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resource groups based on the relative requirements of the
clusters. A resource group is a set of possibly physically
proximal processors that are assigned a coarse-grained
partition of the computational workload. A resource group
is dynamically constructed based on the load assignment
and distribution. Third, these requirements are used to
select and configure an appropriate partitioner for each
cluster. The partitioner is selected from a partitioner
repository using selection policies. Finally, each cluster is
partitioned and mapped to processors in its corresponding
resource group. The strategy is triggered locally when the

application state changes. State changes are determined

using the load-imbalance metric described below. Partition-
ing proceeds hierarchically and incrementally. The identi-
fication and isolation of clusters uses a segmentation-based
clustering (SBC) scheme. Partitioning schemes in the
partitioner repository include the Greedy Partitioning
Algorithm (GPA), Level-bas ed Partitioning Algorithm
(LPA), and others presented in Section 4.3. Partitioner
selection policies consider cluster partitioning require-
ments, communication/computation requirements, scat-
tered adaptation, and activity dynamics [14]. This paper
specifically focuses on developing partitioning policies
based on cluster requirements defined in terms of refine-
ment homogeneity, which is defined in Section 5.1.

AHMP extends our previous work on the Hierarchical
Partitioning Algorithm (HPA) [16], which hierarchically
applies a single partitioner, reducing global communication
overheads and enabling incremental repartitioning and
rescheduling. AHMP additionally addresses spatial hetero-
geneity by applying the most appropriate partitioner to
each cluster based on its characteristics and requirements.
As a result, multiple partitioners may concurrently operate
on different subregions of the computational domain.

The load imbalance factor (LIF) metric is used as the
criterion for triggering repartitioning and rescheduling
within a local resource group, and is defined as follows:
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where A, is the total number of processors in resource
group A, and T; is the estimated relative execution time
between two consecutive regrid steps for the processor i,
which is proportional to its load. In the numerator of the
right-hand side of the above equation, we use the difference
between maximum and minimum execution times to better
reflect the impact of synchronization overheads. The local
load imbalance threshold is A. When LIF 5o > A, the
repartitioning is triggered inside the local group. Note that
the imbalance factor can be recursively calculated for larger
groups as well.

4.2 Clustering Algorithms for Cluster Region
Identification
The objective of clustering is to identify well-structured
subregions in the SAMR grid hierarchy, called clusters. As
defined above, a cluster is a region of connected component
grids with relatively homogeneous partitioning require-
ments. This section describes the segmentation-based
clustering (SBC) algorithm, which is based on space-filling
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Fig. 5. Segmentation-based clustering algorithm.

curves (SFC) [25]. The algorithm is motivated by the
locality-preserving property of SFCs and the localized
nature of physical features in SAMR applications. Further,
SFCs are widely used for domain-based partitioning for
SAMR applications [13], [24], [25], [26]. Note that clusters
are similar in concept to natural regions proposed in [24].
However, unlike natural regions, clusters are not restricted
to strict geometric shapes, but are more flexible and take
advantage of the locality-preserving property of SFCs.

Typical SAMR applications exhibit localized features,
and thus result in localized refinements. Moveover, refine-
ment levels and the resulting adaptive grid hierarchy reflect
the application runtime state. Therefore, clustering sub-
regions with similar refinement levels is desired.

The segmentation-based clustering algorithm is based on
ideas in image segmentation [27]. The algorithm first
defines load density factor &_.DF Pas follows:

LDF d&levb Y4 dssociated workload of patches withevels
>Y,rlev pon the subregior=dvolume of the subregion at
rlevbvolume of the subregion atrlevi

where rlev denotes the refinement level and the volume is for
the subregion of interest in a 3D domain (it will be area and
length in case of 2D and 1D domains, respectively).

The SBC algorithm is illustrated in Fig. 5. SBC aims to
cluster domains with similar load density together to form
cluster regions. The algorithm first smooths out subregions
thatare smaller than a predefined threshold, whichis referred
to as the template size. Template size is determined by the
stencil size of the finite difference method and the granularity
constraint, maintaining appropriate computation/commu-
nication ratios to maximize performance and minimize
communication overheads. A subregion is defined by a
bounding box with lower-bound and upper-bound coordi-
nates and the strides/steps along each dimension. The
subregion list input to the SBC algorithm is created by
applying the SFC indexing mechanism on the entire domain
that consists of patches of different refinement levels. SBC
follows the SFC index to extract subregions (defined by
rectangular bounding boxes) from the subregion list until the
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Fig. 9. Application-level out-of-core strategy.
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TABLE 1
SAMR Application Kernels
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where n is the total number of subregions that have
refinementlevel | p 1. Agoal of AHMP is to maximize
the refinement homogeneity of a cluster as parti-
tioners work well on relatively homogeneous regions.
2. Communication Cost . This measures the commu-
nication overheads of a cluster and includes inter-
level communication, int ralevel communication,
synchronization cost, and data migration cost as
described in Section 2.2. A goal of AHMP is to
minimize the communication overheads of a cluster.
3. Clustering Cost. This measures the cost of the
clustering algorithm itself. As mentioned above,
SAMR applications require regular repartitioning
and rebalancing, and as a result clustering cost
becomes important. A goal of AHMP is to minimize
the clustering cost.

Partitioning algorithms typically work well on highly
homogeneous grid structures and can generate scalable
partitions with the desired load balance. Hence, it is
important to have a quantitative measurement to specify
the homogeneity. Intuitively, the refinement homogeneity
metric attempts to isolate refined clusters that are poten-
tially heterogeneous and are difficult to partition. In
contrast, unrefined or completely refined clusters are
homogeneous at that refinement level.

The effectiveness of SBC-based clustering is evaluated
using the metrics defined above. The evaluation compares
the refinement homogeneity of the six SAMR application
kernels with and without clustering. These application
kernels span multiple domains, including computational
fluid dynamics (compressible turbulence: RM2D and
RM3D, supersonic flows: ENO2D), oil reservoir simulations
(oil-water flow: BL2D and BL3D), and the transport
equation (TP2D). The applications are summarized in
Table 1.

Fig. 10 shows the refinement homogeneity for the TP2D
application with four refinement levels without any cluster-
ing. The refinement homogeneity is smooth for level 0 and
very dynamic and irregular for levels 1, 2, and 3.






