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Abstract
High-Performance Computing (HPC) applications require exten-
sive testing with thousands of tests executed on supercomputers
and distributed clusters. While traditional software testing is rel-
atively cheap, HPC testing costs are orders of magnitude higher
due to greater computational demands and longer execution times.
Existing test prioritization techniques target traditional software
systems using execution time as a proxy for energy consumption,
but remain unexplored for HPC applications where this correlation
breaks down due to parallel efficiency, communication overhead,
and accelerator usage. We propose a novel multi-objective opti-
mization approach that treats energy consumption as a first-class
objective alongside code coverage for HPC test prioritization. Using
LAMMPS, a widely-used molecular dynamics simulator, we demon-
strate 97.5% average energy savings compared to exhaustive testing
while maintaining 95% average statement coverage of modified
code, suggesting a promising direction for sustainable HPC testing.

CCS Concepts
• Software and its engineering→ Search-based software en-
gineering; Software testing and debugging; • Computing
methodologies→ Massively parallel and high-performance simu-
lations; Genetic algorithms.
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1 Introduction
High-Performance Computing (HPC) applications run complex
scientific simulations such as molecular dynamics simulations, cli-
mate modeling, and computational fluid dynamics, which require
rigorous testing to ensure correctness. Modern HPC applications
maintain extensive test suites including unit tests, integration tests,
and regression tests, often comprising thousands of tests executed
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on modern supercomputers and across distributed nodes of clusters
utilizing diverse accelerators such as CPUs and GPUs.

As HPC systems approach exascale [7], energy consumption has
emerged as a dominant constraint on how software is developed,
tested, and deployed. While traditional software systems such as
Elasticsearch consume 117 kWh annually [26], HPC testing costs are
likely orders of magnitude higher as large-scale supercomputers can
consume megawatts of power, with energy costs often exceeding
hardware acquisition costs over the system lifetime. HPC centers
are responding by shifting from core-hour allocations to energy-
based accounting [4], making energy consumption a first-class
resource constraint alongside traditional performance metrics.

Despite the growing importance of energy as a resource con-
straint, testing practices for HPC applications have largely ignored
it, and there is a need for better integration of software testing
methods in HPC testing [13]. Test case selection and prioritization
research targeting traditional systems optimizes fault detection ef-
fectiveness and execution time [28], implicitly assuming that faster
tests are necessarily cheaper to run. Recent work [23, 26] shows that
execution time is not a reliable proxy for energy consumption. Par-
ticularly, in HPC environments, this assumption frequently breaks
down, as differences in parallel efficiency, accelerator utilization,
and I/O behavior can lead to substantial variation in energy con-
sumption among tests with similar execution times.

Our Vision: We propose treating energy consumption as an ex-
plicit optimization objective in test case selection and prioritization.
We explore using a multi-objective search algorithm to find Pareto-
optimal test orderings that balance energy efficiency against test
suite effectiveness measured using code coverage. This represents
a fundamental shift from viewing energy as a derived consequence
of execution time to treating it as an independent, measurable, and
optimizable resource throughout the software testing life cycle.

Contributions: This paper makes the following contributions:

• Motivation for energy-aware test selection and prioritization
for HPC applications, addressing a gap at the intersection of
green software engineering and HPC testing.
• ENergy-AwareCoverage-based Test prioritization (ENACT)
approach for energy-awareHPC testing usingmulti-objective
optimization that explicitly optimizes energy consumption
and code coverage.
• Preliminary results from LAMMPS showing that 95% modi-
fied statement coverage can be achieved with 97.5% energy
savings compared to exhaustive testing.

2 Background and Related Work
This section describes the challenges of testing HPC applications
compared to traditional systems (Section 2.1), existing research on
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energy consumption in software systems (Section 2.2), and existing
test case selection and prioritization approaches (Section 2.3).

