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Abstract—Mutation analysis has been considered prohibitively
expensive for large software projects due to its high computa-
tional cost. Even with efficient mutant schemata approaches, the
evaluation of the constituent mutants still takes considerable time.
Classical mutation analysis systems introduce large overheads by
evaluating mutants as separate processes. State-of-the-art Static
Mutation Batching uses threads to evaluate batches of multiple
mutations at the same time; however, it suffers from a ‘“waiting
tail” problem causing idling, often hindering it in practice. Our
novel Dynamic Mutation Scheduling approach addresses these
limitations and solves the online mutation scheduling problem:
maximizing parallelism by safely scheduling new, compatible
mutations and their tests as capacity becomes available, resulting
in reduced mutation evaluation runtimes. Mutations are compat-
ible with regard to parallel evaluation if they appear in distinct
parts of the program. We implement our approach by extending
mutest-rs, the state-of-the-art mutation analysis tool for the
Rust programming language. We perform an extensive empirical
evaluation of our novel Dynamic Mutation Scheduling approach
on 25 top subject Rust programs, comparing it to a basic thread-
based mutation evaluation approach, and to state-of-the-art Static
Mutation Batching. We find that Dynamic Mutation Scheduling
effectively reduces wasted time and mutation evaluation runtimes
over Static Mutation Batching, by up to 75.6%, while also
reducing exhaustive mutation analysis runtimes, by up to 25.2%.

I. INTRODUCTION

Mutation analysis is a technique for evaluating the ability
of a program’s test suite to detect faults [1], [2]], [3], [4],
[S]. By generating mutated versions of the program, known
as mutants, and running the test suite against each mutant,
mutation analysis can determine the test suite’s ability to detect
potential future program faults that may be introduced by
developers. One of the most costly parts of mutation analysis
is the evaluation of the mutations and their corresponding test
cases. As the program size grows, both the number of test
cases and the number of mutations grow as well, with mutation
evaluation runtimes scaling with both of these metrics. The
improvement of test suites based on the results of mutation
analysis is a highly iterative process, requiring the reevaluation
of the improved test suite against mutations. Because of this,
any improvement in mutation analysis runtimes accumulates
across hundreds and thousands of repetitions, and thus has a
significant positive impact on the speed of test development.
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As a notable example, Google performs limited mutation
analysis on every commit to their centralized repository [6],
[7]], [8], which in 2015 received an average of 40,000 commits
per workday [9]]. For them, a 10 second improvement results
in 400,000 fewer seconds (4.63 days) of not just compute, but
corresponding developer waiting time per workday.

Due to the general nature of modern computer systems
being parallel — growing “horizontally” with e.g., increased
number of CPU cores, it is natural to try to apply paralleliza-
tion techniques to mutation analysis, more specifically to the
evaluation of mutations. Classical mutation analysis systems
use separate processes to evaluate each mutant against each
test case; however, this introduces large overheads over thread-
based approaches. While the test cases for each mutant can
be run on parallel CPU cores without issue, running the test
cases for multiple mutants at once can yield even better CPU
utilization, especially when mutations have few relevant test
cases each. However, constraints must be imposed on any such
parallelization of mutants, as they might affect each other’s
behavior if multiple are enabled without consideration.

To address the limitations of existing parallel mutation eval-
uation approaches, we propose Dynamic Mutation Scheduling.
While state-of-the-art Static Mutation Batching [[10], [[L1] im-
proves efficiency by grouping mutations into static “batches”
before evaluating their test cases on threads within a process, it
suffers from a “waiting tail” problem caused by straggler test
cases. Because Static Mutation Batching cannot react to dif-
ferences in mutated test runtimes, threads often sit idle while
waiting for the slowest tests in a batch to complete, rather
than progressing onto other mutations. Dynamic Mutation
Scheduling solves the online mutation scheduling problem:
maximizing parallel thread utilization by safely inserting new,
compatible mutations (and their test cases) into the execution
whenever capacity becomes available.

The transition to scheduling mutations dynamically intro-
duces two significant challenges: the need to encode mutation
compatibility wrt. parallel evaluation to avoid interactions
between mutations within a process, and the development of a
scheduling algorithm that can resolve these constraints without
significant overheads. We solve these in our novel Dynamic
Mutation Scheduling by introducing an efficient encoding of
compatible mutations (Section [[II-B), and a dynamic heuristic
scheduling algorithm that maximizes thread and resource uti-
lization throughout the evaluation of mutations (Section [[II-C).
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The efficiency gains can be illustrated with the evaluation
sequence produced by each approach: a sequence of tuples for
each unit time of the evaluation, each tuple representing the
active test cases and mutations at the time. We use the fol-
lowing task set of relevant test (¢;) and mutation (m;) pairs as
an example: {(t1,m1), (t2,m1), (t1,m2), (t3, m3), (t4, m3)},
each task taking unit time, on a machine capable of running
three tasks in parallel. Sequential mutation evaluation results in
the evaluation sequence ((t1,t2,m1), (t1, m2), (t3,t4,m3)), @
55.5% utilization over three time units. Static Mutation Batch-
ing produces ((t1,t2,t3, m1,m3), (ts, m1, ms), (t1,m2)), by
batching mutations m, and mg together, resulting in the same
55.5% utilization over three time units, because ms cannot
be in the same batch as m;. Dynamic Mutation Scheduling
however produces ((t1,ta,t3,m1,m3), (4,1, m3, ma)), by
inserting (t1,m2) as soon as mj is completed, resulting in
an 83.3% utilization over two time units. In addition, our
dynamic approach also reduces mutation scheduling overheads
compared to Static Mutation Batching, by only having to check
compatibility against the running subset of mutations.

Lévai et al.’s mutest-rs [11]], [12] is an established mutation
analysis tool for the increasingly used Rust programming
language, which also implements Static Mutation Batching.
Rust is a memory-safe systems programming language [13]]
that has seen increased adoption throughout the industry,
especially in performance- and safety-critical systems [14]. We
implement our novel Dynamic Mutation Scheduling technique
by extending mutest-rs, adding it as an alternative mutation
execution technique. We perform an extensive empirical eval-
uation (Section lasting 69,974 CPU minutes over 25 top
subject Rust programs totaling 773,655 SLoC to evaluate
Dynamic Mutation Scheduling, running mutest-rs with seven
different versions of Dynamic Mutation Scheduling, each with
different heuristics for mutation selection, comparing it to
state-of-the-art Static Mutation Batching, as well as process-
based and thread-based sequential mutation evaluation.

