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Abstract9

Anytime MaxSAT solving is indispensable in applications that require finding near-optimal solutions10

within a flexible, user-controlled time budget. Recent years have seen substantial progress in anytime11

MaxSAT algorithms, including the introduction of SAT-based local search, the development of efficient12

approximation techniques, and significant advances in classical local search methods. However,13

all leading anytime solvers—including the winners of the three most recent MaxSAT Evaluations14

(MSEs) in the anytime categories—reuse the code base of a single solver, tt-open-wbo-inc, which,15

while highly efficient, lacks an in-memory API, is non-incremental and incomplete, and contains a16

substantial amount of dead and legacy code.17

We introduce Aperture, a new solver for anytime and incremental SAT-based optimization,18

including MaxSAT, written from scratch in C++ with in-memory APIs for C++ (IPAMIR-19

compliant) and Python. For MaxSAT, Aperture follows a similar high-level algorithmic approach20

to tt-open-wbo-inc, but employs a unified flow for both weighted and unweighted MaxSAT and21

guarantees completeness.22

Performance-wise, Aperture is highly competitive as a MaxSAT solver. Under the bench-23

mark sets and evaluation conditions of MSE 2024, it outperforms both the MSE 2024 winner24

SPB-MaxSAT-c and tt-open-wbo-inc in all four anytime categories, and in 8 out of 12 anytime25

categories across the three most recent MSEs (2022–2024). Moreover, Aperture outperforms26

leading non-anytime MaxSAT solvers on 2 out of the 5 incremental benchmark sets from MSE 2022,27

an evaluation setting in which—unlike the anytime categories—both incrementality and completeness28

are mandatory.29

Beyond MaxSAT, Aperture also supports two other paradigms for optimizing an objective30

function under Boolean constraints, namely Optimization Modulo Bitvectors (OBV) and black-box31

optimization. Across all three paradigms, the solver is incremental and anytime, while it is complete32

for MaxSAT and OBV but incomplete for black-box optimization.33
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1 Introduction37

This paper is work in progress and describes ongoing work; the MaxSAT part is under38

conference submission.39

40

MaxSAT [2] is an optimization extension of SAT [18] that optimizes a linear Pseudo-41

Boolean objective subject to Boolean constraints in Conjunctive Normal Form (CNF). Many42

MaxSAT applications [46, 49, 27, 17] require anytime [12, 50] solvers, which are expected43

to return a feasible solution quickly and then generate progressively improving solutions.44

© Alexander Nadel, Yam Slonimski, Ofer Strichman;
licensed under Creative Commons License CC-BY 4.0

Leibniz International Proceedings in Informatics
Schloss Dagstuhl – Leibniz-Zentrum für Informatik, Dagstuhl Publishing, Germany

mailto:alexandernad@technion.ac.il
https://orcid.org/0000-0003-4679-892X
mailto:yamslonimski@campus.technion.ac.il
mailto:ofers@technion.ac.il
https://orcid.org/0000-0001-9169-3751
https://doi.org/10.4230/LIPIcs...
https://creativecommons.org/licenses/by/4.0/
https://www.dagstuhl.de/lipics/
https://www.dagstuhl.de


XX:2 Aperture: an Anytime, Complete, and Incremental Solver for MaxSAT and Beyond (Work-in-Progress)

Anytimeness is crucial in industrial settings, as it enables obtaining near-optimal solutions45

for very difficult instances within a reasonable user-controlled time budget [34].46

The importance of anytime MaxSAT has driven substantial algorithmic progress in recent47

years along three complementary directions: significant advancements in classical local search48

(SatLike [7], NuWLS [9], USW [10], SPB [24], DeepDist [22]), the development of effective49

approximation techniques (MrsBeaver [32, 33] and clustering [25]), and the introduction of50

SAT-based local search (Polosat [35]).51

tt-open-wbo-inc [36, 38] (hereafter abbreviated as tt), derived from52

open-wbo-inc [25], which in turn is based on open-wbo [30], is the solver in53

which these advances have been implemented. Algorithmically, tt proceeds in three stages:54

first, a SAT solver is used to obtain an initial feasible solution; second, classical local search55

is applied to improve this solution; and finally, a SAT-based approximation phase further56

refines the solution by repeatedly invoking SAT-based local search or plain SAT as an oracle,57

and may, under certain conditions, transition to a complete optimization stage. The winners58

of the three most recent MaxSAT Evaluations (MSEs) in the anytime categories all reuse59

the tt code base, differing only in their classical local search component.60

Despite its empirical success, tt has limitations that severely restrict its applicability and61

complicate maintenance and extensibility. In particular, it lacks an in-memory API, does62

not support incremental MaxSAT solving [32, 41] (even though its underlying SAT-based63

algorithms are natively incremental), is incomplete, and contains substantial dead and legacy64

code. Furthermore, it maintains separate and partially duplicated flows for weighted and65

unweighted MaxSAT.66

We introduce Aperture1, a new open-source solver for anytime and incremental SAT-67

based optimization, including MaxSAT. Aperture is written from scratch in C++. For68