2.1 HPC Testing Challenges
HPC applications present unique testing challenges because they
execute on increasingly heterogeneous architectures. As new fea-
tures, platforms, and execution configurations are introduced, test
suites grow organically, amplifying not only testing time but also
the energy cost of maintaining scientific correctness. For exam-
ple, LAMMPS (Large-scale Atomic/Molecular Massively Parallel
Simulator) [1] is a widely used molecular dynamics simulator in
continuous development since 1995. As a large, long-lived scientific
code supporting hundreds of simulation algorithms, force fields,
and execution configurations [17], LAMMPSmaintains an extensive
test suite comprising thousands of tests spanning diverse physical
models, problem sizes, and parallel decompositions. These tests
target different platforms (e.g., CPUs and GPUs from vendors such
as Intel and NVIDIA) and operating systems. Executing the full
test suite on production HPC systems can take hours, consume
tens of thousands of core-hours, and require massive amounts of
energy, making exhaustive testing increasingly prohibitive at scale.
Existing research on HPC testing focuses primarily on correctness
challenges: numerical precision, non-determinism, race conditions,
and portability across architectures [11].

2.2 Energy Considerations in Software Systems
Energy has become a fundamental constraint in high-performance
computing. Beyond raw performance, the Top500 ranking now
emphasizes performance per watt, and the U.S. Department of En-
ergy’s exascale computing initiative enforces strict power budgets
of 20–30 megawatts for exascale systems [25]. These constraints
make energy a first-class design consideration across hardware,
system software, and applications.

In response, HPC centers have deployed increasingly sophisti-
cated energy monitoring and management infrastructure [4]. Mod-
ern systems expose fine-grained energy measurements at the node,
accelerator, and component levels [5, 15, 27], enabling detailed ac-
counting of energy usage. Some centers have begun transitioning
from traditional core-hour allocations to energy-based accounting
models that charge users based on energy consumed rather than
time on system [9, 16, 24], reflecting the growing dominance of
energy costs in large-scale HPC operations.

Recent work has begun addressing energy consumption in test-
ing. Verdecchia et al. [26] proposed energy-aware test prioritization
for traditional software systems, using energy as a secondary tie-
breaking criterion within a similarity-based approach. However,
test prioritization remains unexplored for HPC applications where
energy costs are substantially higher and the correlation between
execution time and energy consumption breaks down.

2.3 Test Selection and Prioritization
Test suite minimization eliminates redundant tests, test case selec-
tion identifies tests relevant to recent code changes, and test case
prioritization orders tests to maximize early fault detection [28].
The intuition is that if testing must be terminated early due to time
or resource constraints, prioritized orderings will have exposed

more faults than arbitrary orderings. Test selection and prioritiza-
tion become essential when exhaustive testing is impractical.

Prior research has explored numerous prioritization criteria:
code coverage (statement, branch, function), fault history, change
information, execution cost, and combinations thereof. Multi-
objective approaches using evolutionary algorithms (e.g., NSGA-
II [6], MOEA/D [29]) have shown promise in balancing multiple
criteria such as coverage and execution time [8, 22]. However, ex-
isting work suffers two critical limitations for HPC contexts. First,
execution time is used as a proxy for cost, ignoring energy as an
independent dimension. In HPC environments, parallel efficiency,
communication overhead, accelerator utilization, and I/O patterns
can cause substantial variation in energy consumption among tests
with similar execution times. Second, these techniques are validated
primarily on traditional software (web applications, mobile apps,
embedded systems) with fundamentally different characteristics
than HPC applications. Our prior work has addressed automated
repair [19, 20] and LLM-guided differential fuzzing for detecting
platform-specific bugs in scientific applications [21], but energy
has not been treated as an optimization target in either context.

3 ENACT Approach
Given a test suite 𝑇 = {𝑡1, . . . , 𝑡𝑛} and a code change Δ with modi-
fied statements 𝑆Δ, ENACT seeks a subset𝑇 ′ ⊆ 𝑇 and an execution
ordering 𝜋 that jointly optimize the following four objectives:
1. Maximize Modified Statement Coverage:
𝐶 (𝑇 ′) = |

⋃
𝑡 ∈𝑇 ′ cov(𝑡 )∩𝑆Δ |
|𝑆covΔ |

2. Minimize Total Energy Consumption: 𝐸 (𝑇 ′) = ∑
𝑡 ∈𝑇 ′ 𝑒 (𝑡)

3. Minimize Total Execution Time: 𝜏 (𝑇 ′) = ∑
𝑡 ∈𝑇 ′ 𝜏 (𝑡)

4. Minimize Test Suite Size: |𝑇 ′ |
Here, cov(𝑡) denotes the set of statements covered by test 𝑡 , 𝑒 (𝑡) is
the energy consumption in joules, and 𝜏 (𝑡) is the execution time in
seconds. 𝑆covΔ ⊆ 𝑆Δ denotes the subset of modified statements that
are coverable—i.e., exercised by at least one test in 𝑇 . Normalizing
by |𝑆covΔ | avoids penalizing solutions for untestable changes.