The contributions of this paper, therefore, are as follows:

1) A technique and algorithm for dynamically scheduling
multiple, compatible mutations for parallel evaluation
during mutation evaluation (Section [[lI-C);

2) The necessary efficient embedding of mutation compati-
bilities in a meta-mutant program (Section [[II-B);

3) An implementation of Dynamic Mutation Scheduling in
the mutest-rs Rust mutation analysis tool;

4) The results of an empirical evaluation (Section [[V) of Dy-
namic Mutation Scheduling against 25 top Rust subject
programs, showing that our approach effectively reduces
wasted time and the runtime of mutation evaluation, by up
to 75.6%, while also reducing the runtime of exhaustive
mutation analysis, by up to 25.2%. (Section [V).

Our replication package is available online [15].

II. BACKGROUND

Our Dynamic Mutation Scheduling approach relies on the
ability to run every generated mutant program within the same
process, to alleviate the overheads of processes for each test

execution. This requires embedding every single mutation into
a single meta-mutant program, which was first suggested by
Untch et al. in their work on mutant schemata approaches [16],
[L7], [18]], and expanded on by Just et al.’s conditional
mutation technique [19]. Rather than generating a separate
standalone mutant program for each mutation, a single meta-
mutant program is generated, where every mutated code path is
behind conditional expressions. These conditional expressions
can be toggled to activate mutations within the meta-mutant
program. Dynamic Mutation Scheduling works using a meta-
mutant program, and controls the active mutations within the
meta-mutant throughout the evaluation of mutations.

Static Mutation Batching [10l], [11] was the first technique to
not just evaluate mutations on threads, but also attempt to run
multiple mutations and their test cases in parallel, alongside
each other. By carefully activating multiple mutations together
within a meta-mutant program, ensuring that only mutations
that cannot affect the behavior of other mutations were se-
lected, the technique is able to run the test cases corresponding
to batches of multiple mutations, not just test cases for a single
mutation at a time. This work established the requirements for
a set of mutations to be compatible wrt. parallel evaluation
through the property of reachability-exclusivity (Section [[I-A),
which can be determined based on a conservative call graph.

The mutest-rs tool [[LOf], [L1]], [12]] is the first and most estab-
lished tool for mutation analysis of Rust programs. It generates
mutations using 18 mutation operators, mostly derived from
traditional mutation operators. The mutest-rs tool embeds all
mutations into a meta-mutant program, which is controlled by
the injected mutation testing harness. To determine the test
cases that reach each mutation, mutest-rs creates a complete,
conservative call graph of the program, which is ideal for es-
tablishing mutation compatibility (Section [[I-A)). The mutest-rs
tool implements traditional Static Mutation Batching, making
it appropriate for comparing our technique against.

A. Finding Mutation Compatibilities for Parallel Evaluation

To be able to run mutations on parallel threads in a single
program we must first establish which mutations can be
enabled at the same time without these mutations affecting
each other’s behavior. This criterion for parallelization must
also ensure that the detection of individual mutations remains
uniquely identifiable through individual test results, regard-
less of which “compatible” mutation our Dynamic Mutation
Scheduling runs alongside it. Static Mutation Batching estab-
lished an approach for determining whether a pair of mutations
can be run in parallel using the property of reachability-
exclusivity [10], [11]]. For a set of mutations, reachability-
exclusivity is a property that holds iff for each possible walk of
all call paths from all active test cases for the set of mutations,
at most one active mutation may be encountered. This ensures,
amongst any set of reachability-exclusive mutations, both
that each mutation retains the exact same behavior as if the
mutations were evaluated individually, and that all constituent
mutations uniquely correspond to all test cases that may reach
them. More formally, this property can be defined as follows:
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Fig. 1. Example of reachability-exclusive mutations in parts of a call graph.
Functions (f;) are annotated with the mutations placed into them (m;).
Highlighted edges represent the call paths that reach mutations from their
corresponding test cases. Inactive call paths and mutations are dimmed.

Definition 1 (Mutation reachability-exclusivity): Two muta-
tions my and mg, reachable from the set of tests 7},,, and T},,,
respectively, are reachability-exclusive iff Ty, N Tp, = 0.

To determine the traces in the program, mutest-rs builds
a static, conservative call graph, starting from the individual
test cases as entry point functions [11]. Mutation reachability-
exclusivity can be derived from this call graph by tracing all
possible call paths from every test case, and recording the
mutations found along the way, reducing it to a correspondence
map between test cases and the mutations reachable from each
of them. Figure [I] shows examples of mutations and their
reachability-exclusivity, based on their location along traces
of the test case call graph. This can also be used for test case
filtering, by only executing the test cases that may reach each
individual mutation. This is a common technique in mutation
analysis [[20]. Because this correspondence map is already used
for test case filtering, Dynamic Mutation Scheduling does not
introduce any additional overhead over other approaches.

III. APPROACH

Overview: Our Dynamic Mutation Scheduling approach
is based on a traditional meta-mutant mutation analysis
pipeline [[16], [17], [L8], [19]. Such approaches first generate
all of the mutations up front, then generate the single meta-
mutant program from them, and finally invoke the meta-
mutant program multiple times to evaluate each mutation.
Our Dynamic Mutation Scheduling technique extends this
approach, similarly to traditional Static Mutation Batching.
First, our approach adds two additional steps during program
analysis; one for building a test suite call graph (Section [[I-A)),
and another for determining pairs of mutations that can be run
in parallel (Section and embedding this information into
the meta-mutant program (Section [[II-B). Last, it changes how
mutants in the meta-mutant are evaluated (Section [[II-C).

As such, at a high level, our Dynamic Mutation Scheduling
approach performs mutation analysis using a five step pipeline.
Figure |2 shows the steps taken by our approach to determine

Code Analysis and Mutation Generation

- > Call Graph (Section [lI-A) ‘— - v
|
L Generate Find Embed
sre |7> Construct > Mutations > Paralleh_zable o Mutatlons i
Call Graph (Section [IT-A} Mutations and Harness |
(Section@ (Seclion@) |
Source : AT A !
Code ‘ ‘ : Mutation | :
L 1 [ ! — [
) 7| Conflicts :
L |
Evaluate Mutations Compile
% < — - — - on Parallel Threads |« Meta-Mutant (< — - — —
) (Section Program
Nl;?sﬁ;?sn Mutated
Source Code
Fig. 2. High-level overview of mutation analysis pipeline showing the

dependencies of Dynamic Mutation Scheduling. Highlighted, in shades of
blue, are additions over meta-mutant approaches.

compatibilities between mutations for parallelization, and to
evaluate program mutations and their test cases in parallel.
Given a Rust program, our approach first builds a test suite
call graph (Section [I-A). The resulting call graph is used
both for traditional mutation filtering techniques, and later for
determining which mutations can be run in parallel. Second,
our approach generates mutations for the program, similarly
to other meta-mutant approaches (Section [[II-A). Third, our
approach determines for all pairs of mutations whether they
can be evaluated in parallel (Section [[I-A) based on the test
suite call graph it constructed earlier, embedding this informa-
tion into the meta-mutant program (Section [[II-B)). Following
these steps, our approach embeds the generated mutations
into a meta-mutant program, alongside our custom mutation
testing harness driving the mutation evaluation. Lastly, this
meta-mutant program is executed to perform the evaluation
of all mutations using our Dynamic Mutation Scheduling
rules (Section [II-C). Rather than embedding static batches
into the meta-mutant program, like with traditional Static
Mutation Batching, our approach instead embeds the mutation
compatibilities for the following evaluation.

