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Problem Statements: Datasets:

Can we use graph machine learning to speed up the set cover problem?
Can we do so without loss in solution quality?
Can we do so in a solver agnostic manner?

We generate 4 instance types, each spanning a range of characteristics. Here, m Is
the number of rows, n the number of columns, and d is the density of the instance.
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How? significantly faster while maintaining solution quality. Results are averaged across 30
1. Graph-SCP uses a bipartite and hypergraph representation of a set cover Instances for each instance type.
Instance
2. It computes features for egch variable from _eac_:h representation, like degree, Instance Speedup Factor Mean Runtime Speedup Factor Mean Runtime
PagehRank and an edge-weight dependent variation of PageRank for the hyper Type Gurobi Gurobi (s) SCIP SCIP (s)
grap T 1 1
. . . . . . L ype 1 8.19 = 3.82 0.61 == 0.53 11.61 = 3.02 21.87 = 3.07
T B o e e s ooron | Type2  T94%1611  T2548T  9LSIEITA 16815 k807
e it ot cover st Dred BB/LL  WELLL Lk usien
4. The top k" percent of variables are selected as the input to a traditional solver. If ybe i : : : : : '
the solution found is higher than a user-defined objective criteria, the percentile is
reduced to pass in a larger subset of variables
Results:

Graph-SCP aids the traditional solvers in finding better incumbent solutions faster.
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