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Abstract

Ensuring the performance of software systems is a cornerstone of modern software en-
gineering, directly influencing user satisfaction and reliability. Despite its critical role,
performance testing remains resource-intensive and difficult to scale, particularly in large
projects, due to the complexity of microbenchmark creation and execution. Microbench-
marking frameworks like the Java Microbenchmark Harness (JMH) offer precise perfor-
mance insights but require significant expertise, limiting their adoption. This thesis ad-
dresses these challenges by introducing ju2jmh, a novel framework that automates the
transformation of JUnit tests into JMH microbenchmarks, bridging the gap between func-
tional and performance testing.

The contributions of this thesis are threefold. First, ju2jmh automates the generation
of high-quality JMH microbenchmarks from widely used JUnit test suites, enabling de-
velopers to adopt performance microbenchmarking with minimal manual effort. Results
demonstrate that the generated microbenchmarks exhibit stability comparable to manually
crafted ones and effectively detect real-world performance bugs. Second, the Performance
Mutation Testing (PMT) framework is developed to systematically evaluate the robust-
ness of microbenchmarks in detecting artificial performance bugs, achieving competitive
mutation scores. Third, a clustering approach is proposed to optimize the execution of mi-
crobenchmarks by grouping functionally similar tests based on code coverage information.
This strategy reduces execution time by 81.2% to 86.2% across three large-scale projects
while preserving accuracy and reliability.

Evaluated on three diverse open-source Java projects, the proposed solutions address
stability, detection capabilities, and scalability challenges in performance testing workflows.
The findings highlight the potential of ju2jmh and its associated methodologies to trans-
form performance microbenchmarking practices, providing developers with practical tools
to integrate reliable and efficient performance testing into modern software development
pipelines. These advancements pave the way for future research into extending automated
performance testing across different programming languages and development ecosystems.
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Chapter 1

Introduction

Performance is a critical non-functional requirement that directly impacts user experience
and system reliability. Metrics such as execution time, throughput, resource utilization, and
stability influence how users perceive software responsiveness and system efficiency [75, 18].
Performance testing enables developers to evaluate these attributes, providing insights into
potential bottlenecks and system behavior under various conditions. Early identification
of performance bottlenecks is essential to maintain software quality and meet user expec-
tations. However, traditional performance testing often relies on large-scale, long-running
system-level tests, which are resource-intensive, time-consuming, and difficult to integrate
into modern agile and continuous integration (CI) practices [37, 44]. These limitations
hinder the early detection of performance bugs, leaving critical issues undetected until
later stages of development. Various studies have attempted to address these challenges
by introducing optimizations in test execution [47, 39] or alternative performance testing
methodologies [69, 48]. However, significant gaps remain in balancing testing precision,
benchmark generation, and scalability.

To address these challenges, performance microbenchmarking frameworks, such as the
Java Microbenchmarking Harness (JMH), have gained traction as tools for evaluating per-
formance at a granular level, enabling precise measurement of isolated code segments, such
as individual methods or algorithms [16, 17]. Developers must invest considerable effort
in creating and maintaining benchmarks, which involves adhering to complex best prac-
tices to avoid inaccuracies and inefficiencies [18, 47]. Furthermore, JMH benchmarks can
become resource-intensive at scale, making them challenging to integrate into continuous
integration (CI) pipelines and modern agile workflows [43]. These challenges highlight the
need for automated tools and optimized methodologies to reduce the costs and complexities
associated with adopting JMH in large-scale software projects.
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JUnit, on the other hand, is a popular testing framework widely used for functional
unit testing in Java projects. It provides developers with a straightforward way to validate
the correctness of their code through test assertions and integration tests. JUnit tests are
lightweight, easy to write, and integrate seamlessly into CI pipelines, making it a preferred
choice for ensuring functional quality. However, JUnit is inherently not designed for per-
formance testing. Studies have shown that JUnit’s testing paradigm lacks the precision
needed to accurately measure execution time, throughput, or resource utilization under
controlled conditions [22, 52, 48, 74]. These limitations make JUnit unsuitable for detailed
performance evaluations, especially in scenarios requiring statistical rigor and repeatability.
Furthermore, while JMH offers robust performance testing capabilities, it lacks the sim-
plicity and accessibility of JUnit for functional testing. This gap presents an opportunity
to create a solution that bridges functional testing and performance benchmarking.

1.1 Purpose of the study

This thesis proposes a unified solution to streamline performance microbenchmarking in
Java applications. We introduce ju2jmh, a novel framework that automates the conversion
of JUnit tests into JMH microbenchmarks. By leveraging the widespread use of JUnit
functional tests in software development, ju2jmh bridges the gap between functional test-
ing and performance benchmarking, enabling developers to rapidly construct high-quality
microbenchmarks with minimal effort. ju2jmh ensures that benchmarks retain the context
of the original JUnit tests while enhancing their performance results precision through
JMH’s benchmarking features.

Building upon this foundation, we further investigate the quality of benchmarks gener-
ated by ju2jmh and compare them to three other performance testing approaches: hand-
crafted JMH benchmarks written by system developers, JUnit tests executed in loops to
obtain their performance metrics, and AutoJMH benchmarks that evaluate code segments
out of context [69]. Through this study, the quality of performance tests is evaluated us-
ing metrics such as stability and their ability to detect performance bugs. A high-quality
performance test exhibits greater stability (consistent results across repeated runs) and
a higher likelihood of identifying performance issues effectively and reliably. To assess
these benchmarks comprehensively, the Performance Mutation Testing (PMT) framework
is introduced as a tool to evaluate the quality of performance microbenchmarks. PMT
introduces controlled variations or ”mutants” to the code under test to evaluate how effec-
tively benchmarks detect these changes, offering insights into the robustness and accuracy
of the tested approaches.
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Finally, we introduced a clustering strategy for an effective performance microbench-
marking approach. This strategy is based on code coverage measurements to group smaller
microbenchmarks with similar contexts. By clustering benchmarks, we optimize their exe-
cution, reduce variability, and enhance scalability, making performance microbenchmark-
ing more effective and efficient [43, 47]. The clustering strategy dynamically adapts to
workload characteristics, ensuring consistent and efficient benchmarking even for large test
suites.

The unified contributions of this thesis address critical gaps in performance microbench-
marking by automating benchmark generation, enhancing result reliability, and reducing
execution overhead. These advancements provide developers with a practical and scalable
approach to integrate performance benchmarking into modern development workflows, sup-
porting the early detection of performance issues and improving overall software quality.

1.2 Thesis statement

Our research and prior experience have led to the formulation of the following hypothesis:

Automating the generation of performance microbenchmarks and optimizing their exe-
cution through clustering strategies can significantly enhance the efficiency, reliability,
and scalability of performance testing workflows.

By streamlining the traditionally manual and resource-intensive process of creating mi-
crobenchmarks, automation has the potential to reduce developer effort while ensuring
consistency and accuracy in benchmark design. Meanwhile, clustering strategies can ad-
dress the challenges of long execution times and resource constraints by grouping similar
benchmarks. By leveraging the widespread adoption of JUnit functional tests, the pro-
posed ju2jmh framework is hypothesized to bridge the gap between functional testing and
performance microbenchmarking, enabling developers to create high-quality benchmarks
with minimal manual effort. Furthermore, it is posited that the introduction of a Per-
formance Mutation Testing (PMT) framework can systematically evaluate the robustness
of generated microbenchmarks, ensuring their ability to detect both artificial and real-
world performance issues. Finally, the clustering strategy is hypothesized to enhance the
practicality of performance microbenchmarking by reducing execution overhead and im-
proving scalability without compromising test reliability or precision. Collectively, these
approaches aim to address critical gaps in existing performance testing methodologies and
advance the state of the art in software performance evaluation.
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1.3 Contributions

The primary contributions of this thesis are:

• The design, implementation, and empirical validation of ju2jmh, a framework that
bridges functional testing and performance benchmarking by automating the gener-
ation of JMH microbenchmarks from JUnit tests.

• The development of the Performance Mutation Testing (PMT) tool, providing a sys-
tematic method to evaluate the precision, reliability, and effectiveness of performance
microbenchmarks, addressing critical gaps in benchmarking quality assurance.

• The creation of a clustering strategy that optimizes benchmark execution by reducing
overheads, improving scalability, and ensuring efficient integration into continuous
integration workflows.
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Chapter 2

Background

This chapter provides an overview of performance microbenchmarking in the Java ecosys-
tem and introduces key concepts and techniques, including performance mutation testing
and real-world performance bug detection, which form the foundation of this thesis.

2.1 Performance Microbenchmarking in Java

Performance testing [75] evaluates non-functional attributes of software systems, such as
execution time, response latency, resource usage, and stability. These metrics are essential
for ensuring software quality and meeting user expectations. This thesis focuses on per-
formance microbenchmarking, a specialized form of testing that analyzes small, isolated
units of code, such as individual methods or algorithms. Unlike system-level performance
testing, which assesses the overall application behaviour, or load testing, which examines
system response under extreme workloads, microbenchmarking provides granular insights
into specific components’ efficiency and throughput.

Several frameworks have been developed to support performance microbenchmarking
in Java, including Caliper [29], JMH (Java Microbenchmark Harness) [16], AutoJMH [69],
and JUnitPerf [14]. These tools streamline the creation, execution, and analysis of mi-
crobenchmarks. However, microbenchmarking remains underutilized compared to func-
tional unit testing and system-level performance assessments [74]. Studies reveal that
many developers bypass specialized frameworks, instead relying on repetitive executions of
functional tests to approximate performance metrics. This gap highlights the need for more
accessible and integrated solutions that lower the barrier to adopting robust performance
microbenchmarking practices.
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2.2 Java Microbenchmarking Harness (JMH)

Performance microbenchmarking presents several challenges, including variability in re-
sults [40, 55], the need for expertise in benchmarking methodologies [27, 31], and a lack
of user-friendly tools [57, 44]. JMH addresses these challenges by providing a structured
framework for designing and executing reliable benchmarks.

JMH, developed under the OpenJDK umbrella, employs Java annotations to simplify
the definition of benchmarks while ensuring precision and repeatability. Each JMH bench-
mark method is tagged with @Benchmark, indicating the code segment to be measured [69].
Additional annotations, such as @Setup and @TearDown, allow developers to define pre- and
post-benchmark routines to ensure a consistent testing environment. Figure 2.1 illustrates
a JMH benchmark class, demonstrating its annotation-based structure and setup routines.

Test case

Test suite

Test fixture

Figure 2.1: An example of a JMH benchmark class from the Eclipse-collections project
(adapted from [35]).

JMH benchmarks measure metrics such as throughput or execution time with high
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configurability. A single iteration consists of repeated workload executions, with ”mea-
surement time” (e.g., @Measurement(time = 1)) serving as the default evaluation period.
The throughput metric, defined as operations per second is used throughout this study.

Compared to running JUnit tests in loops for performance measurement [48, 74], JMH
benchmarks provide several advantages. They incorporate warm-up iterations to mitigate
noise from just-in-time (JIT) compilation, support benchmark fixtures for consistent test
setups, and enable flexible configurations for threads, iterations, and forks. These features
make JMH benchmarks a superior choice for accurate and reliable performance evaluations.

2.3 Mutation Testing

Mutation testing evaluates the effectiveness of test suites by introducing artificial faults,
called ”mutants,” into the codebase using mutation operators [63]. This approach identifies
weaknesses in test coverage and improves fault detection. In recent years, mutation testing
has been extended to performance testing, giving rise to performance mutation testing
(PMT). Unlike traditional mutation testing, PMT introduces performance-specific changes,
such as modifying loop conditions or altering resource allocations, to assess a performance
test’s ability to detect degradations [35, 21, 44].

PMT provides a structured way to evaluate the robustness of performance benchmarks.
For example, Laaber and Leitner [44] highlighted how PMT can uncover shortcomings in
benchmarks, while Delgado-Pérez et al. [21] demonstrated its practical application in real-
world microbenchmarking scenarios. Despite its potential, PMT poses challenges, such
as balancing the cost of generating mutants with their benefits and designing mutation
operators for diverse performance concerns. While prior work has introduced tailored mu-
tation operators [35], further efforts are needed to broaden their applicability and address
emerging performance evaluation needs.

2.4 Detecting Real-world Performance Bugs

Performance bugs can be identified by analyzing test results for significant degradations.
For instance, a substantial drop in throughput (e.g., 1%, 5%, or 10%) indicates a perfor-
mance issue detected by the test.

In mutation testing, this process involves running tests on two versions of the system:
one containing artificially introduced performance bugs (mutants) and the other without.
By comparing the results, the presence of performance degradations indicates that the
mutant has been effectively ”killed.”
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Similarly, in real-world scenarios, performance tests are run on a ”parent” system (as-
sumed to contain a bug) and its ”child” system, where the bug fixes are applied. Compar-
ing the performance metrics of these two versions helps identify whether the parent system
exhibited significant performance degradations, indicating the existence of a real-world
performance bug. This systematic approach enhances the ability to detect and address
performance issues in complex systems.

8



Chapter 3

Related Works

This chapter reviews related studies that form the basis of this thesis, focusing on three
main areas: performance microbenchmarking, empirical studies on performance bugs, and
approaches for assessing the quality of performance tests.

3.1 Performance Microbenchmarking

Performance microbenchmarking has become an essential tool for evaluating the perfor-
mance of isolated code units, such as methods and algorithms. Despite these advances,
microbenchmarking remains underutilized in practice. Studies show that many open-source
projects rely on ad hoc solutions, such as repetitive execution of JUnit tests, to approxi-
mate performance metrics [48, 74]. This is partly due to the complexity of designing robust
microbenchmarks. Developers often encounter challenges related to JIT optimizations,
garbage collection interference, and result variability [40, 55, 47]. Tools like AutoJMH
have attempted to automate benchmark generation but are limited to specific configura-
tions and have not been maintained since 2016 [69].