We implement our Dynamic Mutation Scheduling approach
as an extension of the mutest-rs [12] Rust mutation analysis
tool, which already implements traditional Static Mutation
Batching. Our novel Dynamic Mutation Scheduling approach
utilizes the existing idea of using a test suite call graph to
“split” programs, and to determine whether mutations belong
to distinct splits of the program, i.e., whether they can be
evaluated in parallel. However, our technique improves upon
traditional Static Mutation Batching by dynamically schedul-
ing compatible mutations and their tests during mutation
evaluation, rather than sequentially evaluating pre-determined,
static batches of compatible mutations. This means that our
Dynamic Mutation Scheduling approach can “fill the gaps” in
the parallel schedule of test cases much more effectively, and
at a lower added computational cost.

A. Generating Mutations for Rust Programs

Our approach directly extends the mutest-rs Rust mutation
testing tool. As such, it uses the same set of mutation operators
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Fig. 3. Example timeline diagram showing how our Dynamic Mutation Scheduling allocates mutations, and schedules test cases. The mutations and tests in
this example are as described in Figure [I] Each bar represents a running test in the test-running thread pool, with pass (v') and fail (x) denoted at the end.

resulting in the same set of generated mutations. We use the
complete set of 18 mutation operators mutest-rs supports, to
ensure a large variety of mutations in our evaluation.

The mutest-rs tool embeds all generated mutations into a
single meta-mutant program using conditional expressions.
These conditional expressions check a generated global vari-
able to determine which mutated code paths to execute. This is
managed by our approach’s modified mutation testing harness
throughout the evaluation of mutations, enabling and disabling
individual mutated code paths. Such meta-mutants are ideal for
implementing our Dynamic Mutation Scheduling technique.

B. Embedding Mutation Compatibility for Parallel Evaluation

Our approach uses the property of mutation reachability-
exclusivity directly to establish compatibility of mutations
for parallel evaluation (Section [[I-A). Our Dynamic Mutation
Scheduling technique embeds the compatibility of mutations
for parallel evaluation into the meta-mutant program pairwise,
by listing each compatible pair of mutations in a compressed
matrix representation. This representation is also analogous to
storing the edges of a graph of the mutations, with each edge
representing compatibilities between them. This compatibility
matrix representation can be used not just to extract pairwise
mutation compatibility at runtime, but also to extract any
compatible set of mutations by checking whether all pairs of
mutations within the set are compatible with each other.

Dynamic Mutation Scheduling uses this information during
mutation evaluation to dynamically enable and disable muta-
tions (and run their test cases). Rather than evaluating statically
created batches of mutations, our mutation testing harness
utilizes these compatibilities to make decisions about which
mutations can be scheduled at various points throughout the
evaluation of the mutations. We describe our mutation testing
harness and the family of Dynamic Mutation Scheduling
algorithms in Section

C. Scheduling Parallel Mutations throughout Test Evaluation

Once our approach determines the test case traces (Sec-
tion [[I-A), program mutations (Section [[II-A)), and mutation
compatibilities (Section [[II-B)), the resulting meta-mutant pro-
gram is executed to perform the evaluation of mutations. This

meta-mutant program embeds our mutation testing harness,
which drives the evaluation of mutations and their test cases.

Our mutation testing harness begins mutation evaluation
by first measuring the runtime of each test case without
any mutations applied. This is primarily used to determine
individual timeouts for all future evaluations of the corre-
sponding test case. Test case timeouts may occur if a mutation
introduces potentially infinite- or long-running code segments.
Based on the initial timing measurements 7', our approach
automatically determines generous timeouts 7" for each test
case ¢ as follows: t; = t; + max(0.1 - t;,1s). If a test case
exceeds its timeout during mutation evaluation, our mutation
testing harness attempts to terminate the test case in a safe,
cooperative manner [21], [22]], and the corresponding mutation
is marked as detected through a timeout. However, the test case
will occupy capacity until its execution reaches a generated
cancellation point, such as reentering the mutated code section.

After mutest-rs determines all test case timeouts, our mu-
tation testing harness is able to evaluate mutations and their
corresponding test cases in one of three ways; through either
sequential evaluation of the mutations — corresponding to
classical mutation evaluation techniques, sequential evalua-
tion of mutation batches — corresponding to the traditional
Static Mutation Batching approach, or our novel technique
of continuously scheduling compatible mutations to be run
simultaneously, i.e., Dynamic Mutation Scheduling.

Our mutation testing harness performs the sequential eval-
uation of mutations by, for each mutation, first enabling the
mutation in the meta-mutant program, then running the test
cases in parallel on a fixed size thread pool until a test
case detects the mutation through a test failure, or until all
relevant test cases for the mutation have been evaluated, finally
disabling the mutation in the meta-mutant program before
moving onto the next mutation. It repeats this until it has
evaluated all mutations. This is the simplest approach to using
multiple threads in a single meta-mutant process to evaluate
mutations. Alternatively, our mutation testing harness also
supports evaluating the test cases in isolated processes, which
corresponds to classical process-based mutation evaluation.

Mutation batches resulting from traditional Static Mutation
Batching are evaluated similarly; however, rather than han-



dling individual mutations one-by-one, our harness handles
a sequence of mutation batches. Constituent mutations are
enabled in the meta-mutant together, and all relevant test cases
are evaluated in parallel. We use the same implementation of
Static Mutation Batching as in our previous work [10], [L1].

In comparison to both of these existing approaches, our Dy-
namic Mutation Scheduling technique continuously schedules
new, compatible mutations and their test cases, rather than
handling mutations in sequence. Dynamic Mutation Schedul-
ing makes use of the same fixed size thread pool as our
other threaded approaches; however, scheduling decisions are
made while other mutations and their tests are still running.
Figure [3| shows an example of our approach’s mutation- and
test scheduling, with key event—decision pairs highlighted. To
start off the schedule, our mutation testing harness first chooses
an initial mutation to schedule, and starts running its relevant
test cases. This is denoted as INIT in Figure [3] Following
this initial decision, there are four distinct types of scheduling
event—decision pairs that may occur during the evaluation of
mutations with Dynamic Mutation Scheduling:

SCHED: A successful scheduling event, whenever capacity
in the test-running thread pool becomes available, and there
is a compatible mutation to schedule (Section [[I-A). Upon
detecting the availability of capacity in the test thread pool,
our mutation testing harness first disables the just finished
mutation in the meta-mutant. Then, our mutation testing
harness selects a mutation that is compatible with all remaining
running mutations. It then activates this mutation in the meta-
mutant (in addition to all of the mutations already running),
and schedules its test cases to run in the test thread pool.

