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Abstract
Performance benchmarking is a crucial tool for evaluating software efficiency. Unlike behavioral tests, where
Mutation testing and Test Coverage propose metrics to measure test quality, there are no methodologies for
evaluating the quality of benchmarks. Coverage provides insights into execution but does not necessarily correlate
with performance bugs. In this paper, we propose to assess the effectiveness of benchmarks by measuring their
capacity to find performance issues. We explore a methodology that evaluates the quality of benchmarks based
on mutation testing, where artificial performance bugs are introduced into programs and the benchmark’s ability
to detect them is measured. We present a series of experiments where we measure the sensitivity of benchmarks
to catch artificially introduced bugs, providing a systematic approach to validate their effectiveness in finding
performance issues. We introduce a deeper understanding of benchmark quality and offer insights into improving
benchmark measuring.
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1. Introduction

Performance evaluation is crucial to understand resource consumption both in academic and industrial
settings [1, 2, 3, 4, 5]. Such evaluations are often made by means of benchmarking, i.e., systematic
measurement and analysis [1, 6, 7, 8]. Benchmarking is commonly related to speed benchmarking, to
analyse the time taken to perform a task. However, benchmarking techniques can be used to evaluate
other metrics such as energy consumption [9] or memory usage [10, 11]. Benchmarks are typically
written as collections of programs called benchmark suites that exercise the application under evaluation
to detect performance variations.

Unlike functional testing, which has well-established methodologies for evaluating test quality,
benchmarking lacks systematic methodologies to assess its effectiveness. A benchmark provides
performance metrics, but how well it detects performance issues remains unclear. Existing work
proposes methodologies to design and select benchmark programs [12, 13] or statistical frameworks to
get precise results [14]. However, to the best of our knowledge, no works have explored the idea of
evaluating benchmark quality.

Traditionally, test quality metrics such as test coverage and mutation testing have been used in
software testing to evaluate test behavior. Test coverage measures the extent to which a test suite
exercises a program [15]. On the other side, mutation testing assesses test effectiveness by introducing
controlled modifications and observing whether tests detect them [16]. However, these techniques
primarily focus on correctness rather than performance, leading to the question of whether similar
methodologies are adapted to assess performance benchmark quality.

In this paper, we introduce a general methodology to measure benchmark performance quality.
For this purpose, we explore a mutation-testing-based approach to evaluate benchmark effectiveness.
Traditional mutation testing introduces controlled bugs in a program, and leverages the autovalidating
property of tests to assess if a mutation was detected or not. Our approach adapts mutation testing
to performance benchmarks with two ideas. First, we introduce performance mutation operators that
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introduce artificial performance degradations. Second, we introduce a performance-specific oracle.
and measure a benchmark’s sensitivity to these changes. On top of these, leveraging mutation testing
principles, we define a measure to quantify how well benchmarks detect performance regressions.

2. Motivation

Although any program can be used as a benchmark program, writing effective benchmarks remains
complex under the current state of the art.

High-costs incurred by benchmarking. Sound benchmarking is challenging because it requires the
selection of representative benchmarks, the study of varying workloads, and statistical rigourosity to
cope with non-determinism [17, 18, 19]. This requires a combination of application-specific knowledge,
statistical knowledge, and system design knowledge [20] and is often found as a barrier to wider
adoption [3, 4]. On the one hand, benchmarks should be representative of the execution of the application
in normal conditions. On the other hand, benchmark results should consider the noise that is inherent
in existing hardware and software systems. There is an agreement in the community on the need for
tooling to reason about performance and automate the detection of regressions [7, 5].

