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16-72838 AXps vs. 23-248825 CXps  per dataset
1-22.7 AXps vs. 1-20.8 CXps per instance
1-15.8 lits per AXp vs. <2.8 lits per CXp

all tools finish complete XP enumeration within <1000 sec.
MARCO-like setup — targeting AXps may pay off
direct CXp enumeration is slower (too many XPs?)
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