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Solver Feature Explanation Fully Lazy No Linking Allows
Lifting Explanations Clauses Minimisation
Chuffed v X Y %
Huub ~2 ~P X A
OR-Tools ~2 ~C X ~a
Tempo V4 V4 % %
GGeas v X % %

a) Limited Lifting/Minimisation if literals do not exist.
b) By backtracking to this state and afterwards reapplying the trail
c) By traversing the entire trail
Table 1 An overview of features supported by state-of-the-art solvers. Each solver makes
different trade-offs, apart from Tempo, which is restricted to bound atomic constraints.
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Algorithm 2 SAT 1UIP Algorithm 3 CP 1UIP

Input: C - Conflict Literals Input: C - Conflict Atomic Constraints
T - Trail ( Assigned Literals) DL - Current decision level
DL - Current decision level Output: Learned Nogood
Output: Learned Clause 1: CurrDL < Heap( plpeCA )
. DecLvl(p) = DL
1: 72 < ’T’
plpeCA
22 LC+C 2 PrevbL 0 < DecLvl(p) < DL
3. while | Le LO A > 1 3: while |CurrDL| > 1 do
DecLvl(l) = DL 4 next < pop max element CurrDL
do 5: for p € Reason(next) do
4: if T'li] ¢ LC then 6 if DecLvl(p) = DL then
5: continue 7 CurrDL < CurrDL U {p}
6: [ < TVi] 8 else
7: LC «+ LC ® Reason(!) 9 PrevDL < PrevDL U {p}
]: 7 —1—1 10: return PrevDL U CurrDL
9: return LC
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Algorithm 1 Extended Nogood Propagation

Input: N - Semantically Minimised Nogood
x - Variable to propagate
Assumptions: No atomic constraints in N which are falsified or unassigned and not over z.

1: if UnitPropgate(N) then return

22 N {[[z®@v] | [r®@v] € N : [x®v] is unassigned}
3: if Jv | [z > v] € N’ then [b < v else Ib +— min, g¢. [z£o]enN’ ¥
4: if Jv | [z <v] € N’ then ub <+ v else ub <— max, s¢. [z£o]eN’V
5. if P st. [z <v] € N'AJvst. [z #v] € N then > Upper-bound Propagation
6: Post([z < ub])

7. if Jvst. [x > 0] € N'AJvs.t. [z #v] € N then > Lower-bound Propagation
8: Post([z > [b])

9: for v € {p|pe€[lbub] s.t. [xr #p] ¢ N'} do > Disequality Propagation
10: Post([z # v])
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