Non-representative benchmark programs waste resources. The choice of benchmark programs
is crucial in performance analysis because they guide, and may misguide, optimisation decisions. To
avoid wasting resources, benchmark programs should be representative of normal application executions.
This is particularly a problem of microbenchmarks [21, 4] and synthetic benchmarks [22, 23]. Obtaining
representative benchmark programs requires a deep understanding of the application, the
programming language, its implementation and the underlying hardware. We find an example
in the programming language community. The DaCapo benchmarks [18] proposed in 2006 a suite of
programs representing typical Java applications. This suite inspired others for Scala [24], Javascript,
and WebAssembly [25, 26]. Although currently in use by language implementation researchers, these
suites are still not considered representative of realistic executions, producing biases in research results.
The representativity problem affects even modern just-in-time compilers and production-ready garbage
collectors supported by strong companies such as Google and Oracle. State-of-the-art Virtual Machines
such as V8 deprecated the usage of synthetic benchmarks in favour of real applications [27]. Recently,
JVM’s garbage collectors in production since 2018 (Shenandoah and ZGC) have been observed to suffer
performance losses on realistic workloads [28].

Benchmark datasets count as much as benchmark programs. The representativity of bench-
marks depends not only on the chosen programs: application behaviour and performance vary de-
pending on their workload i.e., the size and shape of their inputs. Regarding their size, small datasets
put less pressure on memory accesses while large datasets execute for longer times and unveil more
profile-guided optimisation opportunities to modern JIT compilers. In addition, data that varies a lot in
the found data types may prevent optimisations such as procedure inlinings. Benchmark programs
thus need to execute on different dataset configurations to detect these variations, since performance
regressions (and improvements) may be present on certain workloads and not on others.

Non-determinisms demand complex methodologies. Benchmarks also suffer from non-
determinisms arising from hardware, operating systems, and programming language implementa-
tions [29, 30, 21, 31, 32, 33, 34], commonly referred to as noise. This problem gets worsened because
benchmark results are mostly based on unstable metrics: metrics that are subject to noise and vary
from one measure to another, such as e.g., wall-clock time. Two wall-clock time measurements for the
same program will vary depending on factors such as garbage collection, thread/process scheduling
and even CPU temperature. This raises major issues with the reproducibility and statistical significance
of the results. Nowadays, such instabilities are approached by methodological means [35, 36, 17, 19].



Notably, Georges et al. [37] proposed in 2007 a statistically rigorous methodology based on (a) improving
statistical significance with repeated executions and (b) automatically determining when a benchmark
reaches a steady state by analyzing the variation of measurements. Recently [38, 39] the language
implementation community discovered that such methodologies were based on the false assumption
that benchmarks always stabilize [40].

Goal: How can we measure benchmark quality? We aim at identifying the most suitable bench-
marks for a given problem while minimising exploration time and maximising reachability. The absence
of methodologies for evaluating benchmark quality presents a significant challenge to assessing bench-
mark effectiveness. Without a structured approach to measuring benchmark effectiveness, performance
testing remains ad hoc and potentially unreliable. Supposing we introduce a well-known bug that
significantly reduces the performance of a system, we can’t guarantee that our ad hoc test cases will
find it. Having a methodology for evaluating benchmarks, we can correlate them with their capacity to
detect potential performance issues.

In this paper, we propose a methodology for evaluating the effectiveness of benchmarks in detecting
performance bugs. Instead of focusing on isolated case studies or specific performance scenarios, we
aim to develop a structured evaluation framework that is applied across different benchmarks and
software test suites. Moreover, we intend this methodology to be malleable enough to be adapted for
any set of benchmarks.

We contribute to a more rigorous understanding of benchmarking quality and provide insights into
improving benchmarking methodologies for performance software.

3. Challenges Defining a Benchmark Evaluation Methodology

This section presents the main challenges to establishing a benchmark evaluation methodology. The
first of it is to define what benchmark quality is and select which benchmark properties we want to
assess. But also, we need to define an oracle that says when a benchmark detects or does not detect a
performance issue.

3.1. Mutation Testing and Test Quality

Mutation testing [41] is a technique for evaluating the quality of a test suite. It introduces mutations
to a target program and validates whether the existing tests can detect these mutants. If a test suite
fails when run against a mutant, the mutant is said to be killed, otherwise, it survives. The goal is to
simulate common programming errors and assess if the test suite is robust enough to catch them.

