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Abstract  Structured adaptive mesh refinement
(SAMR) techniques can provide accurate and cost-
effective solutions to realistic scientific and engineer-
ing simulations modeling complex physical phenomena.
However, the adaptive nature and inherent space—time
heterogeneity of SAMR applications result in signifi-
cant runtime management challenges. Moreover, cer-
tain SAMR applications involving reactive flows
exhibit pointwise varying workloads and cannot be
addressed by traditional parallelization approaches,
which assume homogeneous loads. This paper presents
hierarchical partitioning, bin-packing based load balanc-
ing, and Dispatch structured partitioning strategies to
manage the spatiotemporal and computational hetero-
geneity in SAMR applications. Experimental evaluation
of these schemes using 3-D Richtmyer-Meshkov com-
pressible turbulence and 2-D reactive-diffusion kernels
demonstrates the improvement in overall performance.
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1 Introduction

Realistic simulations of complex physical phenomena,
modeled by systems of partial differential equations
(PDEs), play an important role in science and engi-
neering. Dynamic structured adaptive mesh refinement
(SAMR) [3,5,41] techniques have emerged as attractive
formulations of these simulations on structured
meshes/grids, and offer the potential for important
insights into next-generation scientific applications.
Compared to numerical techniques based on static uni-
form discretization, SAMR methods employ locally
optimal approximations and can yield highly advan-
tageous ratios for cost/accuracy by adaptively concen-
trating computational effort and resources to regions
with large local solution error at runtime. SAMR tech-
niques provide an alternative to the general, unstruc-
tured AMR approach, and have been used to solve
complex systems of PDEs that exhibit localized
features in various application domains, including com-
putational fluid dynamics [2,4,36], numerical relativ-
ity [11,17], astrophysics [1,6,29], combustion simulation
[37], and subsurface modeling and oil reservoir simula-
tion [34,42].

Parallelization of SAMR applications typically con-
sists of partitioning the structured grid into uniform
blocks and allowing processors to compute on these
blocks in parallel. Furthermore, structured grids usually
employ regular data structures that are easier to parti-
tion and lead to regular access and communication pat-
terns. Consequently, structured (uniform or adaptive)
formulations of parallel scientific simulations can
result in relatively simpler and efficient implementa-
tions. However, the adaptive nature and inherent space—
time heterogeneity of these SAMR implementations
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lead to significant challenges in dynamic resource allo-
cation, data-distribution, load balancing, and runtime
management [10]. Critical among these is the parti-
tioning of the adaptive grid hierarchy to balance load,
optimize communication and synchronization, minimize
data migration costs, and maximize grid quality (e.g., as-
pect ratio) and available parallelism. While balancing
these conflicting requirements is necessary for efficient
execution of SAMR applications, identifying appropri-
ate trade-offs is non-trivial [40]. Existing structured grid
infrastructures, such as GrACE [33], SAMRALI [21],
Chombo [13], and PARAMESH [25], support parallel
adaptive implementations that partially address these
partitioning challenges.

Note that structured grid frameworks typically
assume that the computational effort at each grid point
is the same and the workload at any level of the grid
hierarchy is uniformly distributed, resulting in homo-
geneous load balancing. However, there exist certain
SAMR applications involving reactive flows, such as the
simulation of hydrocarbon flames with detailed chem-
istry [37], where the physical models include transport/
structured processes with uniform computational loads
as well as reactive/pointwise processes having varying
workloads. In these simulations, the solution of point-
wise processes at each iteration requires a different num-
ber of sub-cycles to complete the computation at each
grid point within a single global timestep. As a result,
the computational load varies at different grid points
and is only known locally, and at runtime. Therefore, tra-
ditional parallelization approaches are not suitable for
these simulations, and their parallel/distributed imple-
mentations present significant partitioning and runtime
challenges.

The primary objective of the research presented in
this paper is to address the spatiotemporal and compu-
tational heterogeneity requirements of SAMR applica-
tions. First, we present a hierarchical partitioning
framework, consisting of a stack of partitioners, which
can address the space-time heterogeneity and dyna-
mism of the SAMR grid hierarchy. The partitioners
build on a locality-preserving space-filling curve based
representation of the SAMR grid hierarchy [32] and
enhance it based on localized requirements to minimize
synchronization costs within a level (level-based parti-
tioning), balance load (bin-packing based partitioning),
or reduce partitioning costs (greedy partitioner). Next,
we present the Dispatch dynamic structured partitioning
strategy for parallel scientific applications with compu-
tational heterogeneity. Dispatch maintains distributed
computational weights associated with pointwise
processes, computes local workloads in parallel, and per-
forms in-situ global load balancing to determine
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processor allocations proportional to the computational
weights and data redistribution that preserves appli-
cation locality. The experimental evaluation of these
dynamic schemes is performed for different system
configurations and different workloads using 3-D
Richtmyer-Meshkov (RM3D) compressible turbulence
and 2-D reactive-diffusion (R-D) kernels. Results
demonstrate that the presented techniques individually
improve load distribution and overall runtime
performance, and collectively enable the efficient exe-
cution of SAMR applications.

The rest of the paper is organized as follows. Section 2
outlines parallel formulations of scientific simulations
on structured grids, and analyzes the computation and
communication behavior for parallel SAMR. Section 3
details the SAMR hierarchical partitioning framework
that includes the greedy partitioner and level-based
and bin-packing based partitioning/load balancing
techniques to address spatiotemporal heterogeneity.
Section 4 describes the experimental evaluation of the
hierarchical framework using the RM3D application.
Section 5 illustrates the partitioning challenges for appli-
cations with heterogeneous workloads using the R-D
kernel. Section 6 explains the design and operation of
the Dispatch strategy that addresses computational
heterogeneity. Section 7 discusses the experimental eval-
uation of Dispatch for uniform and adaptive R-D imple-
mentations. Section 8 summarizes related SAMR
research efforts. Section 9 presents concluding remarks.

2 Parallel formulations on structured grids

The numerical solution to a PDE can be obtained by first
discretizing the problem domain into a mesh/grid com-
prising small simple shapes called elements [16]. The
unknowns of the PDE are then approximated numer-
ically at each discrete grid point. Meshes can either
be structured (Cartesian grid of boxes) or unstructured
(typically triangulations). Structured grid techniques can
be implemented using either unigrid or SAMR schemes.

2.1 Unigrid formulations

Structured unigrid [27] methods resolve the PDE numer-
ical approximation by discretizing the application prob-
lem space onto a single, regular Cartesian grid with
uniform resolution. The resolution of the grid (or grid
spacing) determines the local and global error of the
approximation, and is typically dictated by the features
of the solution that need to be resolved. The resolu-
tion of the grid also defines the computational costs
and storage requirements of the formulation, since the
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Fig.1 Berger—Oliger SAMR formulation of dynamic adaptive grid hierarchies

application workload at each grid point is assumed to
be homogeneous. Parallel unigrid implementations
uniformly decompose the structured grid, assuming
homogeneous workloads, to balance load across the pro-
cessors. Each processor then performs computations on
its local patches and periodically synchronizes its bound-
aries with neighboring patches.

