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Abstract

Adaptive Mesh Refinement (AMR) is a type of multiscale
algorithm that achieves high resolution in localized regions
of dynamic, multidimensional numerical simulations. One
of the key issues related to AMR is dynamic load balancing
(DLB), which allows large-scale adaptive applications to
run efficiently on parallel systems. In this paper, we present
an efficient DLB scheme for Structured AMR (SAMR) appli-
cations. Our DLB scheme combines a grid-splitting tech-
nique with direct grid movements (e.g., direct movement
from an overloaded processor to an underloaded proces-
sor), for which the objective is to efficiently redistribute
workload among all the processors so as to reduce the par-
allel execution time. The potential benefits of our DLB
scheme are examined by incorporating our techniques into
a parallel, cosmological application that uses SAMR tech-
niques. Experiments show that by using our scheme, the
parallel execution time can be reduced by up to47% and
the quality of load-balancing can be improved by a factor
of four.

1 Introduction

Adaptive Mesh Refinement (AMR) is a type of multi-
scale algorithm that achieves high resolution in localized
regions of dynamic, multidimensional numerical simula-
tions. It shows incredible potential as a means of expanding
the tractability of a variety of numerical experiments and
has been successfully applied to model multiscale phenom-
ena in a range of disciplines, such as computational fluid
dynamics, computational astrophysics, meteorological sim-
ulations, structural dynamics, magnetics, and thermal dy-
namics. The adaptive structure of AMR applications, how-
ever, results in load imbalance among processors on paral-
lel and distributed systems. Dynamic load balancing (DLB)
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is an essential technique to solve this problem. In this pa-
per, we present a new DLB scheme that combines agrid-
splitting technique with direct grid movements. We illus-
trate the advantages of this technique with a real cosmolog-
ical application that uses Structured AMR (SAMR) algo-
rithm developed by Marsha Berger et al. [1] in the 1980s.

With any DLB scheme, the major issues to be addressed
are the identification of overloaded versus underloaded pro-
cessors, the quantity of data to be transferred from the
overloaded processor to the underloaded processor, and the
overhead that the DLB scheme imposes on the applica-
tion. In investigating DLB schemes, we first analyzed the
requirements imposed by the applications. In particular,
we completed a detailed analysis of an SAMR applica-
tion, the ENZO cosmological application, and determined
the unique characteristics that impose several challenges on
DLB schemes. ENZO, developed by G. Bryan and M. Nor-
man [3], is one of the successful parallel implementations
of SAMR for astrophysical and cosmological applications
on distributed-memory systems. It entails solving the cou-
pled equations of gas dynamics, collisionless dark matter
dynamics, self-gravity, and cosmic expansion in three di-
mensions and at high spatial resolution. ENZO was devel-
oped as a community code and is currently in use in over
different sites.

The results of the detailed analysis of ENZO provided
four unique characteristics relating to DLB requirements:
(1) coarse granularity, (2) high dynamicity, (3) high imbal-
ance and different dispersion, and (4) an implementation
that maintains some global information. First, the basic en-
tity of SAMR applications is a ”grid”, which has a mini-
mum size requirement, usually in the range of dozens of
kilobytes. Often, the basic entity, the grid, is much larger
than this minimum size. Thus the granularity, the size of
basic entity for data movement, is coarse. Second, there
is high dynamicity whereby the frequency of adaptations is
high (usually every 3.5 seconds or less for a 5000+ sim-
ulation) and the data structures required to manage the dy-
namic grid hierarchy are complex. For example, linked-lists
are used to manage the adaptations to avoid the overhead of
reallocating arrays or using very large arrays with wasted
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space. Third, the amount of refinement is in the range of
zero and90% with each adaptive process, which results in
a high imbalance among all the processors. Further, the
distribution of imbalance varies with different datasets; it
may occur in several localized regions or in a continuous
way. Fourth, and lastly, ENZO employs a global method to
manage the dynamic grid hierarchy, that is, each processor
stores a small amount of grid information about the other
processors. This information can be used by a DLB to aid
in balancing the load.

