2, 5, 13)
Number of partitions (3, 5, 13)
Bunch [149] Initial population size for hill climbing (2, 10, 50)
Number of neighbors to consider in hill-climbing (2, 5, 10)
iterations
Number of clusters (2, 5, 13)
Loss function coefficients a1, ao, ag (0,0.1, 1)
CoGON [55] Number of hidden units in each layer, hy, hs (4, 32, 64)
Dropout rate (0,0.2, 1)

We formalize the problem as follows. Consider classes? in an application A as C* such

that C4 = A

{ct, g, ...,

a partition as follows:

Definition 3.1. A partition P4 on C* is a set of subsets

{PA P ... P2} such that
o |JPA=C4 ie., all classes are assigned to a partition.

=1

e PALoVi=1,....,n
QViFE ], i

° PAOPA

e., there are no empty partitions.

e., each partition is unique.

e}, where ¢! represents an individual class. With this, we define

Definition 3.2. A partitioning algorithm f is a function that induces a partition P on
an application with classes CA.

The goal of a microservice candidate identification algorithm is to identify a function

f that jointly maximizes a set of metrics my, mo, ...

,m, that quantify the quality of the

4This definition trivially extends to languages without classes; translation units such as functions
could be used instead, for example.
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partitions, i.e., given an application characterized by its class set C4, we aim to find:

P
P = argmax Z a;m;(P; f) (3.1)
PEBe, ‘T3
where B¢, denotes the set of all partitions of C'4 and p is the number of partitions.

FoSCI [104] uses runtime traces as a data source. They prune traces that are subsets
of others, and use hierarchical clustering with the Jaccard distance to create “functional
atoms”. These are merged using NSGA-II [53], a multi-objective optimization algorithm
to optimize for the various goals. Since FoSCI relies on a somewhat older optimization
algorithm (from 2002 [53]), and all the goals are given equal priority, this can lead to
suboptimal results if the different goals have, for example, different scales.

Bunch [149] is based on search techniques such as hill-climbing® to find a parti-
tion that maximizes two specific metrics. It is well established that such greedy search
algorithms can get stuck in local optima easily [177].

Mono2Micro [107, 108] collects runtime traces for different business use cases. Then,
they use hierarchical clustering with the Jaccard distance to partition the monolith into
a set of microservices. However, as noted by Yedida et al. [239], this approach takes as
input the number of partitions, which different architects may disagree on, or may not
know the value of.

CO-GOCN uses the call graph (built from the code) as input to a graph convolutional
neural network [116]. They develop a custom loss function that relates to the metrics
being optimized for, and thus, the neural network can be seen as a black-box system that
optimizes for Equation (3.1). However, while their use of a custom loss function tailored
to the goals is novel, their approach has several hyper-parameters that a non-expert may
not know how to set, and their study did not explore hyper-parameter optimization.

CO-GCN wuses an exponential learning rate scheduling policy, where the learning
decays exponentially. In our approach, we instead use the lcycle [192] policy, which has
been shown to exhibit the super-convergence phenomenon [192] and perform better.

CO-GCN also uses dropout [196], which involves removing some nodes with a proba-
bility p during training, and adjusting the weights of the model during testing. Srivastava
et al. [196] argues that this enforces sparsity in the model weights, which improves the
model performance and makes it more robust to noise.

CO-GCN is controlled by the settings of Table 3.7. Later in this paper, we show that

5Their tool offers other heuristic-based approaches as well.
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there are several benefits in using hyper-parameter optimization to automatically select
good subsets of these hyper-parameters. Note that (a) all our partitioning methods (CO-
GCN and all the others shown above) utilize hyper-parameter optimization; (b) even
better results can be obtained via augmenting HPO with a novel loss function. We will

refer to that combination of HPO and loss function as DEEPLY.
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CHAPTER

4
METHODS

This chapter describes the BOUNDED method. Recall that BOUNDED has many parts,

not all of which are needed for simpler data sets. Those parts include:

e Learner choice: appropriate choices of learning algorithms to approximate the de-

sired decision function;
e Boundary engineering: adjust the decision boundary near our data points;

e Label engineering: control outliers in a local region by using just a small fraction of

those local labels;
e Instance engineering: addressing class imbalance in local regions of the data;

e These treatments are combined with parameter engineering to control how we build

models.

But first, several parts of the chapter involve mathematical derivations. Hence, we

offer the notation in the next section.
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4.1 Notation

We denote a dataset in a supervised setting as (X, y), where X € X C R™*" and y € R™.
Therefore, we assume the number of examples is m and the number of features is n. It
will often be necessary to refer to a specific instance in the training set. We will use a
superscript with parentheses to do this, so that X®, y(® denote the ith training example.

This dissertation is primarily concerned with feedforward networks. In that context,
we use L to denote the number of layers!. For some integer n, we use [n] = {1,2,...,n}.
For a layer | € [L], we will use g/l(-) to denote the activation used there. If unspecified, it
should be assumed that this activation is the ReLU function g/(z) = max(0, z), except
in the last layer (where either a sigmoid or softmax activation is used). The computation

performed at that layer is

S — =1 4 pld
all = g[l}(z[l]
a =X

We will use nl¥ to denote the number of units in layer [. Therefore, W Rl and

alll, 10 pll ¢ R,

Generally speaking, the proofs in this dissertation involve the gradients, and not the
total derivative. As such, both the notations V,f(z) and % should be understood to
denote the gradient.

It will be convenient to involve the Kronecker delta,

1 i=j

5ij:
0 i#j

However, sometimes, the Kronecker delta notation becomes cumbersome, and we will
resort to the Iverson notation [i = j], which has the equivalent meaning.

As usual, sup f denotes the least upper bound (supremum) of f, and inf f denotes the
greatest lower bound (infimum) of f. We do not deal with the cases where it is necessary
to use the essential supremum/essential infimum.

Unless deemed necessary, we do not distinguish between scalars and vectors in nota-
tion through, for example, the use of bold symbols. Unless specified, it should be assumed

that for a vector z, ||z|| denotes the Euclidean norm, and for a matrix X, ||.X|| denotes the

'The input “layer” is usually not counted.
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Frobenius norm. However, it sometimes becomes convenient to instead use the spectral
norm. When there is potential for confusion, we will denote the choice of norm explic-
itly. In the context of the matrices, we use \; to denote the ith eigenvalue, when the
eigenvalues are ordered in a nonincreasing fashion. Therefore, A\; = A4, is the maximum
eigenvalue. Similarly, we will use o; to denote the ith singular value, and o,,;,(X) denotes
the smallest nonzero singular value of X.

Finally, this dissertation will make use of tensors®. From a notation perspective, ten-
sors will not be distinguished from matrices (or vectors); instead, tensors are treated as
higher-dimensional generalizations of vectors and matrices. However, it will be important
to be precise about the way multiplication occurs with tensors. For tensors X and Y,
XY will denote a tensor contraction, which proceeds similar to matrix multiplication.
That is, the last dimension of X will need to equal the first dimension of Y, and in the
product XY, this common dimension will vanish. We will use ® to denote the tensor
outer product, sometimes called the dyadic product. It is crucial to note that this is
not the Kronecker product; the latter is a vectorization (flattening) of the former. This
dissertation does not use the Kronecker product, so there will be no notational confusion
there. If X has dimension (mq,ma,...,m;) and Y has dimension (n,ns,...n,), then
the tensor outer product X ® Y will have dimension (my,ms, ..., mg, ny,na, ..., n,). In
most cases, we will deal with cases where X is a higher-order identity tensor and Y will
be a vector or matrix. Intuitively, X ® Y should be thought of as “embedding” YV in a
higher-order tensor, similar to how diagonalization proceeds. For clarity, we will refrain
from merely using I to denote an identity tensor, and will explicitly write out the dimen-
sions of the tensor we are denoting. For example I,,,+,, denotes an identity tensor with

dimensions (m,m).

4.2 Learner Choice

This section discusses appropriate choices of learning algorithms to approximate the
desired decision function. We will motivate the use of feedforward networks, since they
can be studied mathematically in order to motivate why we want to change boundaries.

Chapter 1 introduced the problem with using the SVM for static analysis. That
problem, to recap, was that the decision boundary cannot be changed globally. Suppose

we were to design the requirements for an optimal learner. One might intuitively propose

2This being a computer science dissertation, it is most convenient to simply treat tensors as multidi-
mensional arrays.
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a human-like learner where the decision boundary appears to be freely drawn by hand,
but does not overfit to the dataset. Is such a learner possible?

It turns out that it is. To understand how, we must understand the Universal Ap-
proximation Theorems that follow. Broadly, a universal approximation theorem lays
down conditions under which a class of functions is dense in LP. We will define these
terms below.

Definition 4.1 (Dense set). A subset A of a topological space X is said to be dense in
X if every item in X is present in A, or is arbitrarily “close” to some point in A.

Definition 4.2. (Lebesgue integral) The Lebesgue integral is a generalization of the Rie-
mann integral. It is defined in terms of the Lebesque sum

Z ;i ju(Ss)

where «; is the value of the function in the subinterval i, and p(S;) is the Lebesgue
measure of the interval S; of points for which the value of the function is approximately
a;. A function is Lebesque integrable if its Lebesque integral is finite.

An intuition for the Lebesgue integral is as follows. The Riemann integral of f(x) is a
sum over the input space, and can be approximated via Riemann sums, where each term
is a product of the length of an interval and the value of the function at that interval. The
Lebesgue integral, on the other hand, can be thought of as the sum over the output space,
and is approximated by products of the Lebesgue measure of the (possibly discontinuous)

intervals where the function has a certain value, times the value itself.

Definition 4.3 (L? space). An L? space is a space of measurable functions for which the
pth power of the absolute value is Lebesque integrable.

We have now established sufficient theory to introduce the first Universal Approxi-
mation Theorem, by [49]. For this theorem, let I,, denote the n—dimensional unit cube.

Theorem 4.1. Let o be a continuous sigmoidal function. Let f be the decision function
for any finite measurable partition of I,,. For any € > 0, there is a finite sum of the form

N
G(z) = Z aja(ijx +0;)
j=1
and a set D C I, so that m(D) > 1 —€ and
G(z) — f(z)] <€

forx e D.
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This theorem establishes the fact that a neural network with sigmoidal activation
functions can, to any arbitrary precision €, approximate an arbitrary function f. Das-
Gupta & Schnitger [50] further establishes a set of activation functions that have the same
approximating power as the sigmoid activation. However, in practice, the sigmoid acti-
vation function is known to perform sub-optimally. The seminal work of Nair & Hinton
[152] introduced the ReL.U (Rectified Linear Unit) activation function, f(x) = max(0, z).
Indeed, there are universal approximation theorems that apply to this function. Leshno
et al. [122] proves a universal approximation theorem for non-polynomial activation func-
tions. While this is certainly applicable, we instead use the theorem provided by Hornik

[97], for some unbounded and non-constant activation function .

Theorem 4.2. If 1 is unbounded and nonconstant, then R()) is dense in LP(u) for all
finite measures j on R¥.

Here, $R(7)) denotes the set of functions representable by neural networks with acti-
vation function .

Thus far, we have established an important fact: that ReLU feedforward networks
are universal approximators. That is, they can produce decision boundaries of arbitrary
shape. This is the human-like learner that we discussed at the beginning of this chapter.

However, the universal approximation theorems themselves are insufficient. Recall
the wording of Theorem 2.2: 23(1)) is dense in LP(u); in other words, the set of functions
representable by all ReLU networks is dense in L”(u). This does not say anything about
the architecture necessary to produce an optimal decision boundary. It is here that [151]

provides a useful result:

Theorem 4.3. The maximal number of linear regions of the functions computed by a
neural network with ng input units and L hidden layers, with n; > nqg rectifiers at the i-th

layer, is lower bounded by
L—1 N no no ng
<1J1 LTOJ ) 2 <j )

§=0

We are interested in the product: note that if n; < ng for any ¢, then this lower bound
collapses. That is, in such a case, the neural network is not forced to try producing a
complex decision boundary (which is preferable with real-world, noisy datasets). [151]
gives us a hint that perhaps we should set the number of units per layer to be at least
the number of inputs. This gives us a ballpark of what the hyper-parameter space of the

number of units per layer should be.
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There is one problem to tackle: computational cost. Because datasets can be high-
dimensional, setting the number of units per layer to around the number of inputs can be
computationally taxing. This leads to slow runtimes, which is exacerbated by any hyper-
parameter optimization we perform (since it would require multiple runs of the network).
Therefore, in an attempt to speed up computation, we use a stacked autoencoder to
reduce the input dimensionality. In our experiments, we found that the exact details of
the autoencoder architecture are less important than the other design choices; in our
experiments, we used an autoencoder with architecture D - 10 -7-5-7- 10 - D where
D is the input dimensionality. Rather than fret about the architecture, we instead looked
at the fit. Specifically, we check if the mean squared error (MSE) loss is below 1000. If
so, we proceed and use the encoded inputs during training. Otherwise, we attempt this
process two more times to account for variability in performance caused by initialization
([200]). If in none of the three attempts, the MSE is below 1000, then we do not encode
the input.

There are other theoretical considerations that we mention, but do not expand upon,
here. The standard manner of quantifying the representation capability of a machine

learning system is the VC-dimension.

Definition 4.4 (Shattering). A learning algorithm is said to shatter a set of points if it
can perfectly classify all of the points in the set.

Definition 4.5 (VC-dimension). The VC dimension of a learning algorithm is the size
of the largest set of points that the algorithm can shatter.

The VC-dimension of feedforward networks with ReLLU activations has been shown
to be O(WLlogW) or ©(WU) (][22, 87], where W is the number of weights, L is the
number of layers, and U the number of units. In theory, this result allows us to tighten
bounds on the hyper-parameters of feedforward networks further; however, as we will see
later, we are not interested in the shattering properties of the learning algorithm, but its

generalization performance.

4.3 Parameter engineering

Parameter engineering guides the selection of control values when building models. The
more common name for parameter engineering is hyper-parameter optimization.

Much of the work of this dissertation establishes the value of hyper-parameter opti-
mization (HPO). There are many HPO methods used in SE including:
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e The reinforcement learning methods of HyperBand [125];
e The Bayesian Optimization methods of TPE [26].

e The tabu search of DODGE, which relies on a contraction map® assumption. If two
configurations lead to similar options, DODGE marks that region as tabu, nudging
the search to other regions. Because this is a stronger assumption than the Lipschitz
assumption used by Dou et al. [58], the authors use a tree-based method to partition
the space, iteratively updating weights of leaves based on the performance deltas

observed. [1].

However, like many of the hyper-parameter optimization methods of its time, DODGE
has a few drawbacks: (i) it has a rather strong assumption, and as such, can fail if this
does not hold; (ii) it has no theoretical guarantees beyond an assumption derived from
a relatively small-scale empirical study; (iii) it requires 30 evaluations to declare a good
hyper-parameter configuration. In the modern SE literature, where larger models are the
norm, such drawbacks discourage researchers from using HPO at all; indeed, we observed
this in our literature review.

HPO is well-studied in the ML literature as well, with the most popular approaches
being based on Bayesian optimization [27, 91, 193, 201], while other work suggests alter-
native approaches such as random search [25]. Smith [191] discusses empirical methods to
manually tune hyper-parameters based on the performance of the current system. How-
ever, although HPO has repeatedly been shown to improve learner performance [135, 203,
much applied machine learning research either does not use HPO, or uses computation-
ally expensive methods such as grid search. Some of this reluctance to use HPO stems
from the general view that it is computationally expensive. For example, Tran et al. [207]
comment, “Regardless of which hyper-parameter optimization method is used, this task is
generally very expensive in terms of computational costs.” Moreover, there is a growing
concern to reduce the carbon emissions from ML experiments [120].

A fortiori, there is a need for a better hyper-parameter optimization method, with
computational efficiency being a primary concern. Based on the above discussion, a
“good” HPO method has the following desiderata:

e Theoretical backing: Practitioners may be more willing to adopt methods that

are based on established theory.

3A contraction map is an L—Lipschitz function over a metric space, where 0 < L < 1.
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Figure 4.1: Left & right shows loss landscape before & after HPO. The loss function is
visualized as the z dimension of domain data mapped into two PCA components z,y. In
this figure, red indicates regions with highest mean squared error.

e Weaker assumptions: Weaker assumptions improve the odds of success when an
HPO method is deployed “off-the-shelf”, as our literature review reveals that most
algorithms are employed this way. This, coupled with the theoretical backing, gives

confidence to practitioners about the generalizability of the method.

e Runtime: An ideal HPO method would run fast, as measured by wall time. The
simplest way to achieve this is to reduce the number of evaluations needed to return

a good configuration.

Although Bayesian Optimization (BO) methods have strong theoretical backing, and
do not have particularly strong assumptions, the necessity of building a surrogate model
for the performance of some configuration means several evaluations are necessary for
it to converge. Therefore, we do not adopt the BO framework. Similarly, although the
Lipschitz assumption (or the stronger contraction map assumption) may be intuitive,
these cannot be shown to hold in general.

To achieve the above desiderata, we first develop a method tailored for SE data; then,
we develop a more general version.

To understand the idea behind the first method, note that the smoothness of the loss
function provides a measure of the difficulty of learning the problem (a function with a
high smoothness is necessarily sharper, which impedes generalization, see Section 2.4).
Our work on detection false alarms in FindBugs demonstrated that the operators devel-
oped above led to flat minima, but contrary to expectations, the smoothness increased
(see Figure 4.1). This was a repeated result across datasets and random seeds. A closer

examination reveals why these are simultaneously true: although there exists a flat min-
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ima, there also exists a sharp corner, which contributes to a higher smoothness value.
These two phenomena co-occurring is very desirable: at random initialization, the opti-
mizer (SGD) may either be on the sharp wall, or in the flat basin. If it starts on the sharp
wall, theoretical guarantees on SGD mean that it quickly descends to the flat minima,
at which point we achieve good generalization. On the other hand, if it starts close to
the flat basin, it is close to convergence. Of course, if the loss is particularly ill-behaved
and there exists another flat basin at the top of the sharp corner, it is possible for this
to fail. However, we did not empirically observe this.

In both methods, we will rely on the following lemma:
Lemma 3. Let A, B € S" and suppose A = B. Then ||A|, > ||B|l,
Proof. We have ||Ally = /Amaz(ATA) = |Apas(A)| since A is symmetric. Since A > B,

we have by definition 27 Az > 27 Ba for an arbitrary € R™. From the min-max theorem,
we have Vk € {1,...,n},

. T . T
M(A)= min  max AT > min  max P2 = )\ (B)
McS™ zeM\{o} T * McS® zeM\{o} T F
dim M=k dim M=k

where \; is the kth eigenvalue in the spectrum ordered in non-increasing order. Using
the above with k = 1 completes the proof. O

Our first method solves the following optimization problem in a randomized fashion:

}slug su;))( |V2L(z;0,h)||
S x; C
Uzi=X

This leverages the intuition that searching for the loss with the highest peak sharpness
will yield a surface with a sharp corner and a flat basin. Note that this is in direct
contradiction to what would be suggested from convex optimization literature, which
would instead recommend minimizing the sharpness. Indeed, the idea of minimizing the
sharpness directly has been studied [72], albeit in the context of directly optimizing a
fixed network as opposed to the general hyper-parameter optimization setting we discuss

here.