MaxSAT, Aperture follows essentially the same high-level algorithmic flow as tt, but69

resolves all of the aforementioned shortcomings. Unlike existing anytime MaxSAT solvers,70

which are neither complete nor incremental, Aperture is both, achieving completeness by71

guaranteeing a transition to the complete stage once progress in the incomplete stage stalls.72

It further provides native in-memory APIs in C++ (including IPAMIR [41] compliance) and73

Python2, and employs a unified control flow for weighted and unweighted MaxSAT. Tables 174

and 2 compare tt and Aperture in terms of features and API, respectively.75

Table 1 Feature Comparison for MaxSAT Solving

Solver Anytime Complete Incremental Unified-Flow
tt ✓ ✕ ✕ ✕
Aperture ✓ ✓ ✓ ✓

Table 2 API Comparison for MaxSAT Solving

Solver CLI (File) Native C++ IPAMIR C++ Python
tt ✓ ✕ ✕ ✕
Aperture ✓ ✓ ✓ ✓

Moreover, Aperture supports a broad set of backend SAT and local-search solvers, as76

shown in Table 3.77

Empirically, as a MaxSAT solver, Aperture is highly competitive with the state of the78

art. Under the benchmark sets and evaluation conditions of MSE’24, it outscores both the79

1 Source code: https://github.com/YamSln/Aperture
2 Available on PyPI: https://pypi.org/project/aperture-solver/ (install with pip install
aperture-solver)

https://github.com/YamSln/Aperture
https://pypi.org/project/aperture-solver/
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Table 3 Backends (Aperture defaults are underlined)

Solver SAT Solvers Local Search Solvers
tt Glucose, IntelSAT USW
Aperture Glucose, IntelSAT, CaDiCaL, AE-Kissat-MAB SPB-Band, USW, DeepDist

MSE’24 anytime winner SPB-MaxSAT-c and tt in all four anytime categories, and in 8 out80

of 12 such categories across the three most recent MSEs (2022–2024). Moreover, although81

Aperture is anytime, it outperforms leading non-anytime MaxSAT solvers on 2 out of the 582

incremental benchmark sets from MSE’22, an evaluation setting in which—unlike in anytime83

categories—both incrementality and completeness are mandatory.84

Beyond MaxSAT, Aperture also supports two additional paradigms for optimizing85

an objective function under Boolean constraints, namely Optimization Modulo Bitvectors86

(OBV) [40] and black-box optimization [31, 35]. Across all these settings, the solver is87

incremental and anytime; it is complete for MaxSAT and OBV, and incomplete for black-box88

optimization.89

The remainder of the paper is organized as follows. Sect. 2 introduces preliminaries.90

Sect. 3 presents the two additional optimization paradigms, OBV and black-box optimization.91

Sect. 4 describes Aperture’s API, Sect. 5 its algorithmic flow, Sect. 6 the experimental92

results, Sect. 7 concludes, and Appendix 7 provides an ablation study.93

2 Preliminaries94

A literal is either a Boolean variable x or its negation ¬x. A clause is a finite set (disjunction)95

of pairwise distinct literals. Given a set of clauses H, a (non-incremental) SAT solver either96

finds a satisfying assignment (known as a model or solution) for H or proves that H is97

unsatisfiable.98

Incremental SAT solving [14, 39] is widely used in practice. An incremental SAT solver99

can be queried multiple times; between queries, the user may add clauses. For each query,100

the solver receives a set of assumption literals (assumptions) A, which apply only to the101

current query. The solver then determines whether F ∧ A is satisfiable, where F consists of102

all clauses added so far.103

(Non-incremental) MaxSAT extends SAT to the optimization of a linear Pseudo-Boolean104

(PB) function as follows. Given a set of propositional clauses H and a target bit-vector105

(target) T = {tn, tn−1, . . . , t1}, where each target bit ti is a Boolean variable associated with106

a strictly positive integer weight wi, and assuming that H is satisfiable, MaxSAT finds a107

model σ of H that minimizes the objective function ΨT (σ) =
∑n

i=1 σ(ti) × wi. A MaxSAT108

instance is unweighted iff all weights are 1; otherwise, it is weighted. Anytime MaxSAT109

solvers, as evaluated at MSEs since 2011, produce over time an improving sequence of models110