WAIT: An unsuccessful scheduling event, whenever capac-
ity in the test-running thread pool becomes available, but there
are no remaining mutations to schedule that are compatible
with all remaining running mutations.

FULL: Whenever the final test run for a mutation (either
a test case that detects the mutation or the last relevant test
case for the mutation) is completed, the mutation is disabled.
When there are further test cases to schedule for the already
running mutations, these are scheduled first, before any new
mutations are considered. In such cases, it is possible that
no capacity in the test-running thread pool becomes available
after these additional test cases are scheduled, in which case
no new mutations are scheduled by our approach.

EMPTY: The final event, when the final test run for the final
mutation is completed, and there are no remaining mutations.

Figure [ shows the algorithm used to schedule concurrent
mutations and their test cases for evaluation under Dynamic
Mutation Scheduling. The algorithm effectively performs the
entire mutation evaluation process for all program mutations in
the meta-mutant program. The Dynamic Mutation Scheduling
algorithm takes the set of mutations M to evaluate, a mutation
compatibility matrix G,,, — as described in Section
and the maximum number N of concurrent tests to run,
i.e., the size of the thread pool in which to evaluate test
cases for all concurrent mutations. The algorithm’s outer loop
is responsible for all concurrent mutation scheduling, and

Require: Set of Mutations M
Mutation Compatiblity Matrix G,

> (Section |[II-B]

Maximum Number of Concurrent Tests N € N
Ensure: Mapping M, : Mutation — Mutation Result
Mapping: Mutation — Mutation Result M, + {}
Set of Threads P <— {t1,t2,...,tn}

Set of Mutations M_, + {}
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Fig. 4. Algorithm for evaluating mutations on a thread pool with Dynamic
Mutation Scheduling. COMPATIBLEMUTATION is dependent on the mutation
selection method used.

the recording of each concurrent mutation’s completions and
results, until all mutations are evaluated. Inside of this loop, the
first inner loop enables one or more additional mutations inside
the meta-mutant program (compared to those already enabled
with corresponding test cases running), and schedules their
relevant test cases for evaluation on the test-running thread
pool. The correctness of the concurrent evaluation of mutations
comes from the mutation compatibility matrix supplied to
the algorithm. The rest of the main loop is responsible for
collecting the results of evaluated mutations, and disabling
completed mutations in the meta-mutant program.

During Dynamic Mutation Scheduling, the method used to
select the next compatible mutation to schedule can have a
considerable impact on the resulting schedule. At any given
decision point, this is decided based on a mutation selection
heuristic function. This acts as an additional quasi-input to
the Dynamic Mutation Scheduling algorithm, and determines
the behavior of the COMPATIBLEMUTATION function. The
mutation selection heuristic functions we evaluate in our em-
pirical study (Section to find the best option for Dynamic
Mutation Scheduling are as follows:

D; Select the “first” compatible mutation (according to the
order they are generated by mutest-rs, which is in order of
source code appearance). This approach acts as a baseline.

D.. Select a compatible mutation at random. This approach
acts both as a baseline, and a way of estimating the variance
in efficiency amongst the different mutation selection methods.

D, Select the compatible mutation with the lowest number
of relevant test cases. Rationale: Scheduling fewer test cases
leaves more capacity in the thread pool to concurrently run
test cases for other compatible mutations as well.

D~ Select the compatible mutation with the highest number
of relevant test cases. Rationale: Scheduling more test cases
maximizes the utilization of the thread pool, even if few
remaining mutations are compatible with the chosen mutation.

D« Select the compatible mutation whose relevant test
cases take the shortest total time to run, based on their un-



mutated runtimes. Rationale: Running mutations with shorter
test cases will free up the thread pool for remaining mutations
more quickly than mutations with long-running test cases.

Dy Select the compatible mutation whose relevant test
cases take the longest total time to run, based on their
unmutated runtimes. Rationale: Starting the evaluation of test
cases that are expected to take a long time early allows the
scheduler to run other compatible mutations alongside it, and
avoid having to run long-running test cases late, with no
remaining compatible mutations to parallelize with.

Dy Select the compatible mutation with the lowest “con-
flictingness” value wrt. all remaining mutations. Conflicting-
ness is the number of conflicts the mutation has with all
other remaining mutations. This approach aims to maximize
the number of concurrent mutations by selecting mutations
that are likely to be compatible with as many other remaining
mutations as possible. This should always keep the pool of
options high at any given mutation scheduling decision point.

Regardless of which technique is used to evaluate the
mutations in the meta-mutant program, for any given mutation,
our mutation testing harness considers running only the test
cases that may reach that mutation, according to mutest-rs’s
conservative call graph analysis described in Section [[I-A] This
is a common test filtering technique amongst existing mutation
analysis methods and tools [20]. As such, our Dynamic
Mutation Scheduling technique’s reliance on this call graph
information does not incur any additional computational costs
besides the added step of determining mutation compatibilities,
and embedding them in the meta-mutant program, described
in Section In addition, in all cases, our approach does not
evaluate any remaining test cases for a given mutation after a
corresponding test case already detected the mutation. This is
again an already common optimization technique [20].

IV. EVALUATION

To evaluate our Dynamic Mutation Scheduling technique,
we perform an empirical analysis, comparing it against
process-based mutation evaluation, thread-based sequential
evaluation of mutations with parallel test cases, and traditional
Static Mutation Batching: the state-of-the-art technique that
our dynamic approach aims to improve upon. Using our empir-
ical data, we evaluate our novel Dynamic Mutation Scheduling
approach using the following three research questions:

RQ1: How much is thread utilization increased, and idle
time reduced by Dynamic Mutation Scheduling?

Reason: Investigate exactly how Dynamic Mutation Schedul-
ing parallelizes the work of mutation evaluation compared to
other approaches using a wasted time metric (lower is better).

RQ2: How much is mutation evaluation runtime reduced
by Dynamic Mutation Scheduling?

Reason: Show how effective Dynamic Mutation Scheduling is
at reducing the time it takes to evaluate all mutations.

RQ3: How much is the evaluation runtime of exhaustive
mutation analysis reduced by Dynamic Mutation Scheduling?
Reason: Show that exhaustive mutation analysis techniques
— used in e.g., test generation, test suite prioritization, fault

TABLE I
SUBJECT RUST PROGRAMS USED IN OUR EMPIRICAL ANALYSIS.
The Exh. column shows the mean percentage of test case evaluations needed
for determining mutation detections compared to exhaustive evaluation. The
Crit. column shows the OpenSSF criticality score of the subject [23]], [24].

