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Abstract
Multilevel partitioning methods that are inspired by principles of multiscaling are the most
powerful practical hypergraph partitioning solvers. Hypergraph partitioning has many applications in disciplines ranging from scientific computing to data science. In this paper we introduce
the concept of algebraic distance on hypergraphs and demonstrate its use as an algorithmic
component in the coarsening stage of multilevel hypergraph partitioning solvers. The algebraic distance is a vertex distance measure that extends hyperedge weights for capturing the
local connectivity of vertices which is critical for hypergraph coarsening schemes. The practical
effectiveness of the proposed measure and corresponding coarsening scheme is demonstrated
through extensive computational experiments on a diverse set of problems. Finally, we propose
a benchmark of hypergraph partitioning problems to compare the quality of other solvers.

1

Introduction

Hypergraphs are generalizations of graphs. Both graphs and hypergraphs are ordered pairs of sets
(V, E), where V is the vertex set and E is the set of (hyper)edges such that each e ∈ E is a subset of
vertices. The difference is that in a graph, the cardinality of each edge is exactly two, whereas in a
hypergraph, a hyperedge can contain an arbitrary number of vertices. The hypergraph partitioning
(HGP) problem is therefore a generalization of the graph partitioning (GP) problem. In GP the
goal is to split the set of vertices into multiple sets (usually called partitions) of similar sizes, such
that a cut metric is minimized. Here, a cut defines a set of (hyper)edges spanning more than one
partition. In the HGP generalization, the hyperedges can possibly span more than two partitions.
There exist several versions of minimization objectives, constraints, and cut metrics in both GP
and HGP [5, 10]. Hypergraph partitioning has many applications, including VLSI design [33, 2],
parallel matrix multiplication [12], classification [55], cluster ensembling [51], and combinatorial
scientific computing [41], among others [5, 43].

1.1

Multilevel partitioning

One of the most popular and fastest approaches for solving HGP problems is multilevel: first, the
hypergraph is iteratively coarsened by merging its vertices; then, the solution (i.e., the partitioning)
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