{µ1, µ2, . . . , µn} such that for all j > i, ΨT (µj) < ΨT (µi). A complete MaxSAT solver, given111

enough time, is guaranteed to return a model σ of H that is globally optimal, i.e., such that112

Ψ(σ) = minσ′|=H Ψ(σ′).113

3 Beyond MaxSAT: Additional Paradigms in Boolean Optimization114

Beyond MaxSAT, Aperture supports two additional optimization paradigms over Boolean115

constraints and reuses the corresponding algorithms as key building blocks inside its MaxSAT116

flow.117
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3.1 Optimization Modulo Bitvectors (OBV)118

Optimization Modulo Bitvectors (OBV) [40] (also known as LEXSAT [44]) is an optimization119

problem that shares the same input format as unweighted MaxSAT but differs in the120

semantics of the optimization objective. In OBV, the objective is to minimize the value of the121

target T interpreted as an unsigned integer. OBV has been applied to industrial placement122

fixing [40, 35], canonicity and canonical SOP generation in synthesis [44, 43], computing123

lexicographically smallest finite models [21], and encoding lexicographic constraints in SMT-124

based constraint solving [16]. Intuitively, unlike in unweighted MaxSAT, in OBV the order of125

bits in T matters: bit i is strictly more important than all bits 0 through i − 1. This makes126

OBV considerably easier to solve in practice than MaxSAT. The OBV-BS algorithm [40, 28]127

exploits this by using incremental SAT queries to progressively fix target bits from the most128

to the least significant. It has been adopted and generalized within OMT(BV/FP) engines129

such as OptiMathSAT [45, 47].130

3.2 Black-box Optimization131

In black-box optimization [31, 35], the objective function is not required to have an explicit132

algebraic or structural representation. Instead, the solver can only access the objective by133

querying a user-given callback on assignments. Formally, given a satisfiable propositional134

formula H over variables V and an objective function Ψ: {0, 1}|V | → R provided as a135

black-box callback, the goal is to find a model µ of H that minimizes Ψ(µ). In this setting,136

the solver may invoke Ψ at any time on assignments, but cannot reason about the internal137

structure of Ψ. This abstraction allows optimizing arbitrary Pseudo-Boolean functions,138

including functions whose encoding into Boolean constraints would be prohibitively heavy, or139

those available only via querying external tools. Polosat [35] is a state-of-the-art algorithm140

for black-box optimization. It has been shown to be practically effective for solving the141

industrial placement problem [35, 11]. Polosat is an incomplete algorithm that can be viewed142

as a SAT-based local search method exploring the neighborhood of the current best model143

using incremental SAT queries.144

3.3 OBV and Black-box Optimization for Anytime MaxSAT Solving145

Beyond their stand-alone interest, OBV-BS and Polosat have become crucial algorithmic146

subcomponents of state-of-the-art anytime MaxSAT solvers. In particular, tt uses OBV-BS147

within the MrsBeaver algorithm (Sect. 5.2) to approximate unweighted MaxSAT by OBV. It148

also uses Polosat as a SAT-based local-search oracle during its incomplete optimization stages.149

Aperture uses OBV-BS-based MrsBeaver for both unweighted and weighted MaxSAT, and150

additionally exposes OBV-BS and Polosat via its OBV and BlackBox APIs (Sect. 4).151

4 Application Programming Interface (API)152

The main idea of Aperture’s API is to seamlessly extend the API of an incremental SAT153

solver to MaxSAT, OBV and black-box optimization.154

The API, available in C++ and Python, supports an incremental MaxSAT invocation155

that, in addition to the assumptions A, receives a weighted target T . It then solves the156

resulting MaxSAT instance with clauses F ∧A and T as the current optimization target, where157

F is the accumulated set of user-provided clauses and A and T are query-specific parameters.158

Furthermore, Aperture implements the standard incremental MaxSAT C++ interface159

IPAMIR [41], where the mapping between the native API and IPAMIR is straightforward.160
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Furthermore, Aperture exposes in-memory APIs for OBV and black-box optimization.161

For OBV, it receives a target bit-vector T and assumptions A, and minimizes the unsigned162

integer value of T under F ∧ A.163

For black-box optimization, it takes assumptions A, a set of observables O (i.e., literals on164

which the objective function depends), together with a user-defined objective callback that165

evaluates candidate assignments. The solver then performs incremental anytime optimization166

of the provided objective over the models of F ∧ A.167

Finally, Aperture can run standalone from the command line, accepting standard168