Dynamic load balancing has been intensively studied for
more than ten years and a large number of schemes have
been presented to date [5, 6, 7, 8, 9, 10, 12, 13, 14]. Each
of these schemes can be classified as eitherScratch-and-
Remap schemes[11] or Diffusion-based schemes[5, 8]. In
[11], it was determined thatDiffusion-based schemesgen-
erally provide better results for the problems in which im-
balance occurs globally throughout the computational do-
main, whileScratch-and-Remap schemesare advantageous
to the problems in which high magnitude imbalance occurs
in localized regions. The third characteristic, high imbal-
ance and different dispersion, however, implies that an ap-
propriate DLB scheme should provide good load-balancing
for both situations. Further, the second characteristic, the
high frequency of adaptation and the use of complex data
structures, results inScratch-and-Remap schemesbeing in-
tolerable because of the demand to completely modify the
data structures without considering the previous load dis-
tribution. In a diffusion method, each processor ”diffuses”
fractions of its workload to its underloaded neighbors and
receive workload from its overloaded neighbors simultane-
ously at each iteration step. Global balance is achieved by
successive migration of workload from overloaded proces-
sors to underloaded processors.Diffusion-based schemes
employs the neighboring information to redistribute the
load between adjacent processors, thereby requiring mul-
tiple diffusive steps to achieve global load balance. The
number of diffusive steps depends on the load distribution
of applications. An efficient DLB for AMR must also ad-
dress the first characteristic, the large grid sizes, to equalize
the load among the processes.

Our DLB scheme combines a grid-splitting option with
direct data movement. Basically, our scheme is composed
of two phases:moving-grid phaseandsplitting-grid phase.
The moving-grid phaseutilizes the global information to
send grids directly from overloaded processors to under-
loaded processors; only one communication is required to
move a grid. The use of direct communication to move the
grids eliminates the variability in time to reach the equal
balance and avoids chances ofthrashing[21]. Thesplitting-
grid phasesplits a grid into two smaller grids along the
longest dimension, thereby addressing the first character-
istic. Our DLB invokes themoving-grid phaseafter each

adaptation. This operation continues in parallel until no fur-
ther movement can be done. Then thesplitting-grid phase
will be invoked if imbalance still exists. This sequence con-
tinues until the load is balanced within a given tolerance.

The efficiency of our DLB scheme on an SAMR appli-
cation is measured using the execution time and the quality
of load balancing. Our experiments show that integrating
our DLB scheme into ENZO results in significant perfor-
mance improvement. For example, the execution time of
theAMR64dataset, a32�32�32 initial grid, on 32 proces-
sors is reduced by47%, from 5683:68 seconds to3011:44
seconds, and the quality of load-balancing is improved by a
factor of four.

The remainder of this paper is organized as follows. Sec-
tion 2 introduces SAMR algorithm and its parallel imple-
mentation ENZO. Section 3 analyzes the adaptive charac-
teristics of SAMR applications. Section 4 describes our dy-
namic load balancing scheme. Section 5 introduces some
load-balancing metrics followed by the experimental results
exploring the impact of our DLB on the real SAMR appli-
cations. Section 6 describes related work and compares our
scheme with some widely-used schemes. Finally, section 7
summarizes the paper and identifies our future work.

2 Overview of SAMR

This section gives an overview of the SAMR method,
developed by M. Berger et al. and ENZO, a parallel imple-
mentation of this method for astrophysical and cosmolog-
ical applications. Additional details about ENZO and the
SAMR method can be found in [1, 2, 3, 4].

2.1 Layout of Grid Hierarchy

SAMR represents the grid hierarchy as a tree of grids
at any instant of time. The number of levels, the number
of grids, and the locations of the grids change with each
adaptation. That is, a uniform mesh covers the entire com-
putational volume and in regions that require higher resolu-
tion, a finer subgrid is added. If a region needs still more
resolution, a even finer subgrid is added. This process re-
peats recursively with each adaptation resulting in a tree of
grids like that shown in Figure 1. The top graph in this
figure shows the overall structure after several adaptations.
The remainder of the figure shows the grid hierarchy for the
overall structure with the dotted regions corresponding to
those that underwent further refinement. In this grid hierar-
chy, there are four levels of grids going from level 0 to level
3. Throughout execution of an SAMR application, the grid
hierarchy changes with each adaptation.