Note that increasing the resolution to obtain greater
solution accuracy in a unigrid application can be expen-
sive. For example, increasing the resolution by a fac-
tor of two requires a factor of eight more storage in
three dimensions. Given a constant Courant factor! and
homogeneous workloads, the computation time will
increase by a factor of sixteen.

2.2 SAMR formulations

For problems where the solution to the PDE is “well
behaved”, it is typically possible to find a grid with
uniform resolution that provides the required solution
accuracy using acceptable computational and storage
resources. However, for problems where the solution
contains shocks, discontinuities, or steep gradients, find-
ing such a uniform grid that meets accuracy and
resources requirements is not always possible. Further-
more, in these classes of problems, the solution features
that require high resolution are localized causing the
high resolution and associated computational effort in
other regions of the uniform grid to be wasted. Finally,
due to solution dynamics in time-dependent problems,
it is difficult to estimate the minimum grid resolution

1" A time-step/space-step ratio that is normally used as a stabil-
ity criterion for transient calculations with explicit time-marching
schemes.

required to obtain acceptable solution accuracy. In these
cases, SAMR methods can be used to cost-effectively
improve the accuracy of the solution by dynamically
refining the computational grid only in the regions with
large local solution error.

SAMR techniques track regions in the computational
domain that require additional resolution and dynami-
cally overlay finer grids over these regions. These
methods start with a base coarse grid with minimum
acceptable resolution that covers the entire computa-
tional domain. As the solution progresses, regions in the
domain with high solution error, requiring additional
resolution, are identified and refined. Refinement pro-
ceeds recursively so that regions on the finer grid requir-
ing more resolution are similarly tagged and even finer
grids are overlaid on these regions. The resulting grid
structure is a dynamic adaptive grid hierarchy. The adap-
tive grid hierarchy corresponding to the SAMR formu-
lation by Berger and Oliger [5] is illustrated in Fig. 1.

2.3 Computation and communication behavior
for parallel SAMR

The grid hierarchy in the SAMR formulation is refined
both in space and in time. Refinements in space cre-
ate finer level grids which have more grid points/cells
than their parents. Refinements in time mean that finer
grids take smaller timesteps and hence have to be
advanced more often. As a result, finer grids not only
have greater computational loads, but also have to be
integrated and synchronized more often. This results in
a space—time heterogeneity in the SAMR adaptive grid
hierarchy. Note that even though finer-resolution grids
have more grid points and consequently more work than
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Fig. 2 Timing diagram for a parallel implementation of the Berger-Oliger SAMR algorithm [24]

the coarser grids, the load associated with each grid point
throughout the computational domain is still the same
since the formulation typically assumes homogeneous
workloads.

Parallel implementations of SAMR applications
typically partition the dynamic heterogeneous grid hier-
archy across participating processors, with each proces-
sor operating on its local portions of the computational
domain in parallel. Each processor starts at the coarsest
level, integrates the patches at this level, performs intra-
level communications for boundary updates, and then
recursively operates on the finer grids using the refined
timesteps. At the same physical time, inter-level com-
munications are used to inject information from finer
levels onto coarser ones. The solution error at different
levels of the SAMR grid hierarchy is evaluated at regu-
lar intervals and this error is then used to determine the
regions where the hierarchy needs to be locally refined
or coarsened. Dynamic re-partitioning and regridding/
redistribution is typically required after this step.

The overall efficiency of parallel SAMR applications
is limited by the ability to partition the underlying grid
hierarchies at runtime to expose all inherent parallelism,
minimize communication and synchronization over-
heads, and balance load. A critical requirement while
partitioning these adaptive grid hierarchies is the main-
tenance of logical locality, both across different levels
of the hierarchy under expansion and contraction of the
adaptive grid hierarchy, and within partitions of grids at
all levels when they are decomposed and mapped across
processors. The former enables efficient computational
access to the grids while the latter minimizes the total
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synchronization overheads. Furthermore, the grid hier-
archy is dynamic and adaptation results in application
grids being dynamically created, moved, and deleted.
Together, the high dynamism and space-time heteroge-
neity in SAMR applications makes their efficient imple-
mentation quite challenging [7].

The timing diagram [24] (note that this diagram is not
to scale) in Fig. 2 illustrates the operation of the SAMR
algorithm described above using a 3-level grid hierarchy.
For simplicity, only the computation and communication
behaviors of processors P1 and P2 are shown. The three
components of communication overheads (described in
Sect. 2.4) are illustrated in the enlarged portion of the
time line. Note that the timing diagram shows that there
is one timestep on the coarsest level (level 0) of the
grid hierarchy followed by two timesteps on the first
refinement level and four timesteps on the second level,
before the second timestep on level 0 can start. Also,
note that the computation and communication for each
refinement level are interleaved.

2.4 Communication overheads for parallel SAMR

As shown in Fig. 2, the communication overheads of
parallel SAMR applications primarily consist of three
components: (1) Inter-level communications are defined
between component grids at different levels of the grid
hierarchy and consist of prolongations (coarse to fine
grid data transfer and interpolation) and restrictions
(fine to coarse grid data transfer and interpolation); (2)
Intra-level communications are required to update the
grid elements along the boundaries of local portions of a
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distributed grid and consist of near-neighbor exchanges.
These communications can be scheduled so as to be
overlapped with computations on the interior region;
and (3) Synchronization costs occur when load is not
balanced among processors at any timestep and at any
refinement level. Note that there are additional com-
munication costs due to the data movement required
during dynamic load balancing and redistribution.

Clearly, an optimal partitioning of the SAMR grid
hierarchy and efficient SAMR implementations require
a careful consideration of the timing pattern and the
communication overheads described above. A critical
observation from Fig. 2 is that, in addition to balancing
the total load assigned to each processor, the load bal-
ance at each refinement level and the communication/
synchronization costs within a level need to be
addressed. This leads to a trade-off between (1) main-
taining parent-child locality for component grids that
results in reduced communication overheads but pos-
sibly high load imbalance, and (2) “orphaning” com-
ponent grids (i.e., isolating grid elements at different
refinement levels of the SAMR hierarchy) resulting in
better load balance with slightly higher synchronization
costs.

3 SAMR hierarchical partitioning framework

The SAMR hierarchical partitioning framework consists
of a stack of partitioners that can manage the space—time
heterogeneity and dynamism of the SAMR grid hierar-
chy. These dynamic partitioning algorithms are based
on a core composite grid distribution strategy (CGDS)
belonging to the GrACE [31] data-management infra-
structure. This domain-based partitioning strategy per-
forms a composite decomposition of the adaptive grid
hierarchy using space-filling curves (SFCs) [19,35,38].
SFCs are locality-preserving recursive mappings from
N-dimensional space to 1-D space. At each regridding
stage, the new refinement regions are added to the
SAMR domain and the application grid hierarchy is
reconstructed. CGDS uses SFCs and partitions the en-
tire SAMR domain into sub-domains such that each sub-
domain keeps all refinement levels in the sub-domain as
a single composite grid unit. Thus, all inter-level com-
munication are local to a sub-domain and the inter-level
communication time is greatly reduced. The resulting
composite grid unit list (GUL) for the overall domain
must now be partitioned and balanced across processors.