The challenges in usability, configuration, and integration with modern workflows un-
derscore the need for more accessible and automated solutions. This thesis addresses these
gaps by introducing ju2jmh, a framework that bridges functional testing and performance
benchmarking through automated generation of JMH benchmarks from JUnit tests.
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3.2 Empirical Studies on Performance Bugs

Performance bugs, which degrade system performance without impacting functional cor-
rectness, are a significant concern for developers. These bugs often manifest in resource
bottlenecks, inefficient algorithms, or poorly optimized code paths [38, 51, 59]. Identifying
and addressing performance bugs is particularly challenging due to their non-deterministic
nature and sensitivity to runtime conditions [77]. Empirical studies highlight that it can
take years to discover and resolve performance bugs, emphasizing the need for better de-
tection mechanisms [38].

Several studies have catalogued performance bug patterns to aid developers in reproduc-
ing and addressing these issues. For example, [67] introduces the NFBugs dataset, which
identifies eight common performance bug patterns. Similarly, [21] reviews prior studies
and summarizes seven performance anti-patterns. These findings provide valuable insights
but fall short of offering automated tools for detecting performance bugs in practice.

Recent work has explored integrating performance testing into CI pipelines to enable
early detection of performance issues [22]. However, existing solutions often rely on man-
ually crafted tests or require substantial expertise, limiting their scalability. This thesis
contributes to this area by demonstrating how ju2jmh can automate performance test cre-
ation and enhance the detection of performance bugs through systematic mutation testing.

3.3 Assessing the Quality of Performance Tests

The quality of performance tests is a critical factor in ensuring accurate and reliable detec-
tion of performance issues. Stability—defined as the consistency of results across repeated
runs—is a key quality attribute [44, 46]. Another important metric is the ability of tests
to detect performance degradations, often evaluated using techniques like mutation test-
ing [21].

Mutation testing for performance, or Performance Mutation Testing (PMT), has emerged
as a novel approach to assess the robustness of performance benchmarks. Studies like [44]
and [21] have demonstrated how PMT can identify weaknesses in benchmarks by intro-
ducing controlled slowdowns or anti-patterns. However, these studies often rely on manual
processes, limiting their practicality in real-world settings.

This thesis extends the state-of-the-art by proposing an automated PMT framework
that evaluates the quality of performance benchmarks generated by ju2jmh. The framework
introduces performance-specific mutation operators to systematically assess test robustness
and sensitivity to performance changes, addressing limitations in previous approaches.
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3.4 Optimizing Microbenchmark Execution

Benchmarking, particularly microbenchmarking, is computationally intensive, often requir-
ing significant resources to execute and generate meaningful results [70]. Sequential execu-
tion on limited resources further exacerbates execution time [70]. An additional challenge
arises from redundant or ineffective microbenchmarks, which offer limited value to perfor-
mance testing processes. [44] highlighted the prevalence of benchmarks with overlapping
or narrow coverage, emphasizing the inefficiencies they introduce into testing workflows.
Addressing these inefficiencies is critical to improving the scalability and practicality of
performance microbenchmarking.

Efforts to enhance performance testing efficiency have spurred various methodologies
and tools [47, 65, 44, 46, 35]. Dynamic termination of microbenchmark execution upon
achieving stability, as proposed by [47], has shown promise in reducing execution time
without compromising quality. Similarly, [31] demonstrated the effectiveness of risk-based
test prioritization in optimizing regression testing workflows. Automated approaches, such
as those by [4], have introduced stability-based stopping criteria to further streamline test-
ing processes. While batch execution strategies have been explored in broader contexts,
including continuous integration systems [24] and clustered test execution [?], their appli-
cation to microbenchmarking remains underexplored. This study addresses this gap by
proposing a tailored batch execution strategy for microbenchmarks, demonstrating signif-
icant improvements in execution efficiency while maintaining result quality.
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Chapter 4

Study Overview

This chapter presents the methodology employed in this thesis, which encompasses three
key phases: (1) generating microbenchmarks using the ju2jmh framework, (2) evaluating
the quality of these microbenchmarks through the Performance Mutation Testing (PMT)
framework, and (3) leveraging clustered execution to improve the scalability and effective-
ness of the generated microbenchmarks.

4.1 Overview of the Study Workflow

Figure 4.1 provides an overview of the workflow underlying our methodology. The process
begins by extracting JUnit test suites and existing JMH benchmarks from the selected
study subjects. These components form the foundation for generating new microbench-
marks and evaluating their capability to detect performance bugs. The ju2jmh framework
is utilized to convert JUnit test suites into JMH microbenchmarks, while the PMT frame-
work introduces artificial performance bugs (mutants) to assess the quality and robustness
of the generated benchmarks. Additionally, AutoJMH, known for its ability to generate
microbenchmarks from single code segments and their covering JUnit tests, is employed
for comparative analysis.To further optimize performance microbenchmarking, we propose
a clustering strategy that facilitates the grouped execution of microbenchmarks.

4.2 Finding Tests and Preparing Environment

Before conducting experiments, it is essential to prepare the test environment. This involves
extracting existing JMH microbenchmarks and JUnit test suites from the study subjects,
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Figure 4.1: Workflow of our methodology for generating and evaluating performance
microbenchmarks.

which serve as the basis for subsequent analysis.

4.2.1 Human-Written JMH Microbenchmarks

The Java Microbenchmarking Harness (JMH) is a robust framework for creating reliable
microbenchmarks, demonstrating significant promise in scaffolding performance-critical
code segments, often referred to as payloads [69]. Human-written JMH microbenchmarks
are typically crafted by the system’s original developers, who possess deep domain knowl-
edge of both the system and the JMH framework. However, designing and maintain-
ing these benchmarks require substantial expertise and effort, often discouraging their
widespread adoption. In this study, we analyze existing human-written JMH microbench-
marks of various systems. To facilitate their execution, an automated build tool generates
an executable jar file, allowing testers to seamlessly run the JMH benchmarks.

4.2.2 JUnit Test Suites

JUnit test suites are primarily intended to verify the functional correctness of individual
units within a software system. These tests are not inherently designed for performance
measurement and are particularly susceptible to environmental noise, making their use
for performance evaluation less reliable. Nevertheless, prior work [22] has demonstrated
how JUnit tests can be adapted for performance assessment. In this study, we measure
the performance of JUnit tests by calculating their throughput, defined as the number of
executions completed within a specified duration (e.g., one second).
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To achieve this, we employ JUnit @Rules to monitor individual test executions and record
elapsed time in nanoseconds, thereby determining the throughput of each test method.
Our experiments involve using a nested loop structure: the inner loop repeatedly executes
the test within a fixed duration to calculate throughput, while the outer loop performs
this measurement multiple times to generate a reliable dataset for comparison. Each test
method’s throughput is measured 30 times to establish a baseline.

4.2.3 AutoJMH Microbenchmarks

The AutoJMH framework [69] offers an automated approach for generating JMH mi-
crobenchmarks by using a single code segment and its covering unit test as input. AutoJMH
benchmarks focus on evaluating the performance of individual statements rather than exe-
cuting the entire program. The framework extracts variable values from the covering unit
test execution and incorporates them into the generated benchmark. However, AutoJMH
imposes strict constraints: only single statements covered by unit tests can be used as
input, and significant manual effort is required for configuration. Moreover, the framework
has not been actively maintained since August 2016, rendering it outdated.

4.2.4 Comparing AutoJMH and ju2jmh

Both AutoJMH and ju2jmh generate JMH microbenchmarks using JUnit tests as input,
but their methodologies differ significantly. AutoJMH executes a JUnit test only once
to gather the required data for constructing benchmarks, while ju2jmh generates bench-
marks designed to repeatedly execute JUnit tests as payloads, capturing their performance
characteristics more thoroughly.

Additionally, AutoJMH benchmarks isolate and execute single code statements without
running the entire program, whereas ju2jmh benchmarks run the full JUnit test within its
intended program context. AutoJMH also requires developers to manually specify individ-
ual statements as input, limiting its scalability. Consequently, the number of benchmarks
generated by AutoJMH in this study is significantly lower than those produced by ju2jmh,
leading to reduced program coverage. In contrast, ju2jmh leverages the extensive JUnit
test suites typically available in well-known programs, enabling broader and more compre-
hensive benchmarking.
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Figure 4.2: Overview of the ju2jmh approach and its inputs and outputs

4.3 Generating Microbenchmarks Using ju2jmh

To demonstrate the feasibility of generating JMH benchmarks from unit tests, we im-
plement a tool dubbed ju2jmh that can automatically generate ready-to-execute JMH
benchmarks from JUnit4 test suites. The main goal of ju2jmh’s design is to be able to
generate functionally correct benchmarks from a wide variety of real-world unit tests while
minimizing performance overhead and complexity.

Figure 4.2 depicts the basic benchmark generation procedure of ju2jmh. The procedure
consists of two main steps: (1) Analysis step: the ju2jmh tool analyzes the existing
unit test classes in order to identify individual JUnit test methods and other relevant test
features; (2) Benchmark generation step: the tool generates JMH benchmarks with
each benchmark method responsible for repeatedly executing (a copy of) a single unit test
method as its payload. For example, as shown in Figure 4.2, if ju2jmh is applied to a unit
test class called UnitTestClass, which contains two unit test methods named testCase1 and
testCase2, ju2jmh first generates a copy of the UnitTestClass class, and then generates a
JMH benchmark class called _Benchmark that is placed within this copy. The new benchmark
class contains two JMH benchmark methods, testCase1_benchmark and testCase2_benchmark,
whose responsibilities are to repeatedly execute testCase1 and testCase2 as their payloads.
Similarly, as shown in Figure 4.3, the ju2jmh tool is applied to a JUnit test case inside
Eclipse-collections project and generates a new class containing the copied JUnit test,
the associated generated JMH benchmark and the benchmark’s fixtures.

In the analysis step, ju2jmh first identifies the individual JUnit test methods that are
expected to be converted to JMH benchmarks. Next, ju2jmh detects any other features
of the test methods that are required for proper execution, such as fixture methods, test
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public class MultiReaderFastListAsReadUntouchableTest {

  @Override
  @Test
  public void serialization() {
     MutableCollection<Integer> collection = this.getCollection();
     Assert.assertFalse(collection instanceof Serializable);
  }

  public static class _Benchmark extends JU2JmhBenchmark {

    @org.openjdk.jmh.annotations.Benchmark
    public void benchmark_serialization() throws Throwable {
      this.createImplementation() ;
      this.runBenchmark(this.implementation::
           serialization,(this.description("serialization"));

    }

 
    MultiReaderFastListAsReadUntouchableTest implementation;

    @java.lang.Override
    public void createImplementation() throws Throwable {
      this.implementation = new 
              MultiReaderFastListAsReadUntouchableTest();
    }

    @java.lang.Override
    public MultiReaderFastListAsReadUntouchableTest
                  implementation() {
      return this.implementation;
    }
  }
}

ju2jmh

public class MultiReaderFastListAsReadUntouchableTest {

  @Override
  @Test
  public void serialization() {
     MutableCollection<Integer> collection=this.getCollection();
     Assert.assertFalse(collection instanceof Serializable);
  }
}

an
al

yz
es

generates

 executes 

benchmark
fixture

Original JUnit test Generated ju2jmh benchmark

benchmark
case

Copied from 

the JUnit test

ju2jmh
benchmark
runner

Figure 4.3: A real-life generated ju2jmh benchmark from Eclipse-collections, and how it
actually performs JMH rules

rules, and expected exceptions, all of which should be handled explicitly by the gener-
ated benchmarks. The analysis is performed using Apache Commons BCEL1 to statically
inspect the bytecode of all relevant JUnit test classes (specified as input for the tool)
in order to find test methods (annotated by org.junit.Test), fixture methods (annotated
by org.junit.Before, org.junit.After, org.junit.BeforeClass, or org.junit.AfterClass), test
rules (annotated by org.junit.Rule or org.junit.ClassRule), expected exceptions (extracted
from the arguments of the org.junit.Test annotation), and ancestor classes containing any
of the above.

In the benchmark generation step, ju2jmh uses the JavaParser 2 library to parse Java
source code and generate the Abstract Syntax Tree (AST). This step consists of the fol-
lowing activities: (1) copying the AST of each relevant JUnit test class, (2) generating
the AST for a corresponding _Benchmark class that is customized based on the information
gathered in the analysis step, (3) inserting the generated benchmark class into the AST of

1A Java bytecode analysis tool from The Apache Software Foundation: https://commons.apache.
org/proper/commons-bcel/

2A tool for analyzing, transforming and generating Java codebase: https://javaparser.org/
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the copied JUnit test class as a static member class, and (4) writing the results to a Java
source file. The generated benchmark class contains a JMH benchmark method for each
of the JUnit test methods in the unit test class.

Each generated benchmark inherits the same superclass, which implements the func-
tionality required to execute JUnit tests properly within the benchmark. The ju2jmh
benchmark superclass contains methods to help instantiate and access a JUnit test class
instance, methods to invoke the fixture methods of JUnit test class (including all fixture
methods from its superclasses), methods to apply all rules of the JUnit test class and its
superclasses, and a benchmark execution method to execute the JUnit test methods. In the
cases where tests specify expected exceptions, the ju2jmh benchmark superclass executes
a different benchmark execution method with the expected exceptions as an additional
parameter.