4.3.1 A smoothness-based HPO method

At this point, it is important to disambiguate the concept of smoothness (that of a
smooth, flat landscape) from the mathematical notion of smoothness: a lower mathemat-
ical smoothness value corresponds to lower fluctuations in the gradient, and as such, we

would expect those to be intuitively smoother and flatter.
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Figure 4.2: An illustration of sharp minima forming with higher smoothness. All figures
generated using Wolfram Alpha.

We provide the reader with the following intuition, and encourage them to follow along
in Figure 4.2: suppose one was provided a single knob to modify a class of functions, which
controlled the smoothness. This knob starts at 0 and can be dialed to arbitrarily high
values. At 0, the user would see a completely flat landscape (since all constant and linear
functions have zero smoothness); as the user slowly increases the value, they might see
either all corners to rise slowly, or a single corner rise sharply—but at this stage, the value
is not high enough to raise multiple corners high and form a sharp valley (see Fig. 4.2b).
As the user further increases the smoothness to even higher values, there is flexibility to
further raise the corners of this hypothetical function (Fig. 4.2c¢), until a sharp valley is
formed (Fig. 4.2d).

We empirically demonstrate this phenomenon. In Figure 4.4, we show the distribution
of smoothness values for 21 SE and 21 non-SE datasets. It is evident that the smoothness
values for tabular SE data, such as the ones used in this study, are bounded and gen-

erally very small, while non-SE datasets have a wide range of smoothness. As such, the
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Figure 4.3: Probability of SMOOTHIE outperforming BOHB as a function of smooth-
ness

SE landscapes cannot form sharp valleys, only sharp corners* This translates well to per-
formance: in Figure 4.3, we plot the probability that SMOOTHIE outperforms BOHB (the
SOTA) as a function of the smoothness of the dataset. The plot shows a strong negative
correlation (indeed, the Pearson correlation coefficient is -0.79). This figure discourages
the use of SMOOTHIE for datasets with a “high enough” smoothness (which is around 7).

The intuition developed above yields a simple HPO algorithm: randomly sample NV,
configurations, compute their smoothness, and run the configurations with the top No
smoothness values. This raises the issue of how to compute the smoothness: because the
smoothness is a second-order metric, it would require computing the Hessian, which is
computationally expensive. We circumvent this issue by designing a white-box solution:
because at each iteration, the architecture of the neural network is known (because it
is materialized from the specific hyper-parameter configuration), we can develop a semi-
empirical form of the smoothness. However, when the data (and hyper-parameters) is
kept constant, the loss function is a function of the weights—as such, as SGD progresses,

the projection of the overall loss onto the weight space changes. Therefore, we need to

4There is an exception—in our case studies, we found the 2-class issue lifetime prediction datasets to
have extremely high smoothness values; consequently, SMOOTHIE also performed poorly on those.
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run SGD (or any algorithm) for a few iterations to ensure the loss we compute the
smoothness for is close to the loss at convergence. We use one epoch in our experiments.
We will later bound the deviation using a covering argument, and also show empirical
results demonstrating that this one-epoch cycle yields a balanced exploration-exploitation

trade-off. We now develop the semi-empirical approximations of the smoothness.

Smoothness for Feedforward Classifiers

This section shows the smoothness computation for feedforward learners.

Lemma 4. Suppose the activations at the last layer, al¥) are computed as the softmax of
the pre-activations. Then,

VZ[L]&[L] = dmg(&[L]) — altgHIT
Proof. The proof is a straightforward application of the chain rule:

aCLBL] B 0 ezJ['L]
az,[JL} 02’,@ Zle ezl[L]

(L) (L]
Opj€ D €1 —€v e

L] L] (L]
5pje J e’ e~
ko kLl kI
1=1¢" 1=1¢" 1=1¢"
= (Gl = aalt)
L L
_ ag ]((5pj _ al[) N (4.1)
Writing this in vectorized notation yields the result. O]

Lemma 5. For a deep learner with ReL U activations in the hidden layers, the last two
layers being fully-connected, and a softmax activation at the last layer,

OE k-1 (<=~ ¢
= Y - (@ — 5
021 = km (;[y ﬂ)
under the cross-entropy loss.
Proof. We will use the chain rule, as follows:

OE  OE 0Oa)
9211 8@5” 82}”

J

(4.2)
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Consider the Iverson notation version of the general cross-entropy loss:

m k
= _%ZZ loga[L]

i=1 h=1

Then the first part of (4.2) is trivial to compute:

IE 1= [y =]
F7 - Z L (43)
8a£- ] m = ag ]

The second part is computed as follows.

0t o [
PRCIRPNO S . oo

[L] L] L
z5 zk 2
 Opj€7 Zzzle’ —cJ -ew

= p)
k S
(Zl:l e

S (L]
0p;€’i €% e

- oI I I
211 Zzﬂ“ 21:16’
— (#psal” — alflalt)

= (5, — al?) (4.4)

Combining (4.3) and (4.4) in (4.2) gives

= (Zw - j]) (Z o = j]) (@.5)

7 =1

As a prudence check, note that E is a scalar and z][-L} is a vector (over all the samples);
the right-hand side is also a vector (by vectorizing the Iverson term [h = j]). It is easy to
show that the limiting case of this is when all softmax values are equal and each y® = p;
using this and aE-L] = in (4.5) and combining with (4.2) gives us our desired result:

St (ZW - j]) (4.6

i=1

OF
aZ[L]

sup

]

Theorem 4.4 (Smoothness for feedforward networks). For a deep learner with ReLU
activations in the hidden layers, the last two layers being fully-connected, and a softmax
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activation at the last layer, the smoothness of the cross-entropy loss is given by

—1 ey
W

k
V2. E
sup|| Vi, B o< =

Proof. Lemma 5 gives us (using the chain rule one step further):

VwE < (kk;ll) (Xm:[y“) - j]) al "

m
The (Z[y(z) = ]]) term is constant, so we drop it as a proportionality constant. In
i=1
the following, we use < and = to mean “less than equal to the proportionality constant

times” and “proportional to” respectively. Therefore,

k—1 L—1
k-1 )

(k — 1)2a[-L_1] all—Y
< E) - 8]E using chain rule on Lemma 1

m
(k=12
k2m?2 oF
8a£-L_1]
Using 21 = WHTql=1 4 pll and Lemma 5 gives us:

OF 0B 02" (k—1)

8a£~L_1] N az][-L] 8@&11_1} o

g

km

from which (4.7) follows. O

Smoothness for Logistic Regression

Corollary 1 (Smoothness of logistic regression).

ko1 1K
W]

8=

km

Proof. Logistic regression can be viewed as a feedforward network with no hidden layers.
Hence, the smoothness for logistic regression follows from Equation (4.7). O
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Theorem 4.5 (L, regularization). For a learner using an Ly reqularization term 5 |w||3,
the increase in smoothness is X\. More generally, if a Tikhonov reqularization term | Tw!||3
is used, the increase in smoothness is 2||T||%.

Proof. For Ly regularization, the regularization term is E = 4||w||3. We therefore have
VwE = AMwlz and so ||V, E(w1) — V, E(ws)|| < A||lw; — ws||. For the general
Tikhonov case,
E(w) = |Tw]?
= w T Tw
dE = dw'T"Tw + w"dl'"Tw + w'T"dl + w'T" Tdw
= (dw)'T"Tw + w'T7T(dw)
= w' T"T (dw) + w'T7T(dw)
VoE = 2w 'T'T = 2w” ||T||%
so that
[VE(w:) = VE(w,)||

=2|T|3

Smoothness for Naive Bayes

Theorem 4.6 (Smoothness for Naive Bayes). For Naive Bayes, the smoothness is given
by
1
B = sup||ZTAG — 52_1./42_1 + GAZY|

ol
where X is the covariance matriz, A is the fourth-order identity tensor, and G = Bk

where £ is the log-likelihood.

Proof. We use the results of Greg [77] here. For Gaussian Discriminant Analysis (which
Naive Bayes is a special case of), the log-likelihood is given by:

—og|Z|+ C + (xV — p)TE " (x® — p)}

where ¢ is the parameter of the Bernoulli distribution; po and p; are the mean vectors
for the two classes and ¥ is the covariance matrix of the independent attributes. Because
there are several parameters, we show that the smoothness is constant with respect to
all except the covariance matrix, and therefore we use the smoothness with respect to
the covariance matrix in our experiments.

Taking a gradient of (4.8) with respect to ¢ gives us:

(4.8)
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(i) 1 — o0
V0 2oy > (1 —yW)

o 1—¢
Xy Y=y
Vi =T iy

The second derivative has an extremum when Viﬁ =0:

) @ 2571 — @
Vil = >y 2)(-yY) _,

¢? (1—¢)3
>y Y —-yY)
¢? (1—¢)?

mo* = (D y?) (1 - 30+ 3¢%)
But Zy(i) = km for some 0 < k < 1. Hence,

¢* = k(1 — 3¢ + 3¢?)
which has constant solutions. For example, if £ = % then ¢ = % and V%E < —4dm.
Similarly, if £ = 1 then ¢ = 1 and V%E <-m
From (4.8), computing gradient with respect to u yields

Vool = Vi 3 (x) = )78 (x — o)

=1

=V > _tr (x = ) "2 (x) — )1
=1

= =3 (1D = )BT T = ) (57T [y = 0]
=1
== (9 = )=+ (D = )= [y = 0]

=221 " (xD — py) [yt = 0]
=1

where we used the identity Vtr ABATC = CAB + CTABT along with the trace
trick. Clearly, the second derivative is constant with respect to p.

Finally, we compute the smoothness with respect to X. For the following, let (z,y)
denote the Frobenius inner product defined as

m n

i=1 j=1
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Let w = (x — p;) (where p; is the mean for class 7). Then,

1
dt = (ww”, (dX)™) - 5(2_1, ax)
= (ww’, -2 7dZE ) — %(2—1,dz>

1
=— <2—1waz—1 + 52—1, d2>

ol

1
I _271 T —Z 271 —
B (ww + 5 > G

Next, we compute the differential of GG, which we use to compute the Hessian.
-1 T 1 -1 -1 1 -1
dG = —dX ww —|—§E - §d2 by
—1 T 1 -1
- ('w'w + 52) >
1
=X 426 — 52—16522—1 +GdEx !

= (X7TAG — %21,421 + GAX ! dX)
oG

1
_— = -1 _ = -1 -1 -1 =
75 ¥TAG 22 AYX™ + GAXS H

where H is the Hessian and A is the fourth-order identity tensor so that A;jx = 0;x0;;.
In the above, the fact that ¥ and G are symmetric was used in various steps.

Although the loss to minimize would be defined as the negative log-likelihood, the
negative sign would be removed by the use of a norm. O

Algorithm 1 shows the pseudo-code for SMOOTHIE. We first pick NV; (= 30) config-
urations at random. For each of those configurations, we compute the smoothness and
store it. Next,we pick the top Ny (= 5) of those configurations by smoothness values,
and run only those, getting the performance for each. The algorithm then return the

best-performing configuration.

4.3.2 A general version

To achieve this, we focus on a problem more aligned with convex optimization literature:

g, sup VL@ 0.0
Uz;=X

%)



Algorithm 1: SMOOTHIE
Input : Number of configs to sample Ny, number of configs to run Ns.
Defaults: N; = 30, Ny = 5.
Output: A near-optimal configuration
Ho <+ RANDOM(H, Ny);
S < ¢
P < ¢;
for each config h in Hy do
| S[config] < GET-SMOOTHNESS(h)
end
for each config in Topr(S, Ny) do
| Plconfig] < RUN(config);
end
return arg max P;

© 0 N O otk W Ny =

=
(=}

Smoothness distributions

10 1
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Figure 4.4: Distribution of smoothness for SE and non-SE datasets. SE datasets are
a subset of the datasets explored in this dissertation. ML datasets come from the UCI
repository and the OpenML tasks used in HPOBench.

This trades off the possibility of discovering flat basins with sharp corners for a less

aggressive approach that searches for the least sharp losses.
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We start by writing the definition of strong convexity in terms of positive-semidefiniteness

as
V2 f(x) = pl
From Lemma 3, we can rewrite this as

IV2f(@)]l2 = = ||V2f(@)]|p = p

and so we redefine yu—strong convexity as

p = inf||V*f(2)] p

A key motivation for minimizing the strong convexity is to relate it to the flatness of

minima. Since V2f is symmetric (by Schwarz’s theorem), we have
e (V2N = [V £l < V211l

s0 that [Anee(V2f)| = inf||V2f||» which directly relates the sharpness of the landscape
with the definition of strong convexity above. We can also relate the above definition of
strong convexity to the sharpness measure ¢ established by Keskar et al. [112]:

max f(w') = f(w)

w’ €B(e,w)

1+ f(w)

¢(w)

—~
.
~

12

S fw') — f(w)

62 2 62 9
sl < SIv ),

—~
=0
3

~

s

where (i) is because the training error is typically small in practice [154] and (ii) follows
from a second-order Taylor expansion of f around w, as done by Dinh et al. [57]. There-
fore, we wish to minimize the sharpness, which is equivalent to the formulation above.

Equivalently, we have (with r denoting the rank of the Hessian)

C(w) = SV (W), > 57 V2 @)l p > 575V ()]

so that the strong convexity is a lower bound on the sharpness, and a higher strong

convexity implies a higher sharpness, which is correlated with a higher generalization
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error’. Therefore, we have:

62
2y/n

so that the strong convexity and a scaled version thereof provide bounds on the sharpness,

92 )], < ) < S 925

and minimizing the strong convexity implies both the lower and upper bounds on the
sharpness are lowered.

We can bound the deviation from the true supremum using a covering argument [60].
Let f(z) = sup||[V2E(z)]|| be drawn from some set of functions F, each of whose elements
map from X to R. Define a point-mass empirical distribution on {z;}7; as P, = = i O,

i=1

where ¢ is the Dirac delta. For any function f: X — R € F, let

m

Pof £ Ep, [f(X)] =) fla:)

=1

be the empirical expectation over a mini-batch and let

Pf 2 Ep[f(X)] = / f(2)dP(x)

denote the general expectation under a measure P. Suppose the functions in F are

bounded above by [ (trivially, they are bounded below by 0), and define the metric

over F as || f — g||,, = sup|f(z) — g(z)|. Denote by N(4,0, p), the covering number for
reX

a d—cover of a set © with respect to a metric p. Then, we use the standard covering
number guarantee (cf. Duchi [60] Ch. 4) to get

P (sumef P> t) < exp (— 28 + 1o N(1/3, 7, I1].))
feF
Recall that Theorem 2.2 shows that if the loss is smooth and p—strongly convex, then
flze) = f(@") < (1= ap)" (f(z0) — f(2"))
where « is the learning rate. Therefore,

f(zeg) — fz) < (1 —ap)t™!
< exp(—ayp(t + 1)) (f(0) = f(z"))

because f(x:) > f(x*)Vt.

5 Assuming the network has sufficient capacity.
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Figure 4.5: IoU of the 10 lowest strong convexity configurations after each epoch for the
first 10 epochs.

This implies exponentially decaying benefit as the number of epochs increases. On
the other hand, Theorem 2.2 also implies that for vanilla gradient descent, the number of
steps required for convergence is inversely proportional to the strong convexity, so that
minimizing the latter implies a greater number of steps is required to converge (which
increases the runtime). To reduce the impact of this, we use the Adam [115] optimizer.
We leave it to future work to explore additional strategies, such as large adaptive learning
rates, which can also lead to flatter losses [102].

As an aside, we tested the validity of the one epoch training cycle. Specifically, we
sought to answer: do more epochs provide a better estimate of the strong convezity? The
answer, unsurprisingly, is yes. However, we argue that this is a exploration-exploitation
trade-off. To test this, we computed the strong convexity after each epoch, for the first
10 epochs, on the HPOBench datasets. Next, we measured the Intersection over Union
(IoU) metric of the 10 lowest strong convexity values after each epoch with the 10 lowest
after the first epoch®, since those are the ones that would be evaluated at the end.
Of course, the ToU metric decreases slowly as the epochs go on. After 10 epochs, this
IoU had a mean of 47% (see Figure 4.5). This means that after 10 epochs, about half
the configurations in the top 10 are the same as after epoch 1. We argue that this

is an exploration-exploitation tradeoff: by training for further epochs, we obtain a more

6The IoU is a popular metric that computes the ratio implied by its name. Most notably, it is used
in object detection [172].

99



accurate estimate, at additional computational expense. We maintain that the one-epoch

training cycle balances the exploration-exploitation trade-off well, since it is not necessary

for a landscape to have flat minima to generalize well [57, 221].

Our derivations for the strong convexity proceeds quite similarly to the smoothness-

based derivations above:

Lemma 6. For a neural network with ReLU activations in the hidden layers and a

softmax activation at the last layer,
m k
oF 1 ,
_ (i) — ; (L _ 5,
50~ m (Z[y = J]) (Z a; 5hy>
Zj i=1 h=1
under the cross-entropy loss.

Proof. We will use the chain rule, as follows:

OE  9E 0al
L] ~ 5 [ 4L
8zj 8aj sz

Consider the Iverson notation version of the general cross-entropy loss:

m

> >y = hllogay”

k
i=1 h=1

E(al") = —

3=

Then the first part of (4.9) is trivial to compute:

0F 1V =]]
8@5” m = ag-L]

The second part is the derivative of the softmax and is equal to

J

L
dall! _
ooF1

(517' - a[L])

p

Combining (4.10) and (4.11) in (4.9) gives

OE 1 (&N o b
50 = m (Z[y() = J]) (Z a — 5hj)
J

=1
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L
azg[‘ } i=1

Theorem 4.7 (Strong convexity for neural classifiers). For a neural network with ReL U
activations in the hidden layers, a fully connected penultimate layer, and a softmax acti-
vation at the last layer, the strong convexity of the cross-entropy loss is given by

L-1
inf || Vi E|| o iinfw (4.14)
YT me w '

Proof. For a neural network with ReLLU activations, Lemma 6 gives us (using the chain
rule one step further):

Therefore,

d B i
=— @ = m . V94~ OE
m (Z[y j]> <h i 6h]> OF 8W][L]
m 2 k 9 1]
1 i) - L] iy 8(1 1)
= (Z[y() = 7]) (Z a;” — [h = ]]> 5E :
m 2 k 5
o (Z[v“) = ﬂ) ( alf! —[n = j]) 1 g
= ! oF i

Using 21 = WHTql=1 4 pll and Lemma 6 gives us:

oF OF 82'][”

dalt1 B 82][.” aaEL‘l]

- (fj[y“) = j]) (Z ay! — [h = j]) Wi

i=1 h=1

The limiting case of this is when all softmax values are 0, so that the second summation
term is -1. The first summation is a positive constant, which we drop as a proportionality
constant. Now, (4.14) immediately follows. O

Corollary 2 (Strong convexity for logistic regression). For a logistic regression model,

61



the strong convexity is given by

. 5 L. X
meV EH ocamfm

The proof is trivial and follows directly from the theorem.