As described in Sect. 2.4, maintaining a GUL with
composite grid units may result in high load imbal-
ance across processors in case of SAMR applications
with localized refinements and deep hierarchies. To ad-

dress this concern, CGDS allows a composite grid unit
with high workload (greater than the load balancing
threshold) to be orphaned or separated into multiple
sub-domains, each containing a single level of refine-
ment. An efficient load balancing scheme within CGDS
can use this “orphaning” approach to alleviate proces-
sor load imbalances and provide improved application
performance, at the cost of increased inter-level com-
munication.

The layered structure of the SAMR hierarchical par-
titioning framework is shown in Fig. 3. Once the grid
hierarchy index space is mapped using the SFC + CGDS
scheme, higher-level partitioning techniques can be
applied in a hierarchical manner using the hierarchical
partitioning algorithm (HPA). In HPA [24], processor
groups are defined based on the grid hierarchy struc-
ture and correspond to regions of the overall computa-
tional domain. The top processor group partitions the
initial global GUL and assign portions to each proces-
sor sub-group in a hierarchical manner. In this way, HPA
further localizes the communication to sub-groups,
reduces global communication and synchronization
costs, and enables concurrent communication. Within
each processor sub-group, higher-level partitioning
strategies are then applied based on the local require-
ments of the SAMR grid hierarchy sub-domain. The
objective could be to (1) minimize synchronization costs
within a level using the level-based partitioning algo-
rithm (LPA), or (2) efficiently balance load using the
bin-packing based partitioning algorithm (BPA), or (3)
reduce partitioning costs using the greedy partitioning
algorithm (GPA), or combinations of the above. GPA
and BPA form the underlying distribution schemes that
can work independently or can be augmented using LPA
and/or HPA. The different algorithms are described
below.

SFC+CGDsS

Fig. 3 Layered design of the SAMR hierarchical partitioning
framework
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3.1 Greedy partitioning algorithm

The greedy partitioning algorithm (GPA) is the default
partitioner in GrACE used to partition the global GUL
and produce a local GUL for each processor. The GPA
scheme performs a rapid partitioning of the SAMR grid
hierarchy as it scans the global GUL only once while
attempting to distribute the load equally among all pro-
cessors. GPA helps in reducing partitioning costs and
works quite well for a relatively homogeneous compu-
tational domain with few levels of relatively uniform
refinement, and small-to-medium-scale application runs.
However, due to the greedy nature of the algorithm,
GPA tends to result in heavy loading of latter proces-
sors, since the workload that cannot be accommodated
by the processors encountered earlier has to be absorbed
by these processors. SAMR applications require a good
load balance during the computational phase between
two regrids of the dynamic grid hierarchy. In applica-
tions with localized features and deep grid hierarchies,
the load imbalance due to GPA can lead to large syn-
chronization delays, thereby degrading SAMR perfor-
mance.

3.2 Level-based partitioning algorithm

The computational workload for a certain patch of the
SAMR application is tightly coupled to the refinement
level at which the patch exists. The computational work-
load at a finer level is considerably greater than that at
coarser levels. The level-based partitioning algorithm
(LPA) [24] attempts to simultaneously balance load and
minimize synchronization cost. LPA essentially prepro-
cesses the global application computational units repre-
sented by a global GUL, disassembles them based on
their refinement levels, and feeds the resulting homoge-
neous units at each refinement level to GPA (or any
other partitioning/load balancing scheme). The GPA
scheme then partitions this list to balance the workload.
Due to the preprocessing, the load on each refinement
level is also balanced.

LPA benefits from the SFC-based technique by main-
taining parent-children relationship throughout the
composite grid and localizing inter-level communica-
tions, while simultaneously balancing the load at each
refinement level, as demonstrated by the following
example. Consider the partitioning of a 1-D grid hierar-
chy comprising two levels, as illustrated in Fig. 4. For this
1-D example, GPA partitions the composite grid unit list
into two sub-domains. These two parts contain exactly
the same load: the load assigned to PO is 2 + 2 x 4 while
the load assigned to P1 is 10 units. From the viewpoint of
GPA scheme, the partition result is perfectly balanced
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Fig. 4 Partitions of a 1-D grid hierarchy: a GPA, b LPA

as shown in Fig. 4a. However, due to the heterogeneity
of the SAMR algorithm, this distribution leads to large
synchronization costs as shown in the timing diagram
(Fig. 5a). The LPA scheme takes these synchronization
costs at each refinement level into consideration. For this
simple example, LPA will produce a partition as shown
in Fig. 4b which results in the computation and commu-
nication behavior depicted in Fig. 5b. This leads to an
improvement in overall execution time and reduction in
synchronization time.

3.3 Bin-packing based partitioning algorithm

The bin-packing based partitioning algorithm (BPA)
improves the load balance during the SAMR partition-
ing phase. The computational workload associated with
a GUL at different refinement levels of the SAMR grid
hierarchy is distributed among available processors. The
distribution is performed under constraints such as mini-
mum block size (granularity) and aspect ratio. Grid units
with loads larger than the threshold limit are decom-
posed geometrically along each dimension into smaller
grid units, as long as the granularity constraint is satis-
fied. This decomposition can occur recursively for a grid
unit if its workload exceeds processor threshold. If the
workload is still high and “orphaning” is enabled, the
grid units with minimum granularity are separated into
multiple uni-level grid elements for better load balance.

Initially, BPA distributes the global GUL workload
among processors based on processor load threshold, in
a manner similar to GPA. A grid unit that cannot be
allocated to the current processor, even after decompo-
sition and orphaning, is assigned to the next consecutive
processor. However, no processor accepts work greater
than the threshold in the first phase. Grid units repre-
senting unallocated loads after the first phase are dis-
tributed among processors using a “best-fit” approach.
If no processor matches the load requirements of an
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Fig. 5 Timing diagrams for partitioning a 1-D grid hierarchy using a GPA, b LPA

unallocated grid unit, the “most-free” approach (i.e.,
the processor with least load accepts the unallocated
work) is adopted until all the work in the global GUL is
assigned.

BPA allows the user to set a tolerance value that
determines the acceptable workload imbalance for the
SAMR application. In case of BPA, the load imbalance,
if any, is low since it is bounded by the tolerance thresh-
old. Due to the underlying bin-packing algorithm, the
BPA technique provides overall better load balance for
the grid hierarchy partitions among processors as com-
pared to the GPA scheme. However, a large number
of patches may be created as a result of multiple patch
divisions. Also, the load distribution strategy in BPA can
result in multiple scans of the grid unit list that margin-
ally increases the partitioning overheads.

A policy that combines LPA and BPA can enable
efficient execution of SAMR applications since LPA
reduces the synchronization costs and BPA yields good
load balance at each refinement level of the SAMR grid
hierarchy.