Subject SLoC Tests Mutations Exh. Crit.
aho-corasick 14,063 163 487 42.6% 0.54
alacritty 19,511 79 1,808 96.9% 0.66
alacritty_terminal 10,921 130 2,620 74.2% 0.66
base64 6,678 71 376 97.7% 0.64
bevy_input 4,933 57 337 99.3% 0.70
bevy_math 20,206 276 5,109 94.7% 0.70
bytes 9,111 982 509 40.3% 0.65
chrono 23,934 274 3,239  78.2% 0.69
clap_builder 18,115 7 1,418 89.2% 0.79
gleam-core 163,864 4,285 4,556 5.5% 0.66
hashbrown 14,547 110 291 88.9% 0.67
itertools 17,922 301 560 100.0% 0.66
log 4,646 18 70 100.0% 0.70
polars-core 65,103 126 3,249 95.6% 0.54
pyo3 88,169 718 579 76.4% 0.69
rand 7,801 90 1,024 98.9% 0.76
rand_core 1,120 14 195 100.0% 0.76
regex 4,228 7 9 100.0% 0.72
regex—automata 40,083 134 2,532 79.0% 0.72
regex—-syntax 53,942 147 1,916 55.7% 0.72
rustls 66,752 227 1,825 76.4% 0.64
ryu 3,822 34 48 97.3% 0.57
serde_json 20,189 98 559 76.6% 0.73
tokio 87,011 136 320 91.0% 0.79
url 6,984 66 1,753  83.1% 0.72

localization, and mutation subsumption analysis — also benefit
from the use of Dynamic Mutation Scheduling, reducing the
time to evaluate all reachable test cases for all mutations.

A. Subjects

To select a representative, wide-ranging sample of Rust
programs, we first listed the top 500 Rust crates (Rust’s notion
for library packages and programs), according to crates.io,
Rust’s crate registry, in order of “Recent Downloads”. In
addition, we listed the top 500 GitHub projects with Rust
as their primary language, in order of “Most Starred”. We
combined the two datasets, manually extracting the multiple
individual crates that make up each GitHub project. We
excluded crates which are Rust-language bindings to external
libraries, contain non-executable code, have non-standard tests
or make use of a custom test runner (mutest-rs does not support
custom tests), or have no unit tests. We then cross-referenced
this dataset with the 2022-06-07 OpenSSF criticality score
dataset [23]], [24], to ensure that our list of subjects represents
safety-critical software and components. Finally, we sampled
this dataset, resulting in our 25 subjects, while ensuring that
programs, test suites, and mutations of various sizes, runtimes,
and quantities are represented accordingly.

Table [I] lists the subjects we use to perform our empirical
evaluation, alongside their number of source lines of code
(SLoC), number of unit test cases, and the number of muta-
tions mutest-rs’s mutation operators generated for them. The
Exh. column displays the mean percentage of test—mutation
evaluations needed for determining mutation detections com-
pared to the total number needed for exhaustive evaluation. We
used this to select subjects with many remaining test—-mutation



pairs for our discussion in RQ3. The Crit. column displays the
criticality score of the subject from the OpenSSF dataset.

B. Methodology

To perform our empirical evaluation, we built an automated
experiment runner, which is responsible for running our modi-
fied version of mutest-rs (that implements our Dynamic Muta-
tion Scheduling technique) with various settings corresponding
to our compared approaches. It runs each experiment with
isolated, exclusive access to identical CPU, RAM and storage
resources. It also instructs mutest-rs to output structured data
that we analyze as part of our research questions. This includes
mutation, test evaluation, and detailed timing information.

We use the mutest-rs [10], [11], [12] Rust program mutation
analysis tool for generating and evaluating program mutations.
We build our Dynamic Mutation Scheduling approach directly
into mutest-rs, by modifying the mutation analysis test harness
that mutest-rs uses to evaluate mutations and their test cases
in the generated meta-mutant program. We configure our
experiment runner to run mutest-rs 10 times (or in the case
of D., with 30 different random seeds) with the following
mutation evaluation techniques for each subject (described in
more detail in Section [[II-C), with identical sets of mutations:

S, process-based sequential mutation evaluation (one mu-

tation at a time) with parallel test case evaluation;

S; thread-based sequential mutation evaluation (one mu-

tation at a time) with parallel test case evaluation;

B traditional Static Mutation Batching [10], [L1];

D Dynamic Mutation Scheduling, with the various heuris-

tics (O is a placeholder) described in Section

For each mutation analysis run, mutest-rs records the run-
time of the generation and evaluation of mutations separately.
The total runtime of mutation evaluation includes the baseline
test suite evaluation required to determine test timeouts, and
we report on these total runtimes in RQ2 and RQ3, primarily
comparing to Static Mutation Batching. We also configure
mutest-rs to log test thread allocations during mutation eval-
uation, which we use to determine the thread utilization per-
centage metric used in RQ1. To provide a comparable metric
based on thread utilization across various approaches with
varying runtimes, we report a derived idle time metric for each
approach in RQ1. This metric shows the amount of time each
mutation evaluation strategy wasted compared to a supposed
maximum allocation of resources. The idle time metric T for
a mutation evaluation with thread utilization percentage p, and
runtime 7" is derived as follows: T7 = (1—p)-T'. These metrics
are adapted from their queueing theory counterparts [25].

We ran the experiments concurrently on 10 core (20 thread)
“slices” of a 64 core AMD Ryzen Threadripper 7980X pro-
cessor with 32 GiB of RAM allocated to each slice, with
the machine running Fedora Server 39. We isolated each
10 core slice of the host computer using jobs managed by
the Slurm workload manager. Each job was responsible for
running mutest-rs with one of the listed configurations for a
particular subject. This setup effectively emulates multiple,
identical 10 core computers — representative of common

developer systems — at the same time. Within each 10 core
slice, we configured mutest-rs to evaluate tests on a thread
pool of 16 threads. We built our modified mutest-rs using the
nightly-2025-06-06 version of the Rust compiler.

C. Threats to Validity

We considered and mitigated the threats to the validity of
the empirical evaluation of our experiments.

The sets of evaluated mutations are a threat to internal
validity. Depending on the set of program mutants used, the
runtime and utilization metrics could be different. Because
we use an established, state-of-the-art mutation analysis tool,
which implements a standard set of mutation operators, we
consider the evaluated mutations to be representative.

The choice of subjects is a threat to external validity. The
results for a different set of subjects may differ from our
findings. To reduce this threat, we used some of the most com-
monly used and critical Rust projects currently available [23]],
[24]. Furthermore, we selected subjects that vary in terms of
program and test suite size, mutations, and functionality.