Concerning the structure of the generated benchmarks, the use of copies of the original
unit tests as benchmark payloads is preferred over directly referencing the original classes,
since this provides potential future versions of ju2jmh more flexibility in being able to
modify the benchmark payloads without impacting the original tests. Future versions
may for example modify the benchmark payloads to try preventing optimizations that
may distort performance measurement, such as dead code elimination, without having to
make the same modifications to the original unit tests. Moreover, rather than making
the generated benchmark class a separate top-level class, it is inserted as a static member
of the copy to reduce the risk of naming conflicts and to keep the benchmarks organized
closely with the tests they use as payloads.

Our approach ju2jmh has been implemented in Java and integrated into the Gradle
build system. JavaParser and Apache Commons BCEL are the primary libraries used for
the unit test analysis and benchmark generation. The generated benchmarks are dependent
on the JMH [16] and JUnit43 libraries.

In this section, we present the workflow of our PMT framework for evaluating unit-level
performance tests. First, the framework implements and employs five performance muta-
tion operators that are derived from common real-world performance bugs [31, 21, 44].
Second, it automatically injects performance bugs (based on the five mutation opera-
tors) into the analyzed software system and generates performance mutants (i.e., artificial
performance bugs). Then, the generated performance mutants are executed against the
to-be-evaluated performance microbenchmarks. Furthermore, to better classify between
an actual slowdown (i.e., a performance bug) and a performance fluctuation, we leverage
hierarchical re-sampling [47, 40] and two statistical measures, namely, Relative Standard

3A framework to write repeatable Java unit tests: https://junit.org/junit4/
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Deviation (RSD) [47, 49, 46] and Relative Confidence Interval of means (RCI) [47, 40].
Last, the PMT framework computes the mutation score, which is defined as the propor-
tion of the killed (detected) performance mutants, to assess the effectiveness of performance
microbenchmarks in detecting performance bugs.

4.3.1 Designing Mutation Operators for PMT

Our study aims at assisting developers in alleviating the challenges of constructing and
evaluating performance tests rather than detecting performance bugs. To achieve our
study goal, we use PMT to inject artificial performance bugs for further analysis. We
evaluate performance tests by comparing the test results on the systems with and without
performance bugs. Performance tests can help developers reveal the effects that mutants
have on the systems, detect performance bugs and complement the omission of static tools
that may treat some code as syntactically correct but cannot reveal its negative impact on
performance.

A PMT framework requires specialized mutation operators for generating performance
mutants (i.e., software versions with artificial performance bugs or slowdowns). In this
study, we expose five performance mutation operators based on previous research on sum-
marizing performance anti-patterns [67, 21, 44], which we then implement in our PMT
framework.

In particular, [21] review prior empirical studies on performance bugs [62, 51, 59, 71,
50, 56] and summarize seven performance anti-patterns, of which we employ two patterns
for designing our performance mutation operators and exclude five others (three memory-
related bug patterns and two for future work). [67] present the NFBugs dataset, which
contains eight performance bug patterns discovered after analyzing 36 performance bug
fixes from a total of 138 non-functional bug fixes in 67 open-source Java or Python projects.
We adopt three performance anti-patterns from NFBugs and leave the remaining five as
future work. Furthermore, [44] propose inserting Thread.sleep(...) into source code to
slow down program execution for performance mutation testing, which we also accept for
the design of our performance mutation operators. We selected the five performance bug
patterns because of the high availability of source code statements that a pattern can be
applied to. Moreover, the five patterns do not require manipulating multiple lines of source
code, and generated bugs rarely tend to endanger the overall functionality.

In summary, we introduce a total of five performance mutation operators based on
prior studies on analyzing performance bugs and implement them in our PMT framework.
Such performance mutation operators are not specific to certain software systems and can
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be applied to any Java system without manual effort. Moreover, the PMT framework is
extensible, allowing for the easy integration of new performance mutation operators.

Below we describe the five performance mutation operators in detail, with a summary
in Table 4.1.

– Primitive to Wrapper (PTW). Replacing a primitive type (e.g., long) with its
corresponding wrapper class (i.e., Long) can lead to a performance bug [67], since
primitive types are stored on the stack and provide faster access. We include the
built-in wrapper classes for all primitive types, i.e., Byte, Boolean, Short, Integer,
Long, Float, Double, and Character.

– StringBuilder to StringBuffer (STS). Replacing a java.lang.StringBuilder ob-
ject with a java.lang.StringBuffer object can result in a performance bug because
StringBuilder is not synchronized [67]. Apart from the difference in performance, the
functionality of these two classes is equivalent. Therefore, we perform the operator
only at method level to prevent propagation of changes.

– Enhanced For Loops (EFL). Replacing a traditional for-loop with a for-each

loop to iterate over an array or a Collections class can introduce a performance
bug because of extra calls. The semantics of the code is usually unaffected by such
replacements. However, if the loop counter is used in the for-loop, the replacement
may cause a performance bug due to the additional cost of calculating it.

– Swap of Operands in Condition (SOC). Reordering the two operands in a com-
pound OR condition if the left operand is a variable or a Boolean literal (i.e., True
and False), and the right operand is a method invocation. Forcing the evaluation
of the right operand (i.e., a method invocation) by placing it as the left operand in
a compound OR condition may introduce a slowdown since the method invocation
may not be executed originally as the right operand [21].

– Simulation of Heavy-Weight Operations (HWO). Injecting a delay (e.g, Thread
.sleep(t)) can slow down the program execution. In our study, we consider injecting a
delay as the first statement of each JMH microbenchmark (annotated by @Benchmark).
We chose the first statement as the candidate injection location since we expect to
see that the delay is executed definitively, i.e., the injected delay cannot be affected
by the data-flow and control-flow for the code in this method. For example, if a delay
is injected into a branching statement, the delay may never be executed depending
on the branching conditions. The HWO has been used in prior studies [21, 44] to
simulate slowdowns, however, it does not represent real-world performance bugs.
Nevertheless, we believe the HWO complements the other mutation operators based
on real-world performance bugs and thus include HWO in this study.
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Table 4.1: Examples of the five mutation operators.

Operator Conditions Example

PTW

Candidate expression
should be a variable from
any primitive types;
i.e., byte, boolean,
short, int, long, float,
double, and char.

- return this.c;

+ return (Long.valueOf(this.c)). longValue ();

(a) Counter.java (Commit: #8948b46, Eclipse-collections)

STS

This operator should ma-
nipulate one method at a
time to prevent propaga-
tion of changes.

- StringBuilder result = new StringBuilder ();

+ StringBuffer result = new StringBuffer ();

...

return result.toString ();

(b) QueryRequest.java (Commit: #4fb8d5a, Zipkin)

EFL

The candidate loop
should be a traditional
for-loop that contains a
loop counter.

int i = 0;

- for (;i < subscribers.length; i++) {

+ for (Subscriber <? super R> o :subscribers ){

+ i = subscribers.getIndexOf(o);

...}

(c) ParallelMap.java (Commit: #0df952e, Rxjava)

SOC

1) The left operand
should be a variable or
a Boolean literal.
2) The right operand
should be a method invo-
cation that never return
Null.

- if (done || emitter.isCancelled ())

+ if (emitter.isCancelled () || done)

(d) FlowableCreate.java (Commit: #0df952, Rxjava)

HWO
This pattern is not sub-
ject to any conditions.

+ Thread.sleep (1);

...

return TreeBag.newBag ();

(e) ImmutableEmptyBag.java (Commit: #8948b46,
Eclipse-collections)
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4.3.2 Generating and Validating Performance Mutants

Figure 4.4 depicts an overview of the steps that the PMT framework takes to evaluate the
quality of performance benchmarks by deploying the performance mutation testing tech-
nique. The PMT framework, firstly, deploys mutation operators to generate performance
mutants inside the source code. Next, it runs unit tests of the system against mutants
to verify that the functionality of the system remained valid. Lastly, it executes perfor-
mance benchmarks against the original system and generated mutants, then calculates the
mutation score of benchmarks. The PMT framework parses the source code of a target
system into Abstract Syntax Trees (ASTs) and looks for opportunities to apply the five
performance mutation operators on the parsed ASTs. For each applicable AST location
and each mutation operator, the PMT framework generates one performance mutant. For
example, the EFL mutation operator can be applied to a subset of traditional for-loops in
one system; in Rxjava, the PMT framework finds 62 applicable locations and generates a
total of 62 performance mutants.

Note that if a mutant is killed by any functional test, it is an invalid performance
mutant since it breaks functionality. The system’s regular behavior could be disrupted by
the presence of such mutants, which leads to the system’s performance not being properly
measured. Therefore, in this study, we only consider performance mutants that do not
change system functionality and require performance tests to detect. As a result, we
introduce a validation step in the PMT framework: All the generated performance mutants
are executed against the functional unit tests and are excluded from the further step (i.e.,
calculating mutation score) if one cannot make all the functional tests pass.

Calculation of
Mutation ScoreGeneration Validation

 Mutation
Operators Unit Tests

Performance
Mutants

Source
Code

Valid
Performance

Mutants

Performance
Benchmarks

Figure 4.4: Overview of our Performance Mutation Testing framework.

4.3.3 Calculating Mutation Score

Relying on the purpose of mutation testing in performance that is introducing performance
bugs deliberately, we looked over the benchmark’s results against a valid mutant to find
significant differences. Recent studies [21, 44] have been advocating statistical hypothesis
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tests (e.g., Wilcoxon rank-sum test) to label a significant difference in results as a per-
formance bug, slow down, or the presence of artificial bugs. However, prior studies [46]
concluded that testing with Wilcoxon rank-sum tests is not a suitable vehicle for detecting
performance degradation in cloud environments due to high false-positive reported.

To better classify between an actual performance slowdown and a performance fluctua-
tion, we leverage hierarchical re-sampling [47, 40] and a statistical measure, i.e., Relative
Confidence Interval of means (RCI) [47, 40].

For a benchmark that covers and executes any of the generated performance bugs,
the PMT framework deploys pa [42] to estimate the throughput’s RCI (of before and
after the bug injection) with bootstrap (i.e., re-samples) [68, 19] using 10,000 bootstrap
iterations [30]. Respectively, the size of a performance bug can be defined as [1− UpperRCI ]
(in %), which reflects the effectiveness of the mutant against the benchmark. If the bug
size is significant enough (e.g., ≥ 5%), we can consider that the benchmark could detect
the injected performance bug (i.e., a killed mutant).

Last, the PMT framework calculates the mutation score of performance microbench-
marks as the percentage of the killed performance mutants. The calculated mutation score
helps evaluate the quality of one or a group of microbenchmarks. The microbenchmarks’
quality (and efficiency) in discovering bugs increases as their mutation score rises.

One of the advantages of mutation testing is to find deficiencies in tests and improve
them, and improved tests can be further utilized to detect real-world bugs [66]. That is,
we use artificial performance bugs to build and enhance the tests, and such tests could be
used in the future to detect real-world performance bugs. If a performance test can detect
an artificial performance bug, it is more likely to detect a real-world version of that bug.

4.3.4 Preliminary Analysis of PMT

To investigate the impacts of the five mutation operators, we devise a preliminary analysis
based on five JMH benchmarks. We define the hitting_count as the total number of times
that a benchmark executes (hits) a mutant statement. Furthermore, the hitting_ratio is
the total number of times that a mutant statement is executed per second.

To investigate how large the effect of each mutation operator is when increasing hit-
ting ratio, we designed five JMH benchmarks. Each related benchmark is executed for 20
iterations against the original source code and the mutant version five times, yielding 100
data points containing measured throughput for one second. If differences between original
results and mutant results increase, we assume that the effect of the performance bug is
increased.
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Figure 4.5: Preliminary analysis of the five mutation operators. Each of paired boxes
contains obtained 100 data points for two cases of original source code executions and
mutant executions, from each of five designed JMH benchmarks, across increasing

hitting_ratio. Each box contains 100 data points obtained from a relevant benchmark.
Black boxes represent data from original source code executions, and white boxes

represent data from mutant executions.
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Figure 4.5 presents box plots of the five benchmarks’ results for original and mutant
executions, across increasing the hitting_ratio. To study the difference between the original
microbenchmark execution and the microbenchmark executions after bug injections, we
present the upper bound of the estimated RCI in Table 4.2. The upper bound of the RCI
reflects the minimum performance degradation caused by bugs.

In general, for all five mutation operators, when we increased hitting_ratio, differences
between original results and mutant results become more significant (the upper bound
of the RCI decreases). However, we also observed that the RCI upper bound of HWO
(0.824) for 106 in Table 4.2 is greater than 105 (0.771), indicating that this conclusion may
not be applicable to a very high hitting_ratio for a certain operator and the results may
be limited by some external factors, such as overheads and variations occurring due to
hardware-specific limitations. When hitting_ratio is lower than 103 times, differences are
not significant in PTW, STS, and EFL, with less than 1% performance degradation in all
cases. On the other hand, in SOC and HWO, differences are significant in all hitting_ratios.
In SOC and HWO, hitting_count is fixed while hitting_ratio is increased. This conveys
that the effect of the two operators is high, even with one execution.

To summarize, when a benchmark executes a buggy statement (i.e., mutant statement)
more times, the observed difference in results generally increases. In addition, differences
are significant in all hitting_ratios in SOC and HWO.

Table 4.2: The upper bound of RCI for the five mutation operators with the increasing
of hitting_ratio.

