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Abstract

Maximum Satisfiability (MaxSAT) is an approach for solving NP-hard optimization problems expressed in
propositional logic. Among the known approaches for solving MaxSAT is the Implicit Hitting Set approach
that combines SAT solvers and Integer Linear Programming solvers. However, no Implicit Hitting Set solver
participated in the most important evaluation of state-of-the-art MaxSAT solvers—the annual MaxSAT Evaluation—
since MaxHS did in 2022. Since then, MaxHS remains unmaintained and is not allowed to participate under the
current ruleset. Further, recent advances in MaxSAT testing have revealed numerous bugs in MaxHS. In this
paper, we describe our revision of MaxHS, which include numerous bugfixes, the integration of an open source
Integer Linear Programming solver that allows MaxHS to participate in the evaluation, and an exact mode that
avoids numerical problems.
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1. Introduction

Building on the success of modern SAT solvers [1, 2], Maximum Satisfiability (MaxSAT) solvers allow
declarative solving of hard optimization problems. Several exact approaches for solving MaxSAT
instances are known: (i) Core-Guided [3, 4, 5, 6, 7, 8, 9, 10], (ii) Solution-Improving [11, 12, 13] (iii)
Branch & Bound [14, 15], and (iv) Implicit Hitting Set (IHS) [16, 17].

MaxHS [16] is the most up-to-date IHS MaxSAT solver but remains unmaintained since 2022. Further,
MaxHS relies on the proprietary Mixed Integer Programming Solver CPLEX, which is against the Open-
Source mandate of the MaxSAT Evaluation. Hence, no IHS solvers participate in the annual evaluation,
although up-to-date results would be of interest due to the complementary nature of the IHS approach
(see Section 4.3). Moreover, Paxian and Biere [18, 19]—using a of novel MaxSAT fuzzer—showed that,
as any complex piece of software, MaxSAT solvers—including MaxHS—contain numerous bugs. While
current state-of-the-art MaxSAT solvers use this tool to find and remove bugs, no such effort has been
undertaken for MaxHS.

In this paper, we describe our revision of MaxHS that addresses all these issues as follows:

« We fixed all MaxHS bugs identified by the fuzzer.

« We allow the use of optimizers other than CPLEX by providing an extensible optimizer interface.

« We provide an optimizer instantiation for the open source solver SCIP, enabling MaxHS to
participate in the MaxSAT Evaluation.

« We leverage SCIP’s numerically stable mode for an exact mode that avoids numerical errors.

« We update the dependencies CaDiCaL (SAT solver) and MaxPre (preprocessing) to its most recent
releases. Part of this update was moving all of MaxHS’s modifications of CaDiCaL to the general
CaDiCaL AP], thereby significantly simplifying future updates.

We first give an overview over MaxSAT and IHS, then, give an overview of the most important
changes and finally evaluate our revision in extensive experiments.
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Related Work Besides MaxHS, LMHS [17, 20] is another IHS MaxSAT solver that is no longer
maintained. Furthermore, Smirnov et al. [21] proposed an THS approach for the more general problem of
pseudo-Boolean optimization (PBO), which has been improved over recent years [22, 23, 24]. Recently,
Thalainen et al. [25] investigated the impact of different optimizer choices in IHS for PBO and showed
that IHS solvers can provide independently checkable certificates of optimality for solutions.

2. Preliminaries

Fixing terminology, we consider propositional formulas in conjunctive normal form (CNFs): given a set
of variables V, a literal is a variable z or its negation —z. Let L = V U {—x: x € V'} be the set of all
literals, then, a clause C' C L is a set of literals and a CNF F’ is a set of clauses. Given an assignment
o:V — {0,1}, we overload o as follows, for negations o(—z) = 1 — o(x), for a clause C' we define
0(C) = maxyec o(f) and for a CNF F we define o(F') = mincer o(C). A model of a CNF F is an
assignment o such that o(F') = 1 and F'is satisfiable if it has a model, otherwise F' is unsatisfiable.

Maximum Satisfiability (MaxSAT) [26] considers how many—possibly weighted—clauses of a CNF
can be satisfied and extends SAT to optimization problems. We consider the more generally stated
problem of Partial Weighted MaxSAT to which we simply refer as MaxSAT. Here, an instance (#, S, w)
consists of two CNFs, the (assumed satisfiable) hard clauses H and the soft clauses S, as well as a weight
function w : & — NT assigning a weight to each soft clause. Any model o of  is a solution and
has weight w(o) = Yces0(C) - w(C) and cost ¢(0) = Loesw(C) — w(o). An optimal solution is
a solution of maximum weight—or equivalently minimum cost—over all possible models of H. An
instance where all weights are 1 is considered unweighted, otherwise it is weighted.