WCNF or native-format input files.169

4.1 Essentials of the In-Memory Native API170

Fig. 1 summarizes the essential functions of Aperture’s native in-memory API.171

At a high level, users first create or incrementally update the instance by declaring172

variables and constraints (Sect. 4.1.1), then invoke one of the solving routines for SAT,173

MaxSAT, OBV, or black-box optimization (Sect. 4.1.2), optionally configuring MaxSAT-174

specific behaviour via the additional parameters of MaxSAT (Sect. 4.1.3), and finally query the175

solver for the best solution and its status (Sect. 4.1.4). The API is designed for incremental176

use, so this flow can be repeated multiple times as the problem evolves. We briefly describe177

the aforementioned steps below.178

4.1.1 Instance Creation179

Clauses are permanently added using add_clause on top of variables created with new_var.180

In addition, the API allows users to add cardinality and pseudo-Boolean (PB) constraints via181

add_cardinality_at_most and add_pseudo_boolean_at_most, respectively; these182

are internally translated into clauses. Both cardinality and PB constraints can optionally be183

made conditional, in which case they are enforced only if a user-provided selector literal is184

satisfied.185

Below, we let F denote the conjunction of all clauses in the instance, including those186

obtained by translating cardinality and PB constraints.187

4.1.2 Solving188

Four solving functions are available. Besides being callable directly via the API, the last two189

functions, OBV and BlackBox, are also used internally within Aperture’s MaxSAT flow190

(Sect. 5.2). The functions are as follows:191

1. SAT runs a SAT query over F under the given assumptions A.192

2. MaxSAT runs a MaxSAT query over F , optimizing the weighted target T under A. The193

parameters of MaxSAT are discussed in Sect. 4.1.3.194

3. OBV solves an OBV query by minimizing the unsigned-integer value of T under A using195

OBV-BS.196

4. BlackBox performs black-box optimization using a user-provided objective callback197

that is expected to be strictly monotone in the provided O (the observables of [35]): the198

objective depends only on the restriction of an assignment to O, and flipping any bit of O199

from 1 to 0 strictly decreases its value. In practice, this monotonicity restriction can be200

relaxed by including, for each variable of interest, both the variable and its negation in O.201

BlackBox applies Polosat.202
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4.1.3 MaxSAT’s Parameters203

MaxSAT has two parameters besides the assumptions A and target T: sol_cb and204

fix_sol_val?.205

sol_cb is a user-provided callback function invoked by the current MaxSAT invocation206

when a new improving solution is found. This enables users to observe intermediate solutions207

and implement custom stopping criteria: if sol_cb returns ⊤, MaxSAT returns immediately;208

otherwise, it continues.209

fix_sol_val? is Boolean. If set to ⊤, the solver attempts to guarantee that, once the210

current query completes with µ∗ as the latest and best model of F ∧A with respect to T, any211

returned model σ satisfies ΨT(σ) ≤ ΨT(µ∗). This feature is designed for incremental flows,212

where preserving or improving solution quality across a sequence of related queries is often213

desirable. The fix-solution request is guaranteed to succeed if the solver finds an optimal214

solution; however, it may fail if the query is terminated early by the user.215

4.1.4 Getting Status216

is_best_sol_val_fixed reports whether the fix-solution request (if any) succeeded for217

the latest MaxSAT, whereas get_best_solution returns the current best solution, and218

is_best_sol_optimal indicates whether this solution is guaranteed to be optimal.219

Instance Creation
new_var() → lit
add_clause(clause: Vec(lit)) → bool
add_cardinality_at_most(T: Vec(lit), k: u_int, [optional] selector: lit) → bool
add_pseudo_boolean_at_most(T: Vec(lit, weight), k: u_int, [optional] selector: lit) → bool

Solving
SAT(A: Vec(lit)) → Status
MaxSAT(A: Vec(lit), T: Vec(lit, weight), fix_sol_val?: bool, sol_cb: Func) → Status
BlackBox(A: Vec(lit), O: Vec(lit), T_func: Func, sol_cb: Func) → Status
OBV(A: Vec(lit), T: Vec(lit), sol_cb: Func) → Status

Getting Status
get_best_solution() → Vec(lit)
is_best_sol_optimal() → bool
is_best_sol_val_fixed() → bool

Figure 1 Aperture’s Main API Functions

5 Algorithmic Flow for MaxSAT220

Fig. 2 illustrates the overall algorithmic flow of Aperture, with a detailed presentation of221

the MaxSAT-specific flow.222

The solver starts in the Idle stage, where it can receive calls to the API functions.223