Potential faults in our modified version of mutest-rs, our
experiment runner program, and our output processing and
formatting scripts are a threat to construct validity. We miti-
gated this threat by extensive testing; we extended mutest-rs’s
automated test suite to cover our modifications, and manu-
ally verified the logs and outputs of our experiment runner
program and data processing scripts. Furthermore, we make
our extensions to the mutest-rs tool, experimental subjects,
experiment runner program, experimental setup configurations,
experiment logs and data files, and output processing and
formatting scripts available in our replication package [15]].

V. RESULTS AND DISCUSSION

RQ1: How much is overall thread utilization increased with
Dynamic Mutation Scheduling?: The efficiency of parallel
work scheduling techniques can be quantified through the
use of a utilization metric. Overall thread utilization p is the
mean of all thread utilization percentages, where each thread’s
utilization is determined by how much of the overall evaluation
time it had test case execution work allocated to it. While
overall thread utilization is not comparable across mutation
evaluations because of differences in runtimes, we can directly
compare the resulting wasted time 77 from each approach.
Table shows mean wasted time 77 in seconds for each
evaluated approach across all subjects (Section [[V)), with the
exception of process-based mutation evaluation (S,).

Comparing our Dynamic Mutation Scheduling techniques to
traditional Static Mutation Batching (B), we see a substantial
decrease in wasted time in the case of 12 out of the 25 subjects.
We only see an increase in wasted time in the case of one sub-
ject: bevy_math. This can be attributed to its combination
of an especially high mutation count and instantaneous test
cases, which results in the outlier result of the scheduling time
exceeding the test execution time. Amongst all remaining sub-
jects, the amount of wasted time remains similar to traditional
Static Mutation Batching (B), with the majority of these being



TABLE II
MEAN WASTED TIME (77), IN SECONDS, DURING MUTATION EVALUATION.
Symbols represent techniques, as defined in Sectionm Amongst Dynamic
Mutation Scheduling configurations, cells are color-coded according to the
relative difference compared to B, with darker blues showing more improved
and darker reds showing more increased.

Subject St B D; D~ D< ]D)> D<< D>> DX

aho-corasick 55 69 49 52 45 50 47 51 5.1
alacritty 6.8 10.8
alacritty_terminal 175 204 155 157 156 155 156 155 156

base64 72 88 59 6.1 59 56 59 58 5.7
bevy_input 0.0 0.0 00 00 0.0 00 0.0 0.0 0.0
bevy_math 0.6 0.5 0.7 0.7 0.7

bytes 22 29 31 3.1
chrono 22.322.1 21.6 21.7 21.8 20.8 23.8 23.6 23.7
clap_builder 02 03 03 03 03 03 04 04 04
gleam-core 12.179.6 to to
hashbrown 02 1.3 0.7
itertools 0.1 00 00 0.1 00 00 0.1 0.1 0.1
log 0.0 0.0 00 00 0.0 00 0.0 0.0 0.0
polars-core 11 10 09 13 09 10 13 13B8
pyo3 0.1 01 00 0.1 00 00 02 02 0.1
rand 21.523.1

rand_core 0.0 00 00 00 00 00 00 0.0 0.0

00 00 00 00 00 00 00 00 00
22 0.7 S 0N 07
222224 13.7 14.7 15.0 13.8 15.0 13.9 13.8

regex
regex—automata
regex—syntax

rustls 15.817.5 9.5 20.5/ 86
ryu 00 00 00 00 00 00 00 00 00
serde_json 02 05 EOZI0ZN0ZN0Z 03 03702
tokio 31.531.3 30.5 17.0 22.8 21.0 179 272 27.3
url 26 26 26 27 27 27 28 28 28

small, ~ 1 second mutation evaluations. The subjects where
Dynamic Mutation Scheduling decreases relative wasted time
the most are rand (—97.3%), gleam—core (—95.4%),
hashbrown (—86.2%), serde_json (—=79.1%), and pyo3
(—76.8%). Comparing the various selection heuristics of Dy-
namic Mutation Scheduling, selecting the mutation with the
most tests (D> ) achieves the highest median reduction in
wasted time across all subjects, by —30.2%, followed by
selecting the “first” mutation (D7) at —23.5%.

It is worth noting that neither overall thread utilization p
reaches 100%, nor does wasted time 77 reach zero seconds.
While these are theoretically possible, all mutation paralleliza-
tion approaches are limited by the mutation compatibility
constraints of the subject program, which is determined by
how tightly coupled parts of the subject program are, and how
large the scope of individual test cases in the test suite are.

In conclusion for RQ1, Dynamic Mutation Scheduling
effectively increases thread utilization, and decreases wasted
time over both state-of-the-art Static Mutation Batching and
thread-based sequential evaluation of mutations in the majority
of subjects, by up to 97.3%. Dynamic Mutation Scheduling
with selecting the mutation with the most test cases (D)
shows the highest reductions in wasted time overall.

RQ2: How much is mutation evaluation runtime reduced
with Dynamic Mutation Scheduling?: Because Dynamic Mu-
tation Scheduling focuses on mutation evaluation, and because
meta-mutant compilation times are unaffected, we compare to-
tal mutation evaluation runtimes directly, inclusive of the base-
line test suite evaluation required to determine test timeouts.
First, we performed statistical analysis on the distributions of

measured runtimes. For each subject, we applied the Wilcoxon
rank-sum test [26], [27] individually to the underlying distri-
butions of measured runtimes of each configuration, making
pairwise comparisons between the baseline Static Mutation
Batching (B) and the various Dynamic Mutation Scheduling
configurations. The resulting p-values are < 0.01 in the case
of 20 out of 25 subjects, showing that the distributions are
highly distinct from each other. The remaining 5 cases are
comparisons where the runtime was not improved. We also
computed the Vargha-Delaney A;o [28] effect size in the
same manner, and found that 19 out of the 25 subjects’
effect sizes were extremes of either > 0.92 or < 0.02,
suggesting that there is a clear delineation between runtimes
from the distributions of distinct configurations. We found rare
outliers in the same cases as above. From these statistical
analyses, we can determine that the underlying distributions of
measured runtimes are highly separated between groups and
highly concentrated within groups, and therefore comparing
the means of the distributions for the rest of this discussion
is adequate. Table m shows mean time taken, in seconds,
to evaluate mutations with each evaluated approach across
all subjects (Section [[V). Table [Tl also shows “substantial”
relative changes in runtimes compared to the baseline tradi-
tional Static Mutation Batching (B). We consider a difference
in runtime “substantial” if the change is at least 0.1 seconds.

Comparing our Dynamic Mutation Scheduling technique
to traditional Static Mutation Batching (B), amongst the 25
subjects, 15 subjects have mutation evaluation runtimes over
one second. We see substantial relative reductions in runtime
across these subjects, with the most substantial being in the
case of rand (—66.4%), bytes (—58.5%), alacritty
(—54.4%), rustls (—46.5%), and hashbrown (—40.1%).
Amongst the 11 subjects with runtimes less than two seconds,
Dynamic Mutation Scheduling generally performs comparably
to the baseline traditional Static Mutation Batching (1B).