Many MaxSAT solving approaches—including IHS—use a different characterization framing MaxSAT
as a linear optimization problem. Here, an instance is a tuple (F,O) where F' is a CNF and O is
an objective, O = Y;w; - b;, with each b; being a variable occurring in F' and w; € NT. The cost
of an assignment o for F'is ¢(0) = X;w; - 0(b;) and the optimal solution to (F,O) is a model for
F that minimizes the cost. We can convert an instance (H,S,w) to an instance (F, O) by setting
F = HUpes CNF(=be <+ C) and O = Xcesw(C) - be. This characterization allows using a SAT
solver to extract cores and for the remainder of the paper we define a MaxSAT instance as (F, O).

Cores An Unsatisfiable Core or simply a core is a set of clauses that is unsatisfiable when viewed
as a CNF. We are interested in unsatisfiable cores that are subsets of the soft clauses. Such a core
implies that at least one of the soft clauses cannot be satisfied and incurs cost. Conveniently, using
the linear optimization characterization, a core K = {C1,...,C,} with K C S corresponds to a set

K = {bc | CEK}WithF':\/CGKbc.

2.1. Implicit Hitting Set Solving

IHS uses the fact that for an instance (F, O) any model of F is a hitting set over the instances’ cores as
follows. We overload the assignment o to also refer to its set representationoc = {v € V | o(v) =
1} U{—wv €V | o(v) = 0}. Then, for an arbitrary core K’ of (F,O) and an arbitrary model o of F,
it must hold that K’ N o # (). Further, in case o is a cost-minimizing hitting set over all cores, o is
an optimal solution. This also implies that any minimum hitting set over a subset of the cores gives a
lower bound on the optimal cost. Hitting sets are computed using an optimizer.

Cores are iteratively extracted using a core extractor, as enumerating all cores is generally not feasible.
The core extractor takes F' and a partial assignment ¢’ (the assumptions), then, if possible the core
extractor extends o’ to a model of F or returns are core if ¢’ cannot be extended.

Let B be the set of all objective variables occurring in O, v be a hitting set over some of the cores,
and o’ = {—b € B | b ¢ 7} be the partial assignment stating that no objective outside the hitting set
incurs cost. Then, in case the core extractor returns a core K’, we know that K’ N~ = (). Further, in
case the core extractor extends ¢’ to a model, this model is an optimal solution, as the minimum hitting
set is a lower bound. SAT solvers are usually used as core extractors and can also reduce the core’s size.



Algorithm 1: Implicit Hitting Set-based MaxSAT solving

Data: Instance (F, O)
Result: Optimal solution o
cores < ()
while TRUE do
7 <— minimum-hs(cores, O)
o {=b | b))
(sat, 0, K') + extract_core(F, o’)
if sat then return o;
cores < cores U {K'}
end

Algorithm 1 shows the basic IHS loop. Starting from no cores, each iteration the algorithm computes
an—initially empty—hitting set over the current set of cores using the optimizer. The algorithm then
uses the core extractor to check whether any model for F’ exists that sets all objective variables not in
the hitting set to 0. In case such a model exists, we have found an optimal solution. Otherwise, the core
extractor returns a core, this core is added to our set of cores and the next iterations starts.

While this section describes the basic approach, actual IHS instantiations are more sophisticated.
We also want to note that the optimizer is usually not performing a hitting set computation. Due to
advanced methods that add general clausal constraints from the formula (seeding), or even pseudo-
Boolean constraints (e.g., via abstract cores [27]), the optimizer generally solves a pseudo-Boolean
optimization problem. However, the result is a hitting set over the cores.

3. MaxHS Revised

MaxHS is a sophisticated IHS implementation that uses simplification techniques, numerous heuristics,
extensions, a linear sat-unsat solver, and many conditional choices to maximize its performance [16, 28,
29, 27, 30, 31]. As such, it is expected that MaxHS would contain bugs, and indeed Paxian and Biere
[18, 19] were able to show this using a novel fuzzer, which was the starting point for our revision. The
sophistication of MaxHS as measured in a thousand lines of code (KLoC) is with ~13 KLoC similar to
other MaxSAT solvers (EvalMaxSAT has ~11 KLoC and UWrMaxSAT has ~10 KLoC), more than the
Glucose SAT solver [32] (6.5 KLoC) and less than the CaDiCaL SAT solver (=65 KLoC).

