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Abstract

This thesis proposes MUTester to generate test cases for APIs of machine learning libraries
by leveraging the API constraints mined from the corresponding API documentation and the
API usage patterns mined from code fragments in Stack Overflow (SO). First, we propose a
set of 18 linguistic rules for mining API constraints from the API documents. Then, we use
the frequent itemset mining technique to mine the API usage patterns from a large corpus
of machine learning API related code fragments collected from SO. Finally, we use the above
two types of API knowledge to guide the test generation of existing test generators, for
machine learning libraries.

To evaluate the performance of MUTester, we first collected 2,889 APIs from five widely-
used machine learning libraries (i.e., Scikit-learn, Pandas, Numpy, Scipy, and PyTorch),then
for each API, we further extract their API knowledge, i.e., API constraints and API usage
patterns. Given an API, MUTester combines its API knowledge with existing test generators
(e.g., search-based test generator PyEvosuite and random test generator PyRandoop) to
generate test cases to test the API. Results of our experiment show that MUTester can
significantly improve the corresponding test generation methods. And the improvement in
code coverage ranges from 18.0% to 41.9% on average.In addition, it also reduced 21% of

invalid tests generated by the existing test generators.
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Chapter 1

Introduction

1.1 Motivation

To help generate test cases, many automated approaches that explore the input space and
generate effective test cases for given APIs have been proposed in recent years, e.g., Evo-
suite [1], i.e., a typical search-based test generation technique and Randoop [2, 3], i.e., a
feedback-directed random test generation approach. These test case generation tools have
been widely examined on APIs of many traditional software systems, and results show that
these tools are effective at generating unit test cases with high code coverage and can be
used to help developers write high-quality unit test cases for APIs of traditional software
systems. However, recent studies show that the performance of these test case generation
tools on Machine Learning (ML) libraries are limited as many of the MLL APIs expect inputs
that follow ML-specific API knowledge, which cannot be provided by existing test generation
tools [4, 5].

Specifically, existing test generators[l, 2] mainly target maximizing the code coverage un-
der different strategies when synthesizing method call sequences or inputs for testing an API
without considering the constraints of the API. However, generating valid and effective unit
test cases for ML APIs requires two types of API knowledge, i.e., 1) the input constraints,
i.e., the data structures of the input parameters such as arrays, lists, and tuples. For ex-
ample, Figure 1.1a shows that fit() method of KMeans in Scikit-Learn library has three

parameters, and each of them has different constraints, e.g., the first parameter X must be



X: Structure  : Array Pattern 1:

Dimensions : 2 [pandas.preprocessing.train_test_split,
Shape :n_samples, n_features sklearn.cluster. KMeans(),
Required : True sklearn.cluster.KMeans.fit(),
Data Type : Integer sklearn.cluster. KMeans.predict()]
y:  Default : None Pattern 2:

[sklearn.cluster. KMeans(),
sklearn.cluster. KMeans.fit(),
sklearn.cluster. KMeans.predict()]

Required : False

sample_weight.  Structure  : Array
Dimensions : 2
Shape : (n_samples, )
Required : False

(a) API constraints (b) API usage patterns

Figure 1.1: API Knowledge of method KMeans.fit (X, y=None, sample weight=None) in
Scikit-Learn

a two dimension array of numerical values, otherwise the function call to this method will
crash; 2) API usage, i.e., the context of an API determined by the nature of the process of
ML tasks. For example, Figure 1.1b shows two possible API usage patterns of the method
fit (), in both the examples we can see that before calling method predict (X) to predict
the closest cluster each sample in X belongs to, one needs to call method fit () to compute
k-means clustering.

Most traditional test case generation tools often suffer from lack of the API knowledge,
due to which they tend to generate test cases with invalid input values or incorrect method
call sequences. For example, Figure 1.2a shows a test case developed by a search-based test
case generation approach for sklearn.cluster.KMeans. The variables generated are tend to
be in no accordance with the constraints of sklearn.cluster.KMeans(), e.g., the method
requires its first parameter to be a numerical value and it is also a required parameter,
but the generated test case passes a None, which makes the generated test case invalid. In
addition, before calling predict(X), one needs to call method £it() to compute k-means
clustering, otherwise the generated API scenario is incorrect. This nature of lack of API

knowledge leads existing test case generators produce many invalid test cases, since Python



import k_means as module_O

def test_case():
varO = None
varl = [var0]
var2 = ’m!"%SL2@D’
var3 = None
var4d = ’69qRGnw"e=’
varb = "k=ft\n<’?7GS\xOc|iD""
var6 = ’cYx\xOb< _RI5R’
var7 = ’\x0bD’
var8 = var2, varb, var6, var7
var9 = moduleO.KMeans(var3,n_init=var3,

max_iter=var0O,n_jobs=var4,algorithm=var8)

varl0 = moduleO.predict(var3)
assert var9 is not None

(a) Test case generated by PyEvosuite.

import k_means as module_O
import _split as module_1

def test_case():
int_0 = 19
var_0 = module_0.KMeans(int_0)
float_0 = 1.6484
int_2 = 69672
float_1 = 83.14
int_3 = 5568
list_0 = [[float_0,int_2], [float_1,int_3]]
var_1 = module_1.train_test_split(list_0)
var_2 = var_0.fit(list_0)
var_3 = var_0.predict(list_0)
assert var_3 is not None

(b) Test case generated by MUTester.

Figure 1.2: Test cases generated by PyEvosuite and MUTester.

is a dynamic programming language, such invalid tests could pass without throwing any

error, which potentially consumes the testing time yet without improving the coverage.

1.2 Objectives

To address the following limitations of existing test case generators,



e Generation of API calls with invalid inputs.

e Generation of incorrect API call sequences.

This thesis proposes MUTester to generate test cases for APIs of ML libraries by leveraging
the API constraints mined from API documents and API usage patterns mined from code
fragments in Stack Overflow. Figure 1.2b shows a test case generated by MUTester. We can
see that the API is fed with valid inputs, generated with the guidance of the mined API
constraints of KMeans. In addition, with the mined API usage patterns, the generated test
case also has valid method calls to other APIs, which makes the test case more practical,
thus achieving better code coverage.

We evaluate MUTester, in guiding two commonly-used automatic test case generation
tools, i.e., the search-based test generation tool Evosuite and random test generation tool
Randoop. We utilize the Python version of these tools (i.e., PyFEvosuite and PyRandoop)
implemented by the authors of Evosuite in [6]. To evaluate the performance of MUTester, we
first collect 2,889 APIs from five widely-used ML libraries (i.e., Scikit-learn [7], Pandas [8],
Numpy [9], Scipy [10], and PyTorch [11]) and for each API, we further extract its API
knowledge, i.e., API constraints and API usage patterns. Given an API, MUTester combines
its API knowledge and the existing test case generation method (e.g., search-based test
generation or random test generation) to generate test cases for the API. Results of our
experiment on the five ML libraries show that MUTester can significantly improve existing
test case generation methods, i.e., an average of 15% More code coverage and an average of

21% Less invalid tests. This thesis makes the following contributions:

e We proposes MUTester(Figure 1.3) to generate test cases for APIs of ML libraries by
leveraging the API knowledge mined from API documents and corresponding code

fragments in Stack Overflow.

e We develop a set of 18 Linguistic rules for mining the API constraints from the API
documentation, and we also leverage frequent itemset mining technique to mine API

usage patterns from code fragments in Stack Overflow.

4
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Figure 1.3: Overview of MUTester

e Our evaluation on five ML libraries shows the effectiveness of MUTester in improving

code coverage and reducing invalid test cases.

e We release the source code of MUTester and the dataset of our experiments to help

other researchers replicate and extend our study’.

Thttps://doi.org/10.5281/zenodo.6525669



1.3 Outline

The thesis is structured into 7 main chapters as follows:
In Chapter 2, we present and explain the background of our research.
Chapter 3, 4, and 5 describes the methodology of our approach and related works for
different components of the research.
Chapter 6 shows the experimental Setup and evaluation results for the research questions.
Finally, in Chapter 7, a summary of the significant results, conclusions, threats to validity

and future work.



