Sustainable Benchmarking Tool

Ashlin Iser! =
Karlsruhe Institute of Technology, Germany

Marie Anastacio' =
AIM, RWTH Aachen University, Germany

Théo Matricon! =
Univ. Rennes, Inria, CNRS, IRISA, France

Laurent Simon &
Univ. Bordeaux, CNRS, Bordeaux INP, LaBRI, UMR 5800, F-33400, Talence, France

Holger H. Hoos &

AIM, RWTH Aachen University, Germany

LIACS, Leiden University, The Netherlands
University of British Columbia, Vancouver, Canada

—— Abstract

Solvers for NP-hard problems from areas such as automated reasoning or optimisation are complex
systems in which many different components interact. The performance of these solvers is the
result of an intricate interplay between implementation details, algorithmic concepts and heuristics.
This, alongside the complexity of the problem instances to be solved, makes it challenging to assess
the effect of a single idea on the overall performance of a given solver. It is therefore not only
crucial, but also challenging to evaluate the performance impact of new ideas. Existing reliable
evaluation methods require large sets of diverse benchmark instances and considerable amounts
of computing resources. This makes empirical evaluation a bottleneck for solver development, as
it is time-consuming and energy-intensive, often requiring several CPU years of computation to
evaluate the impact of a single idea. In recent years, this bottleneck has led to the development
of data-driven approaches that can dynamically select a smaller number of instances that provide
sufficient statistical evidence to evaluate the relative performance of a given set of solvers. However,
these methods are typically not easily accessible. In this work, we present a tool that implements
these methods and makes them readily accessible to solver developers, thus enabling them to obtain
swifter feedback on their ideas.
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1 Introduction

Evaluating a new version of a solver, whether it incorporates a novel heuristic, a refined
preprocessing step or an improved data structure, typically requires running it on several
hundreds of benchmark instances. This process is both time- and energy-consuming, often
requiring several CPU years of computation for a single thorough comparison. For solver
developers iterating on new ideas, this constitutes a major bottleneck: the feedback loop
between implementing a modification and understanding its impact on performance is
prohibitively slow and expensive. This problem also arises when developing massively parallel
solvers, for which solving a single problem instance may require hundreds of CPU.

In recent years, statistical methods have been developed to address this challenge by
carefully selecting a small subset of benchmark instances that suffice for drawing reliable
conclusions about relative algorithm performance [2, 9, 16, 17]. These methods can substan-
tially reduce the computational cost of solver evaluation by exposing a trade-off between
cost and statistical confidence. However, despite their demonstrated effectiveness and their
application to related domains (see e.g. [15]), these techniques have seen limited adoption in
practice, in part, because they are not readily available in an easy-to-use form.

Here, we present a tool that bridges this gap by implementing state-of-the-art instance
selection methods and making them directly and easily accessible to solver developers. Given
a set of benchmark instances with known performance data for existing solvers, our tool
automatically selects an informative subset of instances on which to evaluate a new solver
variant, and provides a statistically sound assessment of its relative performance. By lowering
the technical barrier to rigorous empirical evaluation and making the cost—confidence trade-off
explicit, our tool aims to accelerate the development cycle of solvers for NP-hard problems
such as SAT, and more broadly, to support more sustainable benchmarking practices.

Dike Benchmarker serves as a platform that enables researchers to easily test and
compare new benchmarking methods. Thanks to its modular, extensible architecture, new
instance selection techniques, stopping criteria and data handling methods can be seamlessly
integrated. Once embedded into our tool, these can be made available directly to practitioners
for use in their evaluations. More specifically, our contributions are the following:

an open-source tool providing implementations of state-of-the-art techniques to run

efficient and reliable performance comparisons;

a modular framework to easily experiment with new benchmarking methods for researchers

and to make them accessible to practitioners;

a demonstration of use cases of such techniques.

