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We aimed at partially automating proof tasks in mathematics. As the first
step towards this goal, we studied automatic proof methods for constraints expressed as constrained
linear Horn clauses (CHC) on integers. |In particular, we used reinforcement learning to speed up
predicate discovery, which is an essential step in solving CHCs. For this purpose, we reformulated
CEGIS as an MDP and learned the heuristics used by a solver by reinforcement learning. We used the
negative value of the time spent by the solver to solve the CHC constraint as the reward. The
results showed that the heuristics outperformed carefully tuned human solvers in terms of both the
number of constraints solved and execution time.
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(z,y,2) :=(0,a,a);
while y > 0 do (z,y,2) := (x+ 1,y — 1,2) done
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Methods sat  unsat  timeout  time(s)
FreqHorn 70 0 101 6863
LoopInvGen 87 5 79 5086
cvc4a 102 9 60 3873
PCSat/random 116 9 46 3383
Eldarica 122 9 40 3714
PCSat/expert 135 9 27 2130
HoICE 141 8 22 1707
PCSat/A2C 145 9 17 1947
PCSat/MC 146 9 16 1550
Spacer 156 9 6 380
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