A call to MaxSAT triggers a transition to the InitSAT stage, which queries SAT over the224

provided clauses to obtain an initial feasible model. For InitSAT, the user may choose a SAT225

backend from Table 3 that is different from the one used in the remaining stages (among the226

non-incremental AE-Kissat-MAB [13] and the incremental Glucose [1], IntelSAT [37],227

and CaDiCaL [5]). If the same (incremental) solver is selected for all stages, its instance is228

reused; otherwise, once InitSAT completes, the initial solver is destroyed and a new instance229

of the other solver is created.230

The subsequent stages improve the best model so far in an anytime fashion, with each stage231

starting from the most recent model produced by the previous one. The LS and MrsBeaver232

stages are incomplete, whereas the final stage, LinearSU, guarantees completeness.233

This high-level flow is similar to that of tt for unweighted solving, with the key difference234

that Aperture guarantees that the complete stage is always eventually reached. For235
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Polosat

SAT

Figure 2 Aperture’s MaxSAT solving flow

weighted MaxSAT, tt relies on clustering [25] to approximate weighted MaxSAT, whereas236

Aperture applies MrsBeaver [32, 33] to both unweighted and weighted MaxSAT within a237

single, unified flow.238

Employing optimization-oriented polarity and variable selection heuristics in the backend239

SAT solvers is crucial for the efficiency of anytime MaxSAT [33, 36]. Similarly to tt,240

throughout all SAT stages, Aperture overrides the default SAT polarity selection with the241

Target-Optimum-Rest-Conservative (TORC) heuristic and applies the Target-Score-Bump242

(TSB) variable selection heuristic [33]. The intuition is to bias each new solution so that it243

stays in the neighborhood of the previous best one (Rest–Conservative) while still improving244

it (Target–Optimum).245

Sect. 5.1 presents the LS stage, followed by descriptions of MrsBeaver and LinearSU246

in Sects. 5.2 and 5.3.247

5.1 LS: Incomplete Local Search248

Classical local search for MaxSAT has a long history [19, 23, 20]. A major breakthrough249

that established it as a core inprocessing component of state-of-the-art anytime MaxSAT250

solvers—used to rapidly improve the initial model found by SAT—was achieved with SAT-251

Like [29, 8]. Unlike earlier approaches that prioritized feasibility over optimization, SATLike252

initially emphasizes objective minimization—even allowing constraint violations—and gradu-253

ally tightens the search to produce an anytime sequence of feasible solutions.254

tt with SATLike won 3 out of the 4 anytime categories at MSE’21. In the three subsequent255

MSEs, including the latest MSE’24, replacing SATLike in tt with increasingly more efficient256

local-search approaches enabled the resulting solver to win all four anytime categories at257

MSE’22 (NuWLS [9]), MSE’23 (USW [10]), and MSE’24 (SPB [24]).258

As shown in Table 3, Aperture supports several local-search backends, namely USW,259

SPB (SPB-Band variant), and the recent DeepDist [22], with SPB-Band used by default.260

As in tt, Aperture runs local search up to a 107 flip limit or a problem-dependent261

timeout (15–25 seconds), extending both limits whenever an improving solution is found.262

5.2 MrsBeaver: Incomplete SAT-based Optimization263

The MrsBeaver stage applies the incomplete phase of the MrsBeaver algorithm [32, 33].264
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Specifically, MrsBeaver rapidly improves the best known solution by repeatedly applying265

OBV-BS under different target-bit orders. To better approximate unordered solutions, it266

shuffles or reverses the bit order between iterations and may move zero-valued bits toward267

more significant positions.268

As in tt, Aperture uses Polosat as the SAT oracle within MrsBeaver and switches269

back to plain SAT when the number of improving solutions per second drops below 2.5270

(unweighted), or when unit propagations per improving solution exceed 107 (weighted).271

A critical performance detail is that, similarly to tt, all the SAT queries within MrsBeaver272

are always bounded by a conflict threshold of 1000, to avoid getting stuck and to quickly273

move on to the next query.274

In Aperture, the transition from the incomplete MrsBeaver stage to LinearSU is275

governed by the following stopping conditions. The algorithm terminates MrsBeaver when276

either (i) the expected number of CNF clauses required to encode the Pseudo-Boolean or277

cardinality constraints used in LinearSU falls below 106 for unweighted MaxSAT or 3.5 · 106
278

for weighted MaxSAT (the size threshold), (ii) a global iteration threshold of 231 − 1 is279

reached, or (iii) 50 (weighted) or 80 (unweighted) consecutive iterations occur without an280

improving solution.281

The first two conditions are inherited from tt; in practice, the global iteration threshold282

is never reached. The crucial difference in Aperture is the third condition, which enables283

early exit from MrsBeaver when progress stalls, ensuring completeness. This early-exit284

mechanism is possible in Aperture because, unlike tt, it applies a compact binary encoding285

in the LinearSU stage when the unary encoding would be too large, as detailed in Sect. 5.3.286