Algorithm 1 presents the ENACT optimization procedure, which
unifies test selection and prioritization into a single multi-objective
framework.

Initialization and Evaluation (Lines 1–3). Line 1 generates
an initial population 𝑃 of 𝑁 random configurations, each encoding
a test subset 𝑇 ′ and execution ordering 𝜋 . Lines 2–3 decode and
evaluate each configuration on the four objectives.

Evolution (Lines 5–9). Over 𝐺 generations, the population
evolves. Line 6 generates offspring by applying Simulated Binary
Crossover [6] to pairs of parent configurations, allowing offspring
to inherit complementary test subsets and orderings from both
parents, with polynomial mutation introducing further diversity.
Line 7 decodes and evaluates each offspring. Line 8 merges parents
and offspring into a combined pool 𝑅. Line 9 ranks 𝑅 by pairwise
comparison: (𝑇 ′1 , 𝜋1) is superior to (𝑇

′
2 , 𝜋2) if it is at least as good

on all objectives and strictly better on at least one. Line 10 retains
the 𝑁 best configurations, preferring diverse trade-offs.

Energy-Aware Reordering (Lines 12–15). Line 12 extracts the
optimal configurations P from the final population. Lines 13–15
reorder tests so that those covering more modified statements per
joule run earlier, enabling faster fault detection.
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Algorithm 1 ENACT: Multi-Objective Test Optimization
Require: Test suite𝑇 , modified statements 𝑆Δ , parameters 𝑁,𝐺

Ensure: Pareto front P of optimal (𝑇 ′, 𝜋 ) configurations
1: 𝑃 ← Initialize 𝑁 random configurations encoding (𝑇 ′, 𝜋 )
2: for each 𝑠 ∈ 𝑃 do
3: Decode 𝑠 into (𝑇 ′, 𝜋 ) ; evaluate𝐶 (𝑇 ′ ), 𝐸 (𝑇 ′ ), 𝜏 (𝑇 ′ ), |𝑇 ′ |
4: end for
5: for 𝑔 = 1 to𝐺 do
6: 𝑄 ← Generate offspring from 𝑃

7: Decode and evaluate each offspring in𝑄

8: 𝑅 ← 𝑃 ∪𝑄
9: Rank 𝑅 by pairwise objective comparison
10: 𝑃 ← Select best 𝑁 configurations from 𝑅

11: end for
12: P ← Extract optimal configurations from 𝑃

13: for each (𝑇 ′, 𝜋 ) ∈ P do
14: Reorder 𝜋 by marginal coverage per joule
15: end for
16: return P

Output (Line 16). The algorithm returns P, where each configu-
ration represents a distinct trade-off among coverage, energy, time,
and suite size. To quantify the benefit of reordering, we measure
the cumulative energy to reach coverage thresholds of 80%, 90%,
95%, and 100%.

Implementation and Parameter Settings. We implement
ENACT using pymoo [3], setting population size (𝑁 ) and number
of generations (𝐺) to 80 and 120 respectively based on a small
parameter sweep, and averaging results over three random seeds.

4 Evaluation
This section describes our experiment procedure (Section 4.1) to
evaluate ENACT on LAMMPS and the preliminary results (Sec-
tion 4.2) analyzing the trade-off between modified code coverage,
test suite execution time, and energy consumption.

4.1 Experiment Procedure
Data Collection: We collected per-test energy consumed, execu-
tion time, and modified code coverage for LAMMPS as described
below.

Energy data: Wemeasured CPU and DRAM energy consumption
using Intel RAPL [12] . Tests were executed either serially or in
sharded workflows across multiple nodes, with each shard running
tests serially, enabling reliable per-test energy attribution. The full
test-suite consisting of 613 tests consumes 188.6 kJ of CPU and
DRAM energy and 5812 seconds of execution time per run.