In the past forty years, mutation testing has been widely adopted in industry because of the advances
in computing performance. This increased the interest of the research community that studied new
methods to improve mutation performance, its applications to a large number of programming languages
and frameworks, and even its usage for topics like security [42].

3.2. Performance Mutation Testing

Our proposed methodology is illustrated in Figure 1. It is structured as a mechanism where a benchmark
is executed twice per evaluation. The first one, with the base application and this execution, is going
ot be used for the oracle as the assert baseline. The second one will be forced to run over a mutated
application where it should catch a performance perturbation. The oracle will use both execution to
define how good the benchmark behaves.

Benchmark quality. We propose to treat each benchmark as a test case, where it is evaluated against
a target application. A benchmark usually provides performance metrics as a result, as it is execution
time, but there is no linear relationship between those metrics and performance issues. The nature of
benchmarks does not fit with finding bugs but rather with measuring performance. This is because,



even if the benchmark can identify a performance problem, it cannot tell which part of the code it
comes from. We propose to use the elapsed time of test case execution concerning a defined baseline as
our metric.

Performance bug introduction. We augment mutation testing by introducing artificial performance
bugs and validating how many of these mutants are detected. Mainly, we want to use a benchmark as a
black-box program, accepting any benchmark for our methodology. Then, we modify the benchmark
program input by introducing controlled mutants that degrade significantly the program’s perfor-
mance [43]. This means that if the benchmark is capable of catching the performance bug, running
it with a performance-mutated input must have an output measure of time worse than without the
mutation.

Oracle. To verify whether the current benchmark successfully detected a performance perturbation,
we suggest using an oracle. An oracle knows how to compare the execution time result of the benchmark
run with a defined baseline. The considered baseline that we propose to use is the result of executing
the same benchmark with a non-perturbed input. Besides the baseline, the oracle establishes a reliability
threshold to define when, given the benchmark result, it considers the benchmark detects the mutant.
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Figure 1: Proposed benchmark evaluation methodology.

3.3. Methodology Requirements

To guide our methodology in our experiments and to assess the effectiveness of benchmarks in detecting
performance bugs, we seek to explore the following research questions:

RQ1: Representative performance issues. What represents a potential performance issue or bug?

RQ2: Artificial bugs. Can we introduce artificial performance issues to assess benchmark quality?

RQ3: Measure sensibility. What is the degree of confidence in these measures?

4. Experimentation

Our objective is to provide an example and instantiate this methodology with a real use case. In this
section, we instantiate our methodology that we have presented before using mutants that introduce
performance perturbations with sleep statements, and an oracle that determines performance variations
by comparing run-time averages. To evaluate this concrete setup, we analysed a set of autogenerated
benchmarks for the Pharo regular expressions library.



4.1. Experimentation details

Use case: Regexp. We selected as a use case the validation of a set of benchmarks for regular
expressions. This stresses the implementation of the matches: method. Benchmarks are generated using
a fuzzer strategy.

Benchmarks generation with Monte Carlo tree search. We use a Monte Carlo tree search
grammar fuzzer over a regular expression grammar to generate benchmark tests. We implemented a
fuzzer to generate regexes [44]. We guide the fuzzer by the execution time taken for the generated
regex to perform the matches: method with the minimal acceptable input.

4.2. Instantiating methodology

Mutants: sleep statements. We use Mutalk 1, a Mutation Testing framework for Pharo to introduce
artificial performance bugs. We define a series of performance mutation operators that introduce sleep
statements in every program sequence node e.g., n milliseconds wait. Each operator generates a
mutant at the beginning of each sequence node. This way, not only do methods contain performance
perturbations, but also control flow statements, and more specifically, loops.

Oracle: Comparing Runtime Means. Our oracle uses a baseline to compare each benchmark result,
once for each applied mutation. For each benchmark, we compare its run time with and without mutant
perturbations. To cope with the noise and non-determinism of performance measurements, we compute
baseline values by running a benchmark multiple times and considering the average and standard
deviation. For these experiments, we compute the baseline with 30 iterations. We consider that a mutant
is killed (i.e., that the performance perturbation is detected) if the run time of the perturbed benchmark
lies within the average and one standard deviation of the baseline.