Operator
Hitting ratio

1 10 102 103 104 105 106

PTW 0.999 0.999 0.999 0.997 0.958 0.736 0.379
STS 1.0 1.0 0.998 0.990 0.933 0.959 0.688
EFL 0.998 1.0 0.999 0.999 0.987 0.968 0.920
SOC 0.844 0.848 0.847 0.848 0.854 0.841 0.827
HWO 0.879 0.878 0.864 0.821 0.801 0.771 0.825

4.4 Clustering Approach for Optimization

Performance testing is essential for identifying bottlenecks and optimizing software systems
but often remains time-consuming and resource-intensive. Large performance test suites,
common in industry projects, involve executing numerous microbenchmarks individually.
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While small microbenchmarks are precise and efficient for evaluating targeted functionality,
their limited scope often fails to detect broader performance trends or anomalies [35].
Additionally, running small, isolated microbenchmarks incurs inefficiencies due to repeated
overhead from initialization, execution, and result analysis. This repetitive processing
consumes significant resources, making the testing process impractical, especially for large-
scale microbenchmarking suites.

Existing tools like ju2jmh reduce developers’ effort in generating microbenchmarks but
do not address these inefficiencies or the broader limitations of small microbenchmarks.
Our research proposes enhancing ju2jmh microbenchmarking efficiency by batching func-
tionally similar microbenchmarks into clusters for performance testing. This clustering
approach offers several benefits:

• Broader Analysis: Enhances the collective utility of microbenchmarks, enabling
them to contribute to identifying broader performance trends.

• Efficiency Gains: Reduces redundant overhead, optimizing the use of computa-
tional and testing resources.

• Improved Scalability: Makes the performance testing process more practical and
scalable, particularly for large-scale projects.

Leveraging batch execution for microbenchmarks can significantly enhance the effi-
ciency of the execution process. Moreover, since batch execution does not directly alter
the microbenchmarks, this approach minimizes the risks associated with improving test ex-
ecution efficiency, which makes it possible to enhance microbenchmarking efficiency while
maintaining the original accuracy. Ultimately, our goal is to streamline performance test-
ing workflows, enabling faster feedback loops, reduced computational burdens, and more
accessible performance testing for developers.

To enable batch-executing microbenchmarks, we leverage code coverage information to
cluster functional similar microbenchmarks. The JaCoCo agent [1], a library for calculat-
ing code coverage in Java projects, is employed to measure the percentage of overlapping
covered code lines, which serves as an indicator of functional similarity. The similarity
score ranges from 0% (no overlap) to 100% (complete overlap where the smaller test’s
coverage is a subset of the larger one). While a 100% similarity score reflects substantial
alignment in covered code segments, it does not necessarily imply identical functionality.
Instead, it indicates a shared scope that allows for meaningful grouping of related bench-
marks. This nuanced understanding of coverage ensures that clusters are cohesive and
functionally relevant. Furthermore, batch execution of microbenchmarks maintains the
same code coverage as individual runs, preserving the collective coverage achieved by each
microbenchmark within the cluster.
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Algorithm 1 illustrates our methodology for batch execution of microbenchmarks. It
consists of two steps: 1) The first step involves ranking the most similar ju2jmh microbench-
marks for each hand-crafted JMH microbenchmark based on code coverage similarly. The
more similar a microbenchmark is, the higher the chance it will be clustered into the same
cluster. 2) For each hand-crafted JMH microbenchmark, we group the top-K most similar
ju2jmh microbenchmarks to enable batch execution. The value of K is determined by
incrementally summing the sizes of individual microbenchmarks until their combined exe-
cution time reaches an empirically observed threshold sufficient for detecting performance
bugs (i.e., 5 µs) [35].

Algorithm 1 Benchmark Batching

1: Input: Handcrafted JMH Microbenchmarks, ju2jmh Microbenchmarks, Threshold T
2: Output: Clusters of Microbenchmarks
3: // Similarity Scoring
4: for each JMH Handcrafted Microbenchmarks do
5: for each ju2jmh Microbenchmarks do
6: Compute and store similarity(JMH, ju2jmh)
7: end for
8: Rank ju2jmh by similarity for JMH
9: end for
10: // Cluster Formation
11: for each JMH Hand-crafted Microbenchmarks do
12: Create cluster;
13: Add top ju2jmh until size(cluster)=K
14: If size(cluster) ≤ K then Continue
15: Add cluster to clusters
16: end for
17: Return: Clusters

4.5 Summary

This chapter outlined the methodology employed to enhance and evaluate performance
microbenchmarking in Java applications. We introduced the ju2jmh framework, which au-
tomates the conversion of JUnit functional tests into JMH microbenchmarks, providing an
accessible pathway for integrating performance testing into modern development workflows.
To ensure the quality and reliability of the generated benchmarks, we implemented the
Performance Mutation Testing (PMT) framework, which systematically evaluates bench-
mark robustness using carefully designed mutation operators. Additionally, we proposed a
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clustering strategy based on code coverage analysis to optimize benchmark execution, im-
proving scalability and reducing redundancy in performance testing. These methodologies
collectively address critical challenges in benchmark generation, evaluation, and execution,
forming a cohesive and practical approach to advancing software performance testing.
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Chapter 5

Study Setup

In this section, we describe our empirical study to test our hypothesis that the derived
performance microbenchmarks from ju2jmh are preferable to using JUnit tests directly as
performance proxies. Furthermore, we compare our derived microbenchmarks to human-
written microbenchmarks to evaluate if the derived ones are superior than human-written
ones. Moreover, we compare our derived microbenchmarks with the microbenchmarks
automatically generated by AutoJMH 1 to evaluate if ju2jmh outperforms the existing
framework.

5.1 Study Subjects

Table 5.1: Overview of the study subjects.

Version Stars Contr. SLOC # JMH # JUnit

RxJava 3 44.7k 277 311,975 1,217 9,825
Ec-collections 10.4.0 1.7k 88 135,017 986 24,758
ZipKin 2.7 14.4k 145 7,467 59 501

In this section, we introduce the three study subjects involved in this study. We exper-
imented and evaluated our two frameworks, i.e., ju2jmh and PMT, on three open-source
Java projects, Rxjava, Eclipse-collections, and Zipkin, which have readily available JU-
nit test cases and JMH microbenchmarks. The selected three open-source projects are

1https://github.com/DIVERSIFY-project/autojmh-source-code
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well-known, well-maintained, and were widely studied in prior studies on performance mi-
crobenchmarking [21, 44, 47, 18, 46, 48]. In addition, a recent study [18] lists the three
subjects among the top 25 projects with the highest number of JMH micro-benchmarks.

Table 5.1 provides detailed information of our study subjects: the studied version (“Ver-
sion”) (i.e., the most recent version at the time our study began), extracted metadata from
Github including the numbers of stars (column Stars) and the number of contributors
(columnContr.), the number of the source lines of code (column SLOC), the total number
of JMH benchmarks (column # JMH) and selected JUnit test cases (column # JUnit).

5.2 Experiment Settings

We deployed ju2jmh on the three subjects’ JUnit test suites to build 171, 366 ju2jmh bench-
marks, of which 35, 084 were evaluated in this study, accounting for 48% of total 72, 430
tests evaluated. Our PMT framework analyzed a total of ∼454K SLOC and generated
∼149K artificial performance mutants, each of which was executed in a single position of
the source code. During the validation procedure, ∼99% of the generated mutants were
recognized as possibly valid mutants.

Eclipse-collections includes a significant number of JUnit tests that take roughly four
months to run once; as a result, we randomly selected ∼15% of them for examination while
studying all tests from two other subjects. Afterward, in order to to have a fair and feasible
evaluation approach, we selected a subset of the generated mutants with a wide variety of
characteristics while considering all possible tests that cover them. To increase the chance
of evaluating more tests against a specific mutant, we selected each mutant from the set of
a class’s mutants in different packages of the source code, as well as selected mutants that
are covered by more JMH benchmarks and ju2jmh/JUnit tests.

Table 5.2 provides an overview of the mutants and tests involved in our measure-
ments. For each of five designed mutation operators and across the three study subjects,
we present the number of selected mutants (column # Mutants), all contained JMH
benchmarks (column JMH), ju2jmh/JUnit tests that cover any of the mutants (column
JUnit/ju2jmh), and generated AutoJMH benchmarks (column Auto.).

Our study establishes three performance oracles: (1) If there is no source code update,
the performance tests results should remain relatively unchanged; (2) If the existence of a
performance bug is confirmed and covered by a performance test, there should be a varia-
tion in the testing results and such variation should be consistent with the characteristics
of the performance bug; (3) If a mutation is injected and covered by a performance test,
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the testing results should vary, and the magnitude of the results should follow the same
trend as the mutation triggered times.

5.3 Execution environment

To perform the execution procedure, we took advantage of cloud computing resources to
simulate a real-world environment. To have a consistent measurement process, for all the
experiments in this study, we deployed c2-standard-4 (4 vCPUs, 16 GB memory) instances
provided by Google Cloud2. Instances are run on Debian GNU/Linux 10 (buster) and
OpenJDK 1.8. In total, our experiment consists of 99, 406 measurements, each containing
30 data points measured, i.e., each data point is the number of executions of one JMH
microbenchmark case (annotated by @benchmark) in one second. It took ∼1,656 machine
hours to complete all the experiments in this study.

2https://cloud.google.com/
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Chapter 6

Results

In this study, we aim to answer five research questions. For each RQ, we present the
motivation to answer the RQ, our approach to addressing the RQ, and the corresponding
results.

6.1 RQ1: How stable are automatically generated per-

formance microbenchmarks?

6.1.1 Motivation

When adopting performance microbenchmarking, the first challenge is assessing whether
the benchmarks—be it JMH, AutoJMH, JUnit, or those generated by ju2jmh—are stable
enough to reveal meaningful performance variations. Non-determinism has been repeatedly
identified in recent studies as a significant hurdle, undermining the repeatability of mea-
surements and the reliability of results. Without stability, microbenchmarks risk reporting
misleading variations where none exist, rendering them ineffective. To address this, various
methodologies and tools have been proposed to reduce non-determinism at different layers
of abstraction [28, 17, 40]. Among these, JMH has emerged as a preferred choice for pro-
ducing reliable performance metrics, while attempts to use JUnit tests for benchmarking
often face persistent instability. As such, evaluating the stability of microbenchmarks is a
critical first step in determining their quality and practical utility.
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6.1.2 Approach

To address RQ1, we analyzed benchmarks with a focus on result variability. Each bench-
mark was executed individually in isolation, producing 30 iterations of results per mea-
surement—consistent with recent practices [21].

To evaluate the stability of benchmarks, we followed a two-step process: the first com-
pares benchmark stability across different benchmarks, while the second examines how
quickly benchmarks reach a stable state (see Section 4.3.3 for further details).

(1) Comparative Stability of Benchmarks. In this step, we assessed the relative
stability of benchmarks using the relative standard deviation (RSD) across the 30 iterations
of results. Benchmarks with an RSD below 1% were deemed stable enough to detect
performance bugs [47], while those exceeding 5% were categorized as unstable due to
significant variability [49]. Benchmarks with RSD between 1% and 5% exhibited moderate
variability: while they were unsuitable for detecting small-scale performance bugs, they
could still identify larger-scale issues. However, given that most generated performance
bugs are not large in scale, benchmarks within this range often fail to detect subtle bugs.

(2) Stability Tendencies of Benchmarks. Benchmarks that reach a stable state
earlier provide actionable insights more efficiently. To analyze this, we developed a heuristic
statistical method to determine which benchmarks stabilize first [46].

For each benchmark, we selected i data points from the 30 iterations to form an initial
dataset (Poriginali) and similarly selected another i data points to create a microbench-
marking dataset (Pmicrobmi

). The selection size i varied from 2 to 15 (i ∈ 2, 3, ..., 15), and
the process was repeated 100 times to generate 100 pairs of Poriginali , Pmicrobmi

. Following
established methodologies [47], we applied bootstrap resampling [19] using 100 bootstrap
iterations per pair, consistent with prior recommendations of 10,000 iterations [30].

From this, we calculated the relative confidence interval width (RCIW) for each bench-
mark with i iterations. The RCIW quantifies how variable a benchmark’s results are around
its mean, offering a measure of its stability over time. This approach provides a nuanced
understanding of how quickly and reliably benchmarks stabilize.

6.1.3 Results

(1) Comparative Stability of Benchmarks. Figure 6.1 is a box-plot chart represent-
ing the distribution of RSD calculated (in %) for all benchmarks, across three testing
frameworks and three subjects.

According to Figure 6.1, the box-and-whisker of RSD of ju2jmh benchmarks range from
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Figure 6.1: Distribution of the variability, using RSD (in %)

0% to 4.5% in Rxjava with a median of 1.2%, while the box-and-whisker of RSD of JUnit
tests range from 0.0% to 7.2% with a median of 2.0% in the same subject. As we can
see, JUnit tests have a higher median and maximum of RSD than JMH and AutoJMH
benchmarks in Rxjava. Zipkin faces the same situation. For Eclipse-collections, JUnit tests
have a higher median RSD (1.8%) than ju2jmh benchmarks (0.5%) and a higher maximum
value in the box-and-whisker (3.3% vs. 1.0%), respectively. Because a larger RSD indicates
that a benchmark is more unstable, these results imply that ju2jmh benchmarks are much
more stable than JUnit tests in the three study subjects.

Likewise, we can also compare the stability of ju2jmh benchmarks and manually written
JMH benchmarks based on Figure 6.1. The median RSD of JMH benchmarks (0.6%)
in Rxjava is smaller than ju2jmh benchmarks (1.2%), however, it is greater than ju2jmh
benchmarks in Eclipse-collections (2.0% vs. 0.5%) and Zipkin (0.7% vs. 0.5%), as shown
in this figure. If only the Eclipse-collections and Zipkin are considered, it appears that
ju2jmh benchmarks are more stable than manually written JMH benchmarks. However,
when all three subjects are considered, we can only conclude that ju2jmh benchmarks beat
JMH benchmarks in terms of stability in some subjects and not in others. As a result,
ju2jmh benchmarks and manually written JMH benchmarks are comparable.

