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Paradigm Proof format
SAT DRAT
MaxSAT/PBO VeriPB
SMT Various formats
K Compilation CPOG
MO-MaxSAT This talk
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Pseudo-Boolean Constraints
Derive constraints by cutting planes operations (e.g., linear combinations)

Strengthening rules:

Derive non-implied constraint
Proof obligation: recipe that shows how to “patch up” every assignment that is lost (so that
the patched up assignment satisfies new constraint)

Exclude solutions after finding them

Single-objective optimization

Recently: loading pre-order < for expressing preference (designed for symmetry breaking)
When patching up « to ¢/, should show that o/ < «
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1. Start with hard constraints

2. Load order expressing Pareto-dominance (in the proof)
3. Justify everything from now on using standard VeriPB steps

SAT solver reasoning
PB-to-CNF encodings
MO-specific reasoning steps
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PARETO DOMINANCE IN VERIPB PROOFS

Given Oy,...,0,

Required VERIPB order: VERIPB Pareto order

formula (over two copies of variables) that is true

iff & (weakly) dominates 3 (a <X P5) Oiloa< Oil3, fori=1,...,p

» First step in proof must load the Pareto

For each non-dominated point at least
order

one solution explicitly appears in the
» Order must never be changed proof



CERTIFYING PARETO DOMINANCE CUTS
THE BUILDING BLOCK FOR ALL ALGORITHMS

(0%

01 < O1la VO2 < O2]y



CERTIFYING PARETO DOMINANCE CUTS
THE BUILDING BLOCK FOR ALL ALGORITHMS

1. Reified objective CNF encoding
w1 & 01 < 01 fa

. wy < 02 < 02y

(0%

01 < O1la VO2 < O2]y



CERTIFYING PARETO DOMINANCE CUTS
THE BUILDING BLOCK FOR ALL ALGORITHMS

1. Reified objective CNF encoding
w1 & 01 < 01 fa

wy < 02 < 02y
. 2. Map each weakly dominated solution to «

o (Redundant with « as witness)

Wy A Ty =
01 < O1]a VO2 < O2ly w1 N\ w2 a



CERTIFYING PARETO DOMINANCE CUTS
THE BUILDING BLOCK FOR ALL ALGORITHMS

1. Reified objective CNF encoding
w1 & 01 < 01 fa

wy < 02 < 02y
. 2. Map each weakly dominated solution to «

o (Redundant with « as witness)

Wy A Ty =
01 < O1]a VO2 < O2ly w1 N\ w2 a

3. Log solution v and (hence) exclude it



CERTIFYING PARETO DOMINANCE CUTS

1. Reified objective CNF encoding
w1 < 01 < 0q fa

wy < Oz < 02,
‘ O 2. Map each weakly dominated solution to «

o (Redundant with « as witness)

Wy A\ Wy =
01 < O1la VO3 < O3l W1 AWz =

3. Log solution o and (hence) exclude it

4. Derive PD cut by combining previous two
constraints
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Lower-Bounding

[SBTL17] [CLM23] [JBNJ24]

\Lﬁé v T,

Upper-bounds irrelevant

» SAT solver reasonin .
g — same as P-Minimal

» Derive lower-bound on

» CNF objective first objective
encodings » Certify PD cut
> PD cuts » Strengthen PD cut

based on known
lower-bound
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Support other orders than Pareto
Can build on orders with auxiliary variables (see talk Markus)

Methods that guarantee enumerate all optimal solutions (not just one representative of
the Pareto front

Distinguish between optimal and sub-optimal solutions in the proof
Proper integration in VeriPB
Efficient checking (pboxide?)
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Proofs in VERIPB format
Low overhead for proof logging

Open-source implementation

Paper, slides, code, and contact:

christophjabs.info/tacas25
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