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One forthcoming challenge in the arca of high-performance computing i, having the ability to run large-scale problems 
while coping with less memory per compute node. In this work. we investig3tc a novel data decomposition method that 
would allow Monte CurIo transport ca lcu lations to be performed on systems with limited memory per compute node. In 
this method. each compute node remotely retrieves a small set of geometry and cross-section data as needed dnd 
remotely accumulates local tallies when cross ing the boundary of the local spatial domain. In itial results demons tra te 
that while the method does allow large problems to be run in a memory-limited environment, achieving scalability may 
be dinicult due 10 inefficiencies in the currenl implementalion of RMA operations. 
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I. Introduction 

In recent years , there has been an increasing interest in 
USing Monte Carlo methods to solve the neutron transport 
equation not only for validation purposes but also as a 
routine design tool. This shift has necessitated higher level s 
of compl exity and detail in the geometric models being used 
and, consequently, higher demand on computing resources. 
At the same time, the advancement of high-perfonnance 
technical computing has allowed rescarchers to begin 
studying large-scale problems that would have previously 
been difficult, if not impo sible, to solve using Monte Carlo 
methods. 

Notwithstanding the benelits of the Monte Carlo method, 
the fact remains that simulatiuns using Monte Carlo codes 
may take considerably longer to run than Iheir detenninistic 
counterparts, especially when determining local quantities 
such 3 S reaction rates. As a result , Monte Carlo codes are 
routinely run in parallel on a workstation. cluster, or 
supercomputer. Monte Carlu simulations are inherently 
parallel since each stochastic realization of a neutron being 
tnlcked through phase space is completely independent of all 
other reali zations. This is especially true for fixed source 
probl ems where no synchronization is necessary. For 
criticality problems, care must be taken to ensure that the 
source distribution and eigenvalue con verge: before tallying 
quantities of interest and to ensure reproducibility. 

However, the ability to run a Monte Carlo code in parallel 
depends not only on the nature of the simulation but also on 
the computer architecture it is bcing mn un. In order for 
most Montc Carlo codes to run in parallel, each process must 
have access to all the geometry and cross-section data. This 
means that the problem data are replic.ated and made 
available to each processor, thus imposi ng a constraint on 

the amount of system memory reqUired. For example, if the 
geometry and cross- section data consume 4 GB of memory 
and the uscr desires to run on 8 processors, the total memory 
requirement will be at least 32 GB. For high-fidelity 
problems such as a reactor full-core model with hundred .. or 
thousands of depletion zones. it may not be poss ible to usc 
all the proces ors on a single node l if doing so would 
exceed the amount of memory available on thai node. 

II. Methodology 

11.1. History and Motivation 

Over the course of the last 40 years, microprocessor 
architccture and manufacturing processes have improved 
dramaticaIly as evidenced by the persistent trend of 
increasing transistor density, larger die sizes, and increasing 
processor clock frequency. The clock frequency is often useu 
as measure of the performance uf it processor. Thus, thc 
performance of processors has also improved over time due 
to highcr clock frequencies which allow for more operations 
per second. 

However, in the la st half decade, we have seen only 
modest increases in clock frequcncic s. Nowadays, major 
improvements in performance are aehieved by other mean s 
such as pipelining. instruction-le vel paralleli sm, multiple 
funct ional unit . and most importantly multi-core and 
many-core processors. 

The advent of multi-core chips has forced a raradigm 
shift in th~ programming world, with incrcased emphasis on 
threaded calculations (e.g., llsing OpenMP or pthreads) on :1 

I By "node" here. we me3n a typical symmetric multiprocess ing 
(SMP) machine whereby multiple pro~ esso rs or cores are 
connected 10 a ,; ingle shared memoly. 



compute node, with message-passi ng (e.g., OpenMPI, 
MPICH2) between different nodes. Having a greater number 
of cores per proccsso r will only benefit true performance if 
programmers take advantage of the parallelism inherent in 
the architecture. 

The above considerations lead one to conclude that in the 
near future, symmetric multiprocessing nodes will likely 
have hundreds of processo r cores all sharing memory. The 
memory avail able on each nodc to be sharcd among cores 
will likely show only modest growth , leading to possibl y less 
memory pre core. In turn , the mcmory requi red by MOllte 
Caro simulation will grow over time due to both the 
increas ing tidclity of problems being simulated as well as a 
higher number of processo rs on a sing\t: shared memory 
node. As a result, there will be a need for new methods that 
cope with limited memory in Monte Carlo (and other) 
simulations. 