In the remainder of this work, we first introduce the problem at hand and present relevant
related work (Section 2), next, we describe the architecture of our tool (Section 3) and the
instance selection methods and stopping criteria included in it (Appendix A). We then show
results on a simple use case (Section 4) and finally provide some general conclusions and an
outlook on future work (Section 5).

2 Background

The empirical evaluation of the performance of algorithms plays a key role in assessing
advancements of the state of the art in solving a given problem. Many research communities
within Al and beyond have adopted a culture of regularly assessing the performance of
algorithms on a large set of benchmark instances — see e.g. the competitions in Boolean Satis-
fiability (SAT) [11], Satisfiability Modulo Theories (SMT) [22] and automated planning [19].
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This practice has lead to significant progress in the respective research areas, but also
typically incurs high computational cost. To illustrate the cost of benchmarking SAT solvers:
the 2024 SAT Competition [11] required the evaluation of the 14 participating solvers on
400 benchmark instances each, with a running time limit of 5000 seconds and a verification
time limit for certificates of solved unsatisfiable instances of 45000 seconds. Taking into
account only the running times of the solvers and proof checkers, this setting resulted in a
total computational cost of approximately 217 CPU days."

In algorithmic research, the benchmark instances and time budgets used in such com-
petitions serve as a standard for evaluating new algorithmic ideas. Such ideas themselves
often result in a combinatorial explosion of possible concrete implementations and parameter
settings, such that researchers often evaluate many more variants than there are solvers
participating in a competition. This means that the computational cost of the evaluations
in the algorithm engineering cycle far exceeds that of running a solver competition. These
evaluation costs create a bottleneck in the solver development cycle, as algorithm engineers
may have to wait days or even weeks for a full evaluation of the design space of new ideas.To
mitigate this cost, they may rely on a hand-picked subset of problem instances, which can
lead to overfitting and optimising the solver for those specific instances.

Moreover, each of those ideas might come with parameters to tune (such as the probability
of a mechanism to activate or a weight given to a heuristic). The tuning of those parameters
and selection between variants of a single algorithm can be done automatically, using
automated algorithm configuration (see, e.g., [12]), or manually. Whilst automating it allows
to avoid the computational cost of a full evaluation, it does not provide statistical guarantees
with regard to the performance of the algorithm on the full set of instances. On the contrary,
automated algorithm configuration has been shown to be prone to overfitting to the instance
set used for training [7]. These factors give groups with access to extensive computing
resources a competitive advantage when it comes to evaluating exhaustive sets of solver
variants on a large number of instances, as they can test more ideas on a wider range of
instances.

The goal of our tool is to lower the computational cost of evaluating new solvers or
versions thereof. Given a set of problem instances Z, the performance rank of a given solver
within a set of solvers A is typically induced by a score based on the running times for all
instances solved within a pre-specified time limit, as well as how many times that time limit
was reached. Our research aims to achieve a desired level of statistical confidence in the
performance rank, while minimising the total running time of the methods used to produce a
benchmark by dynamically selecting a smaller number of instances. To formalise this problem,
we follow the definition of the New Solver Problem from Fuchs et al. [9], reformulated here
with greater precision in Definition 1.

» Definition 1 (New Solver Problem). Given a set of solvers A , a set of problem instances
T , a performance metricr : A X — [0, 7] with T an upper bound, e.g., induced by a limit
on running time, and a new solver Ae A, iteratively select benchmark instances I € T and
evaluate r(fl, I) to reach a threshold statistical confidence C in predicting the rank of fl, while
minimising the total running time used.

Several methods to dynamically select instances and to estimate the confidence are
described in Appendix A.

1" Additional running time costs arise from decompressing instances, file I/O and verifying the models
found for satisfiable instances, as well as other overheads.
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In recent years, several methods have been developed to reduce the evaluation cost of a
new algorithm [9, 17]. Those methods rely on the careful selection of a subset of instances
that provides sufficient statistical evidence to decide which algorithm performs best.