Theorem 4.8 (Strong convexity for Naive Bayes). For Naive Bayes, the strong convexity
s given by

j = inf[[ S AG — %2-%42-1 + AR

ol

where X is the covariance matriz, A is the fourth-order identity tensor, and G = Bk

where £ is the log-likelihood.

The proof is exactly the same as for the smoothness case.

Algorithm 2: AHSC

1: Input: Number of configurations to sample /N, number of configurations to run
Ns. Defaults: N; = 50, Ny = 10.
Ho < RANDOM(H, Ny)
S <« ¢ {Strong convexity values}
P <+ ¢ {Performance scores}
for config h in Hy do

Train for one epoch using h

Hmaz = —OQ

for mini-batch x C X do

fimaz = MAX(fimaz, Hvzf(x§ M)
end for
if 0 > 0 then
Sh] + tmax

end if
: end for
: for config h in LOWEST(S, N;) do
Plh] - Run(h)
: end for
: return arg max P

I T e T e T T = S Sy
e B A el > sl

Algorithm 2 shows our overall approach. We first sample N; random configurations
(line 2). For each of these configurations, we first train the model for one epoch to bring

the weights closer to their final weights (line 6). Training for a single epoch provides
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a balance between the cost associated with training fully (which would provide a more
accurate estimate for the strong convexity), and not training at all (which provides a very
poor estimate). We then compute ||VZE(z)|| in a mini-batch fashion (lines 8-10). Since
we wish to minimize the strong convexity, it is important that we look at the highest
value across mini-batches, and aim to minimize that upper bound. Importantly, if the
strong convexity is 0 (implying the function is not strongly convex), we discard that
configuration (lines 11-13). We pick the configurations corresponding to the Ny lowest
values of strong convexity as computed above, and train those models fully (lines 15-17).

Finally, we return the best-performing configuration.

4.4 Boundary engineering

One insight from this dissertation is that the decision boundaries generated by neural net-
works are malleable, i.e., they can be reshaped locally. Techniques that perform such local
reshaping of the decision boundary, we call boundary engineering techniques. Our liter-
ature review returned little work that matches this description of boundary engineering:
on searching Google Scholar using the terms “decision boundary”, “decision boundary
reshape”, “decision boundary push”, and “decision boundary change”, we found few pa-
pers seeking explicitly to this, and a passing reference in [212] that Platt scaling ([167])
can change the decision boundary, although this does not seem to be its primary purpose.
However, we list the techniques we did find here. [188] use a conditional entropy loss to
push the decision boundary away from samples. [226] discuss how the cross-entropy loss
and their cosine softmax learner both push the decision boundary away from samples;
however, in our datasets, we find that the noise found in real-world data invalidates this.
[187] discusses how large margin classifiers generalize better, and [250] propose mixup,
which enforces the prediction model to change linearly in between samples; this is done
by making the model f predict Mix(y, ') at location Mix(z, 2’) for random pairs of sam-
ples (z,y) and (2/,y’). Finally, [210] propose “interpolation consistency training”, whose
effect is to push the decision boundary into low-density regions.

Our approach to boundary engineering (which we call fuzzy sampling) is rather brute-
force: we add in samples around existing data points concentrically; this forces the de-
cision boundary to move away in order to reduce the loss function. Specifically, we add
in |log,(1/n)| concentric boxes, where n is the fraction of samples in the minority class.
The number of points added in follows an exponential decay rule, with each box having

half the samples as the one preceding it. Algorithm 3 describes our boundary engineering
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Algorithm 3: Boundary engineering: fuzzy sampling

1 for each sample x in the minority class do
for i € {0,1,...} such that (12/—") >1do

‘ Add (x £ iAr, ¢p) to the training set 12/—n times;
end

Qs W N

end

technique.

4.5 Instance engineering

We define instance engineering methods as those that modify the dataset, but without
the express intent to reshape the decision boundary. For example, oversampling methods
fall under this category.

Our choice of instance engineering is an oversampling technique called SMOTE, pro-
posed by [40]. SMOTE adds samples between two points of the same class. SMOTE
has the benefit over random oversampling (which adds in points at the same location as
existing data samples) that it fills in regions that might otherwise be empty in the input

space. This can work to improve the learner’s confidence in regions with few samples.

4.6 Label engineering

Learning algorithms often make assumptions about the data, such as all of it coming
from the same distribution. An inherent assumption is also that the labels are correct;
but as pointed out by Cordeiro & Carneiro [47], this is often not true. For example,
noisy labels can occur when human annotators are present ([143]) and have divergent
opinions, as seen in medical images ([21, 134]). Our static code analysis case study is an
excellent reminder of this; of 13,128 original labels, [110] could extract only 768 (5.9%)
of correct labels. Although our labels were re-checked by the authors of Kang et al. [110],
we assume that some labels are noisy. To rectify the situation, we attempt a simple kind
of semi-supervised learning, following Occam’s razor. First, given n training samples
(and therefore, n labels), we keep \/n at random and discard the rest. Next, for each
“unknown” label, we look at the \/T = /n nearest labels. We take the mode of these
labels and assign it as the label for that point. This has the effect of removing outliers in

the data. While primitive, our ablation study (of Figure 5.3) confirms that this indeed
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helps our learning process and improves results. Therefore, we caution researchers to not
trust the labels they are given. The details of the number of labels used is given in Table
2.1. From the table, we use 58 / (58+554) = 9.5% labels (which, as we describe later, is
v/n labels per dataset).

4.7 Overall method

We now have the tools to develop our overall method for each task.

4.7.1 Defect prediction

We can now discuss our overall method for defect prediction, which is a combination of
these techniques. Whenever we use label engineering, we call our approach GHOST?2;
otherwise, we call it GHOST (from the original paper).

Algorithm 4: GHOST(2)

1 Split data into train and test;
2 if GHOST? then
3 Perform SSL (label engineering);

4 Perform SMOTE (instance engineering);

5 end

6 Perform fuzzy sampling (boundary engineering);
7 Use an autoencoder to reduce dimensionality;

8 Perform fuzzy sampling;

9 Use SMOTE;

10 Perform hyper-parameter optimization of a feedforward network;

Algorithm 4 describes our overall approach. Essentially, it is a specific ordering of the
different techniques we discussed above. If we are using GHOST?2, we first perform label
engineering, and fill in sparse regions of the data using instance engineering. Next, we
perform boundary engineering; a stacked autoencoder is used to reduce dimensionality.
We then perform boundary engineering a second time followed by SMOTE (to rebalance

classes); finally, we use DODGE to perform hyper-parameter optimization.

4.7.2 Bugzilla issue lifetime prediction

Our method for Bugzilla issue lifetime prediction is a subset of GHOST2; specifically,

it merely uses the DODGE hyper-parameter optimization algorithm over feedforward
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Algorithm 5: SIMPLE

1 Set random number seed;
2 for 20 times do
3 Shuffle data;
4 Set train, test = 70%,30% splits of the data;
/* Learning */
5 Apply a feedforward neural network.; On the training data, tune the
hyper-parameters of Section 4.8.2 using DODGE.;
Take the best model found from the training data, apply it to the test data;
Report performance scores on the test data. ;
8 end

networks. We find that this suffices to outperform the prior state-of-the-art, DeepTriage.
This method, which we call SIMPLE, is shown in Algorithm 5.

4.7.3 Code smell detection

Our overall method for code smell detection is the same as for defect prediction, i.e., we
use GHOST2 with fuzzy sampling applied twice. The only change is that we use TPE
instead of DODGE for hyper-parameter optimization.

4.7.4 Static code warnings

For detecting false alarms in static code warnings, we studied

e 4 engineering methods (boundary, label, parameter, instance) that could be mixed

in 2* = 16 ways.

e Six traditional learners: logistic regression, decision trees, random forests, and SVMs

(with 3 kernel functions)

e Three neural net architectures: CNN, CodeBERT, feedforward networks;

To clarify the reporting of these 16 x (6 +3) = 144 treatments, we made the following
decisions. Firstly, when reporting the results of the traditional learners, we only show the
results of the best traditional learners (which, in our case, was typically random forest

or logistic regression).
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Secondly, we do not apply pre-processing or parameter engineering on CodeBERT.
This decision was required for pragmatic reasons. Due to the computational cost of
training that model, we could only run off-the-shelf CodeBERT.

Thirdly, rather than explore all 16 combinations of use/avoid different pre-processing,
we ran an ablation study recommended in Cohen’s Empirical Methods for Al text-
book [46]. Ablation studies let us explore some combination of N parts in O(NN) time,

and not O(2Y). Such ablation studies work as follows:

e Commit to a preferred approach, with NV parts;

e If removing any part n; € N degrades performance, then conclude that all N parts

are useful.

With these decisions, instead of having to report on 144 treatments, we need only
show the 13 treatments in the ablation study of Table 4.1.

In that table, for treatments that use any of boundary or label or parameter or
instance engineering, we apply those treatments in the order used by the original GHOST
method [234]. In Chapter 5, we will show that it can improve recall by 30% (or more)
by multiple rounds of SMOTE + GHOST. As per that advice, A1l executes our pre-

processors in the order:
smooth — smote — ghost — ghost — smote — dodge

All that said, it is an open issue if other ordering might be more useful. We note that
our ablation study reports no obvious problem with this ordering. But that is not to say
that other orderings might improve our results even further. We leave this matter for

future work.

4.7.5 Automated microservice partitioning
Background: CO-GCN

Before discussing our method, it is worth discussing more extensively about CO-GCN
[55], since our method builds on top of it. CO-GCN is designed to mitigate the effect of
“outliers” (which they define as classes with overlapping functionalities), while ensuring
high cohesion and low coupling. Specifically, two kinds of outliers are identified: structural
outliers—which have high interaction with classes from different clusters (microservices)—
and attribute outliers—which have attributes (such as usage patterns) similar to those

from other clusters.

67



Table 4.1: Design of our ablation study. In the learner choice column, F = feedforward
networks, T = traditional learners, C = CNN, B = CodeBERT.

Engineering decisions
[
c§) & Efw &
§ » 5 § £
5 S & & 5
Treatment Q7O g 3 < &5 % Labels Description

Al | v/ v F v v 10 Our recommended method

A2 |/ v F v 10 Al without instance engineering (no
SMOTE)

A3 | / v F v 10 Al without hyper-parameter
engineering (no DODGE)

A4 v F v v 10 A1l without boundary engineering (no
GHOST)

A5 |/ F v v 100 Al without label engineering (no
SMOOTH). From TSE’21 [234]

A6 | v/ T v v 100 A1l without label engineering,
replacing feedforward with traditional
learners

AT |/ v T v v 10 Al replacing feedforward with
traditional learners

B1 v T v v 10 A1l without boundary engineering,
replacing feedforward with traditional
learners

B2 v C v v 10 A1l without boundary engineering,
replacing feedforward with CNN

C1 T v v 100 Al without boundary engineering or
label engineering, replacing
feedforward with traditional learners

C2 C v v 100 Al without boundary engineering or
label engineering, replacing
feedforward with CNN

D1 T v/ 100  Setup used by the Yang et al. [232]
and Kang et al. [110] studies.

CodeBERT B 100 CodeBERT without modifications
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CO-GCN is based on a graph convolutional autoencoder, which requires a graph
Laplacian and an attribute matrix. We first consider the construction of the attribute
matrix. Define an entry point as an element (such as a Ul element or an API endpoint)
which acts as the first in any method call chain. Let G = (V, E) denote the call graph
of the application, where node i, representing some class i, connected to node j if any
method of class ¢ calls any method in class j. Let P be the set of entry points. Define the
entry point matriz, denoted as E € RIVIXIPI ag E;, = 1 iff class 7 occurs in the execution
trace of entry point p. Define also, a matrix C' € RIV*IVI where C;; is the number of
times classes ¢ and j co-occur in any execution trace. Finally, define a symmetric matrix
I € RVXIVI a5 I;; = 1 iff classes ¢ and j are related by an inheritance relationship. The
attribute matrix X € RIVIXUPH2IVD) ig g concatenation of E, C, and I, in that order.

The graph Laplacian is constructed in a standard manner, using the Ng et al. [155]
Laplacian construction over the adjacency matrix. In detail, let A be the adjacency matrix

and let A = A+ I. Construct the degree diagonal matrix D;; = > /L] Finally, the Ng
J

1 v ~1

et al. [155] Laplacian is A = D2 ADx.
A graph convolutional network (GCN) is a network that uses the graph Laplacian and
an attribute matrix as inputs. At each layer of the encoder, the following computation is

performed:

20 — gl Azt

where ZI% = X and ¢! = max(0,2)vl € [L] is the ReLU activation function. The

decoder is very similar:

X0 — g (AZ[I 1] W[l])

where ZI% = Z. CO-GCN uses a 2-layer GCN for the encoder and a 3-layer network
for the decoder. It is also equipped with a novel loss function, which we describe now.
The loss itself is a linear combination of three losses: a structure loss, an attribute loss,
and a cluster loss. For the first two, scalars Oy and Og; are defined for each node i,
which denote the structural and attribute “outlier-ness” of that node (class). These are
constrained as Y . Os = > .04 = 1. The first component, the structure loss, ensures

that edges link classes that are similar. We first define the structure loss as

str - Z log(

E€[|V]]

) 14 221
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where A; and Z; are the ith rows of the adjacency matrix A and the embedding matrix
7 defined above. As we will see, the other loss terms do not depend on Oy;, so we can
use a Lagrangian method to compute it. Because the squared norm is convex and log(-)
is concave (since 0 < Oy < 1 so that —log(+) is convex), this loss is convex. Taking the

Lagrangian:

a0 | mg( 4= 2z a | 05-1| =0
* Laenv JElvI]
This gives us
_ai- 2z, 4 - 227,
- o. TN
But 3,0y =1sothat A= Y ||A4; — ZZJTH;F Therefore,
ielvl]
-z
> |14, - 227,
JelVI]

Note that this needs to be updated at each iteration. The attribute loss ensures that
the reconstructed node attributes from the decoder match the original attributes. This

loss is also designed to ensure that the effect of attribute outliers is reduced:

Laptr = Z log (Olm> ‘

e[Vl
Similar to Oy;, O,; is updated each iteration based on a Lagrangian derivation. It is

easy to show that:

Oai =

j€ \V\

Finally, the clustering loss aims to separate the monolith into microservices. Rather
than a separated clustering step, it is desirable to train the cluster assignment along with
the GCN in an end-to-end fashion, so that it may be jointly optimized. To that end,
CO-GCN employs a binary cluster assignment matrix M € {0, 1}V*X_ Recalling that
Z; is the node embedding for the ith cluster, we define for each of K clusters (where K

is assumed to be known), a centroid vector C; € R¥. Having set up this notation, we
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define the clustering loss as

VIl K

clus ZZ ||Z1_CJ||;

i=1 j=1

It is trivial to assign the clusters in a fashion similar to k-means:

1, J —argmmHZ C'kH2
Mij = kelK]
0, otherwise
Having set up the cluster assignments, we can now define the centroids in each itera-

tion as

Ci= rmzz

Jj€eC;

where C; = {i € V' : My, = 1 is the ith cluster. Finally, we can set up the overall loss
for CO-GCN:

L = al»cstr + O{Q;Cattr + OéS»Cclus

To train CO-GCN, Oy; and O,; are initialized uniformly at random, and cluster as-
signments and cluster centroids are initialized using k-means+-. Then, L, and L., are

trained in a pre-training step. After this pre-training stage, the overall loss is minimized.

DEEPLY: Our modifications to CO-GCN

The core of our modifications is a hyper-parameter optimization step using TPE. Because
there are several metrics to optimize, we employ a weighted loss function for the hyper-
parameter optimization algorithm.

One challenge with designing a weighted loss function is how to obtain the required
weights. In DEEPLY, we first run the algorithm 1,000 times to generate a set of metrics
shown in Table 3.6. Then, we check the correlation among the metrics using the Spearman
correlation coefficients. If any two metrics have strong correlations we prefer to keep one to
remove the redundant metrics for the optimization. Figure 4.6 indicates the correlations
among the metrics. Clearly, some of the metrics are highly correlated. Therefore, we use
a reduced set of metrics for evaluating our approaches. We set a threshold of 0.6 to prune

the set of metrics. We observe that M(Q) has higher correlations with other metrics than
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SM. Since IFN and ICP are highly correlated across all datasets, we arbitrarily choose
ICP. This leads to the final set of metrics: BCS, ICP, and SM. Note that to ensure that
we do not generate “dust” (individual classes in a partition) or “boulders” (monolithic
partitions), we also include NED in the final metric set (for which we assigned a static
weight of 0.2).

Based on these three metrics, we choose a loss function to pick one model from the

frontier of best solutions. This loss function is

Ly(P) = Z wym;(P) (4.15)

where w; are weights assigned to each of the metrics m;, and P is the partition.
Additionally, we divide the BCS weight by 10 (for an overall weight of 0.1) to normalize
its value to the same order of magnitude as the other metrics. For SM, we set the weight
to —1/corr(SM, M Q) (the negative sign is required since we wish to minimize this loss
function but mazimize SM). Similarly, the weight for ICP was set to 1/corr(BCS, ICP).
For daytrader, this was unnecessary, and we set it to -1. Finally, we add in a term for
the NED metric, so that we do not generate “dust” or “boulders” (e.g., a monolith with
20 classes is not partitioned into 19 and 1). For this, we found that a weight of 0.2 was
a good balance between all the metrics.

Therefore, the final loss function we use to select from the Pareto frontier is

_ p(BCS,IFN)

Lu(P) 10

BCS(P)+p(ICP,IFN)ICP(P)—p(SM, MQ)SM(P)+0.2NED

where p is the Spearman correlation coefficient.

Next, we change the clustering method used in CO-GCN ([55]). Rather than using
the k-means clustering, which assumes globular clusters, we use spectral clustering, which
can produce more flexible cluster shapes ([237]). We also change the cluster loss function

to
Leotus = Z mjin|xi — x| (4.16)

where z; and x; are data points.

Next, we update the learning rate scheduling policy to the “lcycle” policy ([190, 192]),
which has been shown to lead to faster convergence through the “super-convergence”
phenomenon. We update the learning rate every 200 steps.

Algorithm 6 shows the overall approach. In the algorithm the lines in red (19-22, 25)
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are from the CO-GCN algorithm (and all else is our extension). We first collect correlation
statistics using a Monte Carlo-style data collection (lines 1-4). Then we set weights (lines
4-7) and run hyperopt for 100 iterations (lines 10-15), while collecting the results of each
run. The weighted loss function then picks the “best” candidate in line 16, and returns
the optimal hyper-parameters in line 17. The actual model training itself is delegated to
CO-GCN-modified.