11.2. Data Decomposition 

In order to run a problem which would exceed the 
memory of a single node, the typical approach is to 
decompose the spatial domain and follow particlcs in a 
single domain on one compute node , moving particles 
betwcen domain s as needed . While thi s may work well for 
problems where the partick: di stribution is nearly uniform, 
non-un iformity may lead to poor load balancing, poss ibl y 
even zero speedup due to idle processors and increasi ng 
commun ication . The inherent parallelism in Monte Carlo is 
over particles. not over spatial domains. 

In this paper, we look at an alternative scheme for 
paralle li zation. In this scheme, the problem data arc still 
spatially decomposed, but need not reside locally on the 
compute nodes. Rather than ass igning particles to compute 
nodes based on their spatial coordinates, parall eli sm on 
particles is achieved hy having each compute node retrieve 
geometry and cross-section data from other nodes only as 
nccdcd. This approach is remini scent of schemes used in the 
ca rly days of computing, where much data was stored in 
LCM, SSD, or disk storage and fetch ed intu memory as 
needed. This appruach ensures that each compute nod~ 
follows the same number of particles and thus performs 
approximately the same amoulll of work. 

The mapping of the particle and data processes onto the 
computing nodes is very fl ex ible in the proposed data 
deco mposition method . Since one-sided communication 
allows anyone node to fetch Llata from another node as 
needed, the geometry and cross -section data can be stored 
anywhere in memory. The particle and data processes could 
thus be mapped to the same or different computing nodes. If 
needed, data nodes could be replicat ed to prevent contention 
between two nodes trying to access the same data. 

11.3. Network Communication 

The inherent limitation of the proposed method is greater 
communication as opposed to greater memory. Although 
message-passing would normally make such a scheme 
highly inefficient, the introduction of remote data access 
featurcs in MPI-2 (one-sided remote puts and gets) could 

make it an effecti ve approach for solving problems too large 
to fit in the memory of a single node. It is instructi ve at this 
point to rev iew the bas ics of onc- and two-sided 
communication . 

/J.3.a . Remote Mell1()Y\' Access 

The Message Pass ing Intcrfilce (MPI) ha s become the 
dc-fac to standard API for programming parallel computers. 
The MPI-l standard l l 

W3S entirely based on what's known as 
" two-sided communication". In th is model , two processes 
can scnd data to one another, but in dO lng so, both proccsses 
must cxplicitly know that the communication is taki ng place . 
TIlus , one process issues a com mand to send data from a 
buffer in its memory while the other process issues a 
command to receive data into a bulTer in its memory. 

The MPI-2 standard 2
) introduced a set of features called 

one-sided communication. This mode of communication 
allows a process to rem otely access the memory of another 
process without explicitly issuing a call to an MP[ routine, 
hence the alternate name remote memory access (RMA) . In 
order to do so, the originat ing process must specify a,ll the 
communicati on parameters. The target process may not even 
know what buffer in memory was accessed or which remote 
process accessed its memory. 

There are three basic RMA communication calls : remote 
reads (MPl_GET), remote writes (MPI_ PUT). and remote 
updates (MPI ACC 'M LATE). Thc operation perfo rmed 
during the remute update could be adding a value to a rcmote 
butTer, multiplying it by a value, or one of a number of other 
options. 

/J.Jh. Algorithm 

In the data decomposition algorithm, we subdivide the 
domain of the prob lcm over a number of nodes as illustrated 
in Figure 1. Each colored region corresponds to a 
subdomain th at is stored on one node. When 3 particle hits 
the boundary of the subdomain, rather than moving th e 
parti cle to Jnother processor as in the domain decomposition 
method , the node remotely retrieves the geometry [or the 
rl!gion which it is about to enter and accumulates any tall ies 
for the previous region it was in. One also needs to 
accumulate tallies whenever a particle leaks out of the 
geometry or is absorbed by a material. 

Figure 1: Decomposition of geometry into several subdol1lains 
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While the basis of the method is si mpk enough, the devil 
is in the details. There are many variabks ~t hond th~t make 
actually implemcnting this method in an efficient way a 
difficult problem. For instance, one should consider how 
large the subdomains should be, how each nodc will know 
where to rctrieve data from and accumlllat~ tallies to, when 
should problem data be rep ltcJ t~d , etc. Rather than deal with 
all the complexities at hand immed iate ly, in this paper we 
implement the method in a simple Monte Carlo code to gain 
some basic insights into the potential performance of this 
algorithm. 