Matricon et al. [17] proposed several methods that combine two mechanisms: an instance
selector that selects instances based on their ability to discriminate between two given
algorithms, and a stopping criterion that efficiently decides when sufficient information has
been collected to make a decision. These methods have been shown to reduce the computing
time needed to compare algorithms to less than a third of a full evaluation. However, they
are focused on the comparison of two algorithms and do not directly apply to the evaluation
of a new version of an algorithm against a large set of state-of-the-art solvers. A follow-up
work [2] showed that those methods are also efficient when comparing variants of a single
algorithm.

Fuchs et al. [9] proposed a method inspired by active learning to select instances that
are informative for the evaluation of a new algorithm. This method has been shown to
be effective in reducing the number of instances needed to reach the correct ranking of
an algorithm in a competition, and ranked correctly 90% of the solver pairs using 5% of
the resources needed for a full evaluation. However, this method lacks an easily accessible
implementation.

Existing benchmarking tools address important but complementary parts of the work-
flow. Specifically, runsolver [18] and BenchExec [5] focus on controlled execution and
resource management, while GBD [14] supports benchmark and metadata management, and
Sparkle [20] as well as OptiLog [1] support broader benchmarking and meta-algorithmic
workflows.

In contrast, the primary contribution of Dike Benchmarker is to provide ready-to-use
implementations of statistically grounded, cost-efficient benchmarking methods, such as those
proposed by Matricon et al. [17] and Fuchs et al. [9]. More specifically, Dike Benchmarker
provides a modular framework that allows practitioners to obtain quick feedback on new
solver ideas and researchers to develop and compare new benchmarking methods.

3 Architecture of the Tool

Dike Benchmarker, named after “Dike” the greek goddess of fair judgement, is organ-
ised in a modular system with clear separation of concerns. It is available on GitHub
at https://github.com/ADA-research/DikeBenchmarker. Figure 1 illustrates the main
components and their interactions. The central benchmarkingmethods module orchestrates
the benchmarking process by coordinating instance selection and stopping criteria. This is
supported by specialised adaptor modules: benchmarkadaptors for accessing benchmark
instances, solveradaptors for running solvers, infrastructureadaptors for managing
different execution environments and dataadaptors for handling data persistence. Finally,
resultconsumers processes the results of the benchmarking process. This modular design
allows researchers and developers to extend the tool by implementing custom methods for
instance selection, stopping criteria and data handling.

Benchmarking Method

The benchmarkingmethods module is the central component of our tool. Its basic function
is to provide means for returning the next instance on which a solver should be run and to
decide when to stop the evaluation. The module provides abstract base classes to implement
methods for instance selection and stopping criteria, including means for combining them
in a flexible way. The tool already implements the best performing methods from previous
works [17, 2]. A detailed description of the methods is included in Appendix A.
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Figure 1 Architecture diagram of Dike Benchmarker.

Benchmark Instance Adaptors

The benchmarkadaptors module provides the necessary abstractions to implement adaptors
for benchmark instances as well as means for making them available locally for the bench-
marking process. It is designed to be agnostic to the actual format of the instances and
to be able to access them from different sources, such as local files, online repositories or
generators. For SAT instances, an adaptor that fetches instances from the online repository
of the Global Benchmark Database (GBD) [14] and caches them locally is implemented and
ready to use. The benchmark instance set can be restricted to user-defined subsets, enabling
separate evaluations on subdomains (for example, domain partitions available in benchmark
metadata).

Solver Adaptors

The solveradaptors module provides access to solvers as well as means to configure and
run them. Some solvers come with multiple binaries each with their own set of command-line
arguments, and a script that ties them together. Output certificates proving satisfiability or
unsatisfiability need to be verified using dedicated checkers which can differ between solvers.
To handle this complexity, our tool allows users to configure how to run each solver and
which checker to use for it. It also provides a way to wrap solver and checker runs using
tools such as runsolver [18] in order to impose resource limits.