In this section, we describe our changes to MaxHS. Since we do not extend the core functionality,
we prefer not to rename the solver. To distinguish the base version and our revised version, we use
MaxHS-old to refer to the former and MaxHS-new to refer to the latter.

Fuzzing We use WCNFuzz [19] to detect bugs in MaxHS-old and MaxHS-new. WCNFuzz strategically
generates random MaxSAT instances and tests whether the output of the MaxSAT solver is correct for
the generated instance. Whether the solution is optimal is determined by comparing the optimal cost
claimed by different solvers. We use EvalMaxSAT [33] to ensure that the optimal cost is known, as
EvalMaxSAT did not claim a single wrong optimal result during extensive fuzzing.

3.1. Optimizer Abstraction

MaxHS-old used CPLEX as its optimizer. However, there exist numerous other possible optimizers,
such as other Integer Linear Programming solvers or pseudo-Boolean solvers. Furthermore, due to
CPLEX’s proprietariness, its use violates MaxSAT Evaluation’s open-source mandate'.

We address this issue by abstracting the optimizer. Hence, MaxHS-new has an abstract Optimizer class
and can use any implementation of that abstract class as its optimizer. MaxHS-new provides an interface

'https://maxsat-evaluations.github.io/2026/rules.html



for CPLEX and the open source solver SCIP [34]. Optimizers can be chosen using -optimizer=<value>
with possible values being cplex, scip, and scip_exact (see Section 3.3).

3.2. Bugfixes

In this section, we discuss the major bugs causing the most errors identified by WCNFuzz.

Duplicate Literals MaxHS-o0ld internally assumed that a literal occurs at most once in a clause
and violating this assumption caused many different errors. Due to several bugs, MaxHS-old did not
remove duplicate literals, which did not trigger on MaxSAT Evaluation instances, as they do not contain
duplicate literals. MaxHS-new ensures that duplicate literals are properly removed.

Self-Subsumption MaxHS removes clauses that are subsumed or redundant due to self-subsumption.
The self-subsumption check in MaxHS-o0ld was not sound, leading to more clauses being removed than
should be removed, and potentially wrong results, as the resulting solution might not satisfy all clauses.
MaxHS-new contains an adjusted check that is sound.

Rounding Errors MaxHS-old used floating point numbers for storing weights, as well as the current
lower and upper bound. IEEE 754 double precision float point numbers can only faithfully represent
integer values of up to 2°% and introduces rounding errors for higher values. However, the WCNF
format allows for weights of up to 203 — 1 and the sum of all weights can be as much as 264 — 1.
MaxHS-old used the long double datatype which on some systems maps to an 80-bit or longer floating
point number, which can faithfully represent 64-bit integer values, but on other systems maps to the
aforementioned double precision format. Further, even using an 80-bit representation requires care to
not introduce rounding errors during arithmetic operations.

MaxHS-new uses 64-bit integers for all variables that represent weights and the upper bound. The
lower bound is represented by a custom datatype that combines a 64-bit integer with a double precision
floating point number. The latter is used to represent fractions smaller than one, as solutions for the
LP relaxation are generally fractional. Unfortunately, SCIP and CPLEX internally use double precision
floating point numbers, leading to rounding errors that can be reliably triggered using WCNFuzz. While
we cannot avoid the rounding errors caused by the optimizer, MaxHS-new implements an exact mode
based on the numerically stable mode supported by SCIP.

3.3. Exact Mode

MaxHS-new’s exact mode relies on SCIP’s exact mode [35, 36] that is numerically stable and, hence,
does not suffer from rounding errors at the expense of performance and memory usage. This mode
is available using the scip_exact optimizer and, together with the aforementioned switch to integers
with our custom datatype, ensures sufficient numerical stability within MaxHS-new. The only feature
impacting soundness in exact mode is reduced cost fixing [29]. Since the reduced costs cannot be
retrieved from SCIP via a numerically stable interface, reduced cost fixing should be deactivated (using
-no-Ip-harden-reduced) to ensure soundness.