5.3 LinearSU: Complete SAT-based Optimization287

Finally, the LinearSU stage applies the complete Linear SAT–UNSAT (LSU) algorithm [4].288

Starting from the current best model µ, LSU iteratively blocks all solutions of weight ≥289

Ψ(µ)—using PB constraints in the weighted case or cardinality constraints in the unweighted290

case—and searches for improving models using SAT, stopping when the SAT solver returns291

UNSAT, at which point the last model is optimal.292

Aperture encodes these PB or cardinality constraints either with unary-sum (totalizer)293

encodings—the standard [3, 6] or generalized [26] totalizer—or with binary-sum (adder)294

encodings [48, 15]. When LinearSU is triggered by the size threshold, we use the arc-295

consistent and propagation-efficient unary-sum encoding; otherwise, we choose the memory-296

efficient binary-sum encoding.297

6 Experimental Results298

This section presents an empirical evaluation of the MaxSAT capabilities of Aperture,299

while an evaluation of its stand-alone OBV and black-box optimization capabilities is work300

in progress.301

We first describe how we tested its correctness (Sect. 6.1), then compare it with state-302

of-the-art anytime MaxSAT solvers on the anytime tracks of the MaxSAT Evaluations303

2022–2024 (Sect. 6.2), and finally assess its performance on the incremental benchmarks304

from the MaxSAT Evaluation 2022 (Sect. 6.3).305

All experiments were run on machines with 57 GB of memory and Intel® Xeon® processors306

at 2.10 GHz.307
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6.1 Testing Aperture308

To verify the correctness of Aperture in non-incremental mode, including its completeness309

guarantees, we used the off-the-shelf MaxSAT fuzzing suite from [42].310

Since incrementality is not supported by [42], we tested Aperture’s incremental mode311

by extending IntelSAT’s fuzzer [37] to generate incremental MaxSAT benchmarks in312

Aperture’s file format. Correctness was verified by reducing each incremental check to a313

sequence of non-incremental checks of the fuzzing suite in [42].314

6.2 Anytime MaxSAT Evaluations315

To assess the anytime performance of Aperture, we evaluated it under the benchmark316

sets and evaluation conditions of the anytime tracks of the three most recent MSEs (2022–317

2024). We compared Aperture against the winners of the anytime categories of MSE’24,318

SPB-MaxSAT-c-Band and SPB-MaxSAT-c-FPS, as well as against tt in its two config-319

urations with Glucose and IntelSAT as backend SAT solvers. Since both SPB and tt320

were evaluated in two variants, we likewise include two configurations of Aperture, using321

Glucose and IntelSAT, to ensure a fair comparison.322

For weighted MaxSAT only, we used AE-Kissat-MAB as the SAT solver for the initial323

SAT query.324

Following the anytime tracks of recent MSEs, we computed, for each solver S, time325

interval T , and instance, a score c ∈ [0, 1] defined as c = (1 + wmin)/(1 + wS(T )), where wmin326

is the minimal known weight for the instance and wS(T ) is the weight found by S within327

time interval T . We used two time intervals, T = 60 s and T = 300 s, for both unweighted328

and weighted MaxSAT, and compared solvers using the overall average of these scores.329

Table 4 summarizes the results. Overall, Aperture exhibits strong performance, outper-330

forming the leading anytime solvers in all four MSE’24 categories and in 5 out of 6 unweighted331

and 3 out of 6 weighted categories across the three evaluations. Aperture’s performance on332

unweighted benchmarks (where all solvers use MrsBeaver [32, 33]) is consistently superior or333

close to that of the other solvers, but it occasionally lags behind on weighted benchmarks.334

Our analysis shows that this gap stems from the effectiveness of the clustering approxim-335

ation [25] employed by all other tt-based solvers in weighted mode, which Aperture does336

not currently use. Instead, Aperture also relies on MrsBeaver in weighted mode. While337

our results indicate that MrsBeaver is competitive—indeed, sufficient to achieve a winning338

performance on the MSE’24 benchmarks—we plan to investigate how clustering can be339

integrated into Aperture’s workflow as part of future work.340

6.3 Incremental MaxSAT Evaluation 2022341

We further evaluated Aperture on the incremental track benchmarks from MSE’22, an342

evaluation setting in which, unlike for the anytime categories, both incrementality and343

completeness are mandatory.344

In this setting, each benchmark family consists of 100 incremental instances, and a solver345

is credited with solving an instance only if it correctly solves the entire sequence of related346