Infastructure Adaptors

The infrastructureadaptors module provides adaptors to run solvers under different
execution environments. While running solvers on a local machine is straightforward, running
them on a cluster can be more complex, and the mechanisms for doing so can differ from
one cluster to another. Our tool is designed to be agnostic to the actual environment,
and to be able to run solvers on any of them, providing abstractions for implementing
execution environment adaptors and means for running solvers in them. Currently, adaptor
implementations for local machines and for clusters using the SLURM workload manager have
been implemented and are ready to use.

Data Adaptors

Non-trivial benchmarking methods typically require data to support the benchmarking process.
This data can consist of running times of other solvers, features of the problem instances,
or any other kind of potentially useful information. The reference data can be configured,
including filtered subsets, to analyse method robustness under different conditions. The
dataadaptors module provides abstractions to enable uniform access to data from various
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sources, including local files, online repositories and databases. Implementations for CSV files
and for SQLite databases have been implemented and are ready to use. We also provide our
own data source in the form of an SQLite database, which is stored in an online repository
and can be used directly to guide benchmarking processes.

Result Consumers

The resultconsumers module provides glue code for handling the results of completed solver
runs. The results of the benchmarking process can be used in various ways, such as updating
a database or the data underlying the instance selection methods, or providing feedback to
the user. This module provides abstractions for implementing adaptors for result consumers
and for linking them together.

4 Example Use Case

As an example use case, we applied Dike Benchmarker to the performance data from main
tracks of the 2023 and 2024 SAT Competitions [3, 11], as available in GBD [14]. Following
the question formulated in Section 2, we aimed to evaluate how efficiently and accurately
the methods implemented in our tool can predict the rank of a single algorithm in those
competitions.

Goal. A is the set of algorithms evaluated for the SAT competition and Z is the set of
benchmark instances used during the competition. For a new algorithm /Al, we attempt to
find the correct ranking of A based on the running time data of all algorithms A € A, while
minimising the cost of running A on the instances in Z.

Experiments. We applied each combination of selection method and stopping criteria
described in Appendix A. For each algorithm A € A, we evaluated the accuracy and the
resources required when predicting its ranking based on the running time data of all other
algorithms A € A\ A. Figure 2 shows the accuracies thus obtained against the time spent
for reaching it.

Figure 2 reveals a clear accuracy—cost trade-off across all method combinations and both
competition datasets. Points closer to the bottom-left are preferable, since they achieve lower
rank error at lower evaluation cost. In general, earlier stopping reduces cost but increases
error, whereas configurations that approach near-perfect rank accuracy typically consume a
large fraction of the full benchmark budget.

Among stopping criteria, the Wilcoxon-based criterion consistently reaches average rank
differences close to zero, using approximately 80% of the full evaluation cost. The Minimum
Accuracy criterion also achieves near-zero error, but typically requires 80 — 100% of the total
cost, offering no meaningful resource savings. The percentage-based criterion, while cheapest
(5 — 20% of running time), incurs substantial ranking error, making it suitable as a rough,
low-confidence estimate.

Regarding instance selectors, the discrimination-based and variance-based methods both
reduce the evaluation cost compared to random selection, but typically reduce the average
ranking accuracy. The methods exhibit consistent behaviour across both competition years.
Notably, rank errors are considerably lower on the 2024 data across all configurations, which
is likely due to a difference in the number of participating solvers (42 in 2023 vs 13 in 2024).
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(a) 2023 SAT Competition (main track). (b) 2024 SAT Competition (main track).

Figure 2 Rank accuracy against cost trade-off for different instance selectors and stopping criteria.
Error bars show 95% CI; bottom-left is ideal.

Overall, these results show that the methods implemented in Dike Benchmarker can
provide useful ranking estimates at a reduced fraction of the full competition cost, while
making the associated accuracy—cost trade-off explicit. The percentage stopping criterion is
suitable for quick, low-confidence feedback during early prototyping, whereas the Wilcoxon
criterion paired with an informed instance selector supports higher-confidence evaluation at
a substantially higher cost.