4 Experimental evaluation of SAMR partitioning
framework

The experimental evaluation of the SAMR hierarchi-
cal partitioning framework is performed on the NPACI
IBM SP2 “Blue Horizon” [30]. Blue Horizon is a tera-
flop-scale Power3 based clustered symmetric multipro-
cessing (SMP) system from IBM, installed at the San
Diego Supercomputing Center (SDSC). The machine
contains 1,152 processors and 576 GB of main mem-
ory, arranged as 144 SMP compute nodes, running AIX.
Each node is equipped with 4 GB of memory shared
among its eight 375 MHz Power3 processors.

4.1 Driving SAMR application: RM3D kernel

The driving application used to evaluate the SAMR
hierarchical partitioning framework is the 3-D com-
pressible turbulence application kernel solving the
Richtmyer-Meshkov (RM3D) instability. The RM3D
application is part of the virtual test facility (VTF) devel-
oped at the ASCI/ASAP Center [2] at the California
Institute of Technology. The Richtmyer—-Meshkov insta-
bility is a fingering instability which occurs at a material
interface accelerated by a shock wave. This instability
plays an important role in the studies of supernova and
inertial confinement fusion. The RM3D application is
dynamic in nature and exhibits space—time heterogene-
ity and is representative of the simulations targeted by
this research. A selection of snapshots for the RM3D
adaptive SAMR grid hierarchy are shown in Fig. 6.

In particular, RM3D is characterized by highly local-
ized solution features resulting in small patches and
deep application grid hierarchies (i.e., a small region
is very highly refined in space and time). As a result, the
application has increasing computational workloads and
greater communication/synchronization requirements
at higher refinement levels with unfavorable compu-
tation-to-communication ratios. The hierarchical parti-
tioning framework addresses these runtime challenges
in synchronization, load balance, locality, and commu-
nication to realize efficient RM3D implementations.

4.2 Evaluation of LPA and BPA techniques

The LPA and BPA partitioning/load balancing tech-
niques are evaluated for the RM3D application on 64
processors of Blue Horizon using the GrACE infrastruc-
ture. RM3D uses a 3-level hierarchy with a 128 x 32 x 32
base grid and factor 2 space-time refinement. Regrid-
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Fig. 6 Snapshots of the grid hierarchy for a 3-D Richtmyer-Meshkov simulation [8]. Note the dynamics of the SAMR grid hierarchy as

the application evolves

Effect of Partitioning Optimizations on RM3D
Performance for 64 processors on Blue Horizon
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Fig.7 RM3D performance (normalized values) for LPA and BPA
partitioning schemes

ding is performed every 8 timesteps and the RM3D
application executes for 100 iterations. The total exe-
cution time, synchronization (Sync) time, recompose
time, average maximum load imbalance, and the num-
ber of boxes are measured for each of the following
three configurations, namely: (1) default GrACE parti-
tioner (GPA), (2) LPA scheme using GrACE, and (3)
the LPA + BPA technique using GrACE, i.e., the com-
bined policy.

Figure 7 illustrates the effect of LPA and BPA par-
titioning schemes on RM3D application performance.
Note that the values plotted in the figure are normal-
ized against the corresponding maximum value. The
results demonstrate that the LPA scheme helps to
reduce application synchronization time while the BPA
technique provides better load balance. A combined
approach reduces the overall execution time by around
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10% and results in improved application performance.
The LPA +BPA strategy improves load balance by
approximately 70% as compared to the default GPA
scheme. The improvements in load balance and syn-
chronization time outweigh the overheads (increase in
number of boxes) incurred while performing the opti-
mizations within LPA and BPA.

4.3 Evaluation of large-scale RM3D execution

The evaluation of large-scale RM3D execution uses a
base coarse grid of size 128 x 32 x 32 and the application
executes for 1,000 coarse level timesteps. The experi-
ments are performed on 256, 512, and 1,024 processors
using a 4-level hierarchy with factor 2 space—time refine-
ment and regridding performed every 64 timesteps. The
partitioning algorithm chosen from the SAMR hierar-
chical framework for this evaluation is LPA + BPA. As
described in Sect. 4.2, a policy combining these two par-
titioners results in reduced synchronization costs and
better load balance. The minimum block size for a patch
is maintained at 16.

Figure 8 illustrates the overall execution times for the
RM3D application on 256, 512, and 1,024 processors.
From the figure, it is clear that the SAMR hierarchi-
cal partitioning framework enables large-scale RM3D
execution with multiple refinement levels and provides
reasonably good performance. The LPA and BPA tech-
niques mitigate the runtime computation and synchro-
nization limitations of the RM3D application caused by
the highly communication-dominated application
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Fig. 8 Overall application times for large-scale RM3D execution
on 256, 512, and 1,024 processors of Blue Horizon. Note that the
plot uses logarithmic scales

behavior and unfavorable computation-to-communica-
tion ratios. Also, note that a “unigrid” implementation
of the RM3D application for the same experimental
settings will use a domain of size 1,024 x 256 x 256 with
approximately 67 million computational grid points,
resulting in extremely large memory requirements. Such
a unigrid implementation is not even feasible for large-
scale execution of the RM3D application.

5 Parallel formulations of simulations with
heterogeneous workloads

5.1 Overview and partitioning challenges

As mentioned in Sect. 1, a common assumption while
partitioning meshes for PDE-based simulations is that
the workload per grid point is the same, irrespective of
the grid point. This is largely true in most PDE-based
solvers; they typically use numerical schemes that con-
nect all the points together, which are then marched
forward in time in lock-step. Such an approach is exact
since it preserves the spatial coupling in a straightfor-
ward manner. However, there exist certain classes of
problems, such as reactive flows, which have physical
point processes that are coupled to other similar point
processes via a second process. Reaction/chemistry is
such a point process — its models (and operators in the
evolution equations for reactive flows) do not contain
any spatial derivatives. Reactive processes at a point
in space affect others around them through convec-
tive and diffusive processes, which are separate physical
processes and usually operate at a different timescale.
Thus, over a time period far smaller than the transport
(convection and diffusion) timescales, one can consider
reactive processes to be approximately decoupled. This

approximation is exploited in operator-split [15,26] inte-
gration methods.

Operator-split methods are used in PDEs where the
physical processes can be approximately decoupled over
a time period f,, called the global timestep. Conse-
quently, the physical processes can be advanced in time
over I, using separate integrators since they do not
have to be marched in lock-step, and are usually chained
in a certain sequence for accuracy reasons. If one of these
physical processes happens to be a purely point process,
viz. reaction, then separate (systems of) ordinary differ-
ential equations (ODEs) for different points in space
are obtained. While these ODEs are advanced up to

t, for all points, different points can adopt different
independent paths to reach there since they are not cou-
pled, being point processes. Thus, points in the domain
where little reaction is occuring take a few large time-
steps to reach f;, while points with significant
reactive processes take miniscule timesteps in order
to time-resolve the fastest reactive processes. Although
such an approach is efficient as the non-reactive regions
do not necessarily march in lock-step with explosive
regions, it results in a highly uneven distribution of com-
putational load as a function of space. Any domain par-
titioner that ignores this uneven load distribution often
incurs a stiff load imbalance penalty.