Lastly, the stability of ju2jmh benchmarks can be compared with AutoJMH benchmarks
according to Figure 6.1. In terms of the median RSD, in Rxjava, AutoJMH benchmarks have
a smaller value (0.4%) than ju2jmh benchmarks (1.2%). However, in Eclipse-collections,
the median RSD of ju2jmh benchmarks (0.5%) is smaller than AutoJMH benchmarks
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(1.0%), and the box-and-whisker length of ju2jmh benchmarks (0.96%) is also smaller
than AutoJMH benchmarks (3.0%), indicating that most ju2jmh benchmarks are more
stable than AutoJMH benchmark in this study subject. In Zipkin, the stability of most
ju2jmh benchmarks and most AutoJMH benchmarks are comparable because of the close
median RSD values (0.5% vs. 0.5%). Therefore, the stability of ju2jmh benchmarks are
comparable to AutoJMH benchmarks based on the evaluation of these three subjects.

In conclusion, based on the comparisons between automatically generated ju2jmh bench-
marks and the other three microbenchmarks, we can infer that, although ju2jmh leverages
JUnit tests to generate microbenchmarks, the ju2jmh microbenchmarks are more stable
than the original JUnit tests and their stability is comparable to manually written JMH
benchmarks and AutoJMH benchmarks.

In Table 6.1, we focus on whether benchmarks are stable or unstable for the purpose
of detecting performance bugs. The table presents the proportion of benchmarks that are
stable enough (RSD ≤ 1%) or unstable (RSD ≥ 5%).

Table 6.1: Stable and unstable benchmarks

Subject

Relative Standard Deviation
Stable (≤1%) Unstable (≥5%)

JMH ju2jmh JUnit Auto.† JMH ju2jmh JUnit Auto.†

RxJava 77.2% 43.8% 43.8% 81.1% 2.3% 3.9% 9.5% 7.5%
Ec-col.* 29.0% 91.5% 5.0% 51.0% 18.2% 1.7% 5.1% 6.1%
Zipkin 61.0% 84.6% 58.4% 82.5% 9.0% 0.0% 1.9% 0.0%

* Eclipse-collections
† AutoJMH

In Eclipse-collections and Zipkin, 91.5% and 84.6% of ju2jmh benchmarks are recog-
nized as stable, significantly higher than 5.0% and 58.4% for JUnit tests, 29.0% and 61.0%
for JMH benchmarks, and 51.0% and 82.5% for AutoJMH benchmarks. In Rxjava, both
ju2jmh and JUnit microbenchmarks produced an equal number of stable benchmarks, but
9.5% of the JUnit tests are recognized as unstable, higher than 3.9% for ju2jmh bench-
marks. JMH benchmarks (77.2%) and AutoJMH benchmarks (81.1%) are more stable than
ju2jmh benchmarks (43.8%), but in terms of unstable benchmarks, ju2jmh benchmarks and
JMH benchmarks have very close values (3.9% vs. 2.3%) and ju2jmh benchmarks are bet-
ter than AutoJMH benchmarks (3.9% vs. 7.5%). Based on these results, we can infer
that ju2jmh benchmarks are generally more stable than JUnit tests and comparable to (or
slightly more stable) manually written JMH benchmarks and AutoJMH benchmarks.
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Furthermore, we also check whether JUnit tests remain stable after being converted
to ju2jmh benchmarks. In Rxjava, both ju2jmh and JUnit have the same proportion of
stable tests. Specifically, 86.4% of JUnit tests that were recognized as stable remain stable
after being converted to ju2jmh benchmarks, 0.9% of JUnit tests that were recognized as
unstable become stable, and 0.6% of JUnit tests that were recognized as stable become
unstable. For the unstable JUnit tests that become stable, we rerun the associated ju2jmh
benchmarks without warm-up iterations, and all of the new results achieve a higher RSD
(%) ranging from 0.2% to 7.1% than the results with warm-up iterations, thus the test
stability has deteriorated in all cases. As a result, warming up the system before running
the benchmark is critical to achieve the stability of ju2jmh benchmarks in comparison to
JUnit tests without warm-up iterations. For the stable JUnit tests that become unstable,
we manually checked the source code and found that all of these tests contain tasks that
deal with asynchronous executions, multiple threads or multiple processors, which are
restricted in ju2jmh benchmarks. Moreover, all the JUnit tests in Eclipse-collections and
Zipkin remain stable in the form of ju2jmh benchmarks, none of the JUnit tests that were
recognized as unstable become stable, and none of JUnit tests that were recognized as
stable become unstable. In conclusion, a large portion of JUnit tests remain stable after
being converted to ju2jmh benchmarks.

(2) Stability Tendencies of Benchmarks. Figure 6.2 presents the results of the
second step, which discloses how benchmarks grow more stable as the number of iterations
increases. Every box represents the distribution of calculated RCIWs for all benchmarks
of a testing framework with i iterations. The greater the RCIW, the more variation (less
stability) there is in the result set. Accordingly, the larger the box-and-whisker, the more
variation of stability there is between benchmarks of one type. For example, according
to Figure 6.2, a benchmark usually produces more variable results through two iterations
than through a larger number of trials, such as 15 iterations. It is to be noted that, to
facilitate a better comparison and clarification, we zoom in the chart so that a few whiskers
and one box are shown out of the presenting range, but this does not affect the conclusion.

As illustrated in Figure 6.2, the median RCIW of JUnit tests is always greater than
ju2jmh, JMH, and AutoJMH benchmarks, implying that JUnit tests are generally more
unstable than the other three types of microbenchmarks. Furthermore, based on the follow-
ing analysis, we can conclude that JMH, ju2jmh, and AutoJMH RCIWs are comparable
among these three study subjects. The median RCIW of ju2jmh benchmarks is always
greater than JMH in Rxjava and Zipkin, but their differences are significantly smaller than
the RCIW differences between JUnit tests and JMH/ju2jmh benchmarks, indicating that
although ju2jmh benchmarks are more unstable than JMH benchmarks in these two sub-
jects, their difference is very limited. Rxjava presents the same conclusions when ju2jmh
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Figure 6.2: The box-plots of calculated RCIW for all benchmarks of a testing framework,
ranging the iteration number i, i ∈ {2, 3, ..., 15}

is compared with AutoJMH. In addition, the median RCIW of ju2jmh benchmarks is
lower than JMH and JUnit in Eclipse-collections, suggesting that those benchmarks are
more unstable than ju2jmh benchmarks in this subject. Moreover, the median RCIW
of ju2jmh benchmarks is always comparable with AutoJMH benchmarks in the two sub-
jects of Eclipse-collections and Zipkin. Lastly, in all three subjects, ju2jmh benchmarks’
RCIWs are converging with JMH and AutoJMH benchmarks’ RCIWs to a higher level of
stability, with a very similar level of stability after 15 iterations.

6.1.4 Conclusion

In conclusion, regarding stability assessment, both steps yield identical results: (1) in
all three study subjects, the generated ju2jmh benchmarks outperform JUnit tests; (2)
ju2jmh and manually written JMH benchmarks are comparable, but ju2jmh benchmarks
outperform manually written JMH benchmarks in two out of three study subjects. (3)
ju2jmh benchmarks are also comparable to AutoJMH benchmarks.
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6.2 RQ2: Can performance microbenchmarks detect

artificial performance bugs from mutation test-

ing?

6.2.1 Motivation

While executing performance microbenchmarking, a performance bug can make developers
question whether it comes from a noisy environment [46, 49], the benchmark’s unstable
quality [40], or even a bug. In RQ1, we assessed the stability of benchmarks. However,
the stability itself is not sufficient for detecting performance bugs. A further evaluation of
benchmarks is needed concerning their ability to detect performance bugs.

6.2.2 Approach

To address benchmarks’ ability to detect bugs, we leverage the PMT framework presented
in Section 4.3.4 to inject artificial performance bugs into the source code. An artificial
performance bug could be observed by a covering performance test by searching for degra-
dations in its results. If the performance test can detect an artificial bug, it is more likely
that the test can also detect a similar real-world performance bug.

First, to generate artificial performance bugs, we apply the PMT framework to the
subject’s source code. We build up a large number of systems versions, each containing one
performance bug injected at a single source code location. Then, we extract all benchmarks
that cover any of the selected mutants. Afterwards, we execute benchmarks that cover an
injected performance bug, before and after injection, 30 times. Benchmarks are run in a
sequence within an isolated and controlled environment.

Employing the technique of performance mutation testing, which deliberately intro-
duces performance bugs, we can look at the benchmarks’ results to find any significant
difference. Recent studies [21, 44] have advocated using hypothesis statistical tests (e.g.,
Wilcoxon rank-sum test) to label a significant difference in results as a performance bug,
slowdown, or artificial bug. However, the prior study [46] concludes that testing with
Wilcoxon rank-sum tests, due to high false-positive reported, is not a suitable vehicle for
detecting performance degradation in cloud environments.

In order to accurately assess the difference between the microbenchmarking results
before and after bug injection, we use mutation scores (i.e., the percentages of killed mu-
tants defined in Section 4.3.3) to compare the analyzed subjects. We first assume that a
benchmark can only kill a mutant if the throughput of the benchmark with the mutant is
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significantly lower than the throughput in the original system. For a studied benchmark,
we estimate its confidence interval for the ratios of means (RCI), and the ratios are
calculated based on the benchmark’s throughput (from before and after the bug injection)
and by deploying the bootstrap technique [68, 19], using 10,000 bootstrap iterations [30]
with a confidence level of 99%.

Therefore, the size of performance degradation caused by a performance bug can be
defined as

bug size = [1− URCI ]

, where URCI is the upper bound of the estimated RCI. The upper bound of the estimated
RCI, opposite to its lower bound, denotes the minimum bug occurring in the target sys-
tem. We calculate the bug size in % and it reflects the effectiveness of mutant against
the benchmark. We then assume three different thresholds as the minimum perfor-
mance degradation that bugs produce, namely 1%, 5%, 10%, which has been used in prior
study [21]. The thresholds are chosen from 1% to 10% because: (1) According to the
preliminary analysis results of PMT in Table 4.2, bug size in the mutation operators SOC
and HWO is always greater than 10%, which is why we set a 10% threshold for them.
Although PTW, STS, and EFL mutation operators can/may achieve a bug size of 10% as
the hitting_ratio increases by a large value, for consistency among different mutation oper-
ators, we still keep 10% as the upper bound for all mutations. (2) In terms of selecting the
lowest threshold, 1% is the lowest threshold used in the prior work [21], and the bugs with
bug sizes of less than 1% are difficult to detect. The three thresholds are chosen from 1%
with a high falsely reported positive (bugs not caused by mutants) to 10% with a low falsely
reported positive. If a bug size is greater than the threshold, there is a significant variation
in results, which conveys that the benchmark could kill the mutant (detect the injected
bug), and vice versa. The mutation score is then calculated to compare ju2jmh benchmarks
to manually written JMH benchmarks, JUnit tests, and AutoJMH benchmarks.

6.2.3 Results

Table 6.2 presents the percentage of tests that kill any of the mutants and Table 6.3
presents the calculated mutation score over the three thresholds (columns 1%, 5% and
10%), for the four testing frameworks (column FW) and the five mutation types (columns
PTW(%), STS(%), EFL(%), SOC(%) and HWO(%)).

Comparing ju2jmh benchmarks and JUnit tests: According to column Total (%)
in Table 6.2, across the three subjects and for all three thresholds, more ju2jmh benchmarks
kill a mutant than JUnit tests. In total, from 4.2% to 34.6% of all ju2jmh benchmarks
kill a mutant, significantly higher than 3.5% to 15.7% for JUnit. Furthermore, over large
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Table 6.2: The percentage of tests that kill any of the mutants from five operators,
assuming that the mutant is killed if the bug size ≥ 1%, 5%, and 10%.

Subject FW
PTW (%) STS (%) EFL (%) SOC (%) HWO (%) Total (%)

1% 5% 10% 1% 5% 10% 1% 5% 10% 1% 5% 10% 1% 5% 10% 1% 5% 10%

RxJava

JMH 34.6 6.1 0.6 - - - 37.1 8.2 3.3 - - - 55.4 41.4 35.7 44.0 21.4 16.0
ju2jmh 29.2 3.0 0.6 40.0 12.1 2.9 44.4 6.4 2.7 20.0 0.0 0.0 56.3 42.1 39.4 34.0 7.0 4.1
JUnit 6.5 0.7 0.1 21.4 4.3 0.9 10.8 3.3 0.3 0.0 0.0 0.0 42.1 39.4 38.5 10.6 4.3 3.2
AutoJMH 64.2 11.9 0.0 100 100 100 50.0 25.0 12.5 20.0 0.0 0.0 66.7 44.4 33.3 64.7 19.6 11.8

Ec-col.*

JMH 21.4 8.2 4.1 - - - - - - 0.0 0.0 0.0 54.5 50.0 50.0 28.9 18.4 15.6
ju2jmh 31.5 8.3 1.6 33.9 9.4 5.6 37.3 12.6 6.8 43.1 11.3 3.7 37.0 9.2 4.8 37.1 9.4 4.3
JUnit 20.3 5.5 1.1 35.8 11.3 7.5 36.7 13.2 6.8 40.9 10.6 3.7 18.2 7.3 4.2 25.2 7.8 3.9
AutoJMH 66.7 16.7 5.6 54.5 18.1 9.1 62.5 25.0 12.5 100 66.7 33.3 66.7 66.7 66.7 66.7 33.3 21.2

Zipkin

JMH 19.0 4.7 0.0 - - - 9.0 9.0 9.0 - - - 33.3 33.3 33.3 18.4 7.8 5.2
ju2jmh 12.6 2.5 0.8 25.8 16.1 0.0 30.3 0.0 0.0 - - - 47.6 33.3 33.3 21.0 7.3 3.9
JUnit 11.7 2.5 0.8 25.8 16.1 0.0 0.0 0.0 0.0 - - - 42.8 33.3 33.3 16.1 7.3 3.9
AutoJMH 36.7 10.0 3.3 100 100 0.0 50.0 0.0 0.0 - - - 100 100 100 43.2 16.2 8.1

Total

JMH 28.3 9.3 2.4 - - - 35.3 8.3 3.8 0.0 0.0 0.0 54.9 43.0 38.5 38.8 20.1 15.5
ju2jmh 29.0 3.7 0.8 37.6 12.4 3.4 42.3 7.7 3.7 42.0 10.5 4.2 42.5 16.8 12.7 34.6 7.9 4.2
JUnit 8.7 1.4 0.3 25.5 7.2 2.4 16.9 5.5 1.9 38.5 10.5 4.2 27.4 14.6 12.0 15.7 5.6 3.5
AutoJMH 55.6 12.2 2.2 66.7 40.0 20.0 54.5 18.1 9.1 50.0 25.0 12.5 70.0 60.0 55.0 58.7 22.3 13.2

Total (%) 19.5 2.7 0.5 32.1 10.2 2.9 30.2 6.6 2.7 38.9 10.3 3.6 32.9 15.0 11.7 25.8 7.4 4.4

* Eclipse-collections

degradations (≥10%), low and close percentages of ju2jmh benchmarks and JUnit tests
kill a mutant, while in small degradations (≥1%), ju2jmh significantly outperforms JUnit.