3.4. Core Extractor

MaxHS-old used CaDiCalL’s [37, 38] version from the 2021 SAT Competition (between 1.4.0 and 1.4.1)
with several modifications giving MaxHS-old access to information and functionality not available over
the standard CaDiCaL APIL These modifications necessitate modifying each new version of CaDiCaL
before it can be used within MaxHS-old. MaxHS-new does not only use the newest version 3.0, but all
necessary modifications are now part of the standard CaDiCaL. API, making future updates simple.



3.5. Preprocessing

MaxHS-o0ld used MaxPre 1 [39] for preprocessing, which WCNFuzz found to contain bugs leading to
wrong results. MaxHS-new uses MaxPre 2.2 [40, 41], which does not only add improvements and new
techniques but also provides proofs that the preprocessing is correct. While MaxHS-new does not verify
these proofs, fuzzing could not detect any wrong results connected to MaxPre 2.2. However, MaxPre 2.2
breaks some invariants within MaxHS-old, like removing variables, which requires extra consideration,
and we see tuning MaxHS-new towards MaxPre 2.2 to achiever better performance as future work.

4. Experimental Evaluation®

We discussed our modifications to MaxHS-old and why they were necessary. It remains to investigate
whether we achieved our goal of removing erroneous results and whether our changes impact the
performance of the solver. Hence, we try to answer three questions in our evaluation:

1. How many errors occur when running MaxHS-old and MaxHS-new?
2. How does MaxHS-new perform in comparison to MaxHS-old?
3. How does MaxHS-new perform compared to state-of-the-art MaxSAT solvers?

We use fuzzing to answer the first question and a collection of benchmarks and solvers from the MaxSAT
Evaluation to answer the other questions.

4.1. Setup

Benchmarks We use the benchmarks from the exact/complete track of the MaxSAT Evaluation 2022,
2023 and 2024 for our experiments. After eliminating duplicate instances using SHA-1 hashes, this
benchmark set contains 3101 instances, 1557 of them unweighted and 1544 weighted.

Execution Environment We use the bwForCluster Helix for benchmarking: each node has 256 GB
memory and two AMD EPYC 7513 CPUs, each with 32 cores running at 2.6 GHz. We run our experiments
by exclusively reserving a node and running 16 instances in parallel, each with a memory limit of 28 GB,
and a time limit of one hour. Further, fuzzing is performed using 64 parallel threads on a single machine
with two AMD EPYC 7343 CPUs, 32 physical cores, 64 virtual cores, and 2 TB of memory.

MaxHS MaxHS-new® uses CaDiCaL 3.0 [37, 38]* as the SAT solver, MaxPre 2.2 [40, 41]°,
CPLEX 22.1.1.0%, and SCIP 10.0.2 [34]7 with enabled exact mode [35, 36]. MaxHS-new, CaDiCalL,
MaxPre, and SCIP are compiled with gcc 13.3.0 (Ubuntu). We compare against MaxHS-old using the
2022 MaxSAT Evaluation version®, which was the starting point for this project. We use the provided bi-
nary which uses CPLEX 20.1.0.0, MaxPre 1 [39], and CaDiCaL’s 2021 competition version (between 1.4.0
and 1.4.1). We consider four different MaxHS-new configurations: MaxHS-new CPLEX and MaxHS-new
SCIP use the respective optimizers, while MaxHS-new Exact uses the exact mode without reduced-cost
fixing. Further, MaxHS-new NoPP uses CPLEX but does not use MaxPre for preprocessing.

Fuzzing We use WCNFuzz [19]° giving each solver 20 seconds to solve an instance together with
EvalMaxSAT [33]'° to have a reliably optimal solution to compare against.

*The MaxHS-new version used for benchmarking and detailed results can be found at https://doi.org/10.5281/zenodo.20072899.
*https://github.com/ASchidler/MaxHS

*https://github.com/arminbiere/cadical

*https://bitbucket.org/coreo-group/maxpre2/, commit 0ec2599c
Shttps://www.ibm.com/de-de/products/ilog-cplex-optimization-studio

"https://scipopt.org/

®https://maxsat-evaluations.github.io/2022/descriptions.html

*https://github.com/tobipaxe/MaxSAT-Fuzzer, commit 5¢0e3656

10https:/ /github.com/FlorentAvellaneda/EvalMaxSAT/, Commit 94e6774
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Solvers We compare against the winners in the unweighted and weighted track of the 2024 MaxSAT
Evaluation: WMaxCDCL [15] (OpenWBO 1200 configuration) and CASHWMaxSAT [42] (DisjCad S6
configuration). Further, we also use UWrMaxSAT [43] (with SCIP and MaxPre) as it is used within
CASHWMaxSAT and it performs overall well on weighted and unweighted instances. For all three
solvers we used the binary provided to the MaxSAT Evaluation''. While CASHWMaxSAT and UWr-
MaxSAT are code-guided solvers, they additionally use SCIP. Hence, we also compare against the pure
core-guided solver EvalMaxSAT, which was also the baseline used during fuzzing.