Chapter 2

Background

In this Chapter, we will give an abstract knowledge about important concepts and tools used

throughout this thesis.

2.1 Data Mining

Data mining is the process involved in extraction of actionable knowledge from various
sources of data available in the real world [12]. It can enable visualisation, analysis and
exploration of large-scale datasets and hidden patterns in it. This broad research area of
knowledge discovery in databases has received much attention and attraction in the past
decade, due to wide availability of data sets, with higher volume and variety from almost all
parts of the life [13].

Data mining can be carried out in databases using various techniques from Natural Lan-
guage Processing [14] to Neural Networks [15, 16], and various algorithms from classification
algorithms [17] to prediction algorithms [18]. Data mining is widely applied and effectively
used in areas of education [19, 20], healthcare [21, 22|, agriculture [23] and much more.

We use natural language processing, source code analysis, frequent itemset mining, and
other data mining techniques in this research to obtain API knowledge from the data sources
of API documents and stack overflow, which will, in turn, be used to generate guided test

cases.



2.2 Unit Test cases

Unit test cases are executable code modules, which are developed manually or through
automation [24] to test and validate individual units or components of a project such as
certain class or method, in a whole software project [25]. Unit test cases can be helpful to
test and validate the working of a piece of code in various conditions including borderline
inputs, environments, and many other variables. This process can be helpful in finding and
isolating bugs if there are any in the source code [26]. These test cases are more than often
written by developers or testers to evaluate a specific piece of code, under test. Efficient unit
tests can help developers to identify any bugs or faults in the code, which in turn paves way
for a reliable software system.

In this thesis, as a major contribution, we propose an automated test generation tool
MUTester, which can generate unit test cases for the source code modules of machine learning

related APIs, by leveraging API knowledge.

2.3 Auto Test Generation

Automated test generators share a common process to generate test cases for a given API,
i.e., synthesizing method call sequences that involves this API (i.e., synthesizing usage sce-
nario) and generating inputs for parameters of each method in the call sequences [27] (i.e.,
synthesizing inputs). Note that, generating a strong oracle for a generated test requires
a deep understanding of the logic of the test. Thus, most of the existing test generators
ignore this step and check whether the generated test crashes or not. Although there exist
many techniques for automatic test generation, this thesis focuses on two types of widely-
adopted and scalable approaches for test case generation, i.e., random test generation and

search-based test generation.



2.3.1 Random Test Generation

Random testing is a basic and scalable approach for test generation [28], which generates test
cases by creating the invocation of functions with random inputs. Guided random testing is
a refined approach that starts with random input data, then uses extra knowledge to guide
input data generation. One typical example of random testing is feedback-directed random
testing, i.e., Randoop [2, 3], which improves the random test generation by analysing the
feedback collected from the previously generated test cases to avoid illegal input data. It
starts by generating a random input data, then uses the feedback knowledge to develop input
generation. FEach of the generated test cases is executed immediately, to derive feedback and

generate new ones.

2.3.2 Search-based Test Generation

Search-based test generation employs a genetic algorithm, that uses evolutionary operators
like crossover, mutation, and selection to iteratively improve the candidate solutions for
optimization of the fitness function. Fitness function in the search-based unit test generation
often comprise code coverage of the generated test cases. Evosuite [1] is one of the typical
search-based unit test generation tool. The working of EvoSuite across different types of
software systems are researched and analysed by various empirical studies[29-33].

Note that, most of the existing test generation approaches, i.e., Evosuite [1] and Ran-
doop [2, 3], are designed for object-oriented programming language such as Java and cannot
be directly applied to the studied Python-based machine learning libraries.

In this work, we use the Python version search-based test generator (denoted as PyEvo-
suite) and random test generator (denoted as PyRandoop) implemented by the authors

of Evosuite in [6] as our experiment subjects.



2.4 Machine Learning Libraries

Machine Learning, a subset of Artificial Intelligence, is used to enable a system to learn and
solve the problem at hand by taking informed decisions based on the data from the past
experience [34]. The process of machine learning, include the phases of data understanding,
data preparation, modeling, evaluation phase, and deployment [35]. Each of these phases
will involve the usage of various techniques and complex algorithms to achieve the desired
goal. To facilitate the implementation of such techniques and algorithms by developers of
different expertise, machine learning libraries are created and maintained in open source by
organisations [36] and groups of developers [37].

Machine learning libraries provide implementation for various machine learning algorithms
from linear regression [38] to convolutional neural network [39]. These implementations of
machine learning libraries can facilitate developers to use complex algorithms, by invoking
the respective API. Machine learning related libraries can also provide the implementation
of algorithms, for different phases of the machine learning process: Pandas [40] and Numpy
provide APIs for preprocessing and data visualization which are used in the phases of data

understanding and data preparation [41].

2.5 API Knowledge

Modern software systems are often used and implemented in form of application program-
ming interfaces(APIs) [42, 43]. These APIs help the developers use numerous functionalities
of a software system by just invoking a single line of code function. To effectively use an
API, understanding the nature and and working of the API is vital. Thayer et al. [44] in
their detailed account of the theory of API knowledge, classified the types of knowledge into

three types:

10



e Domain concepts: An abstract notion of what a particular API is designed to do,
with its overall purpose. Since our test oracle concentrates on testing the proper func-
tioning of an API code without crashing, rather than verifying the right implementation
of its purpose, our tool is indifferent to the functions or correctness of the output, of

the APIs under the test.

e Execution concepts: These facts or rules are constraints that should be followed
while using an API. Implementing APIs without following such rules can result in
incorrect functioning of the API or in some cases the program can even crash. This
knowledge about the API includes parameter information, return type details, informa-
tion about exception handling and others. The knowledge about the API constraints
can be available in various sources like tutorials, documentations, code examples, code
comments [45-52]. Our thesis proposes an NLP approach to extract API constraints

required for test case generation from the API documents (Section 3).

e API Usage Patterns: These patterns are sequence or structure in which a certain
API can be implemented along with other APIs, to achieve a specific goal. This
knowledge is very useful in terms of test generation, as it can drive the tools to generate
test cases with right API call sequence and check for their implementation. API related
code fragments from several sources [53] like Stack overflow Question and answers,
Github projects, example code in API documents can provide us with such knowledge
about the API under consideration. In our proposed tool we extract API usage patterns

from Stack overflow database and use them to generate test cases for machine learning

related APIs.

For generating efficient test cases that can attain higher code coverage than that of the
ones generated by existing test generation tools, MUTester mine and use API knowledge of

API constraints (Execution concepts) and API usage patterns.

11



2.6 Frequent Item-set mining

Frequent Item-set mining is one of the important tasks in Data Science [54], used for finding
regularities between items or variables. This type of data mining can greatly help in data
analysis and decision-making process by uncovering hidden patterns in a transaction related
dataset [55].

Let a transaction dataset with n distinct items is denoted by a non empty set [ =
i1,i2,13, ...,in. Any transactional itemset with k items in it, is denoted by X = (i1,142,143, ..., ik)
with a specific transaction identifier (TID). The frequency of an itemset X can be described
as the probability of k items in the set X occurring together in a transaction 7', provided
X is a subset of dataset I. The set X can be termed as a frequent item set, if its frequency
support is greater than the user-specified threshold [56]. The support of item i in set I can

be defined as:
Frequency(t)

Support(i) =
pport(i) #Transactions

To enable API usage pattern guided call sequence generation in our proposed tool MUTester,
we perform frequent item-set mining on API usage patterns mined from stack overflow code

fragments.

