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Motivation — Feature Models
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Motivation — Feature Model Analysis with #SAT [SNB+21]
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Motivation — Differences in Solver Performance
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Motivation — Algorithm Selection [Ric76]
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Motivation — Goal

Highly successful algorithm selection in SAT, SMT, . . .
SATzilla [XHHLB09, XHS+12], Sybil [LDF23]

Exploration:
Can algorithm selection be used to improve #SAT solver response times?
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Motivation — Runtime Comparison

11.3 % shorter response time Closed Gap Score of 0.68
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as4moco — Per-Instance Pipeline
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as4moco — Per-Instance Pipeline
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as4moco — Per-Instance Pipeline
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Overview — as4moco
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as4moco — Feature Extraction

Feature-Model
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as4moco — Feature Extraction
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Overview — as4moco
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as4moco — Algorithm Selection Offline
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Evaluation — Subject Systems

Input Instances:

• MCC2022 Track 1 [FHH21]
• IFM 30s & 60s [SRH+23]

Reference Systems:

• as4moco

• Oracle
• Single Best Solver (SBS)
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Evaluation — Runtime Comparison
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Evaluation — Runtime Cumulative Distribution Function

10 2 10 1 100 101 102 103

Runtime [s] (logarithmic)

0

20

40

60

80

100
%

 In
st

an
ce

s S
ol

ve
d

as4moco
SBS
Oracle

5-fold external cross-validation
on 4000 iterations MCC data
set

Raphael Dunkel, Sundermann, Heß, Thüm — FOSD ’24 Algorithm Selection for Model Counting – 3. Evaluation 17



Evaluation — Successful Pipeline to Instance Hardness

10 1 100 101 102 103

Mean Solver Runtime on Instance [s] (logarithmic)

10 1

100

101

102

103

as
4m

oc
o 

Ru
nt

im
e 

on
 In

st
an

ce
 [s

] (
lo

ga
rit

hm
ic)

Per-Set Pipeline
Per-Instance Pipeline
Timeout

Successful pipeline for each
instance on 4000 iterations
MCC data set

Raphael Dunkel, Sundermann, Heß, Thüm — FOSD ’24 Algorithm Selection for Model Counting – 3. Evaluation 18



Conclusion

Exploration: Can Algorithm Selection improve #SAT solver response times?

0 500 1000 1500 2000 2500 3000 3500
Runtime [s]

as4moco

SBS

Oracle

40.99

33.27

6.43

973.23

1097.55

707.43

Median
Mean
Timeout

10 2 10 1 100 101 102 103

Runtime [s] (logarithmic)

0

20

40

60

80

100

%
 In

st
an

ce
s S

ol
ve

d

as4moco
SBS
Oracle

Raphael Dunkel, Sundermann, Heß, Thüm — FOSD ’24 Algorithm Selection for Model Counting – 4. Conclusion 19



Future Work

Feedback Welcome!

Raphael Dunkel, Sundermann, Heß, Thüm — FOSD ’24 Algorithm Selection for Model Counting – 4. Conclusion 20



Future Work

• Solver Portfolio Optimization
• Highly Specialized Solvers

• Feature Extraction Optimization
• Feature Importance Analysis
• Optimization of feature model metrics
• Representation learning

• Selector Optimization
• Advanced categorization and regression approaches
• Neural networks

• Algorithm Configuration Optimization
• Advances in Algorithm Configuration
• Optimization of Hyperparameter Space
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as4moco

https://github.com/SoftVarE-Group/as4moco
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