Since the reactive processes are approximately
decoupled in space (over ;) and there are no spa-
tial terms in the reaction operator, a conceptually simple
solution exists. The grid points are distributed arbitrarily
across all processors as long as the loads are equalized.
Such a solution has no spatial couplings, and hence does
not consider the communication costs or preserve the
connections between a point and its neighbors. As a
result, this approach incurs significant communication
costs as the data is redistributed at every global time-
step. In combusting flows, where one strives to capture
subtle effects of the simulation by preserving as many
chemical species as possible (leading to 50-100 variables
per grid point), this communication cost can be prohib-
itive. This motivates the requirement to calculate the
reactive processes in situ, and achieve load balance by
a prudent domain decomposition that incorporates the
uneven nature of the load distribution.

5.2 Tllustrative combustion application: R-D kernel

Combustion applications modeling the properties of
hydrocarbon flames [37] are highly complex. The phys-
ical processes in such simulations interact in a strongly
non-linear fashion and accurate solutions can only be
obtained using highly detailed models that include
complex chemistry and transport processes [28]. The
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Fig. 9 2-D snapshot of R-D kernel’s temperature field with three
hot-spots at time ¢ = 50
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X

Fig.10 2-D snapshot of R-D kernel’s temperature field with three
hot-spots at time t = 100

transport (or structured) processes have uniform com-
putational workloads while the chemical/reactive (or
pointwise) processes require different amounts of
computation (i.e., “weights”) at each point.

A model problem approximating the ignition of a
CHgy—air (methane-air) mixture is used as an illustra-
tive example to evaluate the Dispatch partitioning strat-
egy presented in this paper, and is referred to as the
R-D application or kernel. Figures 9, 10, and 11 are 2-D
snapshots of the R-D kernel and illustrate the
application dynamics during the ignition of a CHy-air
mixture in a non-uniform temperature field with 3 “hot-
spots” at 50, 100 and 150 timesteps, respectively. The
application exhibits high dynamism, space-time heter-
ogeneity and varying computational workloads, and is
representative of the class of simulations targeted by
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Fig.11 2-D snapshot of R-D kernel’s temperature field with three
hot-spots at time t = 150

Workloads

Fig. 12 Distribution of heterogeneous loads for R-D kernel on a
128 x 128 structured grid

this research. Figure 12 shows a sample distribution
of the heterogeneous computational workloads associ-
ated with pointwise processes for the R-D kernel on a
128 x 128 structured grid. The reactive processes near the
flame fronts have high computational requirements that
correspond to large values of workloads at the three hot-
spots, while the diffusive processes have uniform loads
with a value of 1, as illustrated in Fig. 12.

Briefly, the R-D kernel solves an equation of the form

9% _ Ve 4 R(®) (1)
ot

where @ is a vector consisting of the temperature and
the mass fraction of 26 chemical species at a given point
in space. R(®) models the production of heat and chem-
ical species by 92 reversible chemical reactions [18]. In
Equation 1, V2 is approximated using second-order cen-
tral differences. Equation 1, representing the R-D appli-
cation, is evolved in the following manner.

1. Over a timestep of 1,/2, we advance ®" (solution
at timestep n) using ®, = V2® to ® with Heun’s
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Read application parameters
Construct application grid hierarchy
Initial partition and schedule
Initialize application grid function (U)
Initialize workload grid function (W)

L

Compute and synchronize with time increments
{Diffusion integration over At recursively for all levels,
Non-recursive chemistry integration over 2%At for all levels,
Diffusion integration over At recursively for all levels)

Regridding Yes

Update YW and estimate error
In case of SAMR, cluster and refine
regions with high solution error
Create global grid list comprising grid
blocks that map application domain

Construct a local work list for each processor by
disassembling grid blocks in the current local grid list
into smallest possible units based on granularity
Compute pracessor workload for all existing blocks in
local work list from updated local W in parallel, using
"sum-of-parts" approach to optimize load calculation
Determine new refined regions from the global grid
list, extrapolate their load from coarser blocks, and

time?

lterations

compute the total workload for each processor
Construct a global wark distribution list on all
processors by concatenating individual work lists

Compute the global wark threshold

completed?

Display application
timings/metrics

Partition the global grid list using work thresheld
to nearly balance load among all processors
For load balancing, decompose grid blocks with
workload higher than threshold into smaller
blacks, considering granularity constraints
Recanstruct U and W grid functions based on
the new distribution by migrating application and
workload data and performing synchronization

Fig. 13 Flowchart of the Dispatch strategy addressing dynamic partitioning for pointwise varying workloads

method (second order Runge-Kutta scheme). For
this step, the integration is done either on one level
for a unigrid implementation or in a recursive man-
ner for all levels in case of SAMR, so that the CFL
condition is preserved on each patch of the SAMR
hierarchy for the Berger—Oliger formulation [5].

2. Using @’ as initial condition, we solve ®, = R(®)
over 1, to get ®”. As there are no spatial cou-
pling terms, this system is solved on a point-by-point
basis. At certain points, especially near flame fronts
and ignition points, this ODE system exhibits very
fast kinetics and has to be advanced using small
timesteps (for accuracy reasons). This is done using
BDF3 from the CVODE [12] package. This step
does not require recursive integration in case of
SAMR and accounts for the heterogeneity in appli-
cation workloads.

3. Using ®” as initial condition, we solve ®, = V?®
over ty/2 to get "1 This is done exactly as in
Step 1.

6 Dynamic partitioning for applications with
computational heterogeneity

This section presents Dispatch [9], a dynamic structured
partitioning strategy for scientific applications with

pointwise varying workloads. Dispatch has been inte-
grated with the GrACE [31] computational framework
and enables parallel uniform and adaptive simulations.
Dispatch augments the structured grid formulations out-
lined in Sect. 2 by combining an inverse space-filling
curve based partitioner (ISP) [33] with in-situ weighted
load balancing using global thresholds. The R-D kernel,
presented in Sect. 5.2, is used to illustrate Dispatch. The
parallel execution of the R-D application is shown in
Fig. 13 and described in the following section.

6.1 Parallel R-D application execution

The execution of the R-D application consists of three
major phases: (1) initialization, (2) computation and syn-
chronization at each timestep, and (3) periodic load bal-
ancing followed by redistribution. The structured grid
domain/hierarchy is constructed at the start of the simu-
lation based on input parameters. The initial partitioning
is a simple geometric decomposition of the application
domain across available processors. The application grid
function (U) and workload grid function (W) are then
initialized. Grid functions are distributed entities that
represent application variables denoting physical enti-
ties (e.g., pressure, temperature, density, etc.), and use
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Fig. 14 The structured grid domain is mapped to a global grid list for load balancing in Dispatch

the grid hierarchy as a template to define their structure
and distribution. Grid function objects can be locally
operated on as regular arrays. The PDE formulation
is applied at each grid point to obtain the numerical
solution. U stores application data required in the com-
putation phase, while W comprises the heterogeneous
computational weights that are associated with all points
on the grid hierarchy and used for load balancing in the
redistribution phase.