We form the graph Laplacian in lines 18-20, and pretrain (for 1 epoch) the encoder
and decoder. We initialize the clusters in line 23, but use spectral clustering instead.

Then, we run the actual training for 300 epochs.

4.8 Hyper-parameter space

We describe here, the space of hyper-parameter choices used when performing hyper-
parameter optimization for our experiments. Note that in all cases, we also treat the
set of preprocessors, along with their mentioned hyper-parameters as part of the overall

hyper-parameter space.

4.8.1 Defect prediction

We use the following range of hyper-parameter options for defect prediction.
e Preprocessor: Standardization, normalization, or min-max scaling
e Number of layers: U(2,5)

e Number of units per layer: U(2,6)

4.8.2 Bugzilla issue lifetime prediction

Preprocessors:
e StandardScaler : i.e. all input data set numerics are adjusted to (x — p)/o.

e MinMaxScaler (range = (0, 1)): i.e. scale each feature to (0, 1).

Normalizer (norm = U([11’, ‘12’,‘max’])): i.e. normalize to a unit norm.

MaxAbsScaler (range = (0, 1)): scale each feature by its maximum absolute value

e Binarizer (threshold = ¢£(0,100)), i.e., divide variables on some threshold
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Algorithm 6: DEEPLY. Note CO-GCN-modified is a sub-routine containing our
changes to the original CO-GCN system. The the lines in red (18-21,24) are from
the original CO-GCN algorithm (and all else is our extension).

1 Algorithm DEEPLY

© W N O kA W N

e e
L5 S T R C R S =}

16

17
18

19
20

21
22
23
24

25
26
27

Input : graph dataset D
Output: optimal hyper-parameters 6*
for 1,000 iterations do
run CO-GCN-modified (D) with random settings and collect metrics
end
wgnr < —1/corr(SM, MQ) // initialize weights
wrcp < 1/corr(BCS, ICP)
wyeDp < 0.2, wpcs < 0.1
0=¢ // initialize our history to empty set
M=q¢ // initialize results to empty
for i=1..100 do
0; + hyperopt(0)

M; + CO-GCN-modified(D;¥6;) // run the model

append 6; to 6 // log hyper-params

append M; to M // log results
end

4
6* = argmin ), w;M;
0 =1

return 6*

Algorithm CO-GCN-modified

Input : graph dataset D = (4, X)

Output: partitioned microservices

// compute the graph Laplacian

A A+1T

define diagonal matrix D such that D;; = > A,,;j
J

A« D3AD 32

pretrain the encoder and decoder using Ly, and Ly

initialize the clusters using spectral clustering on embeddings

train the network (E, D) for 300 epochs using Alg. 1 lines 5-9 from ([55]) and
leycle ([192])

get embeddings using encoder

cluster the embeddings using spectral clustering

return clusters
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Hyper-parameters:
e Number of layers
e Number of units in each layer

e Batch size (i.e., the number of samples processed at a time)

4.8.3 Code smell detection
For code smell detection, we optimized the following set of hyper-parameters using TPE:
e Number of layers: U(5,20)

e Number of units per layer: U(2,7)

4.8.4 Static code warnings

We use the following set of hyper-parameter options for the different learners tested for

the static code warnings experiments.

e Feedforward networks: Number of layers from ¢/(2, 6), number of units per layer
in U(3,20)

e Logistic regression: [; or [ penalty and C' € {0.1,1, 10,100}

e Decision trees: Gini index or entropy impurity, and best or random feature splitter
e Random forests: Gini index or entropy impurity, and ¢/(10, 100) trees

e SVM: C € {0.1,1,10,100} and a sigmoid, RBF, or polynomial kernel

e CNN: Number of convolutional blocks from ¢(1, 5), number of convolutional filters
from {4,8,16,32,64}, dropout probability from ¢/(0.05,0.5), and kernel size from
{16,32,64}.

4.8.5 Automated microservice partitioning

We tune the following set of hyper-parameters:
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Table 4.2: Software projects data used in defect prediction. For an explanation of at-
tributes used in this data, see Table 4.3.

Project Train versions Test versions  Training Buggy % Test Buggy %
ivy 1.1,1.4 2.0 22 11
lucene 2.0, 2.2 2.4 53 60
poi 1.5, 2.0, 2.5 3.0 46 65
synapse 1.0, 1.1 1.2 20 34
velocity 1.4, 1.5 1.6 71 34
camel 1.0,1.2, 1.4 1.6 21 19
jEdit 3.2,4,0,4.1,42 4.3 23 2
log4j 1.0, 1.1 1.2 29 92
xalan 24,25, 2.6 2.7 38 99
xerces 1.2,1.3 1.4 16 74

e Number of units in layers: The decoder in set up as a mirrored version of the
encoder. As such, only the number of units in each encoder layer needs to be tuned.
For the first layer, the number of units is the space U(8,64). For the second layer,
we use the space U(4, 32).

e Training loss weights: We tune each «; is the loss function used by CO-GCN,
and each is given the range ¢(0,1).

e Dropout probability: The dropout probability is from ¢/(0.2,0.5).

4.9 Datasets

We now describe the datasets used in this dissertation.

4.9.1 Defect prediction

For this study, we use the same data used in DODGE’s prior study [1] on defect prediction:
see Table 4.2. These are all open-source Java projects from the PROMISE repository
[183]. Each dataset has 20 static attributes for each software project, described in Table
4.3.

4.9.2 Bugzilla issue lifetime prediction

To obtain a fair comparison with the prior state-of-the-art, we use the same data as used
in the prior study (DASENet) [121]. One reason to select this baseline is that we were

able to obtain the data used in the original study (see our reproduction package) and,
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Table 4.3: Static attributes for the classes seen in the Table 4.2 data.

Attribute Description (with respect to a class)

wime Weighted methods per class [42]

dit Depth of inheritance tree [42]

noc Number of children [42]

cho Coupling between objects [42]

rfc Response for a class [42]

lcom Lack of cohesion in methods [42]

lcom3 Another lcom metric proposed by Henderson-Sellers [90]

npm Number of public methods [20]

loc Number of lines of code [20]

dam Fraction of private or protected attributes [20]

moa Number of fields that are user-defined types [20]

mfa Fraction of accessible methods that are inherited [20]

cam Cohesion among methods of a class based on parameter list [20]
ic Inheritance coupling [202]

cbm Coupling between methods [202]

amc Average method complexity [202]

ca Number of classes depending on a class [202]

ce Number of classes a class depends on [202]

max_cc Maximum McCabe’s cyclomatic complexity score of methods [142]
avg_cc Mean of McCabe’s cyclomatic complexity score of methods [142]

Table 4.4:  Issue close time prediction data. From Lee et al. [121] study. Note that because
of the manner of data collection, i.e., using bin-sequences for each day for each report,

there are many more data samples generated from the number of reports mined.

Project Observation Period # Reports # Train # Test

Eclipse Jan 2010-Mar 2016 16,575 44,545 25,459
Chromium Mar 2014-Aug 2015 15,170 44,801 25,200
Firefox Apr 2014-May 2016 13,619 44,800 25,201

therefore, were able to obtain results comparable to prior work. For a summary of that

data, see Table 4.4.
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Table 4.5: Applications used for the code smell detection study. Data is taken from Liu
et al. [131].

Application Version #classes # methods #samples
JUnit 4.10 123 866 80,984
PMD 5.2.0 250 2,097 80,680
JExcel API 2.6.12 424 3,118 71,116
Areca 7.4.7 473 5,055 76,364
Freeplane 1.3.12 787 6,938 74,408
jEdit 4.5.0 513 5,964 68,352
Weka 3.9.0 1,348 20,182 59,036
AbdExtractor 20140630 1,695 12,608 75,156
Art of Illusion (Aol) 3.0 492 6,188 67,268
Grinder 3.6 502 3,037 78,588

4.9.3 Code smell detection

We use the datasets provided by Liu et al. [131]. Briefly, they generate the data for
different applications by applying smell-inducing refactoring, i.e., a set of refactoring
steps that induce code smells in an otherwise well-designed application. For example,
moving a method from one class (where it should be) to another is expected to induce
feature envy.

To generate their training data, positive examples are generated as follows: a set of
potential smell-inducing refactorings is constructed, and from this set, sampling without
replacement is performed to generate positive examples for each type of code smell. For
negative examples, software entities (i.e., methods for feature envy and long method,
and classes for misplaced class and large class) are considered, and sampling without
replacement is done.

The subject applications are listed in Table 4.5.

4.9.4 Static code warnings

We use the datasets from Kang et al. [110]. That paper manually labelled warnings from
the same projects studied by Yang et al. [232] to assess the level of agreement between
human annotators and the heuristic. The manual labelling was performed by two human
annotators. One annotator is an undergraduate student, while the other is a graduate

student with two years of industrial experience. When the annotators disagreed on the
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Table 4.6: Summary of the data distribution

Project ‘ # train # labels imbalance% # test

maven 2 1 33 1
cassandra 9 4 38 4
jmeter 10 4 43 4
COmMmons 12 5 59 5)
lucene-solr 19 5 38 6
ant 22 6 36 7
tomcat 134 13 41 37
derby 346 20 37 92
total | 554 58 156

label of a warning, they discussed the disagreement to reach a consensus. While they
achieved a high level of agreement, achieving a Cohen’s Kappa of above 0.8, manual
labelling is costly, requiring human analysis of both the source code and the commit
history of the code. That said, considering the subsequent evolution of the source code
allows the annotators to analyze each warning with a greater amount of context. These
labels are essential since it removed closed warnings which are not actionable (e.g., the
warnings may have been removed for reasons unrelated to the FindBugs warning).

Two other filters employed by Kang et al. where:
e Unconfirmed actionable warnings were removed;

e False alarms were randomly sampled to ensure a balance of labels (40% of the data

were actionable) consistent with the rest of the experiments.

One of the complaints of the Kang et al. [110] paper against earlier work [232] was
that for data that comes with some timestamp, it is inappropriate to use future data
to predict past labels. To avoid that problem, in this study, we sorted the fixed data by
timestamps, then used 80% of the past data to predict the remaining 20% future labels.

The Kang et al. data comes from eight projects and we analyzed each project’s data
separately. The 80:20 train:test splits resulted in the train:test sets shown in Table 4.6
(exception: for maven, we split 50:50, since there are only 4 samples in total).

In this data, the dependent variables provide information about the warning, file, and
source code that the warning is reported on. They are further categorized based on how

they are obtained, e.g. through the history of the code. Finally, the variables fall into
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Table 4.7: Statistics about the datasets used in this study.

Application #classes #methods #Runtime Class Method

traces coverage coverage
acmeair 33 163 11 28 (84%) 108 (66%)
daytrader 109 969 83 73 (66%) 428 (44%)
jpetstore 66 350 44 36 (54%) 236 (67%)
plants 37 463 43 25 (67%) 264 (57%)

eight broad categories. They are summarized in Table 3.3.

4.9.5 Automated microservice partitioning

We use four open source projects to evaluate our approach against prior work. These are
acmeair” (an airline booking application), daytrader® (an online stock trading applica-
tion), jpetstore® (a pet store website), and plants'® (an online web store for plants and
pets). These applications are built using Java Enterprise Edition (J2EE), and common
frameworks such as Spring and Spring Boot.

In Table 4.7, we show statistics about the datasets (number of classes and methods)
and the runtime traces that we used (number of traces, and their class and method
coverage). While the coverage here may seem low, we note that applications tend to have
a significant amount of “dead”, or unreachable code. For example, Brown et al. [34] found
between 30 to 50% of an industrial software system was dead code. Eder et al. [62] found
that for an industrial software system written in .NET, 25% of method genealogies were

dead. Therefore, we were not worried about the coverage seeming low.

4.10 Statistics

The statistical methods used in this dissertation were selected according to the particulars
of our experiments.

For example, in the within-project defect prediction experiments, we are using learners
that employ stochastic search. When testing such algorithms, it is standard ([11]) to re-

peat those runs 20 times with different random number seeds. Such experiments generate

"https://github.com/acmeair/acmeair

Shttps://github.com/WASdev/sample.daytrader?

‘https://github.com/mybatis/jpetstore-6
Ohttps://github.com/WASdev/sample.plantsbywebsphere
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a distribution of 20 results per learner per data set. For those experiments, we use the
distribution statistics of §4.10.1 to compare the efficacy of different learners.

For the cross-project defect prediction experiments, we are comparing our results
against the methods of [216], However, although we do not have access to their imple-
mentations, we do have access to the train and test sets they use. For these experiments,
we must compare our results to the single performance points mentioned in the [216]
study. For those experiments, we use the point statistics of §4.10.2 to compare the ef-
ficacy of different learners. We also use point statistics in static code analysis results,

because of how few data samples we had.

4.10.1 Distribution statistics

Distribution statistics ([12, 75]) are used to distinguish two distributions of data. For
example, in our experimental setup for defect prediction, we run GHOST and DODGE
20 times each, and therefore have a distribution of results for each optimizer. This allows
us to use distribution statistical methods to compare results.

Our comparison method of choice is the Scott-Knott test, which was endorsed at
TSE’13 ([150]) and ICSE’15 ([75]). The Scott-Knott test is a recursive bi-clustering algo-
rithm that terminates when the difference between the two split groups is insignificant.
Scott-Knott searches for split points that maximize the expected value of the difference
between the means of the two resulting groups. Specifically, if a group [ is split into

groups m and n, Scott-Knott searches for the split point that maximizes

where |m| represents the size of the group m.
The result of the Scott-Knott test is ranks assigned to each result set; higher the
rank, better the result. Scott-Knott ranks two results the same if the difference between

the distributions is insignificant.

4.10.2 Point statistics

For point statistics, we have access to various performance points (e.g. recall) across
multiple data sets. To determine if one point is better than another, we have to define a
delta A below which we declare two points are the same.

To that end, we use recommendations from [175]. Rosenthal comments that for point
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Table 4.8: The evaluation metrics

Evaluation Metric Description

o . TP
Precision TP+TD
AUC area under the receiver operating characteristics curve (the
true positive rate against the false positive rate)
FpP
False alarm rate TN
TP
Recall TP+FN

statistics, parametric methods have more statistical power (to distinguish groups) than
nonparametric methods. Further, within the parametric methods, there are two families
of methods: those that use the “r” Pearson product moment correlation; and those that
use some “d” normalized difference between the mean.

After making those theoretical points Rosenthal goes on to remark that neither
method is intrinsically better than another. Using Rosenthal’s advice, we apply the most
straightforward method endorsed by that research. Specifically, we compare treatment
performance differences using Cohen’s delta, which is computed as A = 0.3x o where o is
the standard deviation of all the values seen across all the data sets. When two methods
are different by less than A, we say that they perform equivalently. Otherwise, we say

that one method out-performs the other if its performance is larger than A.

4.11 Performance Metrics

We use different performance metrics to evaluate our results for each case study. We

discuss the performance metrics used for each case study separately below.

4.11.1 Defect prediction

For this study, we use performance metrics widely used in the defect prediction literature.
Specifically, we evaluate the performance of our learners using three metrics: Area Under
the ROC Curve (AUC) with the false positive rate on the x-axis and true positive rate
on the y-axis, recall, false alarm rate, and popt20. We use these measures to compare

against the baseline of [1].

e Recall measures the number of positive examples that were correctly classified by
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a learner.

e The false alarm rate (which we denote by pf) is the fraction of negative samples a

classifier incorrectly classifies as a positive example.

e The next metric, popt20 comments on the inspection effort required after a defect
predictor is run. To calculate popt20, we list the defective modules before the non-
defective modules, sorting both groups in ascending order of lines of code. Charting
the percentage of defects that would be recalled if we traverse the code sorted in

this manner in the y-axis, we report the value at the 20% point.

e Finally, we report the area under the receiver operating characteristics (ROC) curve

(AUC), with false positive rate on the x-axis and true positive rate on the y-axis.

A key benefit of using multiple metrics, aside from a more complete view of the
model’s performance, is that it allows us to more concretely test whether deep learning
works for all situations. Since some metrics are more important for certain stakeholders
(e.g., popt20 comments on the effort needed after the defect predictor are run; others may
prefer a combination of high recalls and low false alarm rates, i.e., d2h), this exploration

allows us to point out the cases where deep learning may not be the most suitable option.

4.11.2 Bugzilla issue lifetime prediction

We adopt the same performance scores as that seen in prior work.Lee et al. [121] use the

following two metrics in their study:

e Accuracy is the percentage of correctly classified samples. If TP, TN, FP, FN are
the true positives, true negatives, false positives, and false negatives (respectively),
then accuracyis (TP + TN)/(TP + TN + FP + FN).

e Top-2 Accuracy, for multi-class classification, is defined as the percentage of
samples whose class label is among the two classes predicted by the classifier as
most likely. Specifically, we predict the probabilities of a sample being in each class,
and sort them in descending order. If the true label of the sample is among the top

2 classes ranked by the classifier, it is marked as “correct”.
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4.11.3 Static code analysis

The static code analysis literature has used four metrics: AUC-ROC (area under the
receiver operating characteristics curve), false alarm rate, recall, and precision. We use
these same metrics in our comparisons. Table 4.8 lists these metrics along with their

descriptions.

4.11.4 Code smell detection

The prior state-of-the-art in code smell detection ([131]) used four metrics: precision,
recall, F1 score, and AUC-ROC. All of these metrics have been defined above.

4.11.5 Automated microservice partitioning

We choose a total of five metrics to evaluate our core hypodissertation that hyper-
parameter tuning improves microservice extraction algorithms. These are detailed below.
These metrics have been used in prior studies, although different papers used different set
of metrics in their evaluations. For fairness, we use metrics from all prior papers. These
metrics evaluate different aspects of the utility of an algorithm that might be more useful
to different sets of users (detailed in the RQ1), e.g., BCS evaluates how well different
business use cases are separated across the microservices.

Inter-partition call percentage (ICP) ([107]) is the percentage of runtime calls across
different partitions. For lower coupling, lower ICP is better.

Business context sensitivity (BCS) ([107]) measures the mean entropy of business use

cases per partition. Specifically,

BC;
BCS = 1
Zz BC, °g2<2 BC)
where K is the number of partitions and BC; is the number of business use cases in
partition i. Because BCS is fundamentally based on entropy, lower values are better.

Structural modularity (SM), as defined by Jin et al. [104], combines cohesion and

coupling, is given by
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where N; is the number of classes in partition
coh; is the cohesion of partition ¢, and coup; ; is the coupling between partitions ¢ and
J, ¢; refers to a class in the subset, C;, C; are two partitions, o is a general similarity
function bounded in [0, 1], and the i < j condition imposes a general ordering in the
classes. Higher values of SM are better.