For simplification, SAMR imposes some restrictions on
the new subgrids. A subgrid must be uniform, rectangu-
lar, and aligned with its parent grid and must be completely
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Figure 1. SAMR Gird Hierarchy
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Figure 2. Integrated Execution Order (refine-
ment factor = 2)

contained within its parent. All parent cells are either com-
pletely refined or completely unrefined. Lastly, the refine-
ment factor must be an integer[3].

2.2 Integration Execution Order

The SAMR integration algorithm goes through the vari-
ous adaptation levels advancing each level by an appropri-
ate time step, then recursively advancing to the next finer
level at a smaller time step until it reaches the same physi-
cal time as that of the current level. Figure 2 illustrates the
execution sequence for an application with four levels and
a refinement factor of 2. First we start with the first grid
on level 0 with time stepdt. Then the integration contin-
ues with one of the subgrids, found on level one, with time
stepdt=2. Next, the integration continues with one of the
subgrids on level 2, with time stepdt=4, followed by the
analysis of the subgrids on level 3 with time stepdt=8. The

Original DLB Algorithm

Done = FALSE;
while ( MaxLoad > Threshhold * MinLoad ) && Done = FALSE) {

                     if ( grid (i) resides on MaxProc && size (grid(i)) < (MaxLoad - MinLoad) / 2) {
                                   Move grid (i) from MaxProc to MinProc;
                                   Update load information of MaxProc and MinProc;

                                   Break;
                     }
          }
          if (i == NumberOfGrids)
                     Done = TRUE;
}

          for ( i = 0 ; i < NumberOfGrids; i++){

                                   Find new MaxProc (MaxLoad) and MinProc (MinLoad);

Figure 3. Pseudo-code of the original DLB
scheme

figure illustrates the order for which the subgrids are ana-
lyzed with the integration algorithm.

2.3 ENZO: A Parallel Implementation of SAMR

Although the SAMR strategy shows incredible potential
as a means for simulating multiscale phenomena and has
been available for over two decades, it is still not widely
used due to the difficulty with implementation . The algo-
rithm is complicated because of dynamic nature of memory
usage, the interactions between different subgrids and the
algorithm itself. ENZO [3] is one of the successful parallel
implementations of SAMR, which is primarily intended for
use in astrophysics and cosmology. It is written in C++ with
Fortran routines for computationally intensive sections and
MPI functions for message passing among processors.

ENZO implementation employs a global way to the man-
age grid hierarchy; that is, each processor stores the grid in-
formation of all other processors. In order to save space and
reduce communication time, the notation of a ”real” grid
and a ”fake” grid is used for sharing grid information among
processors. Each subgrid in the grid hierarchy resides on
one processor and this processor holds the ”real” subgrid.
All other processors have the replications of this ”real” sub-
grid, which is called ”fake” grid. Usually, the ”fake”grid
contains the information such as dimensional size of the
”real” grid, and the processor where the ”real” grid resides.
The data associated with a ”fake” grid is small (usually a
few hundred bytes), while the amount of data associated
with a ”real” grid is large (ranging from several hundred
kilobytes to dozens of megabytes).

The current implementation of ENZO uses a simple
DLB scheme that utilizes the previous load information
(characteristic two) and the global information (character-
istic four), but does not address the large grid sizes (char-
acteristic one). For the original DLB scheme, if the load-
balance ratio (defined asMaxLoad=MinLoad) is larger
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Figure 4. An Example of Load Movements us-
ing the Original DLB

than a hard-coded threshold, the load balancing process will
be invoked. MaxProc, which has the maximal load, at-
tempts to transfer its portion of grids toMinProc, which
has the minimal load, under the condition thatMaxProccan
find a suitable sized grid for transferring. Here, the suitable
size means the size is no more than half of the load differ-
ence betweenMaxProcandMinProc. Figure 3 gives the
pseudocode of this scheme.