2.7 Apriori Algorithm

Apriori is one of the simple and effective algorithm that can generate association rules by
mining frequent itemsets [57]. It discovers the frequency of itemsets with k elements in each of
its iterations by increasing the value of k by 1. It also eliminates itemsets that have support
lesser than the user-defined threshold, for reducing the search space with each iteration.
Apriori algorithm will involve searching the entire dataset, for calculating the frequency of
each itemset, till no more frequent itemset is possible with the specified support threshold.
In spite of reducing the search space with simple operations, the algorithm can provide

good performance than other complex algorithms [58, 59] like FP-Growth [60], Equivalence

12



Class Transformation [61], Tree Projection algorithm [62], COFI algorithm [63] and TM
algorithm [64].
Considering our requirements and the size of our dataset from stack overflow, we used the

apriori algorithm for performing frequent item-set mining on API usage patterns.

13



Chapter 3

API Constraints Mining from API
Documentation

3.1 Introduction

To help the end-users take full advantage of the APIs, the API documentation often provide
publicly available information about the usage of each API [65] with the input formats and
example code snippets, and etc. This information can be helpful for generating test cases
with API input constraints and facilitating the generation of valid inputs.

However, manually analysing API documents and extracting constraints of APIs is time
and effort consuming, For example, extracting parametric constraints of 1246 APIs in Scikit-
Learn, will involve in inspecting 4980 Parametric lines, along with 346 Code examples.
To tackle this challenge, we propose a semi-automated approach to collect following API

constraints from the API documents:

e Data Structure (Array/List/Matrix/...)

Data Type (Integer/String/...)

Default Value of the parameter

Shape (Dimension of the structure)

Size (Range/Bounds of the data structure)

14



fit (X, y=None, sample_weight=None)

\—> Default Value

» Optional parameter

» Required parameter

» API Name

Figure 3.1: Header line of method fit from sklearn.cluster.KMeans

Parameters: X : {array-like, sparse matrix} of shape (n_samples, n_features)
Training instances to cluster. It must be noted that the data will be
converted to C ordering, which will cause a memory copy if the given data
is not C-contiguous. If a sparse matrix is passed, a copy will be made if it's

not in CSR format.

y : Ignored
Not used, present here for APl consistency by convention.

sample_weight : array-like of shape (n_samples,), default=None
The weights for each observation in X. If None, all observations are

assigned equal weight.

Figure 3.2: Parametric page of method fit from sklearn.cluster.KMeans

Given an API, we collect its API constraints from the following three sources.

3.1.1 Header line

The definition line for a class or a function, which shows the name of the class/function, and
all the required and optional parameters. The header line also includes the default values
for the optional parameters. For example, Figure 3.1 shows the header line of API fit from

sklearn.cluster.KMeans.

15



from sklearn.cluster import KMeans
import numpy as np
X = np.array([[1, 2], [1, 41, [1, O],
(10, 21, [10, 4], [10, 01D)
kmeans = KMeans(n_clusters=2, random_state=0).fit(X)
kmeans.predict([[0, 0], [12, 3]])

Figure 3.3: Example code of sklearn.cluster.KMeans.

3.1.2 Parametric Line

The natural language sentences that describe the usage of a parameter with information
about its data type, data range, fixed values, size and shape details in cases of arrays, matrix,
list, and others. These sentences are normally given for each parameter of an API. For
example, Figure 3.2 shows the parametric page of API fit from sklearn.cluster.KMeans,

from which we can infer that the parameter X is an array.

3.1.3 Example code

The examples provided by a ML library that contain the usage of some APIs with concrete
inputs. For each example code, we extract the concrete inputs and input types of data
structures indicated in the parameter pages of the involved APIs. For example, Figure 3.3
shows the example code of sklearn.cluster.KMeans. To extract these data from the API

documents, I designed a web scrapping tool using python based HTML parser [66].

16



3.2 Approach

3.2.1 Mining Header Line

As the format of the header line is in a structured format, we developed a regular expression-

based string analyzer to mine and extract the following information from the header line,

API Name: Name of the module

Required Parameters: These parameters are the ones in the header line without default

values. An API cannot be used without passing these required parameters.

Optional Parameters: The parameters in header line with default values.

Default Values: The values, an API assumes, if the parameter is not passed

For example, given the header line of method fit showed in Figure 3.1, our tool first
identifies the API name is ‘fit’ and it has three parameters, i.e., ‘X, ‘y’, and ‘sample_weight’.
In addition, ‘X‘ is a required parameter as there is no default value for it in the header line.
Both ‘y’ and ‘sample_weight’ are optional and the default values are ‘None’.

It is also important to note that, as the header line reflects the source code, the information
it contains are set to be final in case of mismatch in information between the header and

parametric line.

3.2.2 Mining Parametric Page

Typically a Python API has one natural language described parametric sentence for each
of its parameters in ML libraries to help users. We observe that, these natural language
descriptions of parameters are of various formats and styles, which brings challenges for
automatically extracting the parameter related information. Nevertheless, we also find that
they would share similar linguistic patterns when mentioning the data type, data structure,

etc, which motivated us in designing linguistic rules for the automatic extraction.
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Table 3.1: API constraints extracted for API fit from sklearn.cluster.KMeans (Opt
indicates whether the parameter is optional).

Parameter | Structure | Data Type | Default Value | Size | Shape | Opt
X Array Integer N/A 2D | (n,n)
y Undefined | Undefined None N/A| N/A
sample_weight Array float None N/A n

To understand and design linguistic rules from the parametric pages, we conducted a
manual analysis on documents of 100 randomly selected APIs from each of the ML libraries,
i.e., Numpy, Pandas,Sickit-Learn,Scipy and Pytorch. In total 500 APIs were analyzed.

For our analysis, we first extracted all the parametric pages from the API documents of
the studied 500 APIs, then we applied a pre-processing to remove noise tokens, e.g., white
spaces and special characters [67].

After that, We worked to summarize possible regular expression-based linguistic patterns
for each parameter and derive an initial list of rules for mining constraints for the parameter.
Then we discussed the categorization results and merged similar ones, as a result of this
process, 18 Rules are finalized to be used for mining parametric lines. These parametric
rules are listed out with their examples in Table 3.2.

For example, rule No.1 in Table 3.2, a common pattern that appears in the parametric
pages of the studied MLL API documents, can be used to extract two types of API constraints
from the matched example “int default=07, i.e., the data type and the default value of the

parameter, “int” and “0” respectively.

3.2.3 Mining Example Code

To mine the example code, we build a heuristic-based static analyser to extract all the
concrete input values of involved ML APIs from the example code, this help us to precisely
infer properties of the API’s input constraints, e.g., the concrete shape of the input data
structure and the type of elements required in the input data structure. Note that not all

the APIs have an example code snippet maintained by ML libraries, for these APIs that do
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Table 3.2: Linguistic rules for mining constraints from parametric pages of APIs.

No Constraint Type Linguistic Rules Examples

1 Data type, Default Value <D_type> default=<value> int default=0

2 Data type <D_type> or <D_type> int or float

3 Structure, Shape, Default Value <Structure> of shape <(shape)>, default=<value> array-like of shape (n_samples,n_features), default=None
4 Structure, Shape, Default Value <Structure_Enum> of shape <(shape)>, default=<value> {array-like, sparse matrix} of shape (n_samples, n_features), default=None
5 Structure, Shape <Structure> of shape <(shape)> or <(shape)> array-like of shape (n_samples,n_features) or (n_samples,)
6 Structure, Data Type <D_type>/<structure> params: dict

7 Structure {Structure_Enum} {list, tuple, set}

8  Values, Default Value {Values_Enum} default=<value> {‘text’, ‘diagram’}, default=None

9  Values {Values_Enum} {‘text’, ‘diagram’}

10  Size, Structure <Size>length of {Structure_Enum} 2-length sequence (tuple, list, ...)

11  Dimension, Structure <Dimension> d <structure> 2d Array

12 Deafult Value, Values <value>(def), <value>, .... or <value> ‘backward’ (default), ‘forward’, or ‘nearest’

13 Structure, Data Type <Structure> of <D_type> tuple of ints

14 Values <value> or <value> None or “sequence”

15 Data Type, Optionality <D_type>, optional (int,optional)

16 Structure, Optionality <Structure>, optional (array-like,optional)

17 Data Type, Values <D_type> or <value> int or “all”

18 Data Type, Values, Default Value <D_type> or <value>default=<value> int or “all”, default=10

not have corresponding example code snippets, we reuse the proprieties of inputs from other
APIs that share the same parameter pages. Given the example code showed in Figure 3.3,
from the parametric page, we only know that the parameter X is an array, yet from this
example code, we can further infer that it should be a 2-D integer array, which can facilitate
inputs synthesizing with precise data information during test generation.