11.4. Performance of MPI Implementations 

Before we bcgin lookin g at the performancc of the data 
decomposition method itself, it is instructive to first look at 
the performance of the underlying remote memory access 
routines in various MPI imp lementations since the method 
rel ies heav ily on RMA functionality. While there are many 
MP[ implementations in ex istence, the two major 
implementations with large developer communities and 
active development are OpenMPI and MPICH2. Both of 
these implementations fully conform to the M PI-2 standard . 

To tcst thc performance of one-sided communications. we 
looked at the average time it took to complete a remote read 
and a remote update for OpenMPI 1.4 and MPICH2-1.2.1 . 
Figure 2 shows how th e average time varies with the 
number of nodes simultaneously making calls to MPI_GET. 
We note that each process callin g MPI_GET was remotely 
gett ing data from a distinct node so that there should be no 
data contention. 
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Figure 2: Average time to perform MP'_GET for MPI 

implementations 

Figure 3 shows that remote updates perform similar to 
remote reads. It is clear from these figures that using 
OpenMPI in its current release will result in non-sca labl e 
code since the average time to perform an RMA operation 
increases with the number of nodes. Thus, we have elected 
to use iVIPICH2 for any testing and performance studies. 
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Figure 3: Average time to perform MP'_ACCUMULATE for 
MP' implementations 

II 1. Performance Studies 

Ill.\. Description of Simple Code 

As a lirst step, a simple Monte Carlo criticality code was 
written in Fortran 90 and paralleli zed using point-to-point 
and collective communications . The MPICH2 
implementation was used to provide capabilities for 
message-passing and remote memory access. To make 
matters simple, only one energy group is used and scattering 
is assumed to be isotropic in the lab coordinate system. No 
variance reduction techniques are employed, so a particl e's 
weight docs not change throughout its history. 

The geometry is divided into a three-dimensional 
st ructured rectangular mesh, and each mesh cell is assigned a 
material number. The outer edges 01' the geometry can be 
assigned either vacuum or reflective boundary conditions. 
The method of successive generations is employed to 
converge on a stable fission source distribution and 
eigenvalue. 

!!!. 1.0. Retrieval of Prohlem Dolo 

In our implementation , regions are specified with a 
derived data type named region. This data type has three 
attributes: the (x .y,:) coordinates of the lower-left corncr of 
the region, the (x,y,.) coordinates of the upper-right corner of 
the region, and the material number assigned to the region. 
Thus, the entire geometry consists of one dynamically 
allocated array of type reg ion . 

The algorithm for dynamic retrieva l of geometry data by 
the slave processes works as follows . At the begi nning of a 
particle's life as well as each time a boundary is crossed, a 
call is made to a ro utine 1IpdoleRegion provided the particle 
hasn't leaked out of the geometry or hit a reflective boundary 
condition. The updaleRcgiol1 routine checks whether the 
particle has hit the edge of its local spatial domain, and if so, 
it makes a call to MPI_ GET to fetch a new block of region 
data that includes the region it is about to enter. To facilitate 
this process. each particle is assigned two tripl ets (ij,Ie), one 
indicating what global region the particle is currently in and 
one indicating what local region the particle is currently in. 

The accumulation of local tallies onto the data nodes is 
similar in pr inciple to the retrieval of data. The size of the 
tally arrays on the compute and data nodes are the same as 



the size as the geo metry arrays . 

111.2. Worst-Case Scenario 

Let us now look at the performance of the simple scheme 
outlined above to sec what improvcments Jnd refinements, if 
any, are necessary to make. We begin by looking at the 
worst-case sccnario whereby there is no data decomposition 
and no data replication across nodes, i.e. all the problem data 
and tally structures sit on the master process. 

The worst-case scenario is represented by the diagram in 
Figure 4. Here we see that the master process and the sole 
data node are one and the same. This will result in 
non-scalability for a number of reasuns. Fi rstly, as the 
number of compute nodes increases , there will be increasing 
contcntion for retrieving data and accumulating tallies on the 
mast<o:r process. Another possible source of contention will 
be simultaneous rcquests for work by one compute node and 
for data by anuther compute node. This source of contcntion 
would, in theory, be obviated if the network interconnect 
supports rcmote direct memory acce:,s (RDMA) wherein the 
RMA operations do not int<:rf'cre at all with computation . 