The computation component consists of two diffusion
integration methods over an application timestep t.
These two integration methods are recursively invoked
for each level of the (single level or adaptive) grid hier-
archy and are separated by a non-recursive chemistry
integration routine over 2 x ¢ for all levels. This is fol-
lowed by boundary updates and timestepping. During
the redistribution phase, computational weights in W
corresponding to existing grid points are first updated.
In case of SAMR, a truncation error estimate is used to
identify regions requiring additional resolution, which
are then clustered and refined. As described in Sect. 6.2,
a global grid list mapping the entire application domain
iscreated and the Dispatch strategy isinvoked to dynam-
ically partition the grid. Since unigrid can be viewed as
a special case of SAMR with only one level, the descrip-
tion of Dispatch focuses on the general SAMR case.

6.2 Parallel workload computation
As depicted in Fig. 14, traditional inverse space-filling
curve based partitioners (ISP) [33] preserve applica-

tion locality by indexing the grid blocks that map the
structured grid domain in the order of traversal of the
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Hilbert SFC[38] to form a 1-D global grid list. The global
grid list consists of simple or composite grid blocks rep-
resenting portions of the application domain. Simple
grid blocks are strictly base grid regions while compos-
ite grid blocks contain regions that span multiple levels
of refinement in the grid hierarchy. Decomposing a grid
block entails a geometrical bisection of the block along
all axes as long as the minimum block dimension (granu-
larity) constraints are satisfied. A grid block that attains
minimum block dimension is called a “grain”. As an
example, a 2-D grid block, if divisible, will decompose
into 4 smaller blocks. Similarly, a 64 x 64 size grid block,
when recursively decomposed, will result in 256 grains
for a minimum application granularity of 4.

Each simple/composite grid block in the global grid
list is assigned a cost corresponding to its computational
load, which is determined by the load at the grid points
contained in the block at each level and the level of the
block in the SAMR grid hierarchy. Since the load per
grid point is uniform for homogeneous simulations, the
total computational work is proportional to the cumu-
lative number of grid points and is relatively easy to
calculate. However, in the heterogeneous case such as
the R-D kernel, the load of a grid block at a level is
obtained as the sum of the computational weights in the
workload grid function (W) corresponding to the grid
points in the grid block at that level.

Since the computational weights for existing grid
blocks in W as well as the global grid list may have been
updated during regridding, the Dispatch strategy first
compares the current and previous global grid lists to
identify existing grid blocks and new refinement
regions. Each processor then operates on its local grid
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list (portions of the global grid list owned by it) in paral-
lel, and constructs a separate local work list comprised of
grains obtained by disassembling the simple/composite
grid blocks in the local grid list. This virtual decomposi-
tion of the local grid list is performed to speed up load
calculation using the “sum-of-parts” approach (overall
load of the grid block is simply the sum of the loads
of all its grains) and to fine-tune the load balancing
algorithm (decomposing a grid block during partitioning
does not involve recalculation of loads of the constituent
parts). The owner computes the updated workload for
each grain in the local work list from its corresponding
local W, and determines the workloads for existing grid
blocks in the list. When a grain contains a newly
refined level, the load at each grid point for that level
is interpolated as the average workload of its parent
(the immediate coarser level). Each processor stores the
loads for all grains in its local work list and computes the
total processor workload, in parallel. All processors then
collectively construct a global work distribution list by
concatenating individual local work lists.

6.3 Global load balancing

The global work threshold is locally computed at each
processor from the global work distribution list. Dis-
patch performs domain decomposition by appropriately
partitioning the global grid list based on the global work
threshold so that the total computational load on each
processor is approximately balanced. Processor alloca-
tion is based on a linear assignment of loads in the order
of occurrence in the global grid list. This is done to
preserve application locality which, in turn, reduces com-
munication and data migration overheads during redis-
tribution. If the workload for a grid block in the global
grid list exceeds the processor threshold, the block is
decomposed (possibly recursively) and replaced by
smaller grid blocks whose loads are already known. If
the load is still high, the block is assigned to the next
available processor and the processor work thresholds
are updated. The load imbalance generated during this
phase is due to application granularity and aspect ratio
constraints for each grid block that need to be satisfied.

The application (U) and workload (W) grid functions
are reconstructed after the dynamic partitioning phase
based on the new distribution. This step involves data
migration, communication, and synchronization among
participating processors, which updates the structure of
the grid hierarchy. The new distribution is used in subse-
quent computation stages until the next regridding stage.
After completing a specific number of iterations deter-
mined by user input, the application display metrics and
timings and terminates execution.

7 Experimental evaluation of Dispatch strategy

The experimental evaluation of the Dispatch strategy is
performed using unigrid and SAMR implementations
of the 2-D reactive-diffusion kernel. The evaluation is
performed on the IBM SP4 “DataStar” [39] at the San
Diego SuperComputer Center (SDSC). DataStar is
SDSC’s largest IBM terascale machine that is espe-
cially suited for data intensive computations, and has 272
(8-way) P655+ compute nodes with 16-32 GB of mem-
ory. The experiments consist of comparing the perfor-
mance of the Dispatch scheme and the default GrACE
partitioner (Homogeneous) by measuring overall appli-
cation execution time, load imbalance, synchronization
time, and redistribution overheads. The Homogeneous
strategy assumes that all grid points have the same work-
load requirements, and hence does not consider compu-
tational heterogeneity during load balancing.

7.1 Evaluation of Dispatch unigrid formulations

The unigrid (1-level) evaluation for the R-D application
is performed using Homogeneous and Dispatch strate-
gies on 8-128 processors on DataStar using 2-D applica-
tion base grids with resolutions of 256 x 256 and 512 x
512. The application executes for 200 iterations, with all
other application-specific parameters kept unchanged.
Figure 15 plots the total execution time Texec for Homo-
geneous and Dispatch schemes. The Dispatch scheme
improves overall application execution time by 11.23%
for 16 processors up to 46.34% for 64 processors.
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Fig. 15 R-D application times for a 256 x 256 uniform grid sim-
ulation executing for 200 timesteps. All times are in seconds
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Fig. 16 Average R-D compute and synchronization times for
256 x 256 uniform grid simulation. Error bars (dark: Dispatch;
light: Homogeneous) are standard deviations of compute times.
All times are in seconds

To further analyze load distribution and application
runtime behavior, Fig. 16 plots the average (across all
processors) compute (Mcomp) and synchronization
(Msync) times for 8-128 processor runs. The standard
deviation Ocomp in compute time is plotted as error bars.
The average compute times are roughly similar for both
strategies, while the Dispatch scheme achieves smaller
average synchronization times than the Homogeneous
scheme. Dispatch considers the weights of pointwise
processes while performing load balancing and achieves
a consistently smaller Ocomp. This leads to reduced syn-
chronization times (since processors finish computation
closer together in time), and ultimately improved exe-
cution times as compared to the Homogeneous strategy.