An example of grid movements that occurs with this
DLB method is shown in Figure 4. In this example, there
are four processors: processor 0 is overloaded with two
large-sized grids 0 and 1, processor 2 is idle, and processor
1 and 3 are underloaded. The dash line shows the required
load for which all the processors would have an equal load.
After one step of movement with the original DLB, grid 0
is moved to processor 2 as shown in Figure 4 (b). At this
point, the original DLB stops because no other grids can be
moved. However, as the figure illustrates, the load is not
balanced among the processors. Hence, the original DLB
suffers from the problem of the coarse granularity of the
grids.

3 Adaptive Characteristics of SAMR Appli-
cations

This section provides some experimental results illustrat-
ing the adaptive characteristics of SAMR applications run-
ning with ENZO implementation(discussed in Section 1).
The experiments are analyzed from four aspects:granu-
larity (characteristic one),dynamicity(characteristic two),
imbalanceand dispersion(characteristic three) [16]. All
the figures shown in this section are obtained by executing
ENZO without any DLB. This is done to demonstrate the
characterization independent of any DLB.

Three real datasets (AMR64, AMR128, and Shock-
Pool3D) are used in this paper. BothAMR128andAMR64
are designed to simulate the formation of a cluster of galax-
ies;AMR128is basically involves a larger grid thanAMR64.
Both datasets create many grids randomly distributed across
the computational domain.ShockPool3Dis designed to
simulate the movement of a shock wave (i.e., a plane) that is
slightly tilted with respect to the edges of the computational
domain. This dataset creates more and more grids along the

Ghost Region

Computational
Interior

Complete
Grid

Figure 5. Components of Grids

moving shock wave plane. The sizes of these datasets are
given in Table 1.

� Granularity: Size of Basic Entity for Data Movement

The basic entity for data movement is a grid. Each
grid consists of acomputational interiorand aghost
zoneas shown in Figure 5. Thecomputational inte-
rior is the region of interest that has been refined from
the immediately coarser level; theghost zoneis the
part added to exterior of computational interior in or-
der to obtain boundary information. For thecompu-
tational interior, there is a requirement for the mini-
mum number of cells, which is equal to the refinement
ratio to the power of the number of dimensions. For
example, for a 3-dimensional problem, if the refine-
ment ratio is2, then the computational interior will
have at least23 = 8 cells. The default size for the
ghost zones is set to 3, so each grid should have at
least(3 + 2 + 3)3 = 512 cells. However, the grids
are often much larger than this minimum size. Usu-
ally, the amount of data associated with grids varies
ranging from 100KB to 10MB. Thus the granularity
of a typical SAMR application is very coarse, thereby
making it very had to achieve a good load balance by
moving the basic entities.

� Dynamicity: Frequency of Load Changes

After each time-step of every level, the adaptation
process is invoked based on one or more refinement
criteria defined at the beginning of the simulation.
The local regions satisfying the criteria will be re-
fined. The number of adaptations varies for different
datasets. ForShockPool3D, there are about600 adap-
tations throughout the evolution. For some SAMR
applications, more frequent adaptation is sometimes
needed to get the required level of detail. For example,
for the medium-sized datasetAMR64with initial prob-
lem size32� 32� 32 running on 32 processors, there
are more than2500 adaptations with the execution time
of about 8500 seconds, which means the adaptation
process is invoked every3:4 seconds on average. For
the larger datasetAMR128, there are more than5000
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Dataset Initial Problem Size Final Problem Size Number of Adaptations
AMR64 32 � 32� 32 4096� 4096 � 4096 2500

AMR128 64 � 64� 64 8192� 8192 � 8192 5000
ShockPool3D 50 � 50� 50 6000� 6000 � 6000 600

Table 1. Three Experimental Datasets

Figure 6. Average Normalized Load Per Pro-
cessor

adaptations. High frequency of adaptation requires the
underlying DLB method to execute very fast, as well
as to maintain high quality of load balancing.