Furthermore, according to column Total (%) in Table 6.3, ju2jmh achieves a higher
mutation score than JUnit, with the exception of Eclipse-collections at the threshold of
1%. In total, ju2jmh achieves a mutation score from 29.7% to 80.0%, higher than JUnit
with a mutation score of 23.9% to 69.0%. In Eclipse-collections and over the threshold
of 1%, the difference between ju2jmh benchmarks and JUnit tests is slight (87.8 vs. 91.8).
In other cases, ju2jmh outperforms JUnit.

In conclusion, while both ju2jmh and JUnit tests cover all of the mutants in the study,
the percentage of ju2jmh benchmarks that kill a mutant is higher than JUnit tests, implying
that for a given mutant operator, it is more likely to be killed by ju2jmh benchmarks than
JUnit tests. In addition, ju2jmh benchmarks generally achieve higher mutation scores than
JUnit tests. Therefore, ju2jmh is more effective in detecting performance bugs, regardless
of the analysis perspective of mutation operators or tests.

Comparing ju2jmh and JMH benchmarks: We first compare the percentage of
ju2jmh and JMH benchmarks that kill a mutant using the analysis of column Total (%)
in Table 6.2. In some cases, the percentage of ju2jmh benchmarks is greater than that
of JMH benchmarks, while in other cases, it is lower. For example, 37.1% and 21.0% of
ju2jmh benchmarks in Eclipse-collections and Zipkin kill a mutant with bug size ≥ 1%,
higher than the 28.9% and 18.4% of JMH benchmarks. However, in other cases, ju2jmh
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Table 6.3: Mutation score of tests against the generated mutants from five operators,
assuming that the mutant is killed if the bug size ≥ 1%, 5%, and 10%.

Subject FW
PTW (%) STS (%) EFL (%) SOC (%) HWO (%) Total (%)

Coverage
1% 5% 10% 1% 5% 10% 1% 5% 10% 1% 5% 10% 1% 5% 10% 1% 5% 10%

RxJava

JMH 100 42.8 14.3 - - - 100 100 50.0 - - - 100 100 100 100 73.3 46.7 15 (22.7%)
ju2jmh 95.2 50.0 16.7 100 100 100 100 87.5 75.0 40.0 0.0 0.0 100 88.9 88.9 92.4 57.6 34.8 66 (100%)
JUnit 64.3 19.0 9.5 100 100 100 100 75.0 25.0 0.0 0.0 0.0 88.9 88.9 88.9 68.2 36.4 24.2 66 (100%)
AutoJMH 64.2 11.9 0.0 100 100 100 50.0 25.0 12.5 20.0 0.0 0.0 66.7 44.4 33.3 60.6 19.7 9.1 66 (100%)

Ec-col.*

JMH 71.4 42.9 28.6 - - - - - - 0.0 0.0 0.0 100 100 100 69.2 53.8 46.1 13 (26.6%)
ju2jmh 94.4 61.1 22.2 81.8 36.4 27.3 62.5 62.5 50.0 100 100 100 100 77.8 66.7 87.8 61.2 40.8 49 (100%)
JUnit 94.4 38.9 11.1 90.9 45.4 27.2 75.0 62.5 50.0 100 100 100 100 77.8 66.7 91.8 55.1 36.7 49 (100%)
AutoJMH 66.7 16.7 5.6 54.5 18.1 9.1 62.5 25.0 12.5 100 66.7 33.3 66.7 66.7 66.7 65.3 30.6 20.4 49 (100%)

Zipkin

JMH 16.7 8.3 0.0 - - - 25.0 0.0 0.0 - - - 50.0 50.0 50.0 22.2 11.1 5.6 18 (45.0%)
ju2jmh 40.0 10.0 3.3 100 100 0.0 66.7 0.0 0.0 - - - 100 100 100 50.0 17.5 7.5 40 (100%)
JUnit 36.7 10.0 3.3 100 100 0.0 33.3 0.0 0.0 - - - 100 100 100 42.5 17.5 7.5 40 (100%)
AutoJMH 36.7 10.0 3.3 100 100 0.0 50.0 0.0 0.0 - - - 100 100 100 45.0 17.5 7.5 40 (100%)

Total

JMH 53.8 26.9 11.5 - - - 62.5 50.0 25.0 0.0 0.0 0.0 90.0 90.0 90.0 60.9 43.5 30.4 46 (29.7%)
ju2jmh 76.7 38.9 13.3 86.7 53.3 33.3 77.2 54.5 45.4 62.5 37.5 37.5 100 85.0 80.0 80.0 48.4 29.7 155 (100%)
JUnit 61.1 20.0 7.8 93.3 60.0 33.3 72.7 50.0 27.2 37.5 37.5 37.5 95.0 85.0 80.0 69.0 37.4 23.9 155 (100%)
AutoJMH 55.6 12.2 2.2 66.7 40.0 20.0 54.5 18.1 9.1 50.0 25.0 12.5 70.0 60.0 55.0 58.0 22.6 12.2 155 (100%)

Total (%) 83.3 46.7 17.8 93.3 73.3 46.7 100 59.1 50.0 62.5 37.5 37.5 100 95.0 90.0 89.0 56.8 35.5 155 (100%)

* Eclipse-collections

benchmarks achieve a smaller percentage.

We then compare the mutation scores of ju2jmh and JMH benchmarks according to
Table 6.3. Column Total (%) illustrates that ju2jmh benchmarks are more efficient than
JMH benchmarks in killing mutants in general. On average, 29.7% to 80.0% of mutants
are killed by ju2jmh benchmarks, higher than 30.4% to 60.9% by JMH benchmarks. In
more than half of the cases, ju2jmh benchmarks achieve higher mutation scores than JMH
benchmarks. Moreover, although manually written JMH benchmarks are not far behind
ju2jmh benchmarks in terms of mutation scores, they cover far fewer mutants (29.7% vs.
100%).

As presented in Table 6.2 and Table 6.3, although there is a higher percentage of
JMH benchmarks that kill mutants than ju2jmh benchmarks, the overall coverage of all
JMH benchmarks is much less than ju2jmh, implying that ju2jmh benchmarks have more
coverage diversity, whereas manually written JMH benchmarks are more specific to cer-
tain mutants with less coverage diversity. The manually written JMH benchmarks would
produce better results if they could achieve higher coverage. However, this necessitates
a great deal of manual effort, which is impractical in real-life development. Therefore,
we can deduce that ju2jmh benchmarks cover more mutants than manually written JMH
benchmarks, and that the JMH benchmarks necessitate mutant coverage enhancements in
order to achieve better results.

Comparing AutoJMH benchmarks with other tests: Similarly, when the percentage
of AutoJMH benchmarks that kill a mutant is compared to those of other tests, AutoJMH
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benchmarks can have higher percentages than ju2jmh benchmarks, according to column
Total (%) in Table 6.2. However, both benchmarks can generally achieve 100% mutant
coverage, as presented in Table 6.3. In addition, AutoJMH benchmarks have limitations
that prevent them from being trusted and valuable. First, according to Table 5.2, the
number of generated AutoJMH benchmarks is significantly lower than the other tests,
resulting in a limited data set for study. Second, AutoJMH is obsolete as we mentioned in
Section 4.5. Third, AutoJMH is limited to manually configuring specific single statements.
Such reasons limit the spread and application of AutoJMH.

Moreover, ju2jmh benchmarks achieve a higher mutation score than AutoJMH bench-
marks in all cases across the three subjects and for all three thresholds, according to
column Total (%) in Table 6.3. In total, ju2jmh achieves a mutation score of 29.7% to
80.0%, significantly higher than 12.2% to 58.0% for AutoJMH. In particular, in Rxjava and
Eclipse-collections, ju2jmh benchmarks have mutation scores of at least 20.4% higher
than AutoJMH benchmarks.

In conclusion, while both ju2jmh and AutoJMH benchmarks cover all mutants, ju2jmh
benchmarks achieve higher mutation scores than AutoJMH benchmarks, indicating that
ju2jmh benchmarks are more effective than AutoJMH benchmarks in detecting perfor-
mance bugs.

Different effects of mutation operators’ diversity: According to row Total (%)
in Table 6.2, which presents the percentage of benchmarks that kill a mutant, across the
threshold of 1%, 61.2% of JMH benchmarks, 65.4% of ju2jmh benchmarks, 84.3% of JUnit
tests, and 41.3% of AutoJMH benchmarks failed in killing mutants. The highest percentage
of benchmarks kill mutants from SOC (see the total mutation score in column SOC) with
the percentage of 3.6% to 38.9%, and the smallest percentage of benchmarks kill mutants
from PTW (column PTW) with the percentage of 0.5% to 19.5%. Moreover, mutants
from HWO (column HWO) have a strong effect on benchmarks, particularly where 11.7%
of benchmarks with a large bug size 10% is significantly greater than 0.5% of benchmarks
that kill a mutant from PTW.

Table 6.3 yields the same finding, proving that different mutation operators have dif-
ferent effects on microbenchmarks. According to row Total (%), which presents the
calculated mutation score across all tests of the three study subjects, 35.5% to 89.0% of
mutants are killed by the tests in total. The highest mutation score is achieved by HWO
(column HWO)) where 90.0% to 100% of mutants are killed. The smallest mutation
score is for SOC (column SOC) where 37.5% to 62.5% of mutants are killed. Such large
variations in the results illustrate the diversity of mutant operators.

Exclusive mutation score: In order to provide more insight into ju2jmh benchmarks, we
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define the exclusive mutation score, which is the percentage of mutants that are exclusively
killed by a framework and not by others. We calculate the exclusive mutation score for
the four frameworks, across the three subjects, for the five mutation operators, and over
the three thresholds. In total, over the threshold of 1%, ju2jmh benchmarks achieve an
exclusive mutation score of 3.2%, higher than 2.2% for JMH benchmarks and 0.6% for
JUnit tests, but less than 6.5% for AutoJMH benchmarks. Over the threshold of 5%,
ju2jmh benchmarks achieve an exclusive mutation score of 9.0%, considerably higher than
2.2% for JMH, 0.6% for JUnit, and 6.5% for AutoJMH. Over the large threshold of 10%,
ju2jmh benchmarks achieve an exclusive mutation score of 5.8%, higher than 0.6% for
JUnit and 3.6% for AutoJMH, but less than 8.7% for JMH. In conclusion, most mutants
are covered by multiple tests, with ju2jmh benchmarks covering more mutants exclusively
than JUnit tests in all cases and JMH and AutoJMH benchmarks in the majority of cases.

6.2.4 Conclusion

ju2jmh benchmarks are more effective in detecting performance bugs than JUnit tests and
AutoJMH benchmarks. ju2jmh benchmarks cover more mutants than manually written
JMH benchmarks and JMH benchmarks necessitate mutant coverage enhancements to
achieve better results. Furthermore, we discover that different mutation operators can
have various effects on benchmarks. In general, ju2jmh benchmarks can detect a larger
proportion of mutants exclusively than other tests.

6.3 RQ3: Can performance microbenchmarks detect

real-world performance bugs?

6.3.1 Motivation

One of the advantages of mutation testing is its ability in uncovering deficiencies in tests and
improving them, allowing the improved tests to be further utilized for detecting real-world
bugs [66]. We are motivated to know if benchmarks with higher performance mutation
score can detect real-world performance bugs better. Additionally, we wish to know how
similarly the generated mutants and real-world performance bugs behave in affecting a
covering performance test.
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6.3.2 Approach

To answer the motivation questions, we check whether a performance test is more likely
to detect a similar real-world performance bug if it is able to detect a mutant.

For a specific real performance bug inside a system’s source code, we first find all JUnit
tests and JMH benchmarks that cover it. Next, we deploy ju2jmh to build benchmarks
from the JUnit tests and deploy the PMT tool to generate a mutant similar to the bug on
the same source code location. Last, we execute the covering ju2jmh and JMH benchmarks
30 times against the original system where the bug is fixed, the parent system that still
contains the bug, and the system where the bug is replaced with a generated mutant.
Then, we compare mutation results with real bug results. Accordingly, the efficacy of
performance tests in detecting a mutant is compared with their efficacy in detecting real
bugs.