Modular quality (MQ) ([149]), coined by Mitchell & Mancoridis [149], is defined on a

graph G = (V, E) as

21
MQ = =2
20 + €
i = Z 1(61 GCZ‘/\€2€C¢)
(e1,e2)€EE
€ = Z 1(61601‘/\62603')

(e1,e2)€E
i#]

where 1 is the indicator function, and Cj,C; are clusters in the partition. Higher
values of MQ are better.

The interface number (IFN) ([149]) of a partition is the number of interfaces needed in
the final microservice architecture. Here, an interface is said to be required if, for an edge
between two classes in the runtime call graph, the two classes are in different clusters.

Finally, the non-extreme distribution (NED) is the percentage of partitions whose
distributions are not “extreme” (in our case, these bounds were set to min=>5, max=20).

However, as shown in Figure 4.6, some of these metrics are highly correlated with

others. Therefore, to avoid bias in the evaluation and the loss function (i.e., if metrics

HNote that we use the term “partition” to refer to both the set of all class subsets, as well as an
individual subset, but it is typically unambiguous.
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M, and M, are correlated, and optimizer O performs best on M, it likely performs best
on M, as well), we use a subset of these metrics. Specifically, we prune the metric set as
discussed in §4.7.5. Note that across all our figures and tables, a “|-]” following a metric

means lower values are better, and a “[+]” following a metric means that higher values

are better.
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CHAPTER

5
RESULTS

This chapter discusses the results of the case studies presented in prior chapters. For each
case study, we will introduce research questions with their motivations, and then discuss

their answers.

5.1 Defect prediction

5.1.1 Research Questions

We explore the following research questions for defect prediction:
RQ1: How well does standard deep learning (DL) perform versus the prior state-of-the-
art?

We are critical of SE researchers that merely explore DL without baselining this new
method against prior non-DL state-of-the-art. Accordingly, before we do anything else,
we make that comparison.

RQ2: How to fix deep learning for defect prediction?

The results of RQ1 will show that standard, off-the-shelf deep learning is insufficient
for defect prediction. We therefore ask how we can better use deep learning for defect
prediction.

RQ3: Are our methods scalable?

87



Table 5.1: RQ1 and RQ2 results. Cells show medians of 20 runs. Cells with an ”*”
show the few cases where DL worked better than DODGE. Dark gray shows top rank

(note: for pf, less is better), light gray shows rank two; white shows lowest rank (worst
performance). Rankings were calculated via §4.10.1. The train and test versions used here
are the same as the DODGE paper (see Table 3.1).

‘ AUC  popt20 recall pf

DL 0.58 0.15 0.33 0.27 *
ivy DODGE | 0.71  0.25 0.85 0.36
GHOST | 0.69 0.31 0.95 0.38

DL 0.55 0.18 0.10 0.04 *
camel DODGE | 0.58 0.54 0.63 0.36
GHOST | 0.62 0.54 0.65 0.41

DL 0.61  0.10 0.46 0.16 *
jedit DODGE | 0.63  0.39 0.64 0.25
GHOST | 0.68 0.41 0.91 0.40
DL 0.55 0.1 0.33 0.13 *
log4j DODGE | 0.61  0.99 0.54 0.22
GHOST | 0.66 0.99 0.75 0.19
DL 0.50  0.57 0.90 * 0.87
velocity DODGE | 0.61  0.64 0.76 0.47
GHOST | 0.68 0.64 0.82 0.47
DL 0.54  0.23 0.20 0.05 *

synapse DODGE | 0.65 0.48 0.65 0.23
GHOST | 0.67 0.48 0.63 0.33

DL 0.58 0.51 0.69 * 0.52
lucene DODGE | 0.61 0.80 0.67 0.36
GHOST | 0.59 0.80 0.7 0.34
DL 0.55 0.24 0.21 0.09 *
xalan DODGE | 0.71 1.0 0.71 0.14
GHOST | 0.75 1.0 0.76 0.27
DL 0.52 0.28 0 0.04 *

xerces DODGE | 0.59 0.93 0.54 0.15
GHOST | 0.62 0.94 0.57 0.39

DL 0.61 0.36 0.45 0.18 *
poi DODGE | 0.72 0.66 0.78 0.22
GHOST | 0.73 0.74 0.78 0.38

Having come up with an algorithm in RQ2, we ask if it scales well (so that it will be
useful in the real world). We perform a standard scalability analysis, by varying the size

of the dataset and checking the change in runtime.

5.1.2 Results

RQ1: How well does standard deep learning (DL) perform versus the prior state-of-the-
art?

Table 5.1 compares DL versus the prior state-of-the-art (DODGE) versus our preferred
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Table 5.2: Quartile charts of F1 scores with various treatments. Results are across 240
data points, i.e., 10 repeats, each over the 24 datasets (combined results of the DODGE
data and the Wang et al. [216] data). Legend: a = off-shelf deep learning, b = over-
sampling as studied by Buda et al. [35], ¢ = SMOTE [40], d = fuzzy sampling, e =
hyper-parameter tuning.
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new method (GHOST). The wins, ties, and losses from that table are summarized on
Table 5.3. Note that these wins, tie, losses were computed using the statistical methods
of §4.10.

As can be seen in the 40 experiments of Table 5.1, DL only performs better than
or the same as DODGE in 10/40 experiments (see all the entries marked with “*7). A
repeated pattern is that when DL wins on false alarms, it usually does so at the expense
of low recalls. Also, when it does achieve a high recall (e.g. for velocity), this usually

comes at the cost of high false alarms. Hence we say:

1 5548 .Eﬂa}“{fﬁ w ! : b i'a:ﬁ; N '

01 " s 04 0- N s o

CeLwmTE CeLeeTEET

(a) “Vanilla” network (b) Weighted loss func- (¢c) Weighted loss + (d) GHOST
tion fuzzy sampling

Figure 5.1: An example of how the different components of the GHOST algorithm work.
The background color represents the network’s predictions, while the points represent
the true labels. In each figure is the same dataset artificially generated with some noise
(orange is the minority class), and the same feedforward architecture (2 layers, 2 units
per layer).
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Table 5.3: RQ2 results (our DL method vs the prior state-of-the-art). This table sum-
marizes Table 5.1. The first column indicates the number of wins, ties, and losses for
each metric (these are defined using the A measure of Section 4.11 and the directions
for “better” defined in Section 4.10. Note that for popt20 and pf, there are multiple ties
because both DODGE and GHOST achieve the highest possible score.

AUC Recall popt20 pf ‘ Total

win 7 6 3 2 18

tie 1 3 6 1 11

loss 2 1 1 7 11

win + tie 8 9 9 3 ‘ 29

For defect prediction, standard deep learning is sub-optimal.

Note that these RQ1 results merely show that standard deep learning performs badly.
Those results do not explain why that is so. For this task, we must move on to RQ2.
RQ2: How to fix deep learning for defect prediction?

The discussion in Chapter 4 showed that (a) widely varying class ratios between
train and test sets introduce instabilities into the boundary between classes; and (b) this
problem can be alleviated by oversampling around “at risk” members of the minority
classes. To check this conjecture, we apply the system designed above. As we applied
different stages of GHOST, we found the boundaries of Figure 5.1.

Returning to Table 5.1, GHOST can be seen to have more dark gray cells than
anything else (i.e. statistically, it is ranked number one most often). Table 5.3 summarizes
those results for comparison with DODGE: 18 times, GHOST defeats DODGE (see top-
right, Table 5.3); Tables 5.1 and 5.3 display distribution results where algorithms were
run multiple times using different random number seeds. Tables 5.4 and 5.5, on the other
hand, display point distribution results where our algorithms are compared to the single
set of performance points reported in prior work.

In Table 5.4 and Table 5.5, we show the comparison of GHOST with the results of
Wang et al. In these tables, in cases where we used twoSample to improve our results, we
denote such results with an asterisk. As shown in the summary (Table 5.6), we perform
as good or better in 14/16 datasets for within-project defect prediction. In cross-project
defect prediction, we also note that we win 14/20 times and tie 2/20 times; this suggests
that GHOST may be able to generalize well across different projects.

Table 5.6 summarizes the comparison with the results of Wang et al. [216].
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Table 5.4: RQ2 results. Comparison of GHOST (optimized for recall) with the results
of Wang et al. [216], using deep learning-generated “Semantic” features to train a Naive
Bayes model on within-project defect prediction. Bold indicates better results, as deter-
mined by the point statistics of §4.10.2 (and here, 0.30 = 4.91).

Dataset ‘ Train  Test ‘ Wang et al. GHOST

| | P R F1 | P R F1

svnanse | 1 11 | 46 667 544 | 745 98.5 84.6*
YRAPSE | 1 1.2 | 57.3 59.3 583 | 664 100  79.8*
it 3.2 4 46.7 747 57.4 | 423 100 55.9
) 4 41 | 544 709 615 | 747 100  85.5%
logdj | 1 11 | 675 73  70.1 | 556 100 = 65.9
ivy | 1.4 2 | 217 90 35 | 8.6 100 83.4%
lucene | 2 22 | 759 569 651 | 61.3 100 74.5

2.2 24 | 665 921 77.3 | 60.9 100 75.3
camel 1.2 14 |96 664 785 | 8.4 100  90.9*

1.4 1.6 | 263 649 37.4 | 267 100 38.2

xalan | 2.4 25 | 65 54.8  59.5 | 62.7 100 66

xerces | 1.2 1.3 | 403 42 411 | 848 100 91.8*

. ‘1.5 2.5 ‘76.1 55.2 64 ‘72.2 100  83.2
poi

2.5 3 81.6 79 80.3 | 70.2 100 79.7
ant 1.5 1.6 88 95.1 91.4 | 81.3 93.8 87.1*%
1.6 1.7 98.8 90.1 94.2 | 52.6 994 57.3

These results recommend GHOST over DODGE and DBN. Also, they deprecate the
use of off-the-shelf standard DL for defect prediction (since GHOST clearly is preferred
to standard DL). We attribute the super performance of GHOST to its weighted loss
function.

The exceptions to the above pattern are the GHOST vs DODGE recall results, which
we will discuss in the next RQ. Apart from that, we say that:

For most evaluation goals, our modified version of deep learning (GHOST) performs

better than the prior state-of-the-art.

We also tested whether all the components of GHOST2 were necessary by performing
an ablation study, shown in Table 5.2. This table clearly demonstrates that every compo-
nent, including the use of fuzzy sampling twice, is beneficial and necessary for GHOST2’s
performance.

RQ3: Are our methods scalable?

Any method that tries tuning deep learning (as we do) adds a significant computa-
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Table 5.5: RQ2 results. Summary of the Table 5.4 GHOST vs Wang et al. results.
Comparison of GHOST with the results of [216] on cross-project defect prediction. All
results shown are F-1 scores. GHOST results are medians over 20 runs. Bold and gray
indicates better (in case of tie, both are in bold), as determined by point statistics of
§4.10.2 (and here, 0.30 = 4.41).

Source Target ‘ Wang et al. GHOST
camel-1.4 jedit-4.1 61.5 47.3
lucene-2.2 log4j-1.1 61.8 51.7
synapse-1.2  ivy-2.0 82.4 30.3
camel-1.4 ant-1.6 97.9 84.9%
xalan-2.5 xerces-1.3 38.6 35.7
jedit-4.1 log4j-1.1 64.5 64.1
log4j-1.1 jedit-4.1 50.3 85.5%
xerces-1.3 ivy-2.0 45.3 94.0%*
jedit-4.1 camel-1.4 69.3 90.9%*
ivy-2.0 xerces-1.3 42.6 91.8*
lucene-2.2 xalan-2.5 55 65.4
xerces-1.3 xalan-2.5 57.2 66
xalan-2.5 lucene-2.2 59.4 73.8
log4j-1.1 lucene-2.2 69.2 74.6
ivy-2.0 synapse-1.2 | 43.3 60.9
poi-3.0 synapse-1.2 | 51.4 58.1
synapse-1.2  poi-3.0 66.1 82.7
ant-1.6 camel-1.4 31.6 36
ant-1.6 poi-3.0 61.9 77.8
poi-3.0 ant-1.6 47.8 62.5

tional burden to an algorithm that is already very slow. Hence it is appropriate to check
the scalability of our methods.

To address this issue, we report the median training time over 20 runs. The measured
time is CPU time, when trained on a 4-core Intel Core i5 CPU. These are summarized
in Table 5.7. Clearly, our models are very fast (less than 2 seconds to train on a CPU).

Table 5.7 also shows the runtimes for running GHOST on different datasets. Because
GHOST runs 20 times to find the median value of a metric, the runtimes we report are

for all 20 runs. However, we do not divide this time by 20 as we feel it is scientifically

Table 5.6: RQ2 results. Statistical of the Table 5.4 and Table 5.5 GHOST vs Wang et
al. results [216]. Generated using the methods of §4.10.

WPDP CPDP | Total

(Thl. (Thbl.

5.4) 5.5)
win 9 14 23
tie 5 2 7
loss 2 4 6
win + tie | 14 16 | 30
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Table 5.7: Median training time over 20 repeats.

Training GHOST

(secs) (secs)

ivy  0.78 9m 17s
lucene 0.81 10m 26s
poi 1.09 13m 44s

synapse 0.81 9m 48s
velocity 0.88 10m 20s
camel 1.41 18m 10s
jEdit  1.11 14m 32s

logdj 0.73 8m 29s
xalan 1.61 20m 16s
xerces 1.08 11m 56s

important to run a stochastic experiment multiple times and report statistical results.

Figure 5.2 shows our scalability results, which we obtain by measuring the training
time for different sizes of the datasets. We observe a general trend across all datasets
that deep learning scales well with the size of the problem. More specifically, GHOST’s
runtimes grow sublinearly. For example, in the xalan results, a 400% increase in data
(from a fifth to all the data) leads to a runtime increase of only 2.7/1.5 = 180%.

Hence we say:

Tuning deep learners is both practical and tractable for defect prediction.

5.2 Issue lifetime prediction

5.2.1 Research Questions

For issue lifetime prediction, we are interested in the following research question:
RQ1: For Bugzilla issue close time prediction, can simpler models suffice?

RQ2: For Bugzilla issue close time prediction, do classical ML models suffice?

5.2.2 Results

RQ1: For Bugzilla issue close time prediction, can simpler models suffice?
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the dataset trained on; the y-axis is the runtime in seconds on a CPU.

In Table 5.8, best results are indicated by the gray cells . The columns of that table
describe how detailed are our time predictions. A column labeled k-class means that the
data was discretized into k distinct labels, as done in prior work (see Lee et al. [121] for
details).

Recall that cells are in gray if the are statistically significantly better. In all cases,
SIMPLE’s results were (at least) as good as anything else. Further, once we start exploring

more detailed time divisions (in the 3-class, 5-class, etc problems) then SIMPLE is the

stand-out best algorithm.
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Table 5.8: Results on BugZilla data used in prior deep learning state of the art. The
target label is discretized into a different number of classes (columns) as in the prior
work. Dark cells indicate statistically better performance.

Key: DT = DeepTriage [137]; NDL-T = best result of untuned non-neural methods;
i.e. best of logistic regression [82] and random forests [139]; NDL+T = best of DODGE-
tuned non-neural methods; i.e. NDL-T plus tuning; FF = untuned feedforward network;
i.e Algorithm 1, without tuning; SIMPLE = SIMPLE i.e. FF plus tuning; T}, = Top-k
accuracy;

Project ‘ Model ‘ 2-class ‘ 3-class 5-class 7-class 9-class
| | Ty T LT LT T |Th T

DT 67 44 78 |31 58 |21 39 |19 35

NDL-T | 70 43 64 | 30 42 |18 30 |18 30

Firefox NDL+T | 68 47 79 |34 61 |25 45 |21 39
FF 71 49 82 | 37 63 | 26 47 |23 41

SIMPLE | 70 53 86|39 67|37 61 25 45

DT 63 43 75 |27 52 |22 38 |18 33

NDL-T | 64 35 56 |23 36 |15 27 |15 28

Chromium | NDL+T | 64 49 79 |30 56 | 26 42 |23 40
FF 65 53 82 |35 60 | 27 45 | 26 42

SIMPLE | 68 55 83|36 61|29 48 28 45

DT 61 4 73 |27 51 |20 37 |19 34

NDL-T | 66 33 5423 38 |16 29 |16 29

Eclipse NDL+T | 65 52 81 [ 30 56 | 27 44 | 27 42
FF 66 54 81 |32 59 |30 47 | 30 46

SIMPLE | 69 56 84 | 35 62 | 31 48 | 33 49

Another thing we can say about these results is that SIMPLE is much faster than
other approaches. The above results took =~ 90 hours to generate, of which 9 hours was
required for SIMPLE (for 20 runs, over all 15 datasets) and 80 hours were required for
the deep learner (for 1 run, over all 15 datasets). Recall that if we had also attempted to
tune the deep learner, then that runtime would have exploded to six years of CPU.

Therefore, we conclude:
Simpler models suffice for Bugzilla issue close time prediction.

RQ2: For Bugzilla issue close time prediction, do classical ML models suffice?
Table 5.8 also shows that with or without hyper-parameter optimization, non-neural

methods do not perform well. This is because feedforward networks can learn complex
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representations of the data, and approximate the decision function much better.

Classical ML models do not suffice for Bugzilla issue close time prediction.

5.3 Code smell detection

5.3.1 Research Questions

We are interested in answering the following questions in the context of code smell de-
tection:
RQ1: Can fuzzy oversampling achieve state-of-the-art results in code smell detection?
This question assess the generalizability of the fuzzy oversampling method proposed
for defect prediction. This would have implications for deep learning practitioners going
forward, who can use this method in their ML pipelines.
RQ2: Why do feedforward networks work so well for code smell detection?
This is a more general question that assesses why fuzzy sampling works so well across

multiple software analytics domains.

5.3.2 Results

RQ1: Can fuzzy oversampling achieve state-of-the-art results in code smell detection?

The results of GHOST on code smell detection are shown in Table 5.9, which are
summarized in Table 5.10. For feature envy, GHOST is better all the time, reaching
near-perfect scores. Because the scores were so high, we took the extra step to ensure
that there was no data leakage (i.e., none of the samples from the training set leaked
into the test set). To check this, we computed the distance matrix (using the Euclidean
distance) between the train and test sets, and checked for values of 0 (which would
happen if the points were the same). The total number of values in the distance matrix
ranged from ~ 800 million to ~ 1.3 billion (after oversampling, which increases the size
of the training set), and of these, between 2,000 to 4,000 were 0. This means that of
~ /109 =~ 30,000 samples, ~ V103 =~ 30 were the same. The exact percentages of
values that were 0 are shown in Table 5.11. Note that these values are extremely small,
e.g. for abd-extractor, 33.2 x 107°% = 0.0003% of values were zero. We argue that this
had no effect on the performance of the learner on the test set.

On long method detection, we generally lose (11 times), although most of the time,

we tie (24 times). We argue that this is because Liu et al. [131] use feedforward networks
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Table 5.9: Code smell detection results: performance seen with different code smells.
indicate better results (comparison is between the second and third sets of
columns), using a Scott-Knott test over 20 repeats. In this table “SOTA” = the prior
state of the art (and comes from Liu et al. [131]).