� Load Imbalance

Figure 6 shows the average load per processor and the
standard deviation forAMR64and ShockPool3Dre-
spectively. The line shows the average load per pro-
cessor and the bar on the line gives the standard devia-
tion. The load shown in the figures is normalized to the
maximal load. The ideal balanced load occurs when
the average load is1:0. The figure indicates that the
average load is decreasing as the number of processors
goes up. ForAMR64, when the number of processors
increases from 4 to 64, the average load decreases from
0:496 to 0:0394 and the standard deviation goes down
from 0:126 to 0:005. For AMR128, the results are the
similar to those ofAMR64. ForShockPool3D, the aver-
age load decreases from0:456 to 0:338 as the number
of processors increases from 8 to 64. For both datasets,
the standard deviation is pretty small compared to the
average load, which means that the average load re-
flects the entire load distribution. For both cases, the
average load is less than0:4 when the number of pro-
cessors is more than 16, which means that most of the
processors are underloaded. Hence, a very high im-
balance exists for the two datasets, with the imbalance
increasing with increase in number of processors.

� Dispersion: Load Distribution

Figure 7 illustrates the difference of load distribution
betweenAMR64 and ShockPool3D. The x-axis rep-
resents the processor number, and the y-axis repre-
sents the percentage of refinement per processor. For
AMR64, there are only a few processors whose loads

Figure 7. Percentage of Refinement for Each
Processor using 64 processors

are increased dramatically and most processors have
little or no change. For example, runningAMR64on
64 processors, there are only 8 processors (processor
number 22, 23, 26, 27, 38, 39, 42, 43) whose loads
are increased while loads of all the other processors
remain the same. As mentioned above, the dataset
AMR128is essentially a bigger version ofAMR64, so
high imbalance occurs locally for bothAMR64 and
AMR128. For ShockPool3D, the percentage of refine-
ment per processor has some regular behavior: all
the processors can be grouped into four subgroups
and each subgroup has similar characteristics with the
percentage of refinement ranging from zero to86%.
These figures indicates that different datasets exhibit
different load distribution, and the underlying DLB
scheme should provide high quality of load balancing
for all these datasets.

4 Our DLB Scheme

After taking into consideration the adaptive characteris-
tics of the SAMR application, we developed an improved
DLB scheme. Our DLB is composed of two steps:moving-
grid phaseand splitting-grid phase. The splitting-grid
phasesplits the grid, along the longest dimension, into two
subgrids. Figure 8 gives the pseudocode of our scheme. The
details of each phase are given below.

� Moving-Grid Phase

After each adaptation, our DLB is triggered if the
load is imbalanced, that is,MaxLoad=AvgLoad >
threshold. The MaxProc moves its grid directly
to MinProc under the condition that the computa-
tional load of this grid is no more than(threshold �
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                 for ( i=0; i < NumberOfGrids ; i++) {

                      Move grid (i) from MaxProc to MinProc;

                     Update load information of MaxProc and MinProc;

                     Find new MaxProc (MaxLoad ) and MinProc (MinLoad);

                     Break;

        }

}

if ( i == NumberOfGrids)

}

               Find the largest grid MaxGrid residing on MaxProc;

               }

                         

               Find new MaxProc (MaxLoad) and MinProc (MinLoad);

                           SplitGrid =0;

}

                           Move MaxGrid from MaxProc to MinProc;

           MoveFlag = 0;

            // split-grid phase

MoveFlag = 1; SplitFlag = 1; LastMax = 0; LastMin = 0;

  else {

                           Redistribute one of split grids to MinProc;

                }

               Update load information of MaxProc and MinProc;

               LastMax = MaxProc; LastMin = MinProc;

              if (LastMax == MaxProc && LastMin == MinProc)

Split MaxGrid into two by following the requirement of SAMR algorithm;

while (MaxLoad > threshhold * AvgLoad  && MoveFlag ==1 ) {                     //moving-grid phase

          if ( grid (i) resides on MaxProc && size(grid (i)) < ( threshold * AvgLoad - MinLoad)) {

while ( MaxLoad > Threshold * AvgLoad  && SplitFlag == 1 ) {

               if ( size(MaxGrid ) <= (AvgLoad - MinLoad )) {

Our DLB Algorithm

Figure 8. Pseudo-code of our DLB scheme

AvgLoad � MinLoad). AvgLoaddenotes the re-
quired load for which all the processors would have
an equal load. Thus our DLB does not make any un-
derloaded processor become overloaded. This phase
continues until either the load-balancing ratio is satis-
fied or all grids residing on theMaxProcare too large
to be moved. Further, this phase uses the global infor-
mation to move a grid directly from theMaxProc to
MinProc in one communication step.