4.3. Results

As a first approach using this methodology, we executed 100 benchmarks. Each benchmark is configured
to run n iterations, where n forces the baseline to run at least 300 ms, thus minimising noise. We introduce
62 mutants per mutant operator, and we execute every benchmark once per mutant.

Figure 2 presents the preliminary results of these experiments using a dispersion chart. The dispersion
chart allows us to understand the mutation score detection distribution per benchmark and operator.
Figure 3 presents the stacked values between the average and the standard deviation for each benchmark
baseline. Table 1 shows the ratio between the stdevs and averages of every benchmark baseline.

Statistics Value

Average 0.4284428074
Max 1.0785776
Min 0.2107902808
Q1 0.3633576572
Q2 0.3861501
Q3 0.4055622512

Table 1
Ratio between the standard deviation and the average

1https://github.com/pharo-contributions/mutalk
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Figure 2: Dispersion chart of Benchmark effectiveness.

4.4. Analysis

At first glance, we can observe in Figure 2 that there is no huge difference between the points of different
operators. This led us to think that small perturbations work almost as well as huge perturbations do.
In only 23 benchmarks, 500 ms perturbation reaches better results with an average difference of 2,6%
compared to 10 ms perturbation. We also observe that on average, the mutation score per benchmark is
above 50% having highlights with high mutation scores, getting almost 100%.

Moreover, we observe in Figure 3 and Table 1 that the standard deviations of the benchmark baseline,
on average, do not exceed 50% of the average, having a maximum ratio of 107% of the average and a
minimum of 21%. However, we observe that even in the third quarter, benchmarks do not exceed 40%
of the baseline average, which makes the sample reliable.

5. Lessons Learned and Future Work

Initially, we expected to see a large difference in the mutation score for mutant operators with huge
perturbations. But we noted that small perturbations work as well as huge perturbations.

Test variance. We observed that some benchmark test execution times have a big standard deviation.
Therefore, we cannot use them for stable measurements, and we need to filter them in a previous step.
In this sense, we need to study better benchmark selection techniques that allow us to reduce the
number of benchmarks that introduce noise in our experiment samples.

Small Benchmarks. Having very low test execution times makes them too sensitive to external
disturbances. For this reason, it is necessary to consider a minimum noise tolerance to perform tests
with very short execution times.
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Runtime perturbation, Garbage Collector and JIT Compilation. A recognisable noise cause
is the Garbage Collector executions. The garbage collector is not a disableable feature. This means
we need to guarantee somehow that the garbage collector won’t introduce performance noise during
our experimentations. For example, we need to study techniques that ensure the Virtual Machine
guarantees executing benchmarks under the same conditions minimizing external noise.

Elapsed time as quality metric. Using the wall-clock time as a performance metric is very unstable
and requires so many executions to stabilise it. This leads us to carry out executions that take a long
time and are therefore expensive. Following this, we need to study alternative metric techniques, as
time estimation based on static metrics, like the number of messages sent or memory accesses.

6. Conclusion

In this paper, we propose a systematic methodology to evaluate the effectiveness of performance
benchmarks. We propose a method to introduce artificial performance bugs by extending mutation
testing. We use an oracle to assess the effectiveness of a benchmark using a baseline generated. Finally,
we define a benchmark quality and we instantiated the framework in a real setting. We present some
preliminary results of the experiment, and we perform an analysis to suggest future improvements.

The results demonstrate that the proposed methodology provides enough information to compare
benchmark effectiveness. However, we find limitations regarding the measure used to define a mutant
kill. Either we need to stabilise the baseline by running each benchmark a higher number of times, or
we need to approach the omission of false negatives/positives from performance noise.

Another interesting approach could be to study other metrics that allow us to measure the effectiveness
of a benchmark with higher precision, or to propose another mutant kill detection technique.
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