(a) Feature envy

Dataset | SOTA (original) SOTA (reproduced) Fuzzy sampling (with GHOST)
‘ Precision Recall F1 AUC ‘ Precision Recall F1 AUC ‘ Precision Recall Fi AUC
abd-extractor 29.7 76.7 42.8 74.8 79.5 80 79.7 88 98 98 98 99.3
a0i30 36.7 97 53.2 93.6 79.2 79.2 79.2 87.3 97.7 97.7 97.7 99.1
areca 50 88 63.8 91.9 80.1 79.9 80 88.3 98 98 98 99.3
freeplane 36.2 94.1 52.3 83.1 80.6 80.4 80.5 88.8 98.2 98.2 98.2 99.3
grinder 31.2 88.6 46.1 85.2 80 80.1 80 88.1 97.7 97.7 97.7 99.1
jedit 38.2 91.3 53.9 84.3 78.7 78.5 78.6 87 97.8 97.8 97.8 99.2
jexcelapi 34 88.9 49.2 90 78.5 78.2 78.3 86.3 97.7 97.7 97.7 99.2
junit 50 82.2 62.1 85.7 80.3 80.2 80.2 88 97.7 97.7 97.7 99.1
pmd 37.4 86 52.1 84.9 79.8 79.6 79.7 87.8 97.8 97.8 97.8 99.2
weka 38.2 87 53.1 78.7 77.9 77.5 7.7 85.8 97.8 97.8 97.8 99.1

(b) Long Method

Dataset | SOTA (original) SOTA (reproduced) Fuzzy sampling (with GHOST)
| Precision Recall F1 AUC | Precision Recall F1 AUC | Precision Recall F1 AUC
areca 42.7 73.8 54.1 78.5 41.7 77.8 52.5 72.2 41.7 70 51.5 71.2
freeplane 46.4 75.6 57.5 78.8 44.6 78.2 55.6 70.3 45.8 76.7 57 71.1
jedit 52.2 83.5 64.2 77.2 53.4 82.5 63.4 71.3 54.1 80.5 62.2 70.4
junit 58.5 52.9 55.6 72.6 51.7 67.1 56 66.1 51.3 64.9 54.1 61.6
pmd 37.1 70.6 48.6 77.4 35.2 84.8 47.6 73.6 35.4 77.8 47.1 72.9
weka 50.2 79.3 61.5 81.8 49.9 83.9 62.3 76.7 47.7 86.3 61.2 76.1
abd-extractor 32.3 80.6 46.2 78.8 39.1 73.5 50.7 73.4 38.9 73.6 50.5 73.2
grinder 37.2 71.8 49 74.1 36.1 66.3 47.5 65.9 38 73.9 46.2 64.8
a0i30 37.6 87.6 52.6 80.3 38.4 81.2 51.8 72.6 38.2 81.5 52.2 72.7
jexcelapi 32.6 83.6 46.9 88.5 38.5 81.5 52.1 80.3 37.3 81.1 50.9 79.8

(c) Large Class

Dataset | SOTA (original) SOTA (reproduced) Fuzzy sampling (with GHOST)
| Precision Recall F1 AUC | Precision Recall F1 AUC | Precision Recall F1 AUC

areca 11.4 80 20 68.8 33.7 78.3 47.1 50 82.9 77.5 80.1 89.5
freeplane 12 70 20.4 72.8 6.1 100 11.5 50 0 0 0 68.8
jedit 15 75 25 77.4 61.5 100 76.2 50 76.8 81.8 79.2 75

junit 11.8 40 18.2 71.8 11.9 100 21.3 50 32.2 71.4 44.4 74.6
pmd 16.7 100 28.6 83.5 11.4 100 20.5 50 23.8 23.6 23.7 63.1
weka 10 94.4 18.2 68.6 0 0 0 50 42.9 71.4 53.6 70.7
abd-extractor 16.5 79.4 27.3 79.8 9.1 14.3 11.1 50 27.9 28.6 28.2 65.3
grinder 12.7 70 21.5 79.2 0 0 0 50 0 0 0 50

20130 12.3 81.8 21.4 78.5 30 100 46.2 50 53.8 80 64.3 75.7
jexcelapi 22 84.6 34.9 80.9 15.7 100 27.1 50 57.7 73.5 64.6 80.4

(d) Misplaced Class

Dataset | SOTA (claimed) SOTA (reproduced) GHOST
| Precision Recall F1 AUC | Precision Recall F1 AUC | Precision Recall F1 AUC

areca 93.6 92.6 93.1 99.8 34.1 100 50.9 98.6 44.7 100 61.8 100
freeplane 94.9 91.5 93.2 99.8 32.7 100 49.3 96.3 43.3 99.4 60.3 99.4
jedit 55 100 71 99.2 32.6 100 49.2 98.7 36 100 53 100
junit 41.4 100 58.5 99.5 35.2 96.1 51.6 93.4 36.3 96.3 52.7 97.3
pmd 56.1 97.9 71.3 99.6 41.2 96.8 57.7 92 53.8 99.3 69.8 99.6
weka 96.8 94.2 95.5 99.8 48.5 99.8 65.3 99.7 48.4 99.9 65.2 99.8
abd-extractor 95.1 92.3 93.7 99.7 44.5 99.7 61.6 99.5 43.8 100 60.9 99.8
grinder 92.5 82.2 87.1 98.4 18.2 90.6 30.4 85.6 24.5 100 39.4 100
a0i30 76.4 100 86.6 99.4 43.6 100 60.7 92.2 44 100 61.8 100
jexcelapi 39.6 90.5 55.1 92.5 21.6 86.4 34.6 74.3 32.6 96.1 48.6 96.3

(their code uses the MLPClassifier class from sklearn) for their long method detection
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Table 5.10: Summary of Table 5.9 for each code smell.

‘ Precision Recall F1 AUC ‘ Total

Feature Envy

win | s 10 s ) s 10 oo 10 | s 40

tie 0 0 0 0 0

loss 0 0 0 0 0
Long Method

win | m 2 I 1 1 & 1 x 5

tie | o 7 s/ == ) =m0 ) =24

loss | & 1 = 2 mm 4 mm 4 | m 11
Large Class

win | s 8 ] 1 w6 w7 - 22

tie | m 2 mm) m 3 m 3 | mm 13

loss 0 = 4 1 O |m 5

Misplaced Class

win | s 7 w0 o6 oosss 10 | s 29

tie | m 2 = 4 m 3 0O |m 9

loss | n 1 0O = 1 0 | m 2

as well, and therefore there is not much performance gain to be expected.

Our wins continue, however, on large class and misplaced class detection. On the
former, we win 22/40 = 55% of the time, and tie 13/40 = 32.5% of the time. Our wins
are greater still in the latter case (misplaced class), where we win 29/40 = 72.5% of the
time and tie 9/40 = 22.5% of the time.

The above results strongly favor GHOST over prior work. Note that these results
are from 20 repeats, with a statistical test to determine “better”. Therefore, we have

sufficient evidence to say:

GHOST also achieves state-of-the-art performance on code smell detection.

RQ2: Why do feedforward networks work so well?
There are several theories on the generalizing capabilities of feedforward networks in

general:

(a) Hornik et al. [98] show, using prior work [49], that feedforward neural networks
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Table 5.11: Percentage of values in the distance matrix (for feature envy) that were 0.
Note that the percentages are extremely small (e.g. for abd-extractor, 0.0003% of values
were 0).

Dataset % of 0s x10°
abd-extractor 33.2
20130 47.3
areca 36
freeplane 38.2
grinder 33.4
jedit 16.3
jexcelapi 40.9
junit 32.8
pmd 31.9
weka 58

with as few as one hidden layer, with a sufficient number of units, are universal

approximators.

More recently, Jacot et al. [101] showed that a feedforward learner with infinite
width (the number of units in the layer)! is a linear model under a kernel they called

the “neural tangent kernel”, and that it can approximate any arbitrary function.

Montufar et al. [151] showed that the decision boundary of neural networks are
piecewise linear, and that there is a derivable lower and upper bound on the num-
ber of linear pieces constituting the boundary for a given network. This idea was

exploited by Yedida & Menzies [234] to design the structure of their networks.

Galke & Scherp [74] show that several tasks for which complex deep learners have
been applied recently can also be done with feedforward networks with no loss of

performance.

Yedida & Menzies [234] showed that using novel preprocessing methods, one can
push the decision boundary away from points, making the classifier more robust to

noise.

From the above works, we derive the following important lessons:

'In practice, this translates to “sufficient width”.
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(a) The deep learning literature broadly agrees that feedforward networks can approx-

imate any arbitrary function [49, 98, 151].

(b) The decision boundary is known to be piecewise-linear, but also “malleable” (i.e., its
shape can be changed using appropriate preprocessing). It has been shown [98] that
the composition of the nonlinearities in feedforward networks allows for arbitrary

decision boundary shapes.

Based on these examples we were motivated to see if there is a general pattern or test
that lets us recommend using (or avoiding) GHOST. While any such test can only be a
heuristic (since it is difficult to predict the performance of a deep learner in general), we
offer one such heuristic that seems suitable for future research.

We start by designing a simple autoencoder as follows:
e Let 2% be the highest power of 2 that is lesser than the input vector length.

e Fix the bottleneck layer with engineering judgement (for SE tasks, which are known
to be simpler than general Al tasks [2], we found 32 or 64 to be useful; for general
AT tasks, we use 1282).

e Then, in the encoder, set the number of units to be k, k/2,k/4,... until the bot-

tleneck layer.
e Design the decoder as the mirrored version of the encoder.

(For clarity, we will give an example of this towards the end of this section.)
As is usual with the standard autoencoder, train this neural network on the input

data with the mean squared error (MSE) loss. Our heuristic is then:

If the MSE loss of the autoencoder designed as discussed above is below 1,000, at-

tempt a feedforward network before trying more complex methods.

It is worth noting that autoencoders, like any deep learner, can get stuck in local
optima because of the non-convex nature of loss functions [44]. It is worth attempting
this three times to ensure that a loss higher than 1,000 is because it is not possible, rather

than poor optimization.

2Using 64 did not change the results we show below.
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We tested this heuristic on the original defect prediction datasets used by Yedida &
Menzies [234], and it was true for all of them. Furthermore, this heuristic was also true
for the code smell detection datasets of this paper. However, it does not suffice to say
the heuristic worked for our datasets; we need to show cases where (a) it is not true,
and (b) the simpler network failed to make a valid heuristic. To do this, we pulled 3
common image classification datasets: MNIST (digit classification), CIFAR-10 (10-class
image classification), and CIFAR-100 (100-class image classification).

For example, consider the MNIST dataset. This consists of black-and-white images of
digits (0-9), sized 28 x 28. We flatten these images to one vector of length 784. Then, the
highest power of 2 lower than this is 512, and we choose the bottleneck layer to be 128
units; therefore, our autoencoder architecture is 784 (input) - 512 - 256 - 128 (bottleneck)
- 256 - 512 - 784.

To our surprise, for the MNIST dataset, the heuristic was true; on applying a feedfor-
ward network (without hyper-parameter optimization) to it, we achieved a classification
accuracy of 96.3%not state-of-the-art, but respectable, and would be improved with the
hyper-parameter optimization of GHOST.

For both the CIFAR-10 and CIFAR-100 datasets, the heuristic was false; indeed,
the feedforward network fell significantly short of convolutional neural networks that are
typically applied to these datasets: on CIFAR-10, we achieved 44% accuracy (modern
networks can achieve 90+% accuracy), and on CIFAR-100, we achieved merely 18.3%
(while a modern network would achieve 754+% accuracy). Therefore, we have (a) case
studies where the heuristic is false and our simpler networks failed (as expected by the
result of the heuristic), and also (b) case studies where the heuristic is true, and the
feedforward network was sufficient. Our experiments on the defect prediction datasets,
code smell detection datasets, and image classification datasets show that this heuristic
is reliable.

These experiments seem to reinforce the claim made by Agrawal et al. [2] who said that
software analytics may be simpler than standard Al datasets. If a standard autoencoder
cannot compress the input data into the 64 dimensions of its bottleneck layer, it may mean
that those image datasets (where it failed) are intrinsically much higher dimensional.
However, our heuristic’s success on both the code smell detection and defect prediction
data suggest that it should be applied as a test for whether feedforward networks should

be used instead of more complex approaches.
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5.4 Static code analysis

5.4.1 Research Questions

We explore our results in the context of the following research questions:
RQ1: Is recognizing static code warnings (still) intrinsically easy?

Yang et al. [232] suggested that the low intrinsic dimensionality of the datasets used in
their study meant that recognizing actionable static code warnings was an intrinsically
easy task. This led to them using SVMs for their work. Given that the dataset was
disputed and corrected by Kang et al. [110], we test if that assumption still holds.
RQ2: Can deep learning help recognize actionable static code warnings?

The work of Kang et al. [110] showed that the SVM methods of Yang et al. [232]
were no longer sufficient for the task. We show that this is indeed true, as part of an
ablation study. We further show that in fact, classical learners are insufficient for the
task, even with hyper-parameter optimization [1, 145] and SMOTE (see treatment C1
in our ablation study, Table 5.12). Therefore, we turn to deep learning, but begin by
exploring the simplest deep learning model, the feedforward network. Motivated by a
recent success in defect prediction [234], we try the GHOST algorithm, which combines
feedforward networks with hyper-parameter optimization and a novel fuzzy sampling ap-
proach. However, this falls short of our expectations (see treatment A5 from our ablation
study). Moreover, the use of more complex deep learners such as CNNs (see treatments
B2 and C2), and CodeBERT (see the last line of Table 5.12) were also insufficient. These
disappointments lead to our next research question:

RQ3: How can we recognize actionable static code warnings?

We recognize that the fuzzy sampling technique combined with hyper-parameter opti-
mization yielded excellent results in the original GHOST study. Therefore, this approach
is employed with classical learners. Here, we obtain excellent results (median AUC=1.0,
see treatment AG). However, the data used in this study, which was provided by Kang
et al. [110], was manually labeled, which is an expensive task. We therefore ask if this
labeling is inherently necessary.

RQ4: Can we recognize actionable static code warnings with fewer labels?

In this RQ, we explore the problem under the semi-supervised setting. Consequently,
we develop a novel yet trivial semi-supervised algorithm that provides labels to sam-
ples that do not have any. In doing so, we can still achieve excellent results (median

AUC=0.88), while using only 9.5% labels. Moreover, looking closely at this result (see
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Al in our ablation study) and A6, we see that the IoU of the median performance
(intersection over union, an extension of Jaccard similarity) is 0.67. More interestingly,
however, we observe a small data result, where our recommended approach (A1, which we
call GHOST?2) performs well on datasets with few samples, and worse on larger datasets.
Therefore, we ask:

RQ5: Are neural networks practical on small datasets in SE?

While we can only provide an answer about our specific problem, this opens up a larger
discussion about truisms of deep learning that do not hold up in software engineering.
Specifically, our results challenge the notion that deep learning requires large amounts of
data to work well; instead, we say that for simpler problems like in SE, neural networks
can achieve excellent results using less data. Finally, we ask:

RQ6: What lessons can practitioners learn from our results?

We notice that our work provides yet another case study where using Al tools off-the-
shelf does not work. Specifically, we characterize a learning problem as a set of engineering
decisions: boundary engineering, label engineering, learner choice, hyper-parameter en-
gineering, and instance engineering. We recommend that practitioners rethink learning
problems as these different challenges and use a combination of tools that works for their
problem from these different areas.

RQT7: How does fuzzy sampling help optimization?

We seek to find why fuzzy sampling is so important to our approach. To do so, we

show that using fuzzy sampling improves the f—smoothness of the loss surface, making

it easier to optimize.

5.4.2 Results

Our results are shown in Figure 5.3. Al is our recommended approach, and uses 9.5% of
labels. Looking at the graphs, it is clear that A1 is the strongest contender. For example,
against B1, A1 wins (or ties) in precision in all cases, and wins (or ties) in AUC in 7/8
datasets. In false alarm rate, A1 wins/ties 6/8 times, and in recall, it wins/ties 7/8 times.
Meanwhile, the method recommended by the original study (SVMs with balanced class
weights and normalizing), which is shown as D1, performs poorly across the board.
More interesting than the comparison between the treatments, however, is a trend
that can be seen with respect to dataset size. In Figure 5.3, the datasets are sorted
by size. In several cases, Al loses to other treatments on derby and tomcat, the two

largest datasets, while winning across the other datasets. For example, against A6, in
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Table 5.12: Design of our ablation study. In the learner choice column, F = feedforward
networks, T = traditional learners, C = CNN, B = CodeBERT.

[v5)
§ § & g
-
T 5 8 § §
5 $ ] g s
Treatment ‘DO 3 < < 5 % Labels Description
Al | v/ v F v v 10  Our recommended method
A2 | v/ v F v 10 Al without instance
engineering (no SMOTE)
A3 | v/ v F v 10 Al without
hyper-parameter
engineering (no DODGE)
A4 v F v v 10 Al without boundary
engineering (no GHOST)
A5 | / F v v 100 A1l without label

engineering (no SMOOTH).
From TSE’21 [234]

A6 |V T v v 100 A1l without label
engineering, replacing
feedforward with traditional

learners
A7 | v/ v T v v 10 Al replacing feedforward
with traditional learners
B1 v T v v 10 Al without boundary

engineering, replacing
feedforward with traditional
learners

B2 v C v v 10 Al without boundary
engineering, replacing
feedforward with CNN

C1 T v v 100 Al without boundary
engineering or label
engineering, replacing
feedforward with traditional
learners

C2 C v v 100 A1l without boundary
engineering or label
engineering, replacing
feedforward with CNN

D1 T v 100  Setup used by the Yang

et al. [232] and Kang et al.
[110] studies.

CodeBERT B 100 CodeBERT without
modifications
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Figure 5.3: Results of our ablation study

both AUC and precision, A1l wins in all datasets except in derby and tomcat (on AUC,
it also loses on lucene-solr). Similarly, on precision, A1 matches or outperforms A5 in all
datasets except derby. This is perhaps a “small data” result where feedforward networks,
i.e., neural approaches, outperform other approaches on small datasets, even though
conventional wisdom is that more data is better for neural networks. Going deeper into
Al vs. A5, Table 5.12 shows that the difference between the two is that A5 does not
use the semi-supervised learning. This could be the reason it does better on large data.
In detail, when there is less data available, a neural network is susceptible to change its
boundary more drastically with each training sample. When more samples are available,
however, it must accommodate all of them, making changes to the decision boundary
more subtle. Therefore, on small datasets, our semi-supervised learning technique has a
regularization effect where by not trusting the labels given and instead using the nearest
neighbors, we reduce the shift in the decision boundary. On larger datasets, however,
this semi-supervised technique, where we modify the labels a priori, has the negative
effect of corrupting the data and confusing the learner. Our lesson from this is that for

datasets with less than 30 training samples (which is all the datasets till and including
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ant), semi-supervised learning is advisable.