Note that no sorting process is performed in this phase,
so the first grid onMaxProcwhose size satisfies the
requirement will be moved toMinProc. Further, this
phase differs from the original DLB scheme (Figure 3)
from several aspects. First, from Figure 4, it is ob-
served that the original DLB may cause the previous
underloaded processor (processor 2) to be overloaded
by solely moving grids from overloaded processors to
underloaded processors. This phase overcomes this
problem by making sure that any grid movement will
make an underloaded processor reach, but not exceed,
the average load. Second, in this phase, a different
metric (MaxLoad=AvgLoad > threshold) is used
to measure load imbalancing. This metric is more
accurate than the metric (MaxLoad=MinLoad >
threshold) used in the original DLB scheme. For
example, suppose two cases, the loads of the
first case are(20; 8; 8; 8; 8; 8) and the second are
(12; 12; 12; 12; 12; 0). The second distribution is pre-
ferred over the first case because the maximum run-
time is less. By settingthreshold to 1:50, thismoving-
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1
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Figure 9. An Example of Load Movements us-
ing our DLB

grid phasewill be entailed for the first case. However,
by using the original DLB withthreshold set to2:50,
load-balancing process will be invoked for the second
case, but not for the first case.

� Splitting-Grid Phase

After themoving-grid phase, if imbalance still exists,
this phase will be invoked. First, theMaxProcfinds the
largest grid it owns (denoted asMaxGrid). If the size
of MaxGrid is no more than(AvgLoad�MinLoad)
which is the amount of load needed byMinProc, the
grid will be moved toMinProc from MaxProc; oth-
erwise,MaxProcsplits this grid along the longest di-
mension into two smaller grids. One of the two split
grids, whose size is around(AvgLoad �MinLoad),
will be redistributed toMinProc. After such a split-
ting step,MinProc may reach the average load. Fur-
ther splitting steps attempt to make other underloaded
processors reach the average load. Eventually, either
the load is balanced, which is our goal, or we reached
the minimum allowable grid size.

Note that both themoving-grid phaseandsplitting-grid
phaseexecute in parallel. For example, in themoving-grid
phase, when processor 0 moves one of its grids to proces-
sor 5, all the other processors continue on themoving-grid
phase. If new MaxProcandMinProc are processor 1 and 2
respectively, then processor 1 will move one of its grids to
processor 2 and this process is overlapped with the move-
ment from processor 0 to processor 5. The same overlap-
ping occurs in thesplitting-grid phase.

To illustrate the use of our DLB, versus the original
DLB, we use the same example given in Figure 4. For
this example, the grid movements of our DLB is shown
in Figure 9. The two grids on overloaded processor 0 are
larger than(threshold�AvgLoad�MinLoad), so there
is no work done in themoving-grid phaseandsplitting-grid
phasebegins. First, grid 0 is split into two smaller grids and
one of them is transferred to processor 2. Then grid 1 is split
into two and one of them is moved to processor 1. Since
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grid 1 residing on processor 0 is still large enough, it is split
again and one of them is migrated to processor 3. As we
can observe, compared with the grid movements of the orig-
inal DLB shown in Figure 4, our DLB combines the grid-
splitting technique with direct grid movements, thereby im-
proving the load balance.

5 Experimental Results

The potential benefits of our DLB scheme are examined
by executing real SAMR applications running ENZO on
parallel systems. All the experiments were executed on the
195 MHz R10000 SGI Origin2000 machines at NCSA1.
The code was instrumented with performance counters and
timers, which do not require any I/O.

