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1 Method description

Bipartite graph [3] and hypergraph [1] based models and partitioning techniques have be-
come common tools to partition general sparse matrices for parallel processing. These two
models can represent non-symmetric matrices and can produce non-symmetric partitions.
Traditionally, the corresponding partitioning techniques target minimizing communica-
tion overhead while maintaining load balance during parallel execution of communication-
intensive (fine grain) computations such as matrix-vector multiplies.

In this talk, we focus on the effect of the hypergraph partitioning on the convergence
of iterative methods. This task requires considering not only the sparsity pattern of
a matrix, but also its numerical properties. In particular, one has to determine which
numerical properties to choose and how to incorporate them into the models to be handled
by the partitioning algorithms. A common framework to incorporate extra properties
into the hypergraph models is to associate weights with the hyperedges and/or vertices.
Our first approach is to use a weighted hypergraph GHw = (V,H, Wv,Wh), where V =
{v1, . . . , vn} is the set of vertices representing rows of an n×n matrix A; H = {h1, . . . , hn}
is the set of hyperedges representing the columns, such that hj contains the vertices
{vi | aij ∈ A and j = 1, . . . , n} [1]; Wv is the set of vertex weights (here we use unit
weights Wv(i) = 1 for i = 1, . . . , n); Wh is the set of hyperedge weights. The weight Wh(j)
of the hyperedge hj is based on the notion of the weak diagonal dominance of the matrix
columns. The hyperedge hj is deemed as type D if the corresponding matrix column is
weakly diagonal dominant, i.e., |ajj | ≥

∑
i6=j |aij |, and as type nonD otherwise. We explore

different weighting schemes in which either D or nonD hyperedges are heavily weighted.
This approach tunes the partitioning algorithms to favor D or nonD hyperedges. We
consider several possibilities for weight values.

Our second approach in incorporating the numerical properties is to separate the
original (unweighted) hypergraph into two subhypergraphs—one with the D hyperedges
(columns) and the corresponding vertices (rows) and the other with the nonD hyperedges
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Table 1: Matrix characteristics

Matrix n nnz condest % D row; D col
igbt3 10,938 234,006 4.74e19 26 ; 1
bjtcai 27,628 442,898 6.46e19 43 ; 49
mat9 103,430 2,121,550 3.08e23 35 ; 38
new3 125,329 2,678,750 3.48e22 55 ; 63

Table 2: Iteration numbers for various 8-way partitioning options

Matrix nW D-heavy nonD-heavy SPM
igbt3 50 37 41 34
bjtcai 79 78 132 52
mat9 81 66 82 97
new3 98 94 96 66

(columns) and the corresponding vertices (rows). Then, partition separately the D and
nonD subhypergraphs into the equal number p of partitions, where p is the number of the
final partitions. In this case, a bipartite graph consisting of 2p vertices is obtained and
may be input to a matching algorithm which will match a D part to a nonD one based
on the degree of connectivity in the bipartite graph.

2 Numerical experiments

The test matrices are shown in Table 1. They originate from circuit device simulation
and are provided in the University of Florida sparse matrix collection by O. Schenk. We
used PaToH [2] to partition the matrices and a few methods form pARMS library [4]
to solve the distributed linear systems. Table 2 presents some preliminary results. In
particular, it shows the number of iterations achieved with different applications of PaToH:
the column nW corresponds to the traditional hypergraph model, the column D-heavy
corresponds to the model in which D hyperedges have heavy weights, the column nonD-
heavy corresponds to the model in which nonD hyperedges have heavy weights, and the
column SPM corresponds to separate partitioning followed by matching. The linear systems
were partitioned to 8 processors and solved using flexible GMRES(20) preconditioned with
non-overlapping Additive Schwarz to reduce the residual norm by 10−5.
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