At this point, we digress to make a clarification. Although we explain the superiority of
A5 in the larger datasets as a consequence of the effect of semi-supervised learning on the
boundary, that does not make it a boundary engineering technique; rather, the change in
labels is the cause of the boundary shifts. Our definition of boundary engineering covers
changes to the independent variables that affect the boundary, such as fuzzy sampling
and kernel methods.

We now discuss our results in the context of seven research questions:
RQ1: Is recognizing static code warnings (still) intrinsically easy?

The intrinsic dimensionality of each project after applying a box-counting dimension
reduction algorithm are summarized in in Table 3.4, and we sort the project in a ascending
order of their intrinsic dimension. The results illustrate our datasets are still intrinsically

easy.
Static code analysis datasets are intrinsically easy.

RQ2: Can deep learning help recognize static code warnings?
Our results with A5 (GHOST), B2 and C2 (CNNs), and CodeBERT show that deep
learners cannot be used as-is for detecting actionable static code warnings. Indeed, their

performance leaves more to be desired. Our conclusion is:
Deep learning cannot be used as-is for recognizing static code warnings.

RQ3: How can we recognize static code warnings?
We showed that using a combination of engineering techniques, leading up to one
of our recommendations (A5) worked well to recognize actionable static code warnings.

While it uses all the labels, it is fast and computationally cheap.

A combination of engineering techniques such as boundary engineering, learner

choice, and hyper-parameter engineering can work together to achieve strong results.

RQ4: Can we recognize static code warnings with fewer labels?
Our label engineering method allows us to achieve strong results using just 9.5% of
labels on average. It is certainly possible that better semi-supervised learning techniques

might produce better results; however, we do not explore that in this paper.
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Semi-supervised learning can help achieve strong results using only 9.5% of labels.

RQ5: Are neural networks practical on small datasets in SE?
Our results with A1 (GHOST?2) show that neural approaches are certainly practical
and useful for achieving high performance on small datasets, even as low as 4 samples

(in the case of maven). Therefore, we say:
At least in SE, neural networks are practical on small data.

We also comment here that as shown by Zhang et al. [248], neural networks are often
over-parameterized, i.e. they have more parameters than data samples. This is not a
problem: Du et al. [59] show that stochastic gradient descent can optimize such networks.
In fact, over-parameterization is typically seen as beneficial, see [7, 38, 111, 161, 195]. We
believe this is one of the reasons that our feedforward networks worked for small datasets.
RQ6: How does fuzzy sampling help optimization?

To understand this, we took inspiration from a seminal paper that explained how
batch normalization helps optimization [181]. In that paper, they showed that batch nor-
malization improved the f—smoothness of the loss surface, making optimization easier.
We use a similar approach. First, using the technique by Li et al. [124], we showed that the
loss surface is indeed, smoother. Next, we formalized the smoothness of the loss surface.
We extended the work of Yedida et al. [240], who derived the Lipschitz constants of loss
functions. Recalling that the f—smoothness is the maximum gradient of the Lipschitz
constant, we used their equations of the Lipschitz constant to derive the f—smoothness.
Finally, we implemented it and show that the smoothness is improved by a median of

33.85%.
| Fuzzy sampling helps smoothen the loss surface, making optimization easier.

RQ7: What lessons can practitioners learn from our results?

We offer several lessons from our work:

‘ 1. Mistrust your data more. Labels may not always be accurate, and data can have

CITors.
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2. Attempt to use fewer labels when possible to lower manual effort required to
label data.

3. Our empirical methods may need to be revised for small data.

4. Do not use tools off-the-shelf; use hyper-parameter optimization and consider

the engineering decisions of the problem carefully.

5. We learn from failures as well as successes. Work with your critics.

5.5 Automated microservice partitioning

5.5.1 Research Questions

We aim to answer the following research questions:
RQ1: How prevalent is hyper-parameter brittleness in automated microservice partition-
ing?

We verify Yedida et al. [239]’s results, who showed that hyper-parameter optimizers
are “brittle” i.e., they work well for a few metrics and datasets, but are not useful across
multiple goals and data sets. The verification is crucial to set the motivation for our
contribution.

RQ2: [s hyper-parameter optimization enough to curb the aforementioned optimizer
brittleness?

Here we will show that standard hyper-parameter optimization methods are insuffi-
cient for solving brittleness.

RQ3: How else might we fix the aforementioned brittleness problem?
RQ4: Does DEEPLY generate “dust” (where all functionality is loaded into one partition)

or “boulders” (where all partitions contain only one class each)?

5.5.2 Results

We ran the approaches from Table 3.7, 30 times each, then compared results from those
treatments with the statistical methods of Section 4.10. The median results are shown in
Table 5.13a-5.13b and the statistical analysis is shown in Table 5.13c-5.13d.

In those results, we see that across different datasets and metrics, those ranks vary

widely, with little consistency across the space of datasets and metrics. For example:
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Table 5.13: Results on all datasets. The top row shows our median performance scores
over 30 runs, while the bottom row shows the Scott-Knott ranks (lower is better).
cells indicate the best result according to the Scott-Knott test. All algorithms were tuned
by hyperopt.

(a) Median performance scores over 30 runs for jpetstore and daytrader

(¢) Scott-Knott ranks for jpetstore and daytrader. For all metrics, lower is better.

(d) Scott-Knott ranks for acmeair and plants. For all metrics, lower is better.

e For jpetstore, we see that the best algorithms for the three metrics are Mono2Micro,

Algorithm ‘ jpetstore daytrader
‘ BCS [-] ICP [-] SM [+] ‘ BCS [-] ICP [-] SM [+]

Bunch 2.43 0.48 0.21 1.86 0.57 0.27
Mono2Micro 1.67 0.53 0.05 1.58 0.4 0.07
CO-GCN 2.79 0.27 0.2 2.09 0.05 0.13
FoSCI 1.99 0.66 0.05 2.04 0.48 0.07
MEM 2.74 0.48 0.22 2 0.59 0.09
DEEPLY | 2.35 0.06 0.2 | 1.74 0.03 0.17

(b) Median performance scores over 30 runs for acmeair and plants

Algorithm ‘ acmeair plants
| BCS [-] ICP [-] SM [+] | BCS [-] ICP [-] SM [+]

Bunch 1.67 0.55 0.17 2.29 0.56 0.22
Mono2Micro 1.58 0.4 0.06 2.49 0.39 0.07
CO-GCN 1.89 0.47 0.15 2.46 0.35 0.24
FoSCI 2.08 0.54 0.07 1.94 0.45 0.07
MEM 2.13 0.69 0.03 2.04 0.42 0.25
DEEPLY ‘ 1.41 0.18 0.16 ‘ 1.87 0.02 0.27

Algorithm ‘ jpetstore daytrader

| BCS [-] ICP [-] SM [+] | BCS [-] ICP [-] SM [+]
Bunch 4 3 2 3 5 1
Mono2Micro 1 5 5 1 3 6
CO-GCN 6 2 2 6 2 3
FoSCI 2 6 4 5 4 5
MEM 5 4 1 4 6 4

DEEPLY

w

=

w

| 2

M)

Algorithm | acmeair plants
| BCS[] ICP[] SMI[+] | BCS[] ICP[] SM [+]

Bunch 2 4 1 4 6 4
Mono2Micro 1 2 4 6 3 5
CO-GCN 3 3 3 5 2 3
FoSCI 4 4 5 2 5 6
MEM 5 5 6 3 4 2
DEEPLY 1 1 2 1 1 1

CO-GCN, and MEM respectively;

e For acmeair, the best algorithms are Mono2Micro, and Bunch;

e For plants, the best algorithms are FoSCI, CO-GCN, and MEM;
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Figure 5.4: Analysis of partitions generated by our approach. Distribution of class size
percentages across datasets (median results).

e For daytrader, the best are Mono2Micro, CO-GCN, and Bunch.

Hence we say:

For all the data sets and goals studied here, there is widespread performance brittle-

ness.

RQ2: Is hyper-parameter optimization enough to curb the aforementioned optimizer
brittleness?

We check of brittleness can be solved by tuning the partitioning methods.

Since all the algorithms in our study were tuned by hyperopt, the results of Table
5.13 show that even post-tuning, there is a large brittleness problem. Accordingly, we

say:
Hyper-parameter optimization does not suffice to fix performance brittleness.

RQ3: How else might we fix the aforementioned brittleness problem?

When we added the novel loss function (discussed above in Section 4.7.5), we obtained
the results shown in the last line of the two tables of Table 5.13c and Table 5.13d. When
measured in terms of ranks seen amongst the different populations, the last lines are
most insightful. Here we see that in general, DEEPLY performs better compared to all

other optimizers across all our case studies.
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Group | Clustering LR HPO Loss jpetstore daytrader

BCS [-] ICP [-] SM [+]
031 011 ] 0.03/  0.09
0.31 0.11 b 239 0.03 0.11
0.31 0.11

KMeans | Exponential | Yes Unweighted
KMeans Icycle Yes Unweighted
Spectral | Exponential | Yes Unweighted

Spectral Icycle Yes Unweighted b 0.31 0.11
KMeans | Exponential | No Unweighted
2 KMeans Icycle No Unweighted
Spectral | Exponential | No Unweighted
Spectral Icycle No Unweighted
KMeans | Exponental | No Weighted
3 KMeans Icycle No Weighted
Spectral | Exponential | No Weighted
Spectral Icycle No Weighted
KMeans | Exponential | Yes Weighted 0.03 0.18 . . .. 167 X 0.14
4 KMeans Icycle Yes Weighted 0.03 0.19 X . o .. d X 0.14
Spectral | Exponential | Yes Weighted okl 003  0.26 1.36 0 0.03
Spectral 1cycle Yes Weighted 235 0.06 0.2 141 b . . X .. o 0.03] 017

abs(best-worst) 1.56 0.25 0.18 0.91 042  0.08 151 0.36 0.15 0.87 0.11 0.11

Figure 5.5: Results of the ablation study. Medians across 20 studies.

Weighted losses together with hyper-parameter optimization fix the brittleness prob-

lem.

RQ4: Do we generate “dust” or “boulders”?

Figure 5.4 shows the distribution of partition sizes seen in 30 random samples. From
that figure we say that our methods usually generate small number of partitions. Also,
since we are usually dealing with classes ranging from 33 in acmeair to 109 in daytrader,
Figure 5.4 tells us that we are not generating partitions with only one item per partition

(for example, on plants, the median size is 5.4% x 111 = 6 classes).
Our partitions are neither “boulders” nor “dust”.

At this point, it is instructive to ask what components of DEEPLY contribute to its
performance. Rather than use a simple ablation study (where one removes one compo-
nent at a time to measure performance changes), we run a more comprehensive suite of
experiments by permuting between the different options. Specifically, we test {k-means,
spectral} x {exponential, 1cycle} x {hyper-parameter optimization, no hyper-parameter
optimization} x {unweighted loss, weighted loss}. This leads to the results of Figure 5.5.

The numbers in Figure 5.5 are medians over 20 repeats. For each column, we color
based on performance on a red-white-green scale, where red indicates the worst perfor-
mance, and green indicates best. The best scores of the column are in bold and colored

white.
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The results broadly divide into four groups based on the combinations of hyper-
parameter optimization and the use of a weighted loss function. In detail, treatments using
hyper-parameter optimization and a weighted loss function to choose from it perform the
best. Treatments not using hyper-parameter optimization have dubious performance, as
expected. More surprising, however, is that the worst category of performers use hyper-
parameter optimization with an unweighted loss function. That is, in the case where a
practitioner would have to choose between hyper-parameter optimization and a weighted
loss, they should use the weighted loss, which is contrary to intuition. We explain this
in the following manner. Consider the true Pareto frontier, made from thousands of
configurations, of which hyper-parameter optimization samples a few. We posit that the
weighted loss function better approximates the Pareto frontier, and therefore chooses
better performers.

Among the top performing category, k-means performs better than spectral clustering.
This is likely because the variance of the Gaussian kernel used by spectral clustering was
set incorrectly. Because a significant part of this paper advocates for hyper-parameter
optimization, we conclude that the spectral clustering results would likely have been

better had the kernel parameters been tuned.

5.6 Hyper-parameter optimization

We divide our results for hyper-parameter optimization for the two methods proposed.

5.6.1 SMOOTHIE

Research Questions

RQ1: What are the benefits of increasing smoothness in SE datasets (measured in metrics
like F'1, recall, etc)?

RQ2: What are the costs of smoothing?

RQ3: Should we use different kinds of algorithms for SE data?

Results

RQ1: What are the benefits of increasing smoothness in SE datasets (measured in metrics
like F1, recall, etc)?
Table 5.14 shows our results on static code analysis false alarm detection. Recall

that the task here was to recognize static code warnings that, in the historical log, were
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ignored by developers. In the table, gray denotes “best results in this column, for that

Table 5.14: RQ1 results: Hyper-parameter optimization results for the static code
warnings datasets. Anything that ties with the statistically best results are shown in
bold (and such ties are determined using the statistics of Section 4.10). For Algorithm 1,
we use N1 = 50, Ny = 10. FF = Feedforward network. NB = Naive Bayes. LR = Logistic
Regression.

Dataset Method (Learner) #evals pd pf precision
Baseline (SVM) 0 0.25 0
SMOOTHIE (FF) 10 0.65 0 0.8
ant SMOOTHIE (NB) 10 0.6 (o] 0.8
SMOOTHIE (LR) 10 1 0 1
Random 10 0.2 0.5 0.5
BOHB (FF) 10 1 0.2 0.5
BOHB (FF) 50 0.6 1 0.6
Baseline (SVM) 0.33 1 0.5
SMOOTHIE (FF) 10 0.83 0 0.75
cassandra  SMOOTHIE (NB) 10 1 0.5 0.83
SMOOTHIE (LR) 10 1 0.67 0.33
Random 10 0 0.66 0
BOHB (FF) 10 1 0.67 0.25
BOHB (FF) 50 0 (0] 0
Baseline (SVM) 1 1 0.6
SMOOTHIE (FF) 10 1 0.25 .5
commons SMOOTHIE (NB) 10 0 0 0
SMOOTHIE (LR) 10 1 1 0.8
Random 10 0 (o] 0
BOHB (FF) 10 0.88 1 0.65
BOHB (FF) 50 1 1 0.2
Baseline (SVM) 0.61 0.67 0.39
SMOOTHIE (FF) 10 0.74 0.46 0.44
derby SMOOTHIE (NB) 10 0.90 0.60 0.4
SMOOTHIE (LR) 10 0.59 0.06 0.8
Random 10 1.0 1.0 0.68
BOHB (FF) 10 0.93 0.84 0.68
BOHB (FF) 10 1 1 0.68
Baseline (SVM) 0 (o] 0
SMOOTHIE (FF) 10 1 0 1
jmeter SMOOTHIE (NB) 10 1 033 0.5
SMOOTHIE (LR) 10 0.67 0 0.63
Random 10 0 1 0
BOHB (FF) 10 0 (0] 0
BOHB (FF) 50 0 (0] 0
Baseline (SVM) 0 1 0
SMOOTHIE (FF) 10 0.5 0.25 0.5
lucene-solr  SMOOTHIE (NB) 10 1 0.5 0.5
SMOOTHIE (LR) 10 1 0.25 0.67
Random 10 1 0.25 0.67
BOHB (FF) 10 0.75 0.5 0.33
BOHB (FF) 50 0 0 0
Baseline (SVM) 0.73 0.77 0.39
SMOOTHIE (FF) 10 0.14 0.09 0.47
tomecat SMOOTHIE (NB) 10 0.43 0.13 0.63
SMOOTHIE (LR) 10 0.71 0.3 0.61
Random 10 0.43 0.5 0.59
BOHB (FF) 10 0.7 0.48 0.6
BOHB (FF) 50 1 1 0.62
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Figure 5.6: RQ2 Results: Runtime results for SMOOTHIE.

dataset“. Note that SMOOTHIE (and more specifically, SMOOTHIE (FF) has much more gray
than anything else. More specifically: all the non-SMOOTHIE methods have far more white
cells (i.e. non best) than the SMOOTHIE methods. (for an exact count of the wins and ties,
see Table 5.17).

Table 5.15 shows our results on issue lifetime prediction. Recall that the task here
is to classify a GitHub issue according to how long it will take to resolve. As done in
prior work [121], for 3-class classification, the number of days taken to fix bugs is binned
into 0 to 1 days, 2 to 5 days, and 5 to 100 days. For 2-class, the number of days taken to
fix bugs is binned into less than (or greater than) 4 days for Firefox, less than (or greater

than) 5 days for Chromium, and less than (or greater than) 6 days for Eclipse. Note that:

e For two class prediction (eclipse(2), firefox(2), chromium(2)) SMOOTHIE does not
perform well (as shown in Table 5.15, 1 tie and 2 losses). Indeed, we found that
these datasets have the highest smoothness across all our SE datasets: the 2-class
Chromium, Eclipse, and Firefox datasets had smoothness values of 9.4, 14.9, and
13.8 respectively. This explains why SMOOTHIE did not work well for the 2-class

binned version of the data.

e For three-class problems (eclipse(3), firefox(3), chromium(3)) , SMOOTHIE wins in

all cases.

Table 5.17 summarizes the RQ1 results. In that table, two methods tie if, they achieve
the same statistical rank (using the methods of Section 4.10). Otherwise, a win is when
one measure has a different rank to another and one measure has better median values

(where “better” means “less* for false alarms and “greater” for other metrics).
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RQ1 (answer): In the usual case, SMOOTHIE rarely does worse and often performs

better than the prior state of the art in hyper-parameter optimization.

RQ2: What are the costs of smoothing?

Figure 5.6 shows the runtimes for our method. We take care to distinguish the over-
heads associated with finding smoothness, versus the time required for another process to
use smoothness to make a recommendation about what are good hyperparameter options.

As shown in Figure 5.6, the time required to compute Get-Smoothness smoothness
is negligible. Those results are then used by SMOOTHIE for its decision making (and here,
SMOOTHIE repeats its processing Ny + Ny = 30 + 5 times). Even with those repeats,
SMOOTHIE is four times faster than the prior state of the art (see BOHB in Figure 5.6).

Figure 5.6 suggests that further optimizations might be possible if SMOOTHIE could

reduce how many repeats its executes. This is a matter for further work, in another paper.

RQ2 (answer): SMOOTHIE works as well as the prior state of the art, and does so

four times faster.

RQ3: Should we use different kinds of algorithms for SE data?

Apart from performance and runtime details, what does the above mean for the chal-
lenge problem sketched out in the introduction to this paper? To answer that question,
we first recall Figure 4.4 where the mean smoothness for our SE and Al data has values
2 and b, respectively.

Turning now to Figure 4.3, that figure reports the ratio of datasets for which SMOOTHIE
outperforms BOHB (measured in terms of the F1 metric).