Table 3.1 shows the constraints mined for method fit of sklearn. cluster.KMeans, in
which we can find the constraints for each of its three parameters. For example, parameter
X is a required parameter and requires a 2D integer array. Once all the input constraints are

mined, they will be used to generate test case for ML APIs.
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3.3 Related Work

API documents and Stack Overflow are two important sources for API knowledge mining [68].
There are many existing studies that analyze API usage scenarios and extract useful patterns
from API documents for specific tasks, e.g., API usage mining [69], API misuse detection [70],
API constraints mining for fuzzing testing [71, 72], cloud API testing[73].

Maalej et al. [43] composed a study on knowledge organization in the reference documen-
tation of APIs, in the platforms of Java SDK 6 and .NET 4.0. They discovered patterns
of knowledge in API documentation using grounded methods and independent empirical
validation conducted seventeen trained developers. This is more of an manual approach to
present the taxonomy and knowledge patterns in API reference documentation. Li et al. [74]
used NLP methods to discover API caveat sentences from API documentation and map
them to entities in the API knowledge graph. To evaluate the approach, the authors build
an API caveat knowledge graph on top of API documentation from Android applications.
Maalej and Robillard [43] analyzed the subtle knowledge in API reference documentation to
understand its structure and nature by mining many APIs in two well-known programming
languages namely JAVA and C#. The authors used 17 Developers that are fully trained and
used the created taxonomy to rate 5,574 Documents that are sampled randomly to evaluate
the inherent knowledge that exists in them. The obtained results provide a set of patterns in
API documentation such that this knowledge can be used to assist practitioners in asses the
content of their API documentation. Zhong et al. [75] proposed a tool Doc2Spec, that can
extract resource specifications from Javadocs using Natural Language processing techniques.
These specifications were used to find bugs in open-source software that uses the APIs in
their code. Zhai et al. [76] developed a text analysing engine using the Natural Language
processing concepts of Parts-Of-Speech tagging and a tree transformer to extract informa-
tion about APIs in JavaDoc. They used this data mining process to develop models for Java
API functions. By this technique, they generated models for 326 Functions in 14 Java-based

classes. This technique was developed towards mining API constraints only for Java-based
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API functions through JavDocs. Dekel and Herbsleb [77] devised an Eclipse IDE plugin,
for highlighting the sentences with API specifications from their respective API documents.
It does not involve an automated extraction of API constraints, but needs human interven-
tion in figuring out them, from the highlighted sentences. Pandita et al. [78] developed an
approach to generate code contracts from the API documentation and domain dictionaries.
They use POS tagging, semantic patterns, and other text analysis techniques to mine in-
formation needed for generating code contracts. Xie et al. [71] leveraged sequential pattern
mining to generate rules for extracting deep learning specific constraints from API docu-
ments and uses these constraints to guide the fuzzing testing of deep learning frameworks.
Subramanian et al. [79] proposed a technique to link API documentation to source code
snippets in Q&A forum posts. They proposed a technique namely Baker which is capable
of matching traditional API documentation with up-to-date source code examples with 97%
Accuracy.

The main difference between the previous works and our study is two-fold, 1) we mine API
knowledge from two different sources, i.e., API documents and Stack Overflow while they
mine API constrains only from API documents. 2) we leverage the mined API knowledge

to improve test case generation on python based Machine Learning related libraries.
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Chapter 4

API Usage Patterns Mining from SO

4.1 Introduction

The common usage patterns of APIs can provide important clues for achieving a pro-
gramming task and facilitating generating valid test cases [80, 81]. Most of the existing
test case generation techniques [1, 28] randomly generate API call sequences to synthe-
size test cases, yet machine learning APIs are often used with specific order for differ-
ent machine learning tasks. For example, given the two method fit() and predict(X)
ofsklearn.cluster.KMeans in Scikit-Learn library, before calling predict(X) method to
predict the closest cluster each sample in X belongs to, one needs to call method fit()
to compute k-means clustering. Such API usage patterns can be used to help test case
generation with valid API call sequences and improve the coverage of the generated tests.
To generate valid APT call sequences for ML libraries, following existing studies [82, 83],
we use a frequent itemset mining based technique to mine API usage patterns from Stack
Overflow code examples, which consists of two steps, i.e., API usage collection (Section 4.2.1)

and API pattern mining (Section 4.2.2).
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Figure 4.1: Overview of API Usage Pattern Mining from Stack Overflow

4.2 Approach

4.2.1 API Usage Collection

We follow existing work [83] to extract programming questions and their accepted answers
from Stack Overflow using the data explorer provided by Stack Exchange [84]. We select
questions with the name of the five ML library as Stack Overflow question tags to retrieve
questions and only questions having accepted answers remain. We develop a heuristic-based
APIs extraction method from the code fragments of accepted answers. To obtain the APIs
used in all the code fragments of accepted answers, we designed static code analyser which
can analyse a given code snippet and return a set of function call statements from the code
snippets. These functions may include both APIs and user defined function. To eliminate
user defined functions, we analysed Whether each function in the usage sets are APIs of ML
libraries or not, by comparing the function names with the API names we extracted from the
documentation of the ML related libraries scikit-learn, Pandas, Numpy, Scipy and Pytorch.

Note that, If a question contains multiple APIs, we concatenate all APIs into a list of APIs.

23



We only select answers that contain at least two APIs for mining possible API usage patterns.
As a result, we collected a total of 89,969 Question-API pairs, which involve 1,638 Unique
APIs from the five studied ML libraries. After this, using the above said methodology we
obtain the API usage dataset, which contains a set of API call sequences with each element
being a list of APIs from the same code snippet. An abstract visualization of the API usage

pattern mining from stack overflow is presented in the Figure 4.1

4.2.2 Mining API Usage Patterns

With the collected ML: API usage dataset, we further mine the API usage patterns reflecting
the co-occurrence relations of the APIs. We utilize the association rule mining technique on
the API call sequences collected from the answers of ML programming tasks. Specifically,
we use the Apriori Algorithm [57] to create a set of API association rules (i.e., API usage
patterns) from the ML API usage dataset. We utilize the API call sequence from the answer
of each SO post as input to the Apriori algorithm for rule mining. Apriori generates a pattern
hypothesis by randomly selecting two or more APIs as the base itemset A and then randomly
selecting one or more APIs as the extension itemset B. It further calculates the confidence
and support of the pattern hypothesis {A = B} and compares it to the confidence and
support threshold specified by the user. Apriori accepts an association rule if the confidence
and support of the rule are higher than the threshold values specified [57]. Specifically,
support indicates the frequency of an API association rule with respect to the entire dataset.
Confidence indicates the percentage of one or more extended API(s) (e.g., item set B) found
to be true given a base rule (e.g., item set A).

In our experiment, we set support and confidence to 2 (e.g., the minimum support value
in Apriori) and 50% to potentially recall more API usage patterns. After that we rank
the patterns of each API based on their confidence values. These patterns will be further
used in MUTester to help generate valid API call sequences. Note that, one can use small
confidence values, i.e., smaller than 50%, to initialize the pattern generation process, while

in our study, we find that a small confidence value does not change test cases generated by
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MUTester given a reasonable time budge, i.e., 5 minutes for each API (as the top patterns
are the same), while running Apriori with a small confidence value requires much more extra
time. After this step, we output a list of API usage patterns descending ranked by the
confidence values for guiding the test generation. List of such usage patterns mined for API

sklearn.linear_model. SGDClassifier is given in table 4.1 as an example.