Similarly to the previous research question, we compute the RCI for both the original
system and the system containing real-world bugs (RCIbug) and compute the RCI for the
original system and its mutant version (RCImutant). Then, we compare both calculated
RCIs to find similarities between them.

The explored real-world performance bugs are extracted from the NFBugs dataset [67].
NFBugs is a dataset of 138 non-functional bug fixes in 67 open-source projects in Java
or Python. NFBugs contains eight common performance bug patterns from performance
bugs that are already fixed by the projects’ communities. The building of our PMT tool
is based on the real-world performance bugs collected from the NFBugs dataset.

In total, there are 13 fixes of real-world performance bugs from 11 different projects in
the NFBugs dataset that are supported in our PMT tool (i.e., the bug can be reproduced
by one of the five developed patterns). The 13 bug fixes are from the three bug patterns
of PTW, EFL, and STS. However, only one bug fix can be studied through this research
question’s experiment. For the remaining 12 bug fixes, in 11 of them, there is either no
JMH/JUnit test in the system or there is no JMH/JUnit test that covers the fixed bugs,
and for the last bug fix, the corresponding system is no longer publicly available.

The performance bug exists in Storio1 and is fixed through commit #566d3e9. There
are 21 Junit tests in the system that cover the bug. Accordingly, we build 21 ju2jmh
microbenchmarks and a mutant associated with the bug. Lastly, we compare the mutation
score of the ju2jmh benchmarks and the JUnit tests.
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JUnit Tests

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21
Mutant 0.9251 0.9386 0.9443 0.945 0.9504 0.9562 0.9584 0.959 0.9614 0.9714 0.9752 0.9781 0.9782 0.9921 0.9933 0.9934 0.999 1.0007 1.0017 1.0051 1.0861
Real-bug 0.938 0.9369 0.943 0.9429 0.9478 0.9566 0.9577 0.9583 0.9638 0.9697 0.9747 0.9779 0.9785 0.9934 0.9933 0.9913 0.9978 1.0028 1.001 1.0084 1.0696
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Figure 6.3: The calculated URCI for each of 21 ju2jmh benchmarks and 21 JUnit tests,
against the mutant and the real bug.

6.3.3 Results

Figure 6.3 presents the calculated URCI for each of 21 numbered ju2jmh benchmarks and
the corresponding 21 JUnit tests, against the mutant and the real bug. Similarly to the
previous research question, three thresholds (1%, 5% and 10%) are marked as the three
minimum bug sizes that trigger the detection of bug. If the calculated URCI is below a given
threshold’s line, we conclude that the degradation is larger than the minimum bug size.
Table 6.4 summarizes Figure 6.3.

Table 6.4: Microbenchmarks that kill mutant and/or detect performance bug, assuming
that the mutant is killed or the bug is detected if the bug size ≥ 1%, 5%, and 10%.

ju2jmh JUnit

Mutant Bug Mutant Bug

1% 5% 10% 1% 5% 10% 1% 5% 10% 1% 5% 10%

66.7 42.8 4.7 66.7 42.8 0.0 61.9 19.0 0.0 61.9 23.8 0.0

According to Figure 6.3 and Table 6.4, ju2jmh appears to perform better than JUnit
both in killing the mutant and in detecting the real-world bug. For the three thresholds
of bug sizes 1%, 5% and 10%, the percentage of ju2jmh benchmarks that kill the mutants
is 4.7% (benchmark #1), 42.9% (benchmarks #1 to #9), and 66.7% (benchmarks #1 to

1https://github.com/pushtorefresh/storio.git
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#14) respectively, better than JUnit tests with the percentage of 0.0%, 19.0% (benchmarks
#1 to #4), and 61.9% (benchmarks #1 to #13), indicating that ju2jmh benchmarks can
detect the mutant better than JUnit tests. Similarly, ju2jmh performs better than JUnit
in detecting real-world bugs. Over smaller degradations (1% and 5%), 66.6% and 42.8% of
ju2jmh microbenchmarks detect the presence of the bug, higher than 61.9% and 23.8% for
JUnit tests. None of the ju2jmh or JUnit tests can detect real-world bugs with a larger bug
size threshold (10%). As a result, ju2jmh outperforms JUnit both in killing the mutant
and in detecting the bug.

According to Figure 6.3, both ju2jmh benchmarks and JUnit tests produce results
with a similar distribution against the mutant and the bug. On average, the difference
of calculated URCI between the mutant and the bug is 0.4% for ju2jmh benchmarks and
0.3% for JUnit tests, showing the similarities between results of benchmarks against the
mutant and results of benchmarks against the bug. However, in all cases, the efficacy
of ju2jmh benchmarks in killing the mutant or detecting the bug is higher than that of
JUnit tests. ju2jmh benchmarks achieve a 0.3% to 3.0% lower value of the calculated URCI

(higher efficacy) than JUnit tests in killing the mutant and a 0.2% to 2.6% lower value in
detecting the bug. In conclusion, the distribution of ju2jmh benchmarks’ results and JUnit
test results is similar, but the efficacy of ju2jmh benchmarks both in killing the mutant
and in detecting the bug is higher than JUnit tests.

6.3.4 Conclusion

According to our experiment of a real-world performance bug and a similar generated
mutant, ju2jmh performs better than JUnit in killing the mutant and detecting the bug.
Furthermore, the mutant and the real-world bug affect benchmarks in a very similar way.

6.4 RQ4: What are the major factors affecting a mi-

crobenchmark’s ability to detect performance bugs?

6.4.1 Motivation

To determine whether a performance microbenchmark is effective or unsatisfactory, there
are a number of metrics that require further investigation and comparison. In this section,
we highlight three causes that significantly affect the ability of microbenchmarks to detect
bugs. The causes c1 and c3 in the following are derived from prior research [22]. We
examine three of the eight causes they identified and merge two of them into c1. In
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addition, c2 is derived based on both the prior work [44] and the aforementioned analysis
of RQ results.

c1. Too low workload: performance bugs could not be detected in benchmarks
with a modest workload of payloads. In other words, most of mutants are killed by the
benchmarks with a relatively large workload.

[22] point out that not enough microbenchmark execution repetitions could have a
significant impact on a performance microbenchmark’s ability to find bugs. During a
microbenchmark execution, if we raise the number of iterations of the microbenchmark
code, the workload can be increased without exceeding the hardware limit. As a result, we
have combined these two reasons into one.

c2. Unstable microbenchmarks: [44] reveal that the variability of a benchmark
has an impact on benchmarking results. Furthermore, both RQ1 and RQ2 indicate that
ju2jmh benchmarks outperform JUnit tests in all study subjects and are comparable to
JMH benchmarks when two separate aspects are taken into account (i.e., microbench-
mark stability and their ability to detect bugs). The same conclusions may imply that
microbenchmark stability affects microbenchmark ability to detect bugs, which could be
of interest.

c3. Limited mutant coverage: performance bugs are generated by the PMT frame-
work, however they only affect one point in the source code (mostly one line of source code).
Therefore, to investigate this cause, we considered the total number of times that the source
code line containing bugs (mutants) was hit during the microbenchmark execution as a
coverage metric. We argue that the more times a benchmark hits the buggy line, the more
significant a performance degradation will be detectable in the microbenchmarking results.

Other causes: there are other known/unknown causes for future study that might im-
pact benchmarks in exposing bugs. For example, benchmarks accessing IO/network/other
resources [22], natural internal and external noises [46, 49], partial branch coverage [22],
and the design of the benchmark itself [18]. These other causes are not evaluated here,
and are left for future research.

6.4.2 Approach

To answer RQ4, we examine each of the three aforementioned causes against all of RQ2’s
benchmarks that killed a mutant. Since there were not many benchmarks that killed a
mutant with a bug size ≥ 5% and 10%, we only studied the threshold of 1% as the minimum
bug size.
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To examine workload (c1), we take the throughput (ops/s) of benchmarks as the met-
ric. In addition, we take the RSD (%) of benchmarks and the hitting count (/s) to
study the second (c2) and third (c3) causes respectively. For each metric (i.e., through-
put/RSD/hitting ratio), we calculate the number of benchmarks that could kill the mutant
with different values of metrics for subsequent analysis. Specifically, we split the range of
all measurements (of a testing framework and across all five mutant types) into four equal-
size groups from the minimum value to the maximum value in the data-set. Then, we
count the total number of benchmarks that kill a mutant in each group.

In prior RQs, we compare ju2jmh to other testing frameworks and find that ju2jmh
outperforms other testing frameworks in general. Therefore, the question of why ju2jmh
outperforms other testing frameworks arises. The ju2jmh benchmarks achieve 100%mutant
coverage, which means that each mutant is executed. For mutants merely covered by
ju2jmh benchmarks, it is obvious that ju2jmh benchmarks perform better due to mutant
coverage. For mutants covered by multiple tests, we perform a study. We first select all
mutants that are covered by all four types of tests. We choose the top mutant cases where
ju2jmh benchmarks outperform other tests the most and conduct a manual analysis on
them. For each of the five mutation types, we extract a ranking list of the mutants for
which ju2jmh outperforms the other three frameworks in terms of killing the mutants.
The ranking is determined by the largest bug size difference between ju2jmh benchmarks
and the tests from the other three frameworks. If a mutant is covered by multiple tests
that are specific to a given test type, we choose the best result as a representation of
this test type. The top five mutants with the largest bug size difference between ju2jmh
benchmarks and the other tests are then selected. Lastly, we manually inspect the top
five cases with the help of techniques, such as static analysis, to determine why ju2jmh
benchmarks outperform other tests.

Similarly, we follow the procedure from the manual analysis above to study the reasons
why the mutants can only be killed by ju2jmh benchmarks but not by other tests. We
first extract all mutants that can only be killed by ju2jmh benchmarks with the three
different thresholds for throughput reduction (1%, 5% and 10%). For each threshold and
mutation operator type, after ranking the ju2jmh benchmarks by comparing the maximum
difference of bug size between them and the other tests, we choose the top cases to perform
the manual analysis.

6.4.3 Results

Table 6.5 presents the number of microbenchmarks that killed a mutant across each of the
four groups of the three causes.
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c1. Too low workload:

In total, 74.4% of mutants are killed by the benchmarks with the largest workload
(column c1.g4), which is significantly higher than the other three groups. In all cases
of column c1, ju2jmh, JUnit, and AutoJMH strongly support our claim that benchmarks
with the largest workload are better in detecting bugs, while JMH contradicts our claim.

In Rxjava, 1,088 (76.2%) ju2jmh benchmarks, 319 (68.3%) JUnit tests, and 32 (80.0%)
AutoJMH benchmarks belong to the largest workload group (g4), while JMH benchmarks
are normally distributed among the four groups and the largest workload’s group contains
only 16.3% of the benchmarks. Furthermore, in Eclipse-collections and Zipkin, similar
findings are obtained in comparing ju2jmh, JUnit, and AutoJMH. However, JMH com-
pletely stands against our claim in these two subjects where 23 (46%) Eclipse-collections

benchmarks and 6 (85.7%) Zipkin benchmarks belong to the smallest workload’s groups
(g1).

In conclusion, ju2jmh, JUnit, and AutoJMH all confirm that benchmarks with the
largest workload are better in detecting performance bugs, but JMH does not necessarily
support this claim.

c2. Unstable microbenchmarks:

Column c2 of table 6.5 depicts a highly significant effect of stability, with the most stable
benchmarks (column c2.g1) killing 94.6% of mutants. All four test frameworks confirm
that most mutants are killed by the most stable benchmarks. Specifically, across the three
subjects, 71.4% to 96.1% of JMH benchmarks, 90.7% to 96.8% of ju2jmh benchmarks,
93.9% to 97.0% of JUnit tests, and 61.1% to 96.9% of AutoJMH benchmarks that killed a
mutant belong to the most stable benchmarks.

In conclusion, microbenchmark stability has a significant impact on detecting perfor-
mance bugs. The more stable benchmarks can better detect performance bugs.

c3. Limited mutant coverage:

In general, the results do not necessarily confirm that benchmarks need higher hitting_ratio
(e.g., column c3.g4) to detect performance bugs. However, if the benchmark hit the buggy
statement with a lower ratio (e.g., column c3.g1), the mutant could not be killed by the
benchmark. In total, two middle groups (c3.g2 and c3.g3 killed 89.4% of all mutants,
and only 4.7% of mutants are killed in a situation with the lowest hitting_ratio (c3.g1).
As a result, we can conclude that in order to detect performance bugs, microbenchmarks
require appropriate hitting_ratio values (not too high or too low). In other words, mutants
with too low hitting_ratio cannot sufficiently degrade microbenchmarks. Moreover, mi-
crobenchmarks rarely hit a mutant with a large enough hitting_ratio to make significant
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degradations. The data trend indicating that the number of microbenchmarks detecting
bugs decreases in an interval with a high hitting_ratio reinforces the view stated in sec-
tion 4.3.4, implying that some external factors, such as hardware limitations, may have an
impact on microbenchmarks results.

According to Table 6.5, we can conclude that the positive effect of each of the three
discussed causes can result in better detection of the performance bug. We conclude
that benchmarks with sufficient workload, higher stability, and appropriate coverage can
better kill the mutant. The three approaches of ju2jmh, JUnit, and AutoJMH confirm our
claim that benchmarks with the largest workload can better detect bugs, while JMH does
not necessarily confirm it. In all cases, all four approaches confirm that the most stable
benchmarks can better detect bugs. Lastly, results do not confirm that benchmarks need
high coverage, but they need an appropriate coverage of the bug to be able to detect the
bug.