We note that, in those results, different algorithms are the best choice for low and

high smoothness values:
e SMOOTHIE usually wins at the low values typically associated with SE data;

e While BOHB usually wins at the higher values, seen only in the non-SE data.

5.6.2 AHSC

Research Questions

We are primarily interested in the following research question:

RQ1: Does optimizing for flatness improve the performance of MLL models?
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Results

Table 5.18 shows a comparison of AHSC on 14 datasets with five popular hyper-parameter
optimization methods. For these results, we compared the means over 20 repeats using
pairwise Mann-Whitney U-tests [138], followed by a p-value correction using the two-stage
Benjamini-Hochberg procedure, as endorsed by Farcomeni [68]. We use a 5% significance
level to determine the best-performing methods.

Table 5.19 summarizes the wins, ties, and losses of each method over the 14 datasets.
Notably, AHSC is the only method with any win (this is on the wine dataset). Moreover,
our method is between 200% (compared to TuRBO) to 700% (compared to BOHB) faster.
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Table 5.15: RQ1 results: Hyper-parameter optimization for Bugzilla issue lifetime pre-
diction. For Algorithm 1, we use Ny, Ny = 30, 5. Anything that ties with the statistically
best results are shown in bold (and such ties are determined using the statistics of
Section 4.10). Our baseline is DeepTriage [137]. In the dataset column, the number of
classes the data is binned into is in parentheses.

Dataset Learner HPO method #evals Accuracy
Baseline 61
Feedforward SMOOTHIE 5 69.3
eclipse (2) NalYe Bayes SMOOTHIE 5 63
Logistic SMOOTHIE 5 62.5
Best (Feedforward) Random 5 80.2
Best (Feedforward) BOHB 5 45.8
Best (Feedforward) BOHB 30 45.8
Baseline 67
Feedforward SMOOTHIE 5 69
firefox (2) NalYe Bayes SMOOTHIE 5 66.6
Logistic SMOOTHIE 5 66.4
Best (Feedforward) Random 5 76.5
Best (Feedforward) BOHB 5 36
Best (Feedforward) BOHB 30 35.9
Baseline 63
Feedforward SMOOTHIE 5 62.2
chromium (2) NalYe Bayes SMOOTHIE 5 63
Logistic SMOOTHIE 5 63.1
Best (Logistic) Random 5 67.1
Best (Logistic) BOHB 5 44.5
Best (Logistic) BOHB 30 44.4
Baseline 44
Feedforward SMOOTHIE 5 71.2
eclipse (3) Nach Baycs SMOOTHIE 5 51.6
Logistic SMOOTHIE 5 51.2
Best (Feedforward) Random 5 36.3
Best (Feedforward) BOHB 5 29.2
Best (Feedforward) BOHB 30 46.2
Baseline 44
Feedforward SMOOTHIE 5 69.2
firefox (3) NalYe Bayes SMOOTHIE 5 49.5
Logistic SMOOTHIE 5 49.3
Best (Feedforward) Random 5 46.1
Best (Feedforward) BOHB 5 32.9
Best (Feedforward) BOHB 30 44.4
Baseline 43
Feedforward SMOOTHIE 5 71.9
chromium (3) NalYe Bayes SMOOTHIE 5 49.1
Logistic SMOOTHIE 5 49.8
Best (Feedforward) Random 5 53.5
Best (Feedforward) BOHB 5 27.5
Best (Feedforward) BOHB 30 44.6
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Table 5.16: RQ1 results: Hyper-optimization for defect prediction results. For Algo-
rithm 1, we use Ny, No = 30,5. Anything that ties with the statistically best results are
shown in bold (and such ties are determined using the statistics of Section 4.10).

Dataset Learner HPO method #evals F1
Baseline (GHOST) 90.9
Feedforward SMOOTHIE 5 90.9

camel Naix'ze .Bayes SMOOTHIE 5 90.9
Logistic SMOOTHIE 5 90.9
Best (NB) Random 5 90.9
Best (NB) BOHB 5 90.9
Best (NB) BOHB 30 90.9
Baseline (GHOST) 83.4
Feedforward SMOOTHIE 5 94

ivy Naive Bayes SMOOTHIE 5 94
Logistic SMOOTHIE 5 94
Best (NB) Random 5 94
Best (NB) BOHB 5 94
Best (NB) BOHB 30 94
Baseline (GHOST) 65.9
Feedforward SMOOTHIE 5 179.6

log4i Naive Bayes SMOOTHIE 5 179.6
Logistic SMOOTHIE 5 179.6
Best (NB) Random 5 179.6
Best (NB) BOHB 5 79.6
Best (NB) BOHB 30 79.6
Baseline (GHOST) 84.6
Feedforward SMOOTHIE 5 844

synapse Nal\'/e vBayes SMOOTHIE 5 84.4
Logistic SMOOTHIE 5 844
Best (NB) Random 5 844
Best (NB) BOHB 5 745
Best (NB) BOHB 30 0
Baseline (GHOST) 50.3
Feedforward SMOOTHIE 5 554

velocity Nai\'/e vBayes SMOOTHIE 5 179.8
Logistic SMOOTHIE 5 179.8
Best (NB) Random 5 179.8
Best (NB) BOHB 5 79.8
Best (NB) BOHB 30 79.8
Baseline (GHOST) 66
Feedforward SMOOTHIE 5 68.3

1 Naive Bayes SMOOTHIE 5 68.3
xalan .
Logistic SMOOTHIE 5 68.3
Best (Logistic) Random 5 68.2
Best (Logistic)y BOHB 5 0
Best (Logistic) BOHB 30 68.3
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Table 5.17: RQ1 results (summary): Hyper-parameter optimization via SMOOTHIE
from 20 repeats over 19 data sets.

Frequency counts of:
Datasets wins ties losses

Static code warnings 4 3 0
Issue lifetime prediction (binary)
Issue lifetime prediction (multi-class)
Defect prediction

o w o

1 2
0 0
6 0
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Table 5.18: Experimental results on various classification datasets. AHSC is our method.
Values shown are medians over 20 repeats. Statistically best results are highlighted in

bold.

Image OpenML
Dataset HPO method Accuracy Dataset HPO method AUC
AHSC 98.65 AHSC 0.885
Hyperopt 97.22 Hyperopt 0.883
Random 98.95 . Random 0.873
MNIST 1 rBO 98.99 vehicle TuRBO 0.882
HEBO 98.94 HEBO 0.884
BOHB 98.85 BOHB 0.883
AHSC 86.63 AHSC 0.721
Hyperopt 67.20 Hyperopt 0.728
Random 91.86 Random 0.708
SVAN " 1urBO 80.41 blood-transf... - 1 ppo 0.720
HEBO 92.89 HEBO 0.718
BOHB 79.67 BOHB 0.725
Bayesmark AHSC 0.934
Hyperopt 0.932
Dataset HPO method Score Australion Random 0.928
AHSC 93.98 TU.RBO 0.932
Hyperopt 92.68 HEBO 0.935
breast Random 90.45 BOHB 0.928
TuRBO 88.97 AHSC 1.0
HEBO 90.84 Hyperopt 1.0
BOHB 92.37 car Random 1.0
AHSC 84.74 TuRBO 1.0
Hyperopt 96.85 HEBO 1.0
digits Random 87.39 BOHB 1.0
TuRBO 89.51 AHSC 0.560
HEBO 95.24 Hyperopt 0.564
BOHB 91.50 Homeme Random 0.561
AHSC 91.00 P TuRBO 0.564
Hyperopt 79.83 HEBO 0.563
s Random 82.98 BOHB 0.563
TuRBO 83.52 AHSC 0.961
HEBO 78.27 Hyperopt 0.960
BOHB 92.30 segment Random 0.955
AHSC 92.35 & TuRBO 0.960
Hyperopt 83.98 HEBO 0.961
wine Random 76.59 BOHB 0.960
TuRBO 81.15 AHSC 0.778
HEBO 74.93 Hyperopt 0.782
BOHB 81.68 credit Random 0.766
& TuRBO 0.763
HEBO 0.763
BOHB 0.752
AHSC 0.816
Hyperopt 0.817
kel Random 0.769
¢ TuRBO 0.775
HEBO 0.816
BOHB 0.785
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Table 5.19: Summary of results for AHSC.

Algorithm Wins Ties Losses

AHSC 1 8 5
TPE 0 10 4
Random 0 2 12
TuRBO 0 5 9
HEBO 0 6 8
BOHB 0 8 6
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CHAPTER

§

ERRATA

During the final writing stage of this thesis, the following inaccuracies were found.

An error was identified in the proof of Theorem 4.4 and Theorem 4.7 presented in
Chapter 3. The error arose from an incorrect computation of gradients. Due to time
constraints, we were unable to conduct a thorough re-evaluation of the proofs. Below, we
report a corrected version that more rigorously analyzes the gradients and the resulting

Hessian.

6.1 Smoothness for feedforward networks

We first reiterate a result from userlb51 .

Lemma 7 (Norm of Moore-Penrose pseudo-inverse). Let B be the left Moore-Penrose
pseudo-inverse of some matriz A. Then

b

where omin(A) denotes the least singular value of A.

1Bll, =

Proof. 1t is well-established that AB is the orthogonal projection to the column space of
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A, so that for every vector y, ABy 1 (I — AB)y. Therefore:

| By
|B|l; = max ——
vA0 [y
R -7
y20 ||ABy + (I — AB)y||
Bl
By#0 |ABy + (I — AB)y||
Bl
~ By#0 | ABy||
< max ||x||
—1
_ (mm M)
w20 ||z||
B 1

]

Lemma 8. For a deep learner with ReL U activations in the hidden layers, the last two
layers being fully-connected, and a softmax activation at the last layer,

—afl =~y = 1]
Ty

under the cross-entropy loss.

Proof. Consider the Iverson notation version of the general cross-entropy loss:

1 0
B@") = ——3 "% [y = jlloga,”

i=1 j=1
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Then,

OE 1 = [y = j] [L]( (L]
= —— a:" (0p; —a >
e YOS
m k
1 .
= —EZZ[Q(Z) = Jj <5h - a%]>
=1 j—1
1 m k " 1 m k " o
Z—EZZ@ _J]5hj+EZZ[?J = jlay,
i=1 j=1 i=1 j=1
LI N O i S |
m 22
_ow I
= ay, m;[y = ] (6.1)

O

Theorem 6.1 (Smoothness for feedforward networks). For a deep learner with ReLU
activations in the hidden layers, the last two layers being fully-connected, and a softmax
activation at the last layer, the smoothness of the cross-entropy loss is given by

a1l

_ 2
supl[ V3, = oI, (], + a3) + — b

(6.2)

Proof. From Lemma 8 and z!M = WHglL=1 4 plt]
Vil = alMglt—1T
Now, we work toward the Hessian:

02E daltl \ 7
_ (=T L)
SallgL — Inlthxnlil ® @ +a" ® ( aa[L—llT)

which is of shape (nl™, nl!l nlX=1). Note that because the derivative inside the inverse
is not square, this inverse is the Moore-Penrose pseudo-inverse. We have:

dall) dalll L]
dall=1 — 911 §al=1l
= (diag(a[L]) — CL[L]CL[L]T) W[L]]n[L—l]Xn[L—l]
dal!
Dall 1T

= [n[Lfl]Xn[Lfl]W[L]T (diag(am) — a[L]a[L]T)

so that
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0*FE
DalLloW L
Next,

=L @ Q=17 4 glHl (In[Lfl]Xn[L—l]W[L]T (diag(am) — a[L}a[L]T))il

oalll  9altl 9L
OWTE — 9211 oW
— (diag(al) — aMa"7T) @ a1

which is of shape (nl", ! pll=1) This yields the Hessian

V%,V[L]E = (Inmmm ® a[L’l]T) ((diag(a[L]) — a[L]a[L}T) ® a[L’I])T +
alt! (I (1) iy WHT (diag(am) — a[L]a[L]T))fl (diag(am) — a[L}a[L}T) ® alt=1

n

1112 2 _ 1
9800 1l < o=, (a1, + 0™ 1) + o o™l —
where for the last step we used (i) || XY, < ||X|,]|Y],, and (ii) Lemma 7. O

6.1.1 So Does This Change the Results of this Thesis?

Of course, this raises the obvious question: why did the experiments based on the incorrect
equation work? This is because the above corrected version simplifies to a term very close
to the incorrect version. To see why, note that the last layer uses a softmax activation, so
that 0 < Ha[L] H < 1, where the latter equality only occurs when the classifier is absolutely

certain about one class. Therefore, the above simplifies to:

_11112 _ 1
1930l < 2 Il + o
Now, note that since the penultimate layer usually uses the ReLLU activation, it is often
true that Ha[L}HZ < Ha[L*”HQ, so that

1

2 [L—1]3 [L—1]||2 1
HVW[L]EHF = 2||a “2 + Ha Hza W],

113 _11112
oy < 2"+ a7

The original equation does not use the first term, and uses an incorrect constant in
the second term; this turns out to be a sufficiently close approximation in practice that

the experiments still yield strong results.
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6.2 Strong convexity for feedforward networks

The corrected proof for the strong convexity largely follows the same steps as for smooth-
ness, since most steps above used an equality. The main change from the smoothness
arises in the last step, where simplifications that were done for the smoothness to achieve

an inequality cannot be used here, since we require the opposite inequality.
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CHAPTER

7
DISCUSSION

This dissertation discussed the application of deep learning for five software analytics
tasks. In doing so, we dismissed the prior belief about deep learning that the automated
feature engineering performed by the first few layers suffices. Rather, we found that ap-
plying neural networks to software analytics tasks requires an intricate set of engineering
techniques that work together to achieve excellent results. Moreover, this set of tech-
niques can outperform more complex neural architectures such as convolutional networks
(as seen in code smell detection) or deep belief networks (as seen in defect prediction).
We tested our methods on 122 datasets (40 for defect prediction, 15 for issue lifetime
prediction, 40 for code smell detection, 9 for false alarm detection in static code warnings,
4 for automated microservice partitioning, 14 for non-SE hyper-parameter optimization)
Of these engineering techniques, this dissertation strongly advocates for hyper-parameter
optimization, and proposes two novel methods of doing it in a computationally efficient

manner.

7.1 Threats to Validity

Sampling bias. We claim that the sampling bias is mitigated in this dissertation through
the use of multiple, varied datasets, including different modalities (tabular, image, and

graph). In total, we tested on over 100 datasets, so that the crux of this dissertation
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(that simpler methods should be tried first, and that hyper-parameter optimization can
be performed cheaply) is not limited to a few samples or datasets.

Evaluation bias. For each of the five SE tasks, and for all the non-SE datasets, we
used the same evaluation metrics as in prior work. These metrics are well-established
and are chosen appropriately for each task (for example, defect prediction does not use
accuracy, since the datasets are very imbalanced).

Learner bias. It is important to recognize that this dissertation heavily focuses on
feedforward networks. Although the theory developed for the novel hyper-parameter op-
timization methods do not necessitate a feedforward learner, only a few experiments on
convolutional models have been performed. As such, we caution against directly gener-
alizing these conclusions to more models without smaller-scale pilot experiments.

Order bias. Unless strictly necessary, the datasets were shuffled randomly, and all
experiments were repeated multiple times using different random seeds. In some cases,
such as defect prediction, it is incorrect to train on future versions and test on past
versions. In those cases, we did not perform such random shuffling, and we maintain that
such order bias was necessary.

External validity. In all our case studies, including for non-SE datasets, we compare
against the prior state-of-the-art for each task.

Statistical validity. All experiments in this dissertation were repeated 20 times using
different random seeds. In all cases, a statistical test was applied (either Scott-Knott, or
pairwise Mann-Whitney U-tests followed by a two-stage Benjamini-Hochberg correction

procedure).

7.2 Future Work

This dissertation lays the groundwork for several avenues of future work, whilst filling in
various research gaps. We discuss these specific avenues here.

The clearest line of future work, one that is arguably already ongoing, is a deeper
theoretical investigation of feedforward networks, and how various data preprocessing
operators shape the landscape and possibly make it smoother. As a clear example of this,
Santurkar et al. [181] show that batch normalization makes the loss landscape smoother
and thus easier to optimize; indeed, this was a motivation for us computing the smooth-
ness to test if our preprocessors also smoothed the loss landscape. Similarly, Li et al.
[124] show that the popular ResNet [88] architecture also smooths out the loss landscape

by introducing its skip-connections. Much current work investigates the impact of mild
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or moderate over-parameterization of deep ReLLU networks; we urge researchers to also
study the effect that preprocessors have on the landscape.

Another similar line of future work involves a computationally cheaper version of fuzzy
sampling. As-is, fuzzy sampling introduces a significant number of new samples, which
slows down the overall runtime by a noticeable factor. It is left as future work whether a
stronger exponential decay, or a modified version of the loss can be used instead.

A third avenue of future work would be to test the novel hyper-parameter opti-
mization algorithms from this dissertation on more complex architectures, specifically
Transformers, and study the computational benefits offered. Such future studies should
also compare against other HPO methods in both runtime and evaluation performance.

It has not escaped our attention that there is a line of work investigating the ap-
plication of topology to machine learning. Indeed, we can make several connections to
topological data analysis (TDA) with our work: a particularly trivial example is to note
that the graphs produced by the Mapper algorithm [189] might be useful in identifying
the level of complexity of a dataset, and therefore, the complexity of the learning algo-
rithm necessary for that dataset. Some prior studies have investigated the utility of TDA
[133, 157, 158, 168], but we argue that further investigation is necessary.

Indeed, more investigation is needed into the claim that SE datasets are simpler than
non-SE datasets: there are several studies proposing complexity measures for datasets
28, 31, 93, 117, 123, 132, 144, 159, 215]. A comprehensive study similar to Jiang et al.
[103] that establishes “reliable” complexity measures for datasets is necessary.

Further work is also required to extend the two hyper-parameter optimization meth-
ods proposed here to other learning algorithms through center-different approximations.

A potentially promising, but speculative line of future work involves topology-inspired
approaches to hyper-parameter optimization. Specifically, if all hyper-parameter options
are boolean, a Boolean algebra! B of options can be constructed. By the Stone repre-
sentation theorem, every Boolean algebra is isomorphic to a field of clopen subsets of a
Stone space?, each of whose elements are ultrafilters on B. By developing a reasonable
metric on this Stone space, one can exploit the properties of the topology to develop
HPO methods for such boolean HPO spaces. For example, a pseudo-metric that selects
for low loss values and flatness is given below, where a and b are two hyper-parameter

options, and X is the space over which optimization is performed:

!An algebra (or a field of sets) in this context is a set X paired with a collection of subsets JF
containing the empty set that is closed under finite unions and intersections, and complements.
2A Stone space is a compact, totally disconnected, Hausdorff space.
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da.) 2E || [ pla) (£(:0) - £(30) do
X
where p(z) is the pdf of the data distribution at z, and any KDE method can be used.
Finally, we urge the software engineering community to reassess the complexity of
the models they apply to the learning problems that they encounter, and to match the

complexity of the learner to the complexity of the problem.
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