4.2. Fuzzing Results

We give the results from running the fuzzer for over 24 hours in Table 1. We distinguish between
errors from instances where the sum of weights does not exceed 232 and instances with a larger sum
of weights. In the former case we do not expect rounding errors, while we expect some unavoidable
rounding errors with high weights. A MaxSAT solver outputs the minimum cost and a solution, i.e., an
assignment of minimum cost and we further distinguish the following errors:

1. Crashes are instances where the solver terminates in an unexpected manner, which includes the
UNKNOWN return code and whenever the integer linear program becomes infeasible.

2. Wrong Results occur whenever the solver: returns a model and minimum cost that are not optimal,
returns a solution for an unsatisfiable instance, claims a satisfiable instance is unsatisfiable, or
returns a solution that does not satisfy the instance.

3. Wrong Models indicate that either the reported cost is minimal, or the solution is optimal, but not
both.

Table 1
Different errors after fuzzing the different solvers with 1 496 544 executions taking a total of 1 023,39 hours. WR
indicates wrong results and WM indicates wrong models.

Sum Weights < 232 Sum Weights > 232
Solver Timeouts Crashes WR WM  Crashes WR WM
MaxHS-old 5.58% 38049 31458 19 341 140 632 21942 32725
MaxHS-new CPLEX 0.21% 0 0 0 10992 20936 0
MaxHS-new NoPP 0.19% 0 0 0 6273 40671 0
MaxHS-new SCIP 0.22% 0 26 0 15164 39768 0
MaxHS-new Exact 0.23% 0 0 0 0 0 0

The fuzzing results show that all types of errors occur frequently with MaxHS-old, even with lower
weights. Hence, the errors are not just related to rounding errors. Interestingly, MaxHS-old times out
on a significantly higher fraction of generated instances, which is likely due to MaxHS-old getting stuck
in an invalid state where no progress is made.

As expected, almost no errors occur with the different MaxHS-new configurations on low weights,
except very few errors when using SCIP. These errors are due to an unknown edge-case or rounding
error when retrieving the reduced costs, leading to a wrong lower bound. This can be avoided by
disabling reduced cost fixing (-no-Ip-harden-reduced) at the cost of some performance. The error
frequency increases with higher weights but is still significantly lower than with MaxHS-old. The exact
mode shows no errors and, hence, indeed successfully avoids rounding errors.

4.3. Benchmark Results

Table 2 and Figure 1 show the results from running MaxHS-old, MaxHS-new and the state-of-the-art
solvers on the benchmark instances. We verified that the reported optimal cost is the same as the cost
of the returned solution and that the reported cost is indeed not higher than that of any solver. Overall,
only MaxHS-new SCIP reported one wrong result caused by high weights and numerical instability.

"https://maxsat-evaluations.github.io/2024/descriptions.html
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Table 2
Results on the number of solved instances by different solvers and MaxHS-new configurations.

Solver Solved Time Out Mem Out Unweighted Weighted
MaxHS New CPLEX 2252 816 33 1107 1145
MaxHS New NoPP 2252 824 25 1117 1135
MaxHS New SCIP 2225 837 39 1093 1132
MaxHS New Exact 2118 925 58 1051 1067
MaxHS Old 2286 789 26 1140 1146
WMaxCDCL-OpenWBO1200 2200 901 0 1118 1082
CASHWMaxSAT-DisjCom-S6 2333 748 20 1145 1188
UWrMaxSAT-SCIP-MaxPre 2315 769 17 1178 1137
EvalMaxSAT 2285 815 1 1159 1126
Available 3101 1557 1544

Figure 1: Runtime comparison of different MaxHS-new configurations and other MaxSAT solvers.
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Figure 2: Comparison of the runtime (in seconds) of MaxHS-new and MaxHS-old, as well as different configura-
tions of MaxHS-new. Unweighted instances are marked light green and weighted instances dark red.