The outlier results for all Dynamic Mutation Scheduling
configurations of aho-corasick, and rand with D_are
caused by variances in the exact test cases evaluated by
different mutation evaluation configurations, and the resulting
changes in how much test timeouts occupy the test thread pool.
By calculating the total time impact of the test timeouts across
the thread pool as . Ty,~ N, where N = 16 is the thread pool
size, we find that aho—corasick with Djhas a test timeout
impact of 45.9 seconds out of the 63.4 seconds total evaluation
time, compared to B’s test timeout impact of 22.8 seconds out
of the 43.7 seconds total evaluation time, with other Dynamic
Mutation Scheduling configurations following a similar trend.
Similarly, rand with Dhas a test timeout impact of an outlier
166.8 seconds compared to every other configuration, such as
B’s 8.5 seconds. Some other subjects are also affected by test
timeouts, namely tokio, and alacritty_terminal.Itis
worth noting that variance in the behavior of timed out tests
may affect any thread-based technique, including traditional
Static Mutation Batching, because terminating threaded work
safely has no general solution, and instead requires a coop-
erative approach that works with any generic test [21]], [22].



MEAN TIME TAKEN, IN SECONDS, TO EVALUATE MUTATIONS WITH VARIOUS APPROACHES.

TABLE III

Subjects ordered by absolute difference of D1 compared to B, starting from most improved. The +% columns show the relative difference compared to B, as
a percentage, wherever substantial. Symbols represent techniques, as defined in Section @ Amongst Dynamic Mutation Scheduling configurations, cells
are color-coded according to the relative difference compared to B, with darker blues showing more improved and darker reds showing more increased.

Subject Sp St B Dy D~ D« D~ D« D Dy

s s s s =% s +% s +% s =% s +% s +% s +%
gleam-core t/o 154.2 1952 141.0 -27.8% 1404 -28.1% 1429 -26.8% 1419 -273% t/o t/o 143.6  -26.5%
alacritty_terminall 352.7 204.0 228.2 181.6 -204% 181.1 -20.7% 1823 -20.1% 182.7 -19.9% 186.2 -18.4% 182.7 -200% 183.0 -19.8%
regex—syntax 1927 293 309 20.7 -329% 212 -314% 222 -282% 20.7 -33.1% 22.1 -285% 21.0 -323% 209 -324%
rustls 171.5 19.0 20.6 -43.6% 11.8 -42.6% -44.0% -34.8% +25.0% -42.1%
rand! 50.9 307 323
alacritty 64.1 11.8 134
tokiol 113 512 529 499 -58% 504 -48% 489 -76% 49.1 -72% . -2.4% 4 -104% 49.4 -6.7%
base64d 20.8 94 10.8 7.8 -27.8% 7.8 -27.1% 7.7 -283% 7.6 -29.7% 7.7 -282% 7.6 -29.4% 7.6 -29.6%
bytes 152 24 3.1 3.8 +208% 3.8 +20.5%
regex—automata 1565 29 39 3.0 -238% 3.2 -172% 2.8 -283% 29 -243% 3.0 -230% 3.0 -218% 4.5 +155%
chrono 2350 273 27.1 264 -27% 263 -3.0% 266 -19% 256 -55% 29.0 +72% 288 +62% 28.6 +5.6%
serde_json 179 02 038
hashbrown 7.5 1.1 1.4 1.1 -208% 0.8 -40.1% 1.3 1.1 -18.1% 0.9 -36.8% 1.4 1.1 -21.0%
polars—-core 1454 13 12 1.2 1.5 +272% 1.1 1.2 1.6 +29.6% 1.6 +31.1%
pyo3 16,5 0.1 0.1 0.1 0.1 0.1 0.1 0.1
itertools 104 0.1 0.1 0.0 0.1 0.0 0.0 0.1 0.1 0.1
bevy_input 60 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ryu .. 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
regex 02 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
log 1.2 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
rand_core 33 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
clap_builder 61.0 02 03 0.3 0.4 04 0.3 04 0.4 0.4
url 102.1 3.7 3.7 3.7 39 +55% 3.7 3.7 40 +78% 4.0 +77% 3.9 +5.9%
bevy_math 2471 0.6 0.6 0.7 0.7 0.7
aho-corasick! 48.1 67.3 437 63.4 +45.0% 52.3 +19.8% 57.0 +303% 674 +542% 47.4 +85% 63.6 +45.5%

! Runtimes include substantial, varying test timeouts that may negatively impact the performance of thread-based mutation evaluations.

The rest of the increased runtimes with some of the Dynamic
Mutation Scheduling configurations are amongst subjects with
very low, under two second long mutation evaluation runtimes.
In these cases, certain, more expensive to compute selection
heuristics for Dynamic Mutation Scheduling (D, D, D)
take longer than the tests themselves, thus increasing mutation
evaluation runtimes. The case of bevy_math is the most
extreme example of this, and exemplifies why selection heuris-
tics that are fast to compute should be preferred, at least for
subjects with already short mutation evaluation runtimes.

In the worst case scenario of only aho-corasick, Dy-
namic Mutation Scheduling may evaluate additional timed out
tests, depending on the exact schedule, and thus extend mu-
tation evaluation runtimes by a largely variable amount. The
same risk exists with other thread-based mutation evaluation
approaches. In the average case scenario of smaller subjects
with ~ 1 second long mutation evaluation runtimes, such as
serde_Jjson or hashbrown, Dynamic Mutation Schedul-
ing can reduce mutation evaluation runtimes over Static Muta-
tion Batching by 0.29 to 0.63 seconds, or by 20.8% to 74.0%.
Across a very conservative hundred checks — which could be
realistic for a test developer in a workday, this improvement
accumulates to 29 to 63 seconds. In the best case scenario,
such as gleam-core, Dynamic Mutation Scheduling can
reduce mutation evaluation runtimes over Static Mutation
Batching by 54.2 seconds, or by 27.8%. Across the same
conservative hundred checks in a test developer’s workday, this
improvement accumulates to 542 seconds (or nine minutes),
and to 45.2 minutes over a five day workweek.

Comparing our Dynamic Mutation Scheduling technique
to process-based sequential evaluation of mutations (S,), we
generally see mutation evaluation runtime reductions in the
orders of magnitude, with the exceptions of aho-corasick
due to the aforementioned test timeouts, and tokio — an
asynchronous runtime that spawns its own threads during test
execution. The additional overhead of processes is especially
apparent in the case of bevy_math, which has 5,109 muta-
tions and 276 short-running, millisecond-long test cases.