Figure 4: Physical depiction of worst-case scenario 

By having all the problem data on one node, we are 
guaranteed to have the maximum amount oCconlenliun for 
data since every compute node will query the mastcr process 
for data wh<o:ncver it needs to get a new geometry region u( 
accumulate tallies. 

There are two manners in which we can test the 
performanc~ of this scheme. The first, and more common, 
method is to run the prubkl)1 with varying number 0 r 
processors for a fixed amount uf work, e.g. 100,000 histories 
per cycle. Thi s is known as strong scaling. The other method 
is to increase the amount ofwark proportionally to the 
number of processors so that each processor has the same 
amount of work to perform regardless of how many 
processors are being run on. This ensur<o:s that the ratio 
between time spent in computation and time spent in 
communication should stay equa l, nnd thus, the probl em 
should scale. This is knuwn as weak sca ling. 

Based on the above considerations , it shou ld be no 
surprise that thi s scheme shows very poor performance wi th 
an increas ing number of processors. Figure 5 shows the 
speedup versus the number of compute nodes. Optimal 
performance is reached wit h only threc compute nodes . Past 

thi s point, adding further compute nodes only slows down 
the run overall due to data contention at the master process. 
Each run consisted of 20 cycles with 10,000 histories per 
compute node per cycle (weak scaling). These runs were 
performed on the Kilkenny cluster at MIT. a commodity 
Linux cluster with a Gigabit Ethernet network interconnect. 
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Figure 5: Speed-up for worst-case sc~nario 

111.3. Best-Case Scenario 

The next scenario we louk at is une in which each 
compute node has a dedicated data node that has alJ the 
problem data full y replicated. [n thi s scenario. there shou ld 
be no data contention since no two compute nodes wi ll be 
making requests for data on the same data node. The 
diagram of this scenario shown in Figure 6 illustrates that 
each compute node has its associated data node on the same 
physical node. This will minimi ze the communication 
latency since accessing memory on the same physical node 
should be fa ster than accessing memory on a ditTercnt node. 

For the worst-case scenario, it was suffici ent to see that 
even with weak scaling, the scheme was non-scalable. 
However, for the best-case scenario, it it instructive to look 
at both \veak and strong scaling. Runs with up to 40 compute 
nodes and 40 data nodes were pertormed, again using the 
Kilkenny cluster. For the weak scaling cases , 10,000 
histories per compute node were used. For the strong scaling 
cas~s, 400,000 total hi sturies wt!re used. 

Figur~ 6:- Physical d~pi'ction of best-case scenario 

With no contention for data on each of the data nodes, the 
speed-up becomes nc,lrly linear. Figure 7 shows the speedup 



versu5 the number of compute nodes. 
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Figure 7: Speed-up for best-case scenario 

We ca n sec: in Figure 7 that weak sca ling performs 
slightly better than st rong scaling as one might expect from 
intuition. The results here are encouraging given that the 
runs were performed on commodi ty hardware. On a 
supercomputer with a fast network intercon nect , the results 
should be even better than show n here. 

111.4. Effect of Locality of Data on Communication 
Costs 

In our best-case scenario above , we conjectured that by 
having the data stored on the same physical node as the 
compute node, th e communi cation laten cy would be 
minimized. To actually quantify the effect of the loca lity of 
the data on the communication latency, two cases were run 
to see how performance fared when having aJl the data local 
to th e compute nodes as wel.l as the opp osIte . These cases are 
simil ar to our best-case scenario abo ve in that each compute 
node has a dedicated data node. 

In the first case, illustrated in Figure 8, each compute 
node has its corresponding data node on a different physi cal 
node. The second case, illustrated in Figure 9, is the same as 
our best-case scenario above where each compute node has 
its corres ponding data node on the same physical node. The 
first case will presumably be slowe r due to a higher 
communication latency associated with perfo rm ing RMA 
operations on separate physical nodes Eac h of these cases 
was run on 16 processes, eight compute nodes and eigh t data 
nodes (including the mas ter process), for 20 cyc les wi th 
100,000 histo ri es per cyc le. 

, .. 
Figure 8: Ph ysical depiction of non-local data nodes 

...-/ - - . - - - - -
Figure 9: Physical depiction of local data nodes 

The first case with non- local data ran in 87.04 second s 
whereas the secood case with local data ran in 19.98 second s. 
Thus, we see that performing RMA operations on noo-Iocal 
data incurs a factor of about four penalty in execution time 
versus performing RMA operations on local data due to th e 
higher communication latency. This wi ll have important 
implications when consideri ng how best to decompose data 
over several nodes since it is deSirable to have RMA 
ope rations performed on local nodes . 