Table 4.1: Frequently used API usage patterns for sklearn.linear model.SGDClassifier.

No API Usage Pattern Confidence
1 {SGDClassifier, fit} 34.28%
2 | {SGDClassifier, fit, predict_proba} 30.00%
3 {SGDClassifier, partial fit} 17.24%
4 {SGDClassifier, predict_proba} 13.79%
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4.3 Related Work

The automated mining of crowd-sourced knowledge from SO has generated considerable
attention in recent years [68, 83, 85, 86]. Uddin et al. [83] mined API documentation from
stack overflow using automated techniques to analyse API usage scenarios. Huanget et al. [86]
mined and used code fragments from stack overflow to recommend APIs to developer. They
developed their recommendation system by analysing the probability of using one API with
other.

Zhang et al. [69] developed an API usage mining framework equipped with a tool called
MAPO (Mining API usage Pattern from Open-source repositories) for automatic mining
of API usage patterns. Based on programs’ requests, MAPO recommends the mined API
usage patterns and their associated code snippets. The experimental results indicate that
MAPO is effective at assisting programmers in programming tasks. Another interesting
work is conducted by Nielebock et al. [70] mined API usage patterns to detect misuses in
JAVA API used in open-source projects. Zhong et al. [87] conducted an empirical study
to address a set of questions in API usage patterns. For instance, what are the common
formats that define API usage scenarios and how to use a different types of APIs and etc.
Uddin et al. [83] mined API documentation from stack overflow using automated techniques
to analyse API usage scenarios. To this end, they proposed a novel framework in which it
automatically links source code snippets in a forum post to an API in the textual contents
of the same forum post. The framework subsequently provides a summary of the natural
language text, in the forum post. Kavaler et al. [88] simultaneously analyzed data from both
SO and Android marketplace to understand developer’s intent, what programmers want to
know and why. The motivation behind their study was, that developers have hard time
understanding what they want from Q&A forums, which further motivated the authors to
characterise the obstacles the developers have when using Q&A forums. Treude et al. [68]

proposed an approach to augment API documentation with API knowledge mined from stack
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overflow. Huang et al. [86] mined the APT usage from SO to help recommend APIs for new

queries posted in SO.
Different from these studies, in this work we perform frequent item-set mining on API
usage patterns extracted from stack overflow, to enable our test generation tool MUTester

to generate valid API call sequence in the test cases.
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Chapter 5

API Knowledge (GGuided Test
Generation

5.1 Introduction

After we extract the two types of API knowledge, i.e., API constraints (Section 3.2) and API
usage patterns (Section 4.1), MUTester further leverages them to guide the test generation
of existing approaches for ML libraries. Given a module from a ML library, existing test
generators share a common workflow to generate tests which contains two major steps, i.e.,
method call sequence synthesizing, input synthesizing for these invoked methods. In this
thesis, we use the mined API knowledge to guide these two steps with a target of generating
more useful and valid tests given the same resource budget. Specifically, we leverage API
usage patterns to narrow the search space for call sequence generation (see Section 5.2.1) and

use APT constraints to help solve the type information for input generation (see Section 5.2.2).

5.2 Approach

5.2.1 API Usage Patterns Guided Call Sequence Generation

Given a module from a ML library, existing test generators (i.e., PyEvosuite and PyRan-
doop) first parse the module and extract information about available methods in the mod-
ule and its imports. The method call sequence construction often starts from creating the

constructor of the module, during the execution, all the involved objects, methods, data,
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statements, etc., will be stored for further use. After that under a specific criterion (e.g.,
PyEvosuite targets at maximizing code coverage when choosing the next methods), differ-
ent methods will be added into the call sequence. Such process end when stopping conditions
are triggered (e.g., time limitation, code coverage satisfied, maximum statements executed).

Current test generators do not consider the real-world API usage scenarios when con-
structing the method call sequence, thus can generate tests with incorrect API usages as
shown in Figure 1.2a, i.e., before calling predict (X), one needs to call method £it (), when
using a K-Means algorithm provided by sklearn.cluster.KMeans. To solve this issue,
MUTester leverages API usage patterns to guide the method call construction. Specifically,
for a under expanding method call sequence M, MUTester will first iterate the available can-
didate method set and check whether a pattern can be matched based on M, if not, move
to the longest sequential sub-sequence methods of M to check the usage patterns for the re-
maining methods and recursively. If multiple candidate methods can be matched, MUTester
selects the one that has larger confidence and appends it to M. If no candidate method can
be matched, MUTester uses the criterion of the adopted test generator to select the next

method to be appended to M. Details are shown in Algorithm 1.

5.2.2 API Constraints Guided Input Generation

When a method is determined to be added into the method call sequence, a test generator
needs to generate inputs for the method. Current generators such as PyEvosuite and
PyRandoop mainly leverage the objects, data, and variables collected from last execution
to initialize the parameters of the method and randomly guess the type information and
inputs for parameters that are not available from the last executions, while ML. APIs often
require more complex and library specific structures like numpy.array, tuple, Date& time,
tensor, etc., which often cannot be obtained from existing executions.

MUTester solves this issue by leveraging the API constraints mined from API documents.
Specifically, given a parameter p from a method m, MUTester first obtains its basic type

information regarding the data structure, the shape/size of data structure, data type, default
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Algorithm 1 API usage guided call sequence construction

Require:
Call sequence under expanding M
The available candidate method set C'
API pattern set P
Ensure:
Next method to be appended to M
initialize a priority method set M, iority
initialize a backup method set Mpuckup
for each candidate method ¢ in C' do
while M .size() >1 do
if {M >= c} isin P then
put ¢ into Mpypiority
BREAK
end if
M = M.subList(1;)
end while
if ¢ is not in My, iority then
put ¢ into Miackup
end if
. end for
: sort Mppiority by confidence of patterns in P
i sort Mpgerup by the criterion in test generator
o if Mpiority is not empty then
return top element in Mp,iopity
. else

return top element in Myucpup
. end if

[ I T e e e e e =

value, etc., mined from m’s header line, parameter page, and example as illustrated in
Section 3.2. MUTester then searches the last executions to see whether there exists matched
inputs, if cannot find matches, MUTester further randomly generates inputs by following the
constraints. Note that, as shown in Section 3.2.3, some of the concrete data type information
of a specific data structure used in a method can only be inferred if the method appears
in an example code, however not all APIs have a corresponding code example, following
the existing test generators (e.g., PyEvosuite and PyRandoop), we randomly guess a

primitive data type for them.
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5.3 Related Work

To help developers generate tests, many automatic approaches have been proposed [1, 2, 89—
92]. JCrasher [90] is one of the first random based test generator, which creates Java-based
method call sequences that throw certain exceptions.

Similarly, Ecalt [89] and Randoop [2] employed the idea of random search to generate
tests that can expose more faults. The major limitation of random testing is that it has
no guidance about testing which results in low code coverage. Lagouvardos Et al. [93] de-
veloped a static analysis tool Pythia, which can track the tensor shape mismatch, in API
implementation and application programs. This method of tracking the shape of tensors
was able to find bugs related to shape mismatch in APIs of deep learning libraries. But this
approach is only limited to checking the shape constraint of the API parameters. Wang et
al. [81] analyzed the effectiveness of unit test generation techniques on machine learning
libraries via conducting an empirical study on five well-known and actively used machine
learning libraries using two famous automatic unit text case generation tools including Evo-
suite and Randoop. To mine constraints from API XML specifications and use them for
test generation, Wang et al.[73] designed a structural and conditional analysis-based API
Analyzer. Using the mined constraints, they also generated test cases to deploy in the cloud
environment using the combinatorial data generation [94], heuristic graph search [95] and
optimization algorithms. Their implementation is limited to cloud-based APIs and cloud
environment. Machine learning libraries have their own constraints for API usage, which
require test case generation techniques to be adaptable. Existing fuzzers are not able to
deal with machine learning constraints. Hence, Xie et al. [96] proposed a novel document
guided fuzzing technique namely D2C for API functions of DL libraries. To augment ran-
dom testing, numerous approaches have been proposed including search-based algorithms
and symbolic execution [1, 97, 98]. eToc [99] first employed genetic algorithms to test primi-
tive data types and strings by generating test data. Along this line, Fraser et al. [1] proposed

EvoSuite, which uses a genetic algorithm for automatic test case generation. The objective
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function is maximizing code coverage based on a set of pre-defined criteria, e.g. covering all
branches or statements, using evolutionary algorithms.