The Homogeneous scheme does not repartition the
base grid beyond the initial decomposition since it does
not consider computational heterogeneity. Using the
Dispatch strategy does lead to increased partitioning
overheads that include the costs to extract the existing
pointwise weights and interpolate new ones, compute
the weights of local grid blocks for each processor, deter-
mine the global workload, and perform an appropri-
ate domain decomposition based on the heterogeneous
loads. However, the cumulative partitioning overheads
are of O(10) s, which is an order of magnitude smaller
than the application execution time. Hence, the parti-
tioning overheads for Dispatch are considered negligi-
ble compared to the performance improvement in the
uniform grid case.
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Fig. 17 R-D application times for a 512 x 512 uniform grid simu-
lation executing for 200 timesteps. All times are in seconds
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Fig. 18 Average R-D compute and synchronization times for
512 x 512 uniform grid simulation. Error bars (dark: Dispatch;
light: Homogeneous) are standard deviations of compute times.
All times are in seconds

Figure 17 and 18 plot the same metrics for a 512 x 512
uniform grid run, and similar performance improvement
is observed as for the 256 x 256 uniform grid case. The
Dispatch scheme improves application execution times
by about 15-50% and provides better load balance. The
partitioning overheads are, once again, negligible com-
pared to the overall performance gain. Note that appli-
cation execution times for 512 x 512 uniform grid in
Fig. 17 are approximately four times larger than the cor-
responding times for the 256 x 256 uniform grid, since
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the domain has been scaled by a factor of 4. Increas-
ing the resolution on uniform grids to obtain greater
accuracy can be expensive, and hence SAMR methods
are suitable for this class of applications with localized
features.

7.2 Evaluation of Dispatch SAMR formulations

2-level SAMR: The Dispatch strategy is evaluated
using a 2-level SAMR implementation of the R-D
kernel on 8-128 processors of DataStar with an appli-
cation base grid of resolution 512 x 512 and factor 2
space—time refinement. The application uses a timestep
(1) value of 2.1875e-9 and executes for 200 iterations,
performing 10 regrids. All other application-specific and
refinement-specific parameters are kept constant. The
minimum block size for this set of experiments is set
to 4. Figures 19 and 20 respectively plot the execu-
tion time Texec and the compute Peomp and synchro-
nization times Msyne averaged across processors. Error
bars in Fig. 20 are the standard deviation of the
compute times across processors. The Dispatch strategy
improves application execution time (upto 32 proces-
sors) and achieves a more uniform load balance, though
the overall improvement obtained using Dispatch
reduces as the computation-to-communication ratio
(roughly, the ratio of average compute to average syn-
chronization times) for the R-D application decreases.
Since the R-D application has localized spiked loads,
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Fig.19 R-D application times for a 2-level SAMR hierarchy with
a 512 x 512 base grid executing for 200 timesteps. All times are
in seconds. Dispatch scheme shows a improvement in execution
times, though the improvement reduces as the computation-to-
communication ratio decreases
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Fig. 20 Average R-D compute and synchronization times for
512 x 512 2-level SAMR simulation. Error bars (dark: Dispatch;
light: Homogeneous) are standard deviations of compute times.
All times are in seconds

Table1 2-level SAMR evaluation of Dispatch and Homogeneous
schemes for R-D application with varying granularity on 64 and
128 processors of DataStar

Number of Grain Homogeneous Dispatch
processors size time (s) time (s)
64 4 1,155.53 1,167.35
32 1,742.11 1,436.36
4 691.13 814.32
128
16 765.63 664.15

Dispatch generates more patches to yield a better load
balance. If there is not enough computation per grid
block on each processor and the application is commu-
nication-dominated, the Dispatch strategy can, in fact,
perform worse than the Homogeneous scheme. This is
seen in the case of 64 and 128 processors for granularity
of 4, due to the large number of grid blocks created.

However, if an appropriate granularity is chosen so
that the domain does not contain a large number of tiny
blocks, the Dispatch strategy can be expected to per-
form better. Note that this performance variation is a
direct result of the application/workload characteristics
and the “computation-communication trade-off”, and
not a restriction for the Dispatch strategy. Furthermore,
Table 1 shows that Dispatch gives better runtime per-
formance as compared to Homogeneous for the 2-level
SAMR evaluation on 64 and 128 processors with a base
grid resolution of 512 x 512, if the granularity is set to
32 or 16 instead of 4.
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Table 2 Evaluation of Dispatch and Homogeneous schemes on 32 processors of DataStar for different R-D application base grids and
refinement levels. All configurations have 512*512 finest-level resolution and execute for 400 finest-level steps

Application Unigrid 2-Level SAMR 3-Level SAMR
parameters
Homogeneous Dispatch Homogeneous Dispatch Homogeneous Dispatch

Overall execution time (s) 3,546.04 2,049.17 607.73 566.83 95.31 77.77
Average compute time (s) 820.32 880.65 285.73 300.35 36.22 39.27
Standard deviation compute time (s) 956.21 252.26 163.17 45.05 19.12 5.14
Compute coefficient of variation 1.17 0.29 0.57 0.15 0.53 0.13
Average sync time (s) 2,712.10 1,155.89 314.42 254.82 56.99 35.70
Standard deviation sync time (s) 955.61 248.36 163.58 45.11 18.98 518
Sync coefficient of variation 0.35 0.21 0.52 0.18 0.33 0.15
Average regrid time (s) 0 7.42 6.27 10.69 1.81 2.61
Standard deviation regrid time (s) 0 4.24 0.28 0.23 0.41 0.14
Regrid coefficient of variation - 0.57 0.04 0.02 0.23 0.05

Benefits of SAMR: To additionally evaluate the ben-
efits of using SAMR for the R-D kernel, we present
another set of experiments comparing the performance
of Dispatch and Homogeneous schemes for three config-
urations that have identical finest-level resolution, but
different coarse/base grid size and number of refinement
levels. Each configuration has 512 x 512 resolution at the
finest level of the SAMR grid hierarchy and executes for
400 finest-level timesteps. The first configuration (Uni-
grid) is a simple uniform grid case with 512 x 512 grid
resolution executing for 400 iterations. The second con-
figuration (2-level) is a SAMR hierarchy comprising 2
levels with a coarse grid of size 256 x 256 and executes
for 200 coarse-level iterations, which correspond to 400
steps at the finest level (factor 2 space—time refinement).
The final configuration (3-level) uses a 128 x 128 base
grid for a 3-level SAMR hierarchy and executes for 100
coarse-level iterations, corresponding to 400 steps at the
finest level. These experiments are performed on 32 pro-
cessors of DataStar and the application granularity is
set to 4. All other application-specific and refinement-
specific parameters are kept constant.