MaxSAT queries in that instance. The timeout for each instance is 7200 seconds, and347

timed-out instances are not counted toward the average-time calculation.348

We ran all solvers that participated in this track, none of which is anytime. To the best of349

our knowledge, this is the first time that an anytime MaxSAT solver has been systematically350

evaluated against exact solvers implementing fundamentally different algorithmic families [2].351
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Table 4 Anytime MaxSAT Evaluations

MaxSAT Evaluation 2024 Unweighted Weighted
Solver 60s 300s 60s 300s

Aperture-Glucose 0.571 0.647 0.879 0.932
Aperture-IntelSAT 0.545 0.641 0.872 0.919
SPB-MaxSAT-c-FPS 0.553 0.619 0.864 0.913
SPB-MaxSAT-c-Band 0.562 0.637 0.855 0.906
tt-Glucose 0.559 0.636 0.857 0.915
tt-IntelSAT 0.549 0.642 0.861 0.911
MaxSAT Evaluation 2023 Unweighted Weighted

Solver 60s 300s 60s 300s
Aperture-Glucose 0.810 0.882 0.796 0.881
Aperture-IntelSAT 0.809 0.873 0.800 0.888
SPB-MaxSAT-c-FPS 0.786 0.869 0.807 0.886
SPB-MaxSAT-c-Band 0.797 0.873 0.816 0.902
tt-Glucose 0.815 0.880 0.796 0.856
tt-IntelSAT 0.799 0.873 0.813 0.891
MaxSAT Evaluation 2022 Unweighted Weighted

Solver 60s 300s 60s 300s
Aperture-Glucose 0.854 0.910 0.801 0.870
Aperture-IntelSAT 0.840 0.913 0.785 0.837
SPB-MaxSAT-c-FPS 0.850 0.896 0.788 0.872
SPB-MaxSAT-c-Band 0.849 0.901 0.789 0.876
tt-Glucose 0.853 0.906 0.791 0.899
tt-IntelSAT 0.835 0.907 0.780 0.849

Table 5 reports, for each benchmark family and solver, the number of solved instances and352

the average solving time over solved ones.353

The main result is that Aperture outperforms the existing incremental solvers on 2 out354

of the 5 benchmark families (BiOptSat and AdaBoost). This demonstrates that anytime355

algorithms can be useful and complementary to exact algorithms even when completeness is356

required.357

7 Conclusion358

We presented Aperture, a new anytime and incremental solver for SAT-based optimization359

that addresses key architectural and usability limitations of existing state-of-the-art anytime360

MaxSAT solvers, and extends the available SAT-based optimization API to Optimization361

Modulo Bitvectors (OBV) and black-box optimization. Aperture offers native in-memory362

APIs in C++ and Python, a unified flow for weighted and unweighted MaxSAT, and363

guarantees completeness for MaxSAT and OBV without sacrificing anytime performance,364

while also supporting incomplete black-box optimization.365

Empirically, as a MaxSAT solver, Aperture is highly competitive with the best anytime366

solvers, outperforming them in all anytime categories of MSE’24 and 8 / 12 categories367

across MSEs 2022–2024. It also outperforms exact incremental solvers on 2 of 5 families368

in the Incremental track of MSE’22, showing for the first time that anytime algorithms369

can complement exact ones— excelling on some families and lagging on others—even when370

completeness is mandatory.371

Future work includes exploiting Aperture’s extensive MaxSAT, OBV, and black-box372

optimization capabilities—including anytimeness and incrementality—to boost the perform-373

ance of constraint solving on real-world optimization problems. We hope that Aperture374

will serve as a platform for researchers and practitioners to take advantage of SAT-based375

optimization in solving a wide range of problems.376
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Table 5 Incremental MaxSAT Evaluation 2022

BiOptSat Solver # Solved (100) Average Time (s)
Aperture 53 668
iMaxHS 52 841
UwrMaxSAT 52 1216
UwrMaxSATScip 48 1580
EvalMaxSAT 32 925
SeeSaw Solver # Solved (100) Average Time (s)
EvalMaxSAT 19 946
UwrMaxSATScip 19 1057
UwrMaxSAT 8 2290
iMaxHS 4 2149
Aperture – –
ExtEnf. Solver # Solved (100) Average Time (s)
UwrMaxSATScip 47 661
EvalMaxSAT 41 564
UwrMaxSAT 38 691
iMaxHS 37 579
Aperture 14 780
AdaBoost Solver # Solved (100) Average Time (s)
Aperture 36 1307
UwrMaxSATScip 20 896
EvalMaxSAT 19 1324
UwrMaxSAT 18 2984
iMaxHS 17 1129
PDR Solver # Solved (100) Average Time (s)
EvalMaxSAT 46 920
iMaxHS 40 996
UwrMaxSATScip 37 684
UwrMaxSAT 33 739
Aperture 24 1538