Kang et al. [100] presented an improved algorithm of grey-box based fuzzer ADFL,
which is guided by code coverage. It was able to attain higher branch coverage than its
predecessor AFL [101]. This fuzzer tool was checked on deeply nested programs, to evaluate
its performance in attaining maximum branch code coverage. DocTer [72], a black box
fuzzing-based test generation tool is developed to generate tests for Deep learning libraries.
This tool can only generate test cases with random inputs based on fuzzing and does not
implement the traditional test generation algorithms of Randoop and Evosuite. Bohme et
al. [102] designed a directed grey-box fuzzer DGF as improvement to existing fuzzing-based
test generators, by efficiently targeting the program location. It was able to outperform
the traditional fuzzers, in projects like LibXML2. 17 [103]|, where security is critical. Its
performance on ML libraries is not experimented with to be analyzed. OSS-Fuzz [104] and
libFuzzer [105], are fuzzing based test generators that can be used to generate test cases for
opensource APIs [106], but they suffer from the limitation of lack of API knowledge. Due
to this they require manual input of API constraints to generate test cases.

Symbolic execution based test generation [107-110] is another approach to extending
random testing where a program is executed abstractly in such a way that all possible com-
binations of inputs to a program is covered by considering execution path in a source code.
However, symbolic execution-based approaches often suffer from a lack of scalability. The
performance of test case generation on general software systems has been already addressed
by existing experimental studies [81].

In this Thesis, we propose the first automatic unit tests generation for machine learn-
ing libraries, which uses API knowledge mined from API documents and stack overflow to

generate more valid and effective test cases.
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Chapter 6

Results and Analysis

6.1 Introduction

In order to summarize the performance of different components of our proposed test gener-
ation tool and the tool as its whole itself against existing baselines, we formulated following
research questions and answer them in this chapter accordingly, with analysis of appropriate

data.

RQ1: How effective are existing test generation techniques on ML Li-

braries?

RQ2: How accurate is the mined API knowledge for ML libraries?

RQ3: To what extent can the mined API knowledge improve existing test

generation for ML libraries?

RQ4: How effective are manually developed unit test cases of ML Libraries?

RQ5: Can test cases generated using API Knowledge reduce invalid tests

In this section we will discuss the results and conclusion arrived for each of the research

question in detail.
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Table 6.1: Experiment ML Libraries used in this paper.

ML Library | Description ‘ #APIs ‘ #Parameters | #SO posts | #Examples
Sickit-Learn | A library for classical machine learning algorithms. 1,210 4,980 8,735 346
Pandas A library for data manipulation and analysis. 393 1,421 19,851 108
Numpy A library for multi-dimensional matrix operations. 673 1,574 48,959 476
Scipy A library for fundamental algorithms. 328 1,258 8,263 310
PyTorch A deep learning library for computer vision and NLP. 285 833 4,161 174

6.1.1 Experiment Data

In this thesis, we use API documentation and modules from five commonly used ML-related
libraries, i.e., Scikit-learn, Pandas, Numpy, Scipy, and PyTorch throughout our analysis.
These ML libraries cover the current industrial machine learning practice and represent the
critical aspects of machine learning developments. For instance, PyTorch provides high-level
APIs to hide the low-level details of implementing deep learning applications. Scikit-Learn
and Scipy are machine learning libraries with hundreds of APIs to build various machine
learning models. Pandas and Numpy are two famous data analysis and visualization tools
focusing on working with arrays, data frames, and support APIs. For each of the ML
libraries, we extracted constraints of its APIs which have at least one parameter. Table 6.1
shows the details of each studied ML library regarding the number of APIs, the total number
of parameters of all the APIs, the number of SO posts, and the number of code examples in

the API documents of the ML library.

6.1.2 Evaluation Measure

Following existing studies [1, 30, 81], we utilize code coverage to evaluate the effectiveness
of MUTester in test case generation. Code coverage of test cases determines the percentage
of the code under the test has been executed and tested. Code coverage can be at different
levels, e.g., branch level, statement level, and method level. In this work, following the

existing test generators, i.e., PyEvosuite and PyRandoop [6], we measure the branch
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level code coverage with coverage.py'. We run both test generators and MUTester on a

2.90GHz i7-10700F desktop with 16GB of memory.

6.2 RQ1: Effectiveness of Existing Test Generators on
ML Libraries

6.2.1 Approach

To answer this RQ, we directly run the existing test generators, i.e., PyEvosuite and
PyRandoop, on the five studied ML libraries. To generate tests for each module from
the ML libraries, we used the default configurations and set the time limit to 5 minutes as
suggested by [6, 81]. With the generated test cases, we further run coverage.py to collect
the branch coverage on each module of each ML library. Note that, as both PyEvosuite
and PyRandoop can generate flaky tests or tests with syntax errors, we have removed all
these tests following [6, 81], i.e., we first run each test case and tests that throw SyntazError
will be filtered out, we then execute each non-syntax test five times, and removed flaky tests

from the executions.This process was repeated until all remaining tests passed five times.

6.2.2 Result

Table 6.2: Performance of PyRandoop and PyEvosuite on the studied ML libraries.

ML Library PyRandoop PyEvosuite
#Test | Coverage | #Test | Coverage

Scikit Learn | 1,573 43.52% 1,536 49.28%
Pandas 681 53.49% 713 57.73%
Numpy 992 36.50% 1,081 39.62%
Scipy D76 35.70% 519 41.83%
Pytorch 492 25.71% 558 27.80%
Average 862.8 37.87% | 881.4 43.52%

Thttps://coverage.readthedocs.io/en/6.3.2/#

35


https://coverage.readthedocs.io/en/6.3.2/##

Table 6.2 shows the results of code coverage analysis on test cases generated by PyEvo-
suite and PyRandoop on the modules across the five ML Libraries. For each ML library,
the table shows the number of generated tests and average code coverage achieved by the
test generator. The number of generated tests varies dramatically for different ML libraries,
this is mainly caused by the different API set sizes in these ML libraries. The average
code coverage of an ML library is calculated by calculating the arithmetic mean of cover-
age achieved by test cases generated for each API of that library. As we can see from the
table, overall the code coverage on these five ML libraries ranges from 25.71% (Pytorch) to
57.73% (Pandas) and PyEvosuite achieves higher code coverage on each ML library than
that of PyRandoop. On average, PyEvosuite achieves the coverage of 43.52% on the
five ML libraries while the average coverage of PyRandoop is 37.87%. We also conduct
the Wilcoxon signed-rank test (p < 0.05) to compare the performance of PyEvosuite and
PyRandoop. Results suggest that PyEvosuite achieves significantly better performance

than PyRandoop on these ML libraries regarding code coverage.

Table 6.3: Improvement in code coverage for each ML library by PyEvosuite, than that of
PyRandoop.

. Coverage Improvement
ML Library
by PyEvosuite

Scikit Learn 13.23%
Pandas 7.92%
Numpy 8.54%
Scipy 17.19%
Pytorch 8.12%

Table 6.3 further shows that in each ML library, PyEvosuite attains higher code coverage
than of PyRandoop, this improvement in code coverage ranges from 8.12% (Pytorch) to
17.19% (Scipy). In spite of producing less number of test cases for the libraries of Scikit Learn
and Scipy than of PyRandoop, PyEvosuite gives a clear improvement in code coverage.

This is consistent with the evaluation of general Python projects [6] as PyEvosuite treats
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test generation as an optimisation problem and applies evolutionary search algorithms to

maximize code coverage.