Code Example. Listing 1 illustrates how to obtain the previously described results. It
ranks a new solver with 95% confidence in the main track of the 2024 SAT Competition,
using the Wilcoxon stopping criterion and random instance selection, running locally on a
single core. This code compares the median performance of the new solver with respect to
the other solvers of the competition. Therefore when it stops, the rank assigned by Dike
Benchmarker is the one given by the median performance of the new solver on the instances

it has been run on.

5 Conclusions and Future Work

In this work, we described Dike Benchmarker, a tool that allows developers of automated
reasoning solvers to quickly obtain a rank for their new (version of) solver among state-of-the-
art solvers on a set of benchmark instances of interest. We showed that the benchmarking
methods currently included in Dike Benchmarker can provide informative estimates of
comparative solver performance, with substantial savings possible in lower-confidence settings
and higher-confidence estimates requiring a larger fraction of the resources needed for a full
evaluation.

While the current implementation uses model-free instance selection methods, we intend
to include more in the future, such as methods based on active [9] or unsupervised learn-
ing [6]. We are also planning a light APT version of the tool, to allow it to be called from
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Listing 1 Example code for Dike Benchmarker.

competition = "main2024"
solver_id = "my_solver_id"
confidence = 0.95

# Load prior data from existing database
adap = SqlDataAdaptor ("my_db.db")

# Load prior data from database (here a competition)
solvers_challenged = adap.get_competition_solver_id(competition)
benchmark_ids = adap.get_competition_instance_id(competition)
# Create benchmarking method
benchmarker = Benchmarker (
RandomInstanceSelector (benchmark_ids, solver_id, seed=1),
WilcoxonStoppingCriterion(benchmark_ids, solver_id,
solvers_challenged, confidence, adap),
benchmark_ids,
solver_id)
# Load files locally

solver_adaptor = SolverAdaptor ()
solver_adaptor.read_registry("./solvers/sat/")
instance_adaptor = SATInstanceAdaptor("./instances/sat/",

"./instances/cnf_data.db")
# Now make a runner so that we actually run something
runner = LocalRunner (solver_adaptor, instance_adaptor, parallel=1)
runner .run( [benchmarker])

other benchmarking platforms. In particular, the integration of the selection methods into
Sparkle [20] will allow further development in the direction of frugal algorithm selection [15]
and algorithm configuration with instance selection [2].

While adapting the tool to other domains is already supported at the level of configuration
— users can change data sources, benchmark sets, solver sets, and execution infrastructure
without modifying the core benchmarking pipeline — we plan to add explicit support for
additional types of NP-hard problems such as planning [19] or SAT Modulo Theories
(cf. SMT-LIB [4]). In the current implementation, however, the evaluation target is a running-
time-derived ranking. Supporting exchangeable ranking functions and alternative performance
metrics while reusing the same benchmarking-method code is part of future work. For
optimisation settings, this includes future support for domain-specific quality metrics and
anytime-style ranking criteria.

In the longer term, it would be useful to support logging the execution environment in
which given solvers are evaluated (in terms of hardware and software), and our tool already
includes the ground work for implementing this functionality. Furthermore, in the current
version, to be able to obtain the ranking of a new algorithm, the developer needs to run the
baseline solvers on the complete set of instances of interest in the same execution environment
as the new solver. We plan to develop approaches to avoid having to collect all performances
on the same machine since this would also allow for a large gain in terms of computing
resources. However, this involves addressing some open research question in the context of
ensuring meaningful and fair performance comparisons.