Modified statement coverage and test execution time: Statement-
level coverage was collected using gcov. We aggregated these data
across the LAMMPS source code to map specific test cases to the
program statements they exercise. We measured individual test
execution time using Python’s time.perf_counter().

Code change data: We analyzed commit-level code changes from
the LAMMPS GitHub repository to identify modified source-code
statements and evaluate test coverage with respect to these changes.
Data were collected using the LAMMPS Linux CI workflow on
GitHub Actions [18]. We considered commits from a one-year pe-
riod and associated each commit with its corresponding unit test

Table 1: Energy Savings and Test Selection Statistics. All
values are percentages relative to full suite execution (𝑛 = 613)
across 1,257 runs.

Coverage Energy Savings (%) Avg. Tests

Target Mean Median p10 p90 Selected

80% 99.27 99.82 99.04 99.94 8.04
90% 98.51 99.71 96.88 99.94 15.82
95% 97.53 99.65 95.39 99.93 23.83
100% 94.34 99.36 88.41 99.93 48.29

executions. In total, we analyzed 2,746 commit-associated test-suite
executions. After removing duplicate executions, failed or incom-
plete runs, and commits involving only non-source-code changes,
we retained 1,257 unique test runs corresponding to distinct source-
code changes.
Infrastructure. Experiments were run on homogeneous produc-
tion HPC compute nodes consisting of three Dell PowerEdge R740
servers, each equipped with dual 12-core Intel Xeon Silver 4116 pro-
cessors (2.10 GHz) and 256 GB of RAM. Nodes were interconnected
via InfiniBand, and experiments were executed under controlled
conditions to ensure measurement consistency.

For each of the 1,257 modified code changes, we ran ENACT to
explore trade-offs betweenmodified statement coverage, test energy
consumption, and test execution time. Results were aggregated
across multiple executions.

4.2 Preliminary Results
We analyze the relationship between energy consumption and mod-
ified statement coverage using the Pareto-optimal test subsets de-
rived using ENACT.

Non-trivial trade-offs exist: As illustrated in Figure 1, the
resulting Pareto fronts exhibit substantial variation in energy–
coverage efficiency across different commit sizes. Certain tests
deliver high coverage-per-joule, while others incur disproportion-
ately high energy costs for marginal coverage gains. This variability
confirms that coverage effectiveness and energy consumption are
weakly correlated, motivating energy-aware test selection rather
than coverage or time-based heuristics alone.

Substantial energy savings are achievable through early
stopping: As seen in Table 1, when test execution is stopped
after reaching 80% of change-aware coverage, the median energy
saving relative to full-suite execution is 99.8%, with the 10th–90th
percentile range spanning 99.0% to 99.9%. Even at higher coverage
targets, savings remain pronounced: at 90% coverage, the median
saving is 99.7%, and at 95% coverage, the median saving remains
99.6%. These results demonstrate that a small, carefully selected
subset of tests is often sufficient to exercise the majority of modified
code, while avoiding the overwhelming energy cost of executing the
full test suite. Our experiments show that the energy consumed for
running ENACT is only 94.25 J (0.05%) of the average energy saved
by running the minimized test suites, confirming that ENACT’s
overhead is negligible relative to energy savings.

Diminishing returns dominate near-complete coverage:
As seen in the “p10” column of Table 1, marginal coverage gains
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Figure 1: Consolidated Pareto Frontiers. Lines show the
median relative energy cost (log-scale) to achieve coverage
targets for Small (≤ 14 lines), Medium (15 − 53 lines), and
Large (> 53) code changes. Shaded regions denote 𝑝10–𝑝90
percentile bands. Markers are color-coded by median execu-
tion time at target coverage, reflecting the non-linear relation
between testing duration and energy expenditure.

near 100% are dominated by energy-intensive tests with low in-
cremental value. This supports adaptive stopping criteria tuned to
coverage–energy budgets.

