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(a) Maximum volume (b) Maximum number of messages

Fig. 5.3. Performance profiles plot comparing the six partitioning methods using the maximum
volume and number of messages per processor as the comparison metric.

(a) Load balance (b) Partitioning time

Fig. 5.4. Performance profiles plot comparing the six partitioning methods using the load
balance and partitioning time as the comparison metric on all partitioning instances.

same first step, but the second step of CH involves multi-constraint partitioning. The
CH method partitions a larger hypergraph in the second step, whereas the JL method
partitions

p
K smaller hypergraphs. We think that the more restricted search space

of the multi-constraint partitioning may result in such an outcome. Note that the
individual plots for the symmetric, unsymmetric, and rectangular matrices are not
shown, as the trends are again similar to those that are shown. Up until τ = 2, the
CH method is the fastest, followed by almost equally fast RW, CW, and JL methods,
with the slowest always being the FG method. After τ = 2, all methods except FG
are almost equally fast, and FG is again the slowest.

5.5. Evaluation of the recipe. In this section, we try to see how successful
the recipe is in reducing the total communication volume and addressing the other
communication cost metrics. Tables 5.1 and 5.2 display the number of times a method
produced the best result in terms of total communication volume, and the number of
times a specific method has been chosen by the partitioning recipe, respectively. As
seen in Table 5.1, FG produces the best results in terms of the total communication
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Table 5.1
The number of times a method produced the best result in terms of total communication volume.

If two or more methods give the same best value, each one’s score is incremented by one.

method K = 4 K = 16 K = 64 K = 256

RW sym 76 7 2 1
CW sym 62 8 3 2
FG sym 276 278 168 113
JL sym 158 159 111 69
CH sym 21 0 0 0
RW nonsym 139 52 26 9
CW nonsym 167 113 44 15
FG nonsym 508 481 310 179
JL nonsym 231 190 121 76
CH nonsym 38 0 0 0
JLT nonsym 78 53 39 29
JLT sym 31 13 26 10
CHT nonsym 19 0 0 0
CHT sym 5 0 0 0
PR 524 491 312 197

Table 5.2
The number of times a specific method has been chosen by the partitioning recipe for 4,100

partitioning instances.

method K = 4 K = 16 K = 64 K = 256

FG sym 350 331 252 148
JL sym 296 272 176 107
RW nonsym 9 8 5 4
CW nonsym 94 82 52 26
FG nonsym 594 567 327 198
JL nonsym 31 23 16 12
JLT nonsym 43 40 24 13

volume metric in considerably larger number of instances than any other method.
Note that in this table, the best is defined in absolute terms, e.g., even if a method
performs slightly better than the others, its score is incremented by one. If any two
methods obtain the same best value, then each one’s score is incremented by one. In
other words, this table can be used to draw the performance profile of the methods
at τ = 1. We use Table 5.1 in order to highlight the choices made by the partitioning
recipe. Although selecting the FG method will most likely guarantee a better success
(in terms of the total volume of communications metric) than any of the others, the
recipe does not always choose the FG method, see Table 5.2. For example, for K = 4,
it chooses FG in more than 900 instances, but it also chooses JL in more than 350
instances, and 1D partitionings (RW or CW) in more than 100 instances. We note
that the recipe obtains the highest number of best results for any K shown in the
tables.

As shown in Fig. 5.1(f), the recipe achieves a performance similar to that of the
FG method (in almost 90% of the instances, the results obtained by these two methods
are within 1.2 of of the best). Later we see that in almost 95% of the instances both
results are within 1.4 of the best. Looking at Figs. 5.2(d) and 5.2(e), we can see
that the recipe achieves better total number of messages than the FG method. In
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Fig. 5.2(f), the difference between the recipe and the FG method is not significant.
This is because of two reasons: first, on rectangular matrices, the FG method obtains
better results than the recipe; second, the recipe always chooses symmetric vector
partitioning for the symmetric matrices, whereas FG is represented by the best of
the symmetric and nonsymmetric vector partitioning variants. As seen in Fig. 5.3(a),
the recipe and the FG methods obtain the best performance in the maximum volume
of a processor metric, while the recipe being more preferable up until τ = 2.5. As
seen in Fig. 5.3(b), in terms of the metric of the maximum number of messages of a
processor, the recipe demonstrates an average behavior, being inferior to the CH and
JL methods while begin superior to the others. Now consider, in return, Figs. 5.4(a)
and 5.4(b). As seen from these figures, the recipe is faster than the FG method, while
the difference between the computational load balance performances are acceptable.
In summary, the proposed recipe achieves similar performance with the FG method
in terms of the total communication volume, while being more favorable or not too
bad in terms of other metrics, on average. Therefore, for a user of these methods, we
suggest using the proposed recipe to choose a partitioning method to obtain a good
partitioning on average.

6. Conclusion. In this work, we presented three hypergraph-based, 2D ma-
trix partitioning methods, each having a unique advantage. The fine-grain partition-
ing method treats individual nonzeros as the smallest assignable elements and hence
achieves a very fine-grain partitioning of matrices. This gives maximum flexibility in
reducing the total communication volume and in balancing the computational loads at
the expense of longer partitioning time and possibly higher total number of messages.
The checkerboard partitioning method produces coarser partitionings and maintains
row and column coherences at a coarse level by assigning rows and columns of the
matrices only to a subset of processors. Hence, it imposes a smaller upper limit on
the total number of messages. Although more restricted partitioning may yield larger
total communication volume, this method could be a good alternative for parallel
architectures with high message latency. The jagged-like method trades the number
of messages limit for a better communication volume.

We also presented a thorough experimental evaluation of the hypergraph-parti-
tioning-based methods using 4,100 partitioning instances—a partitioning instance is
defined as a pair of a matrix and an integer representing the number of parts. The
experimentation clearly demonstrated the strengths and weaknesses of the proposed
methods. We further proposed an easy-to-use partitioning recipe that chooses one
of the appropriate methods according to some matrix characteristics. The average
behavior of the proposed recipe on the partitioning instances is such that, with 90%
probability, it produces results within 1.2 times the best solution for the total volume
of communication metric. Furthermore, the recipe achieves this performance while
being faster than the method with the best performance on the total communication
volume metric on average, and while respecting a symmetric vector partitioning for
symmetric matrices.
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