Before concluding, we would like to acknowledge an important limitation of this and
any work relying on rankings. Recent research has shown that traditional rankings in
competitions are highly sensitive to the choice of benchmark instances. For example, Fawcett
et al. [8] showed that in the SAT competition 2016, 17 solvers were statistically tied for first
place, and Van Gelder [21] proposed an alternative ranking strategy accounting for ties in
cases were the difference between solvers is not statistically significant. While significant
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advances have been achieved since then in terms of transparency and redundancy checks
on the competition instance set [13], the stability of a ranking still depends on the selected,
underlying composition of classes of benchmark instances. Thus, when selecting competition
data as input, the obtained ranking reflects the performance of the solver on that competition

and offers no guarantees when it comes to other instances and future competitions. Active

research in this direction exists and approaches to combine them with efficient and sustainable

benchmarking will be included in the future versions of Dike Benchmarker.
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A Included Methods

We implemented methods stemming from our prior works on instance selection [2, 9, 17].
Following a similar approach, we divided the problem into two main components: an instance
selector and a stopping criterion. The instance selector selects the next instance on which A
should run. Then, the information about the run is given to the stopping criterion, which
decides if sufficient statistical evidence has been collected to decide the ranking of the solver
according to the threshold C set by the user.

Instance Selection Methods

The current version of our tool includes the best performing methods from Matricon et
al. [17], which also showed strong performance in the context of comparing configurations of
a single solver [2]. They do not require to learn an empirical performance model and can
thus be used widely. The included methods are the following;:

Random Selection. This instance selectors selects an instance uniformly at random.
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Discrimination-based Selection. This instance selector, inspired by the work of Gent et
al. [10], pre-ranks all candidate instances before any runs are performed and submits them
in decreasing order of score. For each instance I, a score is computed from the vector of
running times R(I) = (t1,...,t), where t,, is the observed running time of the n'* solver
from all k prior solvers in A:

{nlta = p-min(R()}]

score(I) = Mean(R([)) 7

where p > 1 is a discrimination threshold (with default p = 1.2). The numerator counts the
number of solvers whose running time on I is at least p times the best performing solver on
that instance. It captures instances on which a some solvers perform poorly. Dividing by the
mean running time normalises for instance difficulty, penalising instances that are uniformly
expensive and thus provide little discriminative information relatively to their computational
cost.

Variance-based Selection. This instance selector pre-ranks all candidate instances before
any runs are performed and submits them in decreasing order of score. Using the same vector
of solver running times R(I) defined above, the score is defined as the relative variance:

~ Var(R(I))
score(I) = Mean(R (D))’

Stopping Criteria

The current version of our tool includes one criterion that we designed specifically for the
New Solver Problem, and two criteria adapted from Matricon et al. [17], where they were
designed for the specific case of the New Solver Problem with only two solvers. The two
methods identified in that study are a simple baseline that showed strong results and the
best performing method.

MinAccuracy. This method computes the pairwise concordance rate, equivalent to the
normalised concordant-pairs count used in Kendall’s 7 test (without penalty for ties). We
compute how solvers in A would rank if we considered only the benchmark instances evaluated
using the new solver A. Then, we measure the accuracy of the ranking based on the fraction
of solver pairs whose relative order in this partial ranking matches the ground-truth ranking,
i.e.:

|(4,7) : i < j in ground-truth and ¢ < j in partial ranking|
— .
(2)

The benchmarking process stops when this accuracy reaches the given threshold.

accuracy =

Percentage. This is a baseline stopping criterion that stops when a certain percentage of
all the instances have been run, set by default at 20%, following the results of prior work [17].

Wilcoxon. The best-performing method in our prior work [17] was based on a Wilcoxon
statistical test with the null hypothesis that the performance of two solvers are identical. To
adapt this method to the New Solver Problem, we apply the test as follows: Given the new
solver A, the known solvers from A are sorted according to their performance. Starting from
the weakest solver A € A, a paired comparison is done between A and A. If the Wilcoxon
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test rejects the null hypothesis with a confidence threshold set by the user (and a default
value of 0.05), a decision is taken: Either the mean performance of Ais better, A is discarded,
and the process continues with the next solver from A, or the mean performance of A is
worse, and the returned ranking is one below the ranking of A. If no solvers are left in A
and A is discarded, A is assigned rank 1.
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