The generated test cases by PyRandoop and PyEvosuite on the five studied ML li-
braries can only achieve less than half (37.87% and 43.52% respectively) of the code
coverage.
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6.3 RQ2: Accuracy of Mined API Knowledge

6.3.1 Approach

Table 6.4: Statistics of API usage patterns and API constraints extracted for each ML
library.

ML Library | #API Usage Patterns #API Constraints
Structure | Datatype | Default | Shape | Size
Scikit Learn 341 713 3,490 3,167 649 504
Pandas 473 437 1,092 1,279 285 213
Numpy 1,859 840 698 1,162 492 276
Scipy 297 371 861 1,008 260 235
Pytorch 172 317 371 782 214 206
Overall 3,142 2,398 6,512 7,398 1,900 | 1,434

To answer this question, we first follow our API knowledge mining approaches proposed
in (Section 3.2) and Section 4.1 to mine API constraints (i.e., structure, data type, default
values, and shape/size of the structure) and API usage patterns from API documents and SO
posts respectively for all the APIs in the studied five machine learning libraries. The detailed
statistics of mined constraints are shown in Table 6.4. Overall, we extract more than 2.3K,
6.5k, 7.3k, 1.9k, and 1.4k constraints for data structure, data type, default values, the shape
of data structure, and size of data structure respectively. The number of API usage patterns
mined for different ML libraries varies( Figure 6.1), e.g., our approach mines 1.8k API usage
patterns for Numpy while only 172 patterns are mined for Pytorch. This is because Numpy
is a very popular library and there are more questions in SO than in any other four libraries,
thus it has more code fragments and more API usage patterns are inferred.

To evaluate the accuracy of these API constraints mined, we randomly selected 200 pa-
rameters from each of the five libraries, making up to a total of 1,000 API parameters. We
then manually check the header lines, parametric pages, and code examples to collect the

ground-truth API constraints. After that two of our authors will work together to manually
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Figure 6.1: API Usage Patterns Mined for each ML Libraries

verify the mined constraints against the ground truth in the API documents. Note that as we
mine the API usage patterns from the code fragments of accepted answers of SO questions,

we assume all the API usage patterns are correct.

6.3.2 Result

Table 6.5: Accuracy of mined constraints.

. Accuracy of Constraints
Library
Structure | Data Type | Shape | Size Default

Scikit-Learn | 91.72% 95.28% 100% 100% 90.75%
Pandas 89.57% 93.70% 100% 100% 94.50%
Numpy 86.19% 88.30% 84.32% | 84.32% | 86.38%
Scipy 80.40% 81.05% 79.36% | 100% 82.64%
Pytorch 90.33% 92.75% 87.14% | 87.14% | 97.27%

Table 6.5 shows the accuracy of mined constrains from each ML library. Overall, the
accuracy of constraint extraction is higher that 85% across different libraries. While the per-

formance on different library vary, e.g., the accuracy of ‘Shape’ related constraint extracted
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from Scikit-learn is 100% while on Scipy, the accuracy is only 79.36%, this could be caused
by the diversity of API document formats and also the quality of documents provided by
different libraries, for example most of Scipy’s parametric pages do not mention the default

values even if the corresponding parameters have default value settings.

The constraints mined from the studied ML libraries have high accuracy, which shows the
usefulness of our constraint extraction approaches to facilitate the follow-up guidance for
test generation.
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6.4 RQ3: Improvement of Test Generation with API
Knowledge

6.4.1 Approach

To evaluate the performance of MUTester in test generation for machine learning related
APIs, we first collect all the modules from each of the five ML libraries. Then we mined the
API constraints and API usage patterns, according to Section 3 and Section 4. Based on
this, we input the API modules and the corresponding API knowledge into our developed
tool MUTester for performing API knowledge-guided test generation. For each module, we
run MUTester for five minutes as we did in RQ1.

With the generated test cases, we further run coverage.py to measure the branch-level
code coverage for the API modules. As we did in RQ1, we also remove the generated flaky
tests or tests with syntax errors, i.e., we discard tests that throw SyntaxError and then we

execute each non-syntax test five times to remove potential flaky tests.

6.4.2 Result

Table 6.6: Code coverage results for test cases generated by MUTester and the improvement
to PyEvosuite and PyRandoop .

MUTESTER
ML Library Randoop Evosuite
#Tests | Coverage | Improvement | #Tests | Coverage | Improvement

Scikit Learn 1609 49.27% 13.21% 1588 62.59% 27.0%
Pandas 622 61.95% 15.87% 697 68.17% 18.0%
Numpy 1157 42.08% 15.28% 1143 56.23% 41.9%
Scipy 681 42.14% 18.03% 633 51.19% 22.5%
Pytorch 538 28.43% 10.57% 529 32.97% 18.6%

Table 6.6 shows the number of generated tests and the corresponding code coverage at-
tained by MUTester on the modules across the five ML Libraries. In this experiment we

show the performance of MUTester based on both PyEvosuite and PyRandoop. We have
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observed much improvement with MUTester when built on Evosuite than that of the Ran-
doop. Like RQ1, this again shows the superior performance of Evosuite than compared to
the performance of Randoop.

Overall, MUTester achieves better code coverage on each ML library compared to the
existing approaches of PyEvosuite and PyRandoop.The improvement in code coverage
ranges from 18.0% (Pandas) to 41.9% (Numpy) in the implementation of Evosuite. With
the implementation of Randoop, again MUTester shows improvement in code coverage
ranging from 10.57%(Pytorch) to 15.87%(Pandas). This result specifies that irrespective of
the test generation algorithm with which it is implemented, MUTester can improve the code
coverage with the help of mined API knowledge.

In addition, for four out of the five ML libraries, MUTester can cover more than half of
the code, showing its superiority in performance over the existing approaches. Our Wilcoxon
signed-rank test (p < 0.05) also suggests that MUTester can significantly outperform both

PyEvosuite and PyRandoop.

MUTester can significantly improve performance of test generation for ML libraries. The
improvement against existing test generators can be up to 41.9% (Numpy) in code cover-
age.
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6.5 RQ4: Performance of Manually developed test cases
and MUTester

6.5.1 Approach

To understand the performance of unit test cases developed by developers of the machine
learning libraries, combined with the test cases generated by MUTester, we first collect all
the unit test cases available in the five ML libraries and run coverage.py on each of the
test cases to calculate the code coverage achieved by the unit test cases. Then in order to
analyse the improvement in code coverage when the these test cases are combined with the
one generated by MUTester, we combine the code coverage files obtained from the Section 6.4
and the coverage files of unit test cases, to calculate the total branch coverage attained by

the test cases developed by MUTester and the manually developed test cases.

6.5.2 Results

Table 6.7: Coverage results for Unitest cases with MUTester.

. Unit test cases | Mutester(Evosuite)+Unit test cases
ML Library
Coverage Coverage Improvement

Scikit Learn 67.25% 69.97% 4.04%
Pandas 69.18% 72.69% 5.07%
Numpy 52.61% 60.28% 14.57%
Scipy 48.84% 57.04% 16.78%
Pytorch 58.47% 59.16% 1.18%

Table 6.7 projects the coverage results of Unit test cases in the machine learning reposito-
ries and the themselves combined with the test cases generated by Evosuite implementation
by our tool MUTester as it outperforms the implementation of Randoop. It is also impor-
tant to note that not all API modules in a repository is covered by the available unit test
case and one unit test can also be developed to test more than one API. overall the combined

code coverage out performs the code coverage by both the unit test cases and the test cases
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by MUTester. The improvement ranges from 1.18% to 16.78%. Note that the performance
of the unite test cases in the library depends on several factors including the developer skills
and maintenance of the software. So the coverage of these unit test case significantly differ
from each library, whereas the performance of the test cases developed by MUTester depends

on the availability of API knowledge

The combined coverage of test cases in ML libraries and test cases generated by MUTester
outperforms all the baselines, indicating that the generated test cases along with Unit test
cases can yield great result in terms of code coverage.
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6.6 RQ5: To What Extent Can MUTester Help Reduce
Invalid Tests?