Our manual study identified three reasons why ju2jmh benchmarks outperform others.
In particular, the experiment yields five top-five cases (out of a total of 25) in which
the ju2jmh benchmark outperforms other tests the most based on bug size. The maximum
bug size difference between ju2jmh benchmarks and other tests ranges from 0.5% to 97.2%.
Among the 25 cases, AutoJMH benchmarks are involved in the majority of cases (16 of 25),
while JMH benchmarks are involved in the fewest (4 of 25 cases). In addition, we manually
analyze another 27 cases where mutants that can only be killed by ju2jmh. Based on the
total 52 (i.e., 25 + 27) cases, we found the reasons why ju2jmh benchmarks outperform
other tests, which can be summarized as follows: (1) In 28 cases, ju2jmh benchmarks hit
the mutants more often than the other frameworks (more than 4× to 400, 000×); (2) in 22
cases, ju2jmh benchmarks have higher stability (lower RSD) than the other frameworks;
(3) in 13 cases, ju2jmh benchmarks have a more proper workload size (not too high or too
low) than the other frameworks. The detailed experiment results are attached to the table
in the Appendix section.

6.4.4 Conclusion

In summary, to answer RQ4, we used prior work to derive three causes and conducted three
experiments to measure these three causes. The results indicate that: (1) Too low workload
can prevent ju2jmh benchmarks from detecting performance bugs effectively. The same
conclusion applies to JUnit tests and AutoJMH benchmarks, but not to JMH benchmarks.
(2) Unstable microbenchmarks can also impede microbenchmarks from detecting bugs,
and this finding is not limited to a particular testing framework. (3) Performance bugs
are more likely to be detected in microbenchmarks with appropriate execution frequency
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(i.e., hitting ratio) for bugs during the microbenchmarking period. Too low or too high
execution frequency can cause microbenchmarks to fail to detect performance bugs.

6.5 RQ5: How effective is the clustering strategy for

performance microbenchmarking?

6.5.1 Motivation

Performance testing is indispensable for identifying bottlenecks and optimizing software
systems. However, it remains a resource-intensive process, especially in large-scale projects
where test suites often consist of numerous microbenchmarks. While tools like ju2jmh sim-
plify the generation of microbenchmarks, they do not address the inefficiencies inherent in
executing these tests individually. The repetitive overhead of initialization, execution, and
result analysis in isolated microbenchmarks can consume significant resources, rendering
performance testing impractical in many cases.

To address these challenges, our research introduces a clustering-based approach to
optimize ju2jmh microbenchmarking. By leveraging code coverage information to group
functionally similar microbenchmarks into clusters, we aim to enhance the utility of per-
formance testing in the following ways:

• Broader Analysis: Clustering enables microbenchmarks to collectively identify broader
performance trends, compensating for the limited scope of isolated tests.

• Efficiency Gains: Batch execution of clusters reduces redundant overhead, optimizing
the resource usage in performance testing.

• Improved Scalability: This approach ensures that performance testing remains prac-
tical, even for large-scale microbenchmarking suites.

Through this methodology, we aim to streamline the performance testing workflow,
ensuring that the enhancements in execution efficiency preserve the accuracy of results.
Ultimately, this enables faster feedback loops and reduced computational burdens, em-
powering developers to conduct more accessible and effective performance testing. RQ5
investigates the feasibility and efficacy of this clustering strategy, providing critical insights
into its scalability and reliability.
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6.5.2 Approach

The following two metrics are used to evaluate the efficiency and stability of the batch
execution strategy.

Microbenchmarking Execution Time:

This metric is used to measure the efficiency of microbenchmarking for batch execution.
By using individually executed microbenchmarks as a baseline for comparison, we can
examine how batch execution speeds up microbenchmarking.

Microbenchmarking Stability: To determine the reliability and consistency of the
microbenchmarks in detecting performance-related issues, we assess the stability in mi-
crobenchmarking results across multiple executions of both individual and batch-executed
microbenchmarks. Stability serves a critical metric that helps developers observe whether
a program behaves consistently under performance testing and is useful for real-world
performance testing enhancement.

We analyze the stability of microbenchmarks using the Relative Standard Deviation
(RSD) of their execution time, where a lower RSD value indicates higher stability and vice
versa. For each benchmark and cluster, we calculate RSD across 30 iterations and measure
its stability. In particular,

• A ≤1% RSD indicates a stable result where clustering retains accuracy.

• A >5% RSD suggests an unstable result where clustering may compromise accuracy.

• For RSD between 1% and 5%, we evaluated whether the cluster’s RSD was lower
than most individual benchmarks in that cluster to assess sufficiency.

6.5.3 Results

We select 14,301 out of 35,084 ju2jmh microbenchmarks with execution time below 2µs, as
these microbenchmarks tend to have limited utility, due to their high variance and limited
scope [35] that can benefit from batch execution. The 14,301 ju2jmh microbenchmarks are
grouped into 2,124 clusters. Each cluster is represented as a JMH microbenchmark that
sequentially invokes the individual microbenchmarks within its payload. Our evaluations
compares the efficiency and stability between individually and batch-executed microbench-
marks.

Execution Time Savings

Table 6.6 highlights the efficiency of the batch execution strategy across three Java projects:
RxJava, Eclipse-collections, and ZipKin. The results demonstrate significant reductions in
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execution time, with savings ranging from 81.2% to 86.2%.

• RxJava: Reduced from 51.3 hours to 9.5 hours (81.5% saved).

• Eclipse-collections: Reduced from 185.15 hours to 25.55 hours (86.2% saved).

• ZipKin: Reduced from 1.86 hours to 0.35 hours (81.2% saved).

Scalability: The clustering approach effectively groups benchmarks, with cluster sizes
averaging 5 to 7 benchmarks. Larger projects like Eclipse-collections see the highest per-
centage of time saved (86.2%) due to greater opportunities for redundancy reduction.

Impact:

The observations from Table 6.6 indicate the significant efficiency improvement for
microbenchmarks brought by batch execution. Since batch execution does not involve code
changes, this strategy will not affect code coverage, which minimizes the risks of reducing
test reliability. The batch-executed strategy scales well across projects of different sizes,
ensuring faster feedback loops and reduced costs in performance testing workflows.

Table 6.6: Time saved using batch-executed strategy

RxJava Eclipse-collections ZipKin

# of ju2jmh benchmarks 3,080 11,109 112
# of clusters 570 1,533 21
Avg. size of clusters 5.13 6.91 5.42
Total time for individuals (hours) 51.3 185.15 1.86
Total time for clusters (hours) 9.50 25.55 0.35
% of time saved (%) 81.50 86.20 81.20

Benchmarks’ Stability

Table 6.7 evaluates the stability of clustered and individual benchmarks by comparing the
Relative Standard Deviation (RSD) of their execution time and the percentages of stable
(≤1% RSD) and unstable (≥5% RSD) benchmarks across the studied subjects.

RSD Comparison: The average RSD for clusters is slightly higher than for individual
benchmarks (e.g., 0.78% vs. 0.43% for RxJava), with a maximum increment of 0.48%,
reflecting the slightly reduced stability from batching microbenchmarks. Despite this, the
extra variability remains within acceptable bounds while the increased variability remains
negligible, demonstrating the stability of batch execution for microbenchmarking.

Stability: The percentage of stable benchmarks is consistently high for clusters (78.3%-
87.5%), although slightly lower than individual benchmarks (83.5%-97.3%). Unstable
benchmarks remain rare for both clusters (≤0.9%) and individuals (≤0.6%).
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Impact: These results show that batch execution retains sufficient stability. This en-
sures that clustering does not compromise the ability to detect performance regressions
effectively.
Table 6.7: RSD of clusters and individuals, the percentage of Stable (≤1%) and Unstable

(≥5%) microbenchmarks

RxJava Eclipse-collections ZipKin

Average RSD of individuals (%) 0.43 0.39 0.56
Average RSD of clusters (%) 0.78 0.87 0.85
RSD difference 0.35 0.48 0.29

Stable individuals (%) 95.8 97.3 83.5
Stable clusters (%) 78.3 81.2 87.5
Stability difference (%) -17.5 -16.1 4

Unstable individuals (%) 0.30 0.60 0.40
Unstable clusters (%) 0.90 0.60 0.35
Instability difference (%) 0.60 0.00 -0.05

6.5.4 Conclusion

To conclude, the results demonstrate that the proposed batch execution strategy signif-
icantly improves the efficiency of performance microbenchmarking. Table 6.6 highlights
substantial time savings, with batch execution reducing execution times by over 80% across
all three Java projects, making performance testing more scalable and cost-effective. Ta-
ble 6.7 confirms that batch execution maintains sufficient stability, with the variability
(measured as RDS) remaining negligible. While batch-executed microbenchmarks exhibit
slightly higher RSD compared to individual benchmarks, the majority of microbenchmarks
remain stable, and unstable benchmarks are rare. Therefore, these results indicate that
batch execution achieves significant reductions in execution time without compromising the
stability needed for effective performance testing, offering a practical solution to streamline
performance test suites in diverse software projects.

55



Chapter 7

Conclusion

7.1 Summary of Results

This thesis explored five key research questions to enhance the effectiveness and efficiency
of performance microbenchmarking in Java applications:

• RQ1: Stability of Automatically Generated Benchmarks
The study demonstrated that ju2jmh-generated benchmarks exhibit sufficient stabil-
ity compared to manually crafted benchmarks. Relative Standard Deviation (RSD)
measurements showed that while the automatically generated benchmarks had slightly
higher variability, they remained within acceptable bounds, proving their reliability
for performance testing.

• RQ2: Detection of Artificial Performance Bugs
Using the Performance Mutation Testing (PMT) framework, ju2jmh benchmarks
achieved competitive mutation scores, indicating their capability to detect artificial
performance bugs effectively. This validated the robustness and sensitivity of the gen-
erated benchmarks in identifying performance degradations introduced by controlled
mutations.

• RQ3: Detection of Real-World Performance Bugs
ju2jmh benchmarks successfully detected several real-world performance bugs across
the studied projects. Their performance was comparable to manually crafted bench-
marks, affirming the practical utility of automated benchmark generation for identi-
fying significant performance issues in real-world scenarios.

• RQ4: Factors Affecting Benchmark Performance
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The study identified key factors influencing the effectiveness of performance bench-
marks, including workload characteristics, environmental noise, and the complexity
of the tested code. These insights provide actionable guidance for improving bench-
mark design and execution strategies.

• RQ5: Effectiveness of the Clustering Strategy
The proposed clustering strategy for batch-executing microbenchmarks significantly
improved performance testing efficiency. Across three large-scale projects, execu-
tion time was reduced by over 80% without compromising reliability. This approach
demonstrated scalability and practicality, making it a valuable addition to perfor-
mance benchmarking workflows.

7.2 Conclusion

This research advances the state-of-the-art in performance benchmarking by addressing key
challenges of automation, efficiency, and reliability. The ju2jmh framework bridges the gap
between functional testing and performance microbenchmarking, empowering developers
to integrate robust performance testing seamlessly into modern development workflows.
Additionally, the clustering strategy enhances scalability, enabling the efficient execution
of large-scale benchmark suites. These contributions provide a foundation for further
innovations in software performance testing and underline the importance of automated
and optimized methodologies in contemporary software engineering.

7.3 Future Work

While this study makes significant contributions, several opportunities for future research
remain:

• Extending Evaluations to Diverse Projects: Expanding the scope to include a
broader range of software projects, especially from different domains and program-
ming paradigms, could validate the generalizability of the findings.

• Improving Clustering Granularity: Refining the clustering strategy to better
balance efficiency and accuracy could further optimize execution time while main-
taining high reliability.

• Evaluating the Clustering Strategy with PMT: Future work can leverage the
Performance Mutation Testing (PMT) framework to assess the quality and robustness
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of the clustering approach. This would provide deeper insights into its impact on
detecting performance bugs and its overall effectiveness.

• Integration with Continuous Integration Pipelines: Exploring the integra-
tion of ju2jmh and the clustering strategy into modern Continuous Integration (CI)
environments could streamline performance testing workflows for developers.

• Support for Non-Java Environments: Extending ju2jmh to support other pro-
gramming languages and frameworks would increase its applicability across diverse
software ecosystems.

7.4 Threats to validity

7.4.1 External Validity

We performed our evaluations on three popular open-source Java software systems from a
limited system set that extensively deploys JMH along with JUnit. However, the subjects’
JMH benchmarks are actively maintained by professional development teams and include
sufficient microbenchmarks, thus they are suitable to be used in our experiments.

We developed five mutation operators in our PMT framework, but there would be many
other known/unknown performance bug patterns in real-world systems. We randomly
selected our study mutants from a broad set of generated mutants. Various mutants can
have a wide range of characteristics that our chosen mutants may not cover. In the future,
we will explore more mutants and extend our framework to support more mutant types.

During our study, we found that some JUnit tests are performance unit tests rather
than functional unit tests. At the time of writing, our tool does not distinguish them since
it is tricky to do so through static analysis of source code. Future work may consider
addressing this issue to improve our existing approach.

In this paper, we leverage the code coverage as an indicator to cluster functionally
similar microbenchmarks. While other methods such as static code analysis, dynamic
call graphs, or semantic code embeddings could be used for similarity measurement, such
approaches usually require complex code analysis frameworks or face challenges of dynamic
language features. Therefore, we choose this lightweight yet effective approach to capture
code with similar execution paths without deep analysis overhead, while maintaining high
correlation with performance characteristics.
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7.4.2 Internal Validity

Monitoring performance is always challenging due to noises [40]. To minimize such errors
as much as possible, we: (1) executed benchmarks for 30 iterations each per measure-
ment; (2) used isolated, controlled, and large-scale cloud computing resources provided
by Google Cloud ; and (3) reduced random bias by employing an evaluation strategy, i.e.,
bootstrapping.
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