Execution time is not a reliable proxy for energy: Despite
similar cumulative execution times, our analysis shows that individ-
ual tests often differ in energy consumption by factors of 2–3× due
to variations in computational intensity, memory access patterns,
and parallel efficiency. This observation validates treating energy
as a first-class optimization objective, rather than inferring energy
costs solely from execution time.

Comparison with baselines: At 95% coverage target, ENACT
outperforms: (1) Random test selection that achieves a mean energy
saving of 44.76% (vs. 97.53%), and (2) Greedy coverage-per-joule
approach that achieves a mean energy saving of 87.9% (vs. 97.53%).

5 Vision and Future Directions
Our results hint at something larger than test prioritization: energy
consumption may be a previously invisible dimension of software
quality assurance in scientific computing. Just as fault detection and
execution time have dedicated tooling and community benchmarks,
energy must become a measurable, optimizable, and reportable
property of HPC testing and debugging workflows. The software
engineering community has developed sophisticated techniques for
time-efficient testing; we believe an equally rich discipline awaits
for making testing energy-efficient, with HPC as the right domain
to seed it.
Short–term vision: Establishing Generalizability. The most
critical open challenge is whether the energy–coverage trade-off
structure observed in LAMMPS generalizes across HPC test suites
or is an artifact of molecular dynamics workloads. This is the
linchpin: techniques that are LAMMPS-specific offer limited sci-
entific impact. To resolve it, we will apply ENACT without mod-
ification to three applications with fundamentally different com-
putational profiles: QMCPACK (stochastic, GPU-intensive) [14],

Quantum ESPRESSO (memory-bound, iterative) [10], and MFEM
(communication-intensive, distributed) [2]. For each, we will mea-
sure whether a small Pareto-optimal subset still captures 95% cov-
erage at under 5% of full-suite energy cost. A positive result across
all three would establish generalizability and justify the long-term
agenda below; a negative result would instead motivate application-
specific energy modeling as the next priority. Concurrently, we
will replace statement coverage with mutation scores, since control-
flow exercise alone poorly captures numerical correctness, and
mutation-based effectiveness is the stronger validity criterion the
community will require in practice.

A prerequisite to this challenge is solving per-test energy attribu-
tion in realistic HPC settings. Our current setup measures energy
under controlled serial execution. In production, energy is reported
at the component level, tests may contribute to overlapping mea-
surement intervals, and concurrent execution across nodes makes
attribution ambiguous. Resolving this is a necessary step toward
making energy-aware test prioritization deployable in real HPC
workflows.
Long-term vision: Energy-Aware Testing and Debugging. As-
suming generalizability is confirmed, we envision a broader re-
search program treating energy as a first-class concern across the
full HPC quality assurance lifecycle. On the testing side, adap-
tive systems would continuously update energy-coverage models
from historical CI executions, dynamically reprioritize tests as code
evolves, and report energy alongside fault detection effectiveness
as a standard metric in test suite evaluation. On the debugging and
repair side, the opportunity is less explored and potentially higher
impact. Fault localization in HPC typically requires executing many
diagnostic test configurations at scale, and automated program re-
pair compounds this further by repeatedly executing candidate
patches to validate correctness. Yet the relationship between en-
ergy expenditure and progress through the localize-then-repair
pipeline is entirely unstudied. We envision techniques that min-
imize the energy cost of the full diagnostic and repair sequence,
treating each execution as an information-theoretic investment and
prioritizing patch candidates by their likelihood of success per joule.
Together, energy-aware testing, debugging, and repair represent
a novel synergy between green software engineering, automated
program repair, and HPC systems research—communities that have
not previously intersected around energy as a shared concern.

6 Conclusion
As HPC systems scale toward exascale and beyond, energy effi-
ciency becomes paramount. Software testing practices must evolve
to treat energy as a first-class resource constraint. We present a
vision for energy-aware multi-objective test selection and prioritiza-
tion, formulating test ordering as an explicit optimization problem
balancing energy consumption against test suite effectiveness.

Our preliminary results from LAMMPS demonstrate that this
approach is both feasible and effective, revealing non-trivial energy-
coverage trade-offs. Substantial energy savings (97.5%, on average)
are achievable while maintaining high modified code coverage
(95%, on average), offering practitioners flexible strategies that
match their resource constraints and quality requirements.
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