5.1 Load Balancing Metrics

The effectiveness of our DLB scheme is measured by
both the execution time and the quality of load balancing.
First, the following metrics are proposed to measure the
quality of load balancing:

� Average Loadis the average of the normalized load
among all the processors for all of the adaptations:

m1 =

PN
j=1

P
P

i=1
Li(j)

P

N
=

PN
j=1

AvgLoad(j)
MaxLoad(j)

N

WhereN is number of adaptations,P is number of
processors, andLi(j) is normalized to the maximal
load for theith processor for thejth adaptation. The
closerm1 is to 1.0 the better; the value of 1.0 implies
equal load distribution among all the processors.

� Average Standard Deviationof Average Loadis de-
fined as:

m2 =

PN
j=1

rP
P

i=1
(Li(j)�m1(j))2

P�1

N

By definition, the capacity to keepm2 low during the
execution is one of the main quality metrics for an ef-
ficient DLB. The capacity to havem2 a small fraction
of m1 indicates an efficient DLB.

� Average Percentage of Idle Processorsis defined as

m3 =

PN
j=1 p(j)

N

Wherep(j) is the percentage of idle processors for the
jth adaptation. As mentioned above, due to the coarse

1National Center for Supercomputing Applications, Urbana, IL

granularity of SAMR applications, it is possible that
there may be some idle processors for each iteration.
Obviously, the smaller this metric is, the better load
balancing is.

5.2 Total Execution Time

Table 2 summarizes the total execution times with vary-
ing numbers of processors by using our DLB and the orig-
inal DLB. It is observed that our DLB greatly reduces the
execution time, especially when the number of processors
is more than 16. The relative improvements of execution
time are as follows: between8:5% and47% for AMR64, be-
tween�4:8% and20:2% for AMR128, and between9:6%
and26:1% for ShockPool3D. For all the datasets, the largest
improvement occurs with 32 processors. However, we
may notice that there are two exceptions. When executing
AMR128on 8 or 16 processors, our DLB has worse per-
formance compared to the original DLB. The reason is that
our DLB tries to improve the load balance by using grid-
splitting technique, which entails some communication and
computation overheads. For example, more smaller grids
are introduced across processors which require more com-
munications to transfer data among processors. Further,
more computational load is added because each grid re-
quires a ”ghost zone” to store boundary information. When
the number of processors is not large and the original DLB
provides relatively good load balancing, the overheads in-
troduced by our scheme may be larger than the gain pro-
vided by using our scheme. When the original DLB is not
efficient, especially when the number of processors is larger
than 16, our DLB is able to redistribute load more evenly
among all the processors, thereby utilizing the computing
resource more efficiently so as to improve the overall per-
formance. The last row of the table shows the average rel-
ative improvement over all the datasets with different num-
ber of processors. Hence, on average, our DLB provides an
improvement over the original DLB, especially when the
number of processors is larger than 16.

5.3 Quality of Load Balancing

The first load-balancing metricAverage Loadis given
in Figure 10. It indicates that the average load is decreas-
ing with increasing number of processors by using either
of two methods. This results because it is more likely that
there are not enough grids to be redistributed among proces-
sors if there are more processors. Our scheme, however, is
able to significantly improve this metric by splitting large-
sized grids for all cases. Further, the amount of improve-
ment gets larger as the number of processors increases. In
general, the relative improvement of theAverage Loadmet-
ric ranges between23% and605% by using our DLB. In
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Dataset 8 procs 16 procs 32 procs 48 procs 64 procs
AMR64 (Orignal DLB) 5466.97 5429.76 5683.68 4999.11 5098.19

AMR64 (Our DLB) 5004.32 3561.32 3011.44 3078.38 3474.83
(8:46%) (34:41%) (47:02%) (38:42%) (31:84%)

AMR128 (Original DLB) 53111.15 27919.77 23239.27 18821.85 17083.73
AMR128 (Our DLB) 55683.05 28550.15 18552.89 17101.82 15798.05

(�4:84%) (�2:26%) (20:17%) (9:14%) (7:53%)