The R-D application execution times as well as aver-
age and standard deviation values for computation, syn-
chronization, and regridding times for various unigrid
and SAMR configurations are listed in Table 2.
Table 2 also presents the coefficients of variation” (CV)
for computation, synchronization and regridding times.
The Dispatch strategy outperforms the Homogeneous
scheme in all cases, with significant improvements in
standard deviation for compute and sync times. The
average compute times for Dispatch are slightly higher

2 The coefficient of variation is a dimensionless number that is
defined as the ratio of the standard deviation to the mean for a
given metric.
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than for Homogeneous due to higher but well-balanced
individual loads for each processor, resulting in a higher
overall average. However, the standard deviation and
CV values for compute times truly reflect the perfor-
mance gain due to more equitable load distribution.
Similar improvements are observed for synchronization
times as well. Moreover, the average regrid times for
Dispatch are only slightly higher than for the Homo-
geneous scheme. Consequently, the overheads for the
Dispatch strategy are negligible compared to the over-
all performance improvement. Also, the R-D scheme is
amenable for SAMR implementations as can be
observed by a factor of 6 improvement in execution
times for SAMR configurations with successively higher
levels of refinement. However, deep SAMR hierarchies
can lead to unfavorable computation-to-communication
ratios resulting in performance degradation. As a
result, appropriate trade-offs between computation and
synchronization components are necessary for efficient
SAMR execution.

8 Related work

Currently, there exists a wide spectrum of software infra-
structures and partitioning libraries that have been
developed and deployed to support parallel and
distributed implementations of SAMR applications. A
survey on AMR applications is presented in [14]. Each
system represents a unique combination of design deci-
sions in terms of algorithms, data structures, decompo-
sition schemes, mapping and distribution strategies, and
communication mechanisms. Related SAMR research
efforts and heterogeneous load partitioning schemes are
summarized in this section.
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8.1 SAMR research efforts

PARAMESH [25] is a FORTRAN library designed to
facilitate the parallelization of an existing serial code
that uses structured grids. The package builds a hierar-
chy of sub-grids to cover the computational domain, with
spatial resolution varying to satisfy application demands.
These sub-grid blocks form the nodes of a tree data-
structure (quad-tree in 2-D or oct-tree in 3-D). Each
grid block has a logically Cartesian structured mesh.

Structured adaptive mesh refinement application
infrastructure (SAMRALI) [21,43] provides computa-
tional scientists with general and extensible software
support for the prototyping and development of parallel
SAMR applications. The framework contains modules
for handling tasks such as visualization, mesh manage-
ment, integration algorithms, geometry, etc. SAMRALI
makes extensive use of C++ object-oriented techniques
and various design patterns such as abstract factory,
strategy and chain of responsibility. Load balancing in
SAMRATI occursindependently at each refinement level
resulting in convenient handling but increased parent-
child communication.

The Chombo [13] package provides a distributed
infrastructure and set of tools for implementing par-
allel calculations using finite difference methods for the
solution of partial differential equations on block-struc-
tured, adaptively refined rectangular grids. Chombo in-
cludes both elliptic and time-dependent modules as well
as support for parallel platforms and standardized self-
describing file formats.

Grid adaptive computational engine (GrACE) [31] is
an adaptive computational and data-management
framework for enabling distributed adaptive mesh
refinement computations on structured grids. It is built
on a virtual, semantically specialized distributed shared
memory substrate with multifaceted objects specialized
to distributed adaptive grid hierarchies and grid func-
tions. The development of GrACE is based on systems
engineering focusing on abstract types, a layered ap-
proach, and separation of concerns. GrACE allows the
user to build parallel SAMR applications and provides
support for multigrid methods.

One approach to dynamic load balancing (DLB) [22]
for SAMR applications combines a grid-splitting tech-
nique with direct grid movements so as to efficiently
redistribute workload among processors and reduce par-
allel execution time. The DLB scheme is composed of
two phases: moving-and splitting-grid phases The mov-
ing-grid phase is invoked after each adaptation and
utilizes the global information to send grids directly
from overloaded processors to underloaded processors.
If imbalance still exists, the splitting-grid phase is in-

voked and splits a grid into two smaller grids along
the longest dimension. This sequence continues until
the load is balanced within a given tolerance. A modi-
fied DLB scheme on distributed systems [23] considers
the heterogeneity of processors and the heterogeneity
and dynamic load of the network. The scheme employs
global load balancing and local load balancing, and uses
a heuristic method to evaluate the computational gain
and redistribution cost for global redistribution.

The stack of partitioners within the hierarchical par-
titioning framework, presented in this paper, build on
a locality preserving space-filling curve based represen-
tation of the SAMR grid hierarchy [32] and enhance it
based on localized requirements to minimize synchro-
nization costs within a level, balance load, or reduce
partitioning costs.

8.2 Related work in partitioning heterogeneous
workloads

In [28], Moon et al performed experiments to evaluate
the performance of simulations of hydrocarbon flames
using Multiblock PARTI (structured) and CHAOS
(unstructured) runtime support libraries. The physical
processes are classified as structured (e.g., heat conduc-
tion) or pointwise (e.g., radiation, chemistry, etc.) pro-
cesses. As there is no spatial coupling, the block-parti-
tioned data are redistributed across processors to bal-
ance the workload of pointwise processes, and are then
moved back into the original locations for the next struc-
tured process. This results in a substantial amount of
communication as the application redistributes data at
every timestep. Heuristic schemes partly alleviate redis-
tribution costs by generating a load balancing plan for
each of the participating processors and reducing the
communication volume during workload distribution.
However, the Dispatch scheme presented in this paper
accounts for heterogeneous workload in the current dis-
tribution itself and performs in-situ global partitioning,
without requiring additional data migration for load bal-
ancing purposes. Moreover, the use of distributed grid
functions enables parallel generation of load schedules
for participating processors.

Adaptive MPI (AMPI) [20] extends MPI to support
processor virtualization and provides dynamic measure-
ment-based load balancing strategies for automatic load
redistribution, based on object/thread migration in
CHARM++. AMPI is evaluated using an artificial
benchmark involving non-uniform 2-D stencil calcula-
tions, where the load on 1/16 of the processors
is much heavier than on the other 15/16 processors.
Unlike AMPI, Dispatch addresses adaptive meshing,
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domain decomposition, and runtime support for scien-
tific applications with computational heterogeneity.

9 Conclusion

This paper presented hierarchical partitioning and
dynamic heterogeneous load-balancing strategies to
address the spatiotemporal and computational heter-
ogeneity in SAMR applications. The hierarchical parti-
tioning approach reduces global synchronization costs
by localizing communication to processor sub-groups,
and enables concurrent communication. The level-based
partitioning scheme maintains locality and reduces
synchronization overheads while the bin-packing based
load balancing technique balances the computational
workload at each refinement level. Dispatch maintains
computational weights as distributed grid functions,
computes local workloads and partitioning thresholds,
and performs in-situ locality-preserving load balanc-
ing. These dynamic SAMR schemes were experimen-
tally evaluated for different system configurations and
different workloads using 3-D Richtmyer—-Meshkov
compressible turbulence and 2-D reactive-diffusion ker-
nels. Results demonstrated that the presented techniques
improve load distribution and overall runtime perfor-
mance, and enable the efficient execution of SAMR
applications. Future work aims at developing sophisti-
cated and intelligent runtime strategies that monitor the
simulation performance and adapt application behavior
to satisfy speed, quality, and other performance metrics
within system constraints.
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