Appendix A: Ablation Study377

To justify our choice of Aperture’s backend SAT and local-search solvers, we conducted378

an ablation study over the MSE’24 anytime benchmark sets. In all experiments, we varied379

independently each of the three solvers (or axes) applied by the MaxSAT flow, as described380

in Sect. 5, using the backends summarized in Table 3:381

1. the SAT solver used for the initial SAT query (InitSAT), chosen among all SAT backends382

in Table 3, including the non-incremental AE-Kissat-MAB,383

2. the local-search solver used in the LS stage, chosen among the LS backends in Table 3,384

3. the main incremental SAT backend used in the remaining stages (all SAT backends except385

the non-incremental AE-Kissat-MAB).386

Recall from Sect. 5 that if the same incremental SAT solver is selected for all stages, its387

instance is reused; otherwise, once InitSAT completes, the initial solver is destroyed and a388

new instance of the other SAT solver is created.389

For each setting (unweighted and weighted), we start from a fixed default configuration390

and modify exactly one axis at a time, keeping the other two axes at their default values,391

thereby performing a single-axis ablation. In the suffix of each Aperture configuration392

name, each letter encodes the choice along one axis, in the order (initial SAT solver, local-393

search solver, main SAT backend). The letter corresponding to the modified axis in each394

configuration is highlighted in bold. The notation is as follows: K = AE-Kissat-MAB, G =395

Glucose, I = IntelSAT, C = CaDiCaL, B = SPB-Band, U = USW, D = DeepDist.396
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Unweighted Anytime MSE’24397

For unweighted MaxSAT, our default configuration is Aperture-G-B-G, which corresponds398

to: G = Glucose for the initial SAT query, B = SPB-Band as the local-search solver, G =399

Glucose as the main SAT backend, matching the default choices in Table 3.400

The evaluated configurations and their corresponding results on the MSE’24 anytime401

unweighted benchmarks are presented in Table 6. For context, the table also reports the402

scores of the two variants of the MSE’24 winner SPB-MaxSAT-c and of tt.403

The baseline Aperture-G-B-G attains the best average scores at both 60s and404

300s, while single-axis modifications degrade performance. This supports our choice of405

Aperture-G-B-G as the default unweighted configuration.406

Weighted Anytime MSE’24407

For weighted MaxSAT, our default configuration is Aperture-K-B-G, which uses: K =408

AE-Kissat-MAB for the initial SAT query, B = SPB-Band as the local-search solver, G =409

Glucose as the main SAT backend,410

The resulting configurations and their performance, as well as that of SPB-MaxSAT-c411

and tt, on the MSE’24 anytime weighted benchmarks are shown in Table 7. Here,412

Aperture-K-B-G provides a strong baseline: at 60s it achieves the best average score413

among all Aperture configurations, while at 300s two variants (Aperture-K-D-G414

and Aperture-I-B-G) perform slightly better. However, these variants lag behind415

Aperture-K-B-G by a larger margin at 60s, so none of them dominates across both time416

limits. This trade-off motivates our choice of Aperture-K-B-G as the default weighted417

configuration, balancing short- and longer-time performance on the MSE’24 benchmarks.418

Table 6 Anytime MSE’24: Unweighted

Solver 60s 300s
Aperture-G-B-G 0.571 0.647
Aperture-K-B-G 0.542 0.633
Aperture-C-B-G 0.521 0.630
Aperture-I-B-G 0.527 0.612
Aperture-G-D-G 0.569 0.645
Aperture-G-U-G 0.568 0.645
Aperture-G-B-C 0.547 0.619
Aperture-G-B-I 0.541 0.627
SPB-MaxSAT-c-FPS 0.553 0.619
SPB-MaxSAT-c-Band 0.562 0.637
tt-Glucose 0.559 0.636
tt-IntelSAT 0.549 0.642

Table 7 Anytime MSE’24: Weighted

Solver 60s 300s
Aperture-K-B-G 0.879 0.932
Aperture-G-B-G 0.872 0.928
Aperture-C-B-G 0.872 0.925
Aperture-I-B-G 0.866 0.933
Aperture-K-U-G 0.871 0.923
Aperture-K-D-G 0.870 0.938
Aperture-K-B-C 0.856 0.922
Aperture-K-B-I 0.872 0.919
SPB-MaxSAT-c-FPS 0.864 0.913
SPB-MaxSAT-c-Band 0.855 0.906
tt-Glucose 0.857 0.915
tt-IntelSAT 0.861 0.911
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