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Abstract9

Multi-Armed Bandit (MAB) mechanisms have proven effective for adaptive heuristic switching in10

modern CDCL SAT solvers, with Kissat_MAB and its variants demonstrating strong performance11

in recent SAT Competitions. However, while strategies like the Luby series generate restarts with12

high duration variability, standard bandit models treat each restart as a homogeneous unit. This13

mismatch can bias credit assignment and lead to suboptimal exploration–exploitation trade-offs14

between short and long restarts. In this paper, we study MAB-based heuristic selection under15

variable-duration restart policies and propose a duration-aware modification to both bandit feedback16

and selection mechanisms. Our approach normalizes and conditions rewards on the restarts and17

adapts exploration and exploitation accordingly, thereby better aligning bandit updates with the18

solver’s restart dynamics.19
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1 Introduction23

The Boolean satisfiability problem (SAT) is a canonical NP-complete problem, serving as24

a foundational tool for verification, planning, and combinatorial optimization [2], among25

others. Modern state-of-the-art SAT solvers are predominantly based on the Conflict-Driven26

Clause Learning (CDCL) framework [9].27

However, no single heuristic in modern SAT solvers dominates across all problem domains,28

which has motivated the development of adaptive selection mechanisms [6]. Kissat_MAB29

augments this by casting heuristic selection at restarts as a Multi-Armed Bandit (MAB)30

reinforcement learning problem [3, 10]. In this paradigm, the solver selects a heuristic at31

the beginning of each restart, executes the restart using the selected heuristic, and updates32

the heuristic’s reward based on the observed progress. This allows the solver to dynamically33

choose a relevant heuristic at each restart while balancing exploration and exploitation. Since34

2021, Kissat_MAB and its variants have consistently been ranked among the top solvers in35

the SAT Competitions1, notably winning the Main Track in 2021 and 2025 with a wide36

margin [3, 4, 11].37

In this paper, we analyze the bias introduced by variable restart duration in existing38

MAB approach and propose a duration-aware reinforcement learning approach. Experimental39

results on the Main Track benchmarks from SAT Competition 2023–2025 show that our40

approach consistently improves upon highly competitive solvers.41

1 https://satcompetition.github.io/
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2 Duration-Induced Bias in MAB for SAT42

Existing MAB mechanisms treat all restart rounds as uniform episodes, while restart policies43

such as the Luby series [8] generate highly variable restart durations. As a result, heuristics44

used in short restarts and long restarts are weighted identically, which distorts reward45

assignment and arm selection.46

Compared short and long restarts under both the Decision-Variable [3] and Decision-47

Conflict [7] reward mechanisms, analysis shows that even when the heuristic’s quality remains48

stable, longer restarts systematically receive smaller rewards. Under these two reward49

schemes, long restarts can be down-weighted in the MAB.50

3 Duration-Aware MAB51

We propose a Duration-Aware MAB framework to address the bias caused by variable52

restart durations, with the goal of better capturing and exploiting the relationship between53

restart duration and heuristic switching. The proposed framework consists of several key54

components:55

Duration-Aware Reward: Rewards are normalized so that they become comparable across56

restarts of different Luby durations. This prevents long restarts from being systematically57

disadvantaged. In addition, A logarithmic damping term is introduced to avoid the bandit58

becoming overly biased toward longer restarts.59

Duration-based Exploration: Exploration is no longer based only on the number of restart60

selections. Instead, it considers the total computational budget controlled by a heuristic.61

Adaptive Exploration Coefficient: The exploration coefficient is dynamically adjusted62

according to the current reward statistics and the duration of the upcoming restart.63

Upcoming Longer restarts encourage more exploitation and less risky exploration.64

Momentum Exploration Coefficient: A momentum-based mechanism is introduced to65

boost exploration when recent rewards improve.66

Finally, all components are integrated into a new duration-aware UCB framework. The67

strategy encourages broader exploration during short restarts and stronger exploitation68

during long restarts.69

4 Conclusion70

The proposed solver, DA_kissat_mab, achieves 4.3% reduction in PAR-2 score, compared71

with both Kissat_4.0.2[1] and AE_Kissat_MAB[4], and 4.29% PAR-2 reduction, Compared72

with the original UCB-based MAB. These results show that the duration-aware mechanism73

improves heuristic switching and provides more reliable exploration–exploitation behavior74

than existing MAB frameworks.75

As future work, we plan to more tightly couple restart scheduling with heuristic switching.76

Beyond using restart duration to guide heuristic selection, a natural extension is to adapt77

the duration of subsequent restarts based on the observed performance of the currently78

selected heuristic, enabling a joint co-adaptation mechanism. Moreover, current MAB-based79

selection heuristics typically treat each restart as an independent trial and reward the used80

heuristic accordingly. It would therefore be relevant to incorporate mechanisms that account81

for cross-restart dependencies when evaluating heuristic performance. More broadly, we82

intend to investigate similar component-aware MAB strategies in optimization settings, and83

particularly within modern Branch-and-bound solvers for MaxSAT [5].84
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