35004 *=e== 0... cco: ommes | }( 3500 { Cwmweme ecce w---—.u--/” 35004 *** .m.n-ooo--o- -‘,: 35004
Vi i R
3000 A . > 30001 o e o ° -~ 3000 A 3000 A

° 7 a . Lo ° o °

5 25007 . ¢ Lo /,,’ . o ; 2500 4 Ve . 3 2500 1 € 2500
- . o* ./ . (1) : w

© 2000.,,* = pils. ¢ 2 2000 1 e .o 2000 2 2000
) ee s o ! [} DL R . 7]
T . [y oz:. Ve, ,; = . (YA . = 2

3 1500 - o Y% o e 3 wis00q . V., #1500 v 1500
= EEITRE. SodEu 2% RN T . o % o T
4 e, % e 4 o ] %, o

10001 of T < % 2 1000q; k2. = 1000 2 1000

LA . . .
500 4 AN . ' 500 4 T e H 500 4 500
“ . A
d c. . .. . LI ]
04 Ser ‘mowe oo 04 ‘e wmewm® ] 04 04
0 1000 2000 3000 0 1000 2000 3000 0 1000 2000 3000 0 1000 2000 3000
MaxHS New CPLEX MaxHS New CPLEX MaxHS New CPLEX MaxHS New SCIP

MaxHS-old and MaxHS-new The results show that MaxHS-old performs better on unweighted
instances than MaxHS-new, while performance on weighted instances is similar. Further, Figure 2
suggests that MaxHS-o0ld and MaxHS-new do not perform well on the same instances. Given the large
number of changes it is not possible to pinpoint the source of the regression on unweighted instances. It
is reasonable to expect that removing unsound methods leads to worse performance. Another possible



explanation is that MaxHS is a fine-tuned and complex system and our changes require re-tuning the
components. We see performance improvements as future work.

Figure 3: Comparison of the runtime (in seconds) of MaxHS-new and state-of-the-art MaxSAT solvers. Un-
weighted instances are marked light green and weighted instances dark red.
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MaxHS-new Configurations Using SCIP over CPLEX decreases performance, as indicated by the
overview in Table 2. The decrease in solved instances is mild and Figure 2 suggests that using SCIP
improves performance on several instances, weighted and unweighted, making CPLEX the better default
choice but not necessarily the best choice for a given instance. Further, MaxPre 2.2 does not lead to
generally better performance, the 59 more instances that could only be solved with MaxPre 2.2 are
balanced by the 59 instances that could only be solved by not using MaxPre 2.2. Since performance is
better on weighted instances, disabling MaxPre on unweighted instances (-no-use-maxpre) might be the
better default choice. Exact mode does decrease performance, as expected. Indeed, Figure 2 shows that
exact mode is almost strictly worse than using SCIP without exact mode and with reduced cost fixing,.
Additionally, the memory consumption almost doubles.

State-of-the-Art Solvers The comparison with state-of-the-art solvers shows a similar pattern as
the comparison with MaxHS-old. MaxHS-new performs competitive on weighted instances and shows
comparatively poor performance on unweighted instances. A closer look at the results in Figure 3
shows that MaxHS-new performs better on several instances compared to the other solvers, ranging
from solving 89 different instances (CASHWMaxSAT) to 246 different instances (WMaxCDCL). This
indicates a generally complementary behavior to non-IHS approaches.

5. Conclusion and Future Work

We presented our revision of MaxHS with the goal to motivate other researchers to contribute and keep
MaxHS a state-of-the-art MaxSAT solver, as there are many avenues for improving MaxHS.

While we did investigate and remove some issues that caused decreased performance it was not our
priority. Hence, our next step would be to improve the performance of MaxHS-new. This includes the
regression when solving the problematic unweighted instances, as well as re-tuning the components
of MaxHS towards changed behaviour due to CaDiCaL, MaxPre, and our changes. Due to the large
number of changes and novel features in CaDiCaL 3.0, we expect great performance potential when
tuning MaxHS, but also when tuning CaDiCalL to this specific application.

In this paper, we only investigated the use of CPLEX and SCIP. However, there are numerous other
possible optimizers. Due to our abstraction, it should be reasonably easy to extend MaxHS-new to use
more optimizers.

Finally, Thalainen et al. [25] showed that it is possible to certify THS results, as long as a certifying
optimizer is used to prove optimality of the last optimizer call. This result should translate to MaxHS-new
and would further improve the reliability of MaxHS-new.
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