Across all subjects, Dynamic Mutation Scheduling using
the heuristic of selecting the mutation with the most tests
(Ds), and Dynamic Mutation Scheduling using the heuristic of
selecting the first mutation (ID;) produce the fastest mutation
evaluations, with a median of —19.0% and a maximum of
—175.6%, and a median of —15.7% and a maximum of —74.7%
in reductions respectively. The generally worse improvements
in runtimes with more complex heuristics (D« , Ds,, D) indi-
cates that selection functions for Dynamic Mutation Schedul-
ing must remain very fast to compute, especially if the subject
has a large number of mutations with fast-running test cases.

In conclusion for RQ2, mutation evaluation with Dynamic
Mutation Scheduling performs substantially faster amongst
larger subjects, by up to 75.6%, and comparably on very
small subjects. Dynamic Mutation Scheduling with selecting
the mutation with the most test cases (D~ ) shows the highest
reductions in runtimes overall, and because it improves run-
times over Static Mutation Batching in all except one case, we
recommend its use for all cases, regardless of subject size.



TABLE IV
MEAN TIME, IN SECONDS, TO EXHAUSTIVELY EVALUATE MUTATIONS.
The +% columns show the relative difference compared to B, as a percentage.
Symbols represent techniques, as defined in Section Amongst Dynamic
Mutation Scheduling configurations, cells are color-coded according to the
relative difference compared to B, with darker blues showing more improved.

Subject Sp St B Dy D>

s s s s % s =%
aho-corasick 1287 75.8 75.1 741 -13% 742 -1.1%
bytes 556 174 138 12.0 -126% 11.8 -145%
chrono 3417 86.8 859 844 -18% 849 -1.1%
regex—-syntax 3235 927 920 80.7 -122% 81.2 -11.8%
rustls 480.7 477 44.6 333 -252% 334 -25.0%

RQ3: How much is exhaustive mutation evaluation run-
time reduced with Dynamic Mutation Scheduling?: While the
detections of individual mutations can be determined from
the mutation evaluation in RQ1 and RQ?2, it is sometimes
necessary or more informative to perform exhaustive mutation
evaluation; evaluating all test—-mutation pairs that have possible
traces between them. For this evaluation, we select the five
subjects with the lowest proportion of test—-mutation pairs eval-
uated — excluding gleam-core due to its prohibitively long
runtime for this experiment, and perform exhaustive mutation
analysis with the baseline approaches (S, S;, B), and the top
two best performing Dynamic Mutation Scheduling variants in
RQ2 (D, ID;). Table shows mean time taken, in seconds,
to exhaustively evaluate mutations with each approach across
the selected subjects, alongside relative changes in runtimes
compared to baseline traditional Static Mutation Batching (B).

We can see that, overall, exhaustive mutation evaluation
runtime reductions compared to Static Mutation Batching are
smaller than with non-exhaustive evaluation. For example,
rustls’s —44.0% non-exhaustive improvement levels out
to —25.0% after exhaustive evaluation with Dynamic Muta-
tion Scheduling. We see similar trends with the substantially
improved bytes and regex-syntax, and the slightly
improved chrono and aho—-corasick. Subjects with con-
figurations that performed similarly in RQ2 retain similar
runtimes to each other after exhaustive mutation evaluation.
It is worth noting that the potential impact of test timeouts
occupying the test thread pool should be minimized with
exhaustive evaluation, as all timed out tests are evaluated in all
cases, although in different orders. The two evaluated Dynamic
Mutation Scheduling variants perform almost identically to
each other, similar to how they performed with non-exhaustive
mutation analysis in RQ2. The overall runtimes increase
more than the “exhaustiveness” of non-exhaustive mutation
evaluations in Table[[would suggest, with e.g., bytes’ 40.3%
exhaustive mutation analysis baseline runs in RQ2 only taking
3.1 seconds, and its fully exhaustive mutation analysis baseline
runs taking 13.8 seconds; much larger than the approximate
(40%3% /) 2.5 times increase that might be expected.

In conclusion for RQ3, exhaustive mutation evaluation
times are substantially longer across all configurations. The
relative rate of improvement between approaches remains
almost identical with exhaustive evaluation. Dynamic Mutation
Scheduling can decrease the time taken by up to 25.2%.

VI. RELATED WORK

A number of techniques exist in research for reducing the
cost of mutation analysis. Such techniques are covered in the
survey by Pizzoleto et al. [20]. Works on cost reduction include
techniques that seek to reduce the cost of evaluating mutations,
rather than their numbers, similar to this paper’s approach.

The work of Zhang et al. [29] used code coverage and
execution history to prioritize test cases during mutation evalu-
ation. In comparison, our approach prioritizes test cases based
on their original execution times. The work of Schuler and
Zeller [30], and of Mateo and Usaola [31] applied statement
coverage analysis to determine which test cases reached which
mutations. Just et al. [32] built on these ideas using state
infection. Unlike these techniques, our approach uses the static
call graph mutest-rs already builds for this, filtering tests
without any additional overhead or analysis required.

There exists multiple approaches to process-based paral-
lelism of mutation evaluation, the first of which was the “split-
stream” execution method proposed by King and Offutt [33]].
They sought to exploit the common code paths between muta-
tions and the original program, only executing common code
once. Tokumoto et al. [34] implemented split-stream execution
of bytecode mutants for C programs. Gopinath et al. [35],
Sun et al. [36], and Vercammen et al. [37|] combined mutations
close together, forking a meta-mutant process at each point of
divergence. All of these approaches rely on the costly forking
of an instrumented program. Instead, our approach tackles the
problem fundamentally differently, by using a single process,
lightweight threads within, a fast call graph technique to
determine compatibility, and our novel dynamic scheduling
of mutations throughout the evaluation of mutations.

VII. CONCLUSIONS AND FUTURE WORK

In this paper, we present our novel Dynamic Mutation
Scheduling approach for dynamically scheduling multiple mu-
tations in parallel throughout mutation evaluation. Our algo-
rithm activates new mutations as soon as capacity for new test
cases is available, thereby reducing wasted time and increasing
the utilization of modern, parallel computer systems. We
perform an empirical evaluation, comparing seven different
heuristic functions for Dynamic Mutation Scheduling. The
results show that our approach, using a heuristic that selects the
mutation with the most relevant test cases (D~ ), is overall the
most efficient, achieving up to a 75.6% reduction in mutation
evaluation runtimes. Because our approach, for all except one
subject, either improves runtimes substantially, or achieves
performance comparable to traditional Static Mutation Batch-
ing, we recommend its use on all subjects, both for exhaustive
and non-exhaustive mutation evaluations.

The concepts behind our approach are universal across pro-
gramming languages, and we consider exploring its application
to other languages. To further investigate the effectiveness
of our technique, future work could examine how it scales
with the number of parallel threads, and to explore less
conservative criteria for determining mutation compatibility in
parallel evaluation, e.g., by using dataflow analysis.
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