6.6.1 Approach

We have noticed that both PyEvosuite and PyRandoop generate many invalid tests.
These invalid tests are neither flaky nor have syntax errors, yet they take incorrect inputs
which violate the parameter constraints and would not work as expected. For example, if
an API with parameter p only requires an integer variable, but the test case passes a string
variable, then we call it an invalid test. As Python is a dynamic programming language,
such tests could pass without throwing any errors, yet could not produce the anticipated
results. Since our proposed MUTester is designed as integrating the API knowledge with
existing test generators, it can potentially help reduce the invalid tests.

To explore to what extent, MUTester can help reduce these invalid tests generated by
existing generators, we first randomly collect 100 tests generated by PyEvosuite on these
five ML libraries as PyEvosuite performs better than PyRandoop, then we manually
check whether the generated tests are invalid. After that, for the verified invalid tests, we
regenerate them with MUTester and manually check whether MUTester can correct their

parameter issues.

6.6.2 Result

Table 6.8 shows the number of invalid tests generated by PyEvosuite and the number of
invalid tests that MUTester can help avoid. Overall, PyEvosuite generates around 60%
invalid tests across the five ML libraries. We can also observe that the number of invalid
tests on Numpy and Scipy is larger than on others. The possible reason is that both of
them provide APIs mainly related to fundamental algorithms, which require more complex
inputs. We can also see that with the help of MUTester, in total 62 out of the 292 Invalid
tests can be removed. MUTester fails to correct the left invalid tests mainly because of a

lack of detailed data type information which is mined from code examples, as for most of
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Table 6.8: Invalid tests generated by PyEvosuite and can be removed by MUTester.

ML Library | Invalid Tests | Removed by MUTester
Scikit Learn 43 9
Pandas 49 9
Numpy 73 14
Scipy 68 16
Pytorch 59 14
Overall 292 62

the APIs there is no example code provided in the ML libraries. In future work, we plan
to mine the code examples from other sources, e.g., Stack Overflow and GitHub, to retrieve

more useful knowledge for the parameter settings.

MUTester can help remove 21% (62 out of 292) Invalid tests generated by PyEvosuite
on the five ML libraries, which suggests the practice value of MUTester.
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Chapter 7

Conclusion

7.1 Summary

The main goal of this thesis was to develop an efficient python based automated test case
generation tool for Machine Learning Libraries which leverages API Knowledge mined from
API documents and Stack Overflow code fragments. As a result, we performed detailed
empirical analysis on existing test generation tools and test cases already present in the
Machine Learning Libraries. We used the results from our empirical study as our baseline
to compare and analyse the working of our test case generation tool MUTester

First, in Chapter 3, we proposed the first component of our test case generation tool which
involves in Mining parametric sentences, header lines and example code snippets from the
API documents of the API under test. We introduced and explained the process we use
to extract information from the API documents that are used for test generation. In this
chapter, we published 18 Parametric mining rules, which can be used to extract parametric
information of APIs from API documents.

Secondly, in Chapter 4, we proposed the next component of our tool. This chapter ex-
plains the mining of Frequently usage patterns from the code fragments in the answers of
Stack Overflow, an online Q&A forum.We give a detailed account on various techniques and
measures we follow to extract the frequent usage patterns.

Thirdly, in Chapter 5, we established how we use the data and information acquired

from previous chapters, to generate test cases that are guided with the knowledge of API
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documents and API Usage patterns. In this chapter we also published the algorithm, we
used to integrate the usage patterns to the API call sequence generation in generating test
cases.

Finally, in Chapter 6, we formulated and answered six research questions, with our ex-
tensive analysis and comparison of the metrics derived from the test cases generated by
MUTester and several other baselines. We also explained the nature and setup for the ex-

periments carried out to analyse the results .
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7.2 Threats to Validity

7.2.1 External Validity

Factors or threats affecting the generalizability of the MUTester and the research, to other

environments is discussed in the following

e As MUTester is developed to generate test cases for Python based APIs, at its current
capacity, it cannot generate tests for modules written in any other programming lan-
guage other than Python. But the approach of API knowledge guided test generation

can be extended to other languages in future works.

e Even though the approach of mining constraints from header lines and example code
in the API documents is generalizable across various API reference documents, the 18
Linguistic rules proposed to mine parametric lines may not be applied to other machine

learning related libraries with different API documenting styles.

e Our approach of API knowledge guided test generation for machine learning related
APIs have significant improvement in code coverage than traditional methods, but
the efficiency of this approach on traditional software systems with minimal or zero

documentation, is subject to evaluation.

e Guided test generation in MUTester is developed with the algorithms of Randoop and
Evosuite, It may not generate testcase along with other test generation algorithms like

MOSA [111].

7.2.2 Internal Validity

Threats to internal validity refers to the factors that can affect the assumptions and decisions

made in overall approach of our thesis.

e In this thesis, we use Evosuite and Randoop algorithms implemented by the authors of
Evosuite in [6] as our experiment subjects, so the correctness of their implementations

can affect the performance of MUTester.
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e The correctness of constraints acquired from mining API documents is based on the as-
sumption that, the API documents are properly written and maintained in accordance
with the source code of the API implementation. If there is some wrong information

about the APIs in the documents, our tool does not have the ability to identify them.

e [t cannot be guaranteed that all the code snippets mined from stack overflow correctly

represent the usage of the APIs, as they are constructed by independent developers.

e In experimentation, the time budget of five minutes allocated to the test generation is
based on the original implementation of PyRandoop and PyEvosuite. Changes in this

time budget can increase or decrease the code coverage attained on the source code of

the APIs.

7.2.3 Construct Validity

Threats to construct validity examines the shortcoming in measuring values used to evaluate

an approach.

e We use code coverage to assess the efficiency of generated test cases based on the
assumption that code coverage and test effectiveness has a correlation with each other.
There are other measures for this purpose such as mutation score, which we plan to

use to examine the effectiveness of tests in the future.

e The accuracy of constraints mining is calculated based on the ground truth developed

by us. So the ground truth can be prone to human errors.
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7.3 Future Work

The tools and techniques developed and the conclusions claimed by this thesis can be further
supported and extended in future works. I have listed some of the future works that can be

performed with the contributions of this thesis.

e Experimentation: The performance of the developed test generation tool, MUTester
can be further experimented with other machine learning libraries like Tensorflow [112],

Keras [113] and CNTK [36], to support and verify our claims.

e API constraint mining: MUTester can be extended to generate test cases for a wide
range of API-related libraries, by improving the natural language processing technique

used to mine constraints, from API documentation.

e API usage patterns: In our work, we mined the usage patterns only from the
stack overflow database. But in future works, to mine usage patterns, several other
data sources like machine learning related projects in Github [114] and Kaggel [115]

platforms can be considered to widen the dataset.

e Programming languages: Our proposed tool MUTester was developed to perform
only with Python-based modules. But the approach we proposed to leverage the mined
API knowledge for test generation, can be extended to other programming languages

also.

e Test generation algorithms: MUTester can be extended to perform with other test
generation algorithms like Many-Objective Sorting algorithm(MOSA) [111] and Many
Independent Objective(MIO) algorithm [116].
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7.4 Final Conclusion

This thesis proposes MUTester to generate test cases for APIs of ML libraries by leveraging
the API constraints mined from the corresponding API documentations and the API us-
age patterns mined from code fragments in Stack Overflow (SO). Given an API, MUTester
combines its API knowledge with existing test generators to generate test cases to test the
respective API. Results of our experiment on five widely-used machine learning libraries (i.e.,
Scikit-learn, Pandas, Numpy, Scipy, and PyTorch) show that MUTester can significantly im-
prove the corresponding test generation methods and the improvement in code coverage is
18.0% to 41.9% on average. In addition, it can also help reduce around 21% of invalid tests

generated by the existing test generators.
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