ShockPool3D (Original DLB) 16188.88 9315.85 5823.76 4530.50 4303.47
ShockPool3D (our DLB) 14636.63 8374.81 4301.76 3396.65 3331.12

(9:59%) (10:10%) (26:13%) (25:03%) (22:59%)

Average Relative Improvement 4.4% 14.1% 31.1% 24.2% 20.7%

Table 2. Total Execution Time

Figure 10. Average Load (normalized to the
maximal load)

Figure 11. Percentage of Idle Processors

all cases, the average load for our DLB was always greater
than 0.5, which is significant. Our results of the second
load-balancing metric (not shown) indicate the standard de-
viation of this metric is quite low (less than 0.096), which
meansAverage Loadmetric can truly represent the load dis-
tribution of all the processors.

Average Percentage of Idle Processorsis shown in Fig-
ure 11. The average percentage increases as the number
of processors increases for both methods. As mentioned
above, it is due to the fact that there are not enough grids
for movement when there are more processors. However,
the percentage of idle processors is much less by using our
DLB; the percentage ranges from zero to approximately

Figure 12. Overhead of our DLB

25% for our DLB, as compared to5:9% to 81:2% for the
original DLB. Larger percentage of idle processors means
more computing resources are wasted.

5.4 Overhead of Our DLB Scheme

The overhead of our DLB with respect to the total exe-
cution time is summarized in Figure 12. It shows that the
overhead is increasing from4:7% to 41:2% as the number
of processors increases. The most time-consuming portion
of our DLB is the communication time to share the ”fake”
grid information among all processors after eachsplitting-
grid phase. This overhead is due to the fact that ENZO
employs a global method to manage the adaptive grid hier-
archy.

6 Related Work

Grid-splitting is a well-known technique and has been
applied in several research works[17, 18, 19, 20, 22].
J. Rantakokko uses this technique in his static load bal-
ancing scheme [15] which is based on Recursive Spec-
tral Bisection. The main purpose of Rantakokko’s static
scheme is to efficiently divide the computational domain
and reuse a solver for a rectangular domain. In our scheme,
the grid-splitting technique is combined with direct grid
movements to provide an efficient dynamic load balancing
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scheme. Here, grid-splitting is used to reduce the granular-
ity of data moved from overloaded to underloaded proces-
sors, thereby resulting in equalizing load throughout execu-
tion of the SAMR application.

Our DLB is not aScratch-Remap Schemebecause it
takes into consideration the previous load distribution dur-
ing the current redistribution process. As compared toDif-
fusion Scheme, our DLB scheme differs from it in two man-
ners. First, our DLB scheme addresses the issue of coarse
granularity of SAMR applications. It splits large-sized grids
located on overloaded processors if just the movement of
grids is not enough to handle load imbalance. Second, our
DLB scheme chooses the direct data movement between
overloaded and underloaded processors instead of just be-
tween neighboring processors.

7 Summary

In this paper, we proposed a dynamic load balancing
scheme for SAMR applications. Our DLB scheme includes
two phases:moving-grid phaseand splitting-grid phase.
The potential benefits of our scheme are examined by in-
corporating our DLB into a real SAMR application, ENZO.
The experiments show that our scheme can significantly im-
prove the quality of load balancing and reduce the total ex-
ecution time, compared to the original DLB. By using our
DLB, the total execution time of SAMR applications was
reduced up to47%, and the quality of load balancing was
improved by more than two times especially when the num-
ber of processors is larger than 16. While the focus of this
paper is on SAMR, the techniques can be easily extended
to other SAMR applications. For example, for unstructured
AMR applications, if some global load information is pro-
vided, we can perform load balancing by direct load move-
ment between overloaded and underloaded processors; if
the basic entity for data movement is large and solely per-
forming grid movements among processors cannot obtain
satisfying load balancing, a grid-splitting technique can be
exploited and the largest grid on an overloaded processor
can be split along the longest edge.

Future work includes decreasing the communication
overhead introduced by our scheme, sensitivity analysis of
parameters (such as threshold) used in our scheme, and ex-
tending our work to distributed systems which is composed
of heterogeneous processors and networks.
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