111.5. Effect of LocaJl\1esh Size on Communication 
Costs 

The size of the mes h data being remotely retrieved or 
accumul ated may have a drastic effecl on the communication 
cos t. On one hand, ha vi ng a larger local spati al domain will 
result in fewer RMA operations since a particle will cross 
the boundary of the local spatia l domain with less frequency. 
On the other hand, a larger local spatial domain impli es that 
th e cost of performin g a single RMA operat ion wi ll be 
higher since there is more data to tran sfer. 

As a lirst step , we seek to quantify these two opposi ng 
effects by look ing at how much data is transferred each cyc le 
as the size of the local mesh. For thi s purpose, we looked at 
a 2D problem wi th 18x 18 mesh ce ll s. The local mesh size 
was varied from Ixl up to 18x18 (all square mesh es). This 
problem was run with 10,000 histories pcr cycle for 100 
cyc les. The number ofMPI_GET ca ll s was tallied each cycle 
and then averaged over the cyc les. In the 18x I8 case, the 
entire geometry is availa ble after a single MP I_GET. so the 
number of MPl_ GET calls wi ll simply be equal to the 



number of histories per cycle. Figure 10 JlOwS the number 
ofMPI_GETcalis per cycle as 3 function of the local mesh 
size. 
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Figure 10: Remote memory accesses as a function of local mesh 
size 

V e see from Figure 10 that using a local mesh size larger 
than about 4x4 for thi s particular problem yields a n gligible 
decrease in the number of remote memory acce 's s. As the 
mesh size incrca:es, the amount of data being transferred 
with each MPI_GET goes up quadratically (since it is a 2D 
probklll). This will result ill monotonically increasing data 
transfer with respect to the local mesh siz '. Thus, for this 
prob lem, a small local mesh size (2x2 or 3x3) will result in 
optimal run times. We note that these results will be strongly 
dependent on the physical nature of the probl em. i.e. whether 
it is strongly scattering or strongly absorbing. 

Thi s simple characterization of the effect of the local 
mesh size on the communication cost is not sllfficient to 
draw any major conclusions. We recommend that further 
studi es be performed, parti cularly looking at how the 
physical narure of the problem affects data transfer 
requirements. In addition to thi s, another important line of 
inquiry will be to look at the time required for a si ngle RMA 
operation as a function of the amollnt of data being 
trans ferred. 

IV. Conclusions 

Although this may c' nd up being a suboptimal soluti on at 
the present time, given the aforementioned trends it will 
become increasingly viable as time progr~sses. Proposed 
architectures for exanop system s postulate millions or 100s 
of millions of processor cores. with reduced memory per 
core. Effective use of such systems for large-sealt! Monte 
Carlo calculations will require extremely large numbers of 
independent computational threads as well as the use of 
remote data acces s. Advances in network interconnec ts have 
significantly improved the ability to transfer large amounts 
of data with low latency and high bandwidth (e.g. Infiniband, 
Myrinet) , and these advances are likely to continue. 

Our work to date has focu sed on basic demonstration and 

, Note that although going from a 1 x I local mcsh to a 2x2 local 
mesh yields a 22% decrease in the number of RM A oper:llions. at 
the same time the 31l10 Ulll of datJ being transferred wi th each RMA 
operation increases tour·fold 

characteri zation of algorithms based on a "particle 
paralleli sm plus data decomposition" approach. We have 
invcstigatt:d best- and worst-case bounds on performance, 
and are encouraged. Much future work is necded to 
investigate such aspects as: the optimal mapping of compute 
nodes and data nodes to a given computer system 
architecture; the ability to dynamically monitor remote 
memory accesses and adjust the compute/data node 
mappings : pref~tching of remote data to minimize compute 
delays; performance scaling for I OOOs and I OOs of thousands 
of processor cores. In addition , some further changes in 
Monte Carlo algorithms may also be required, such as: the 
use of batch statistics, rather than history-based stat is tics; 
new iterati ve mcthods for k<iJ eigenvalue calculations, such 
as concurrcnt calculation of multiple problems. each with 
particle parallelism and data decomposition; improved 
random number generator,; wi til longer periods and effi cient 
skip-ahead schemes; increased use of on-the-ny computing 
methods rather than using precomputed data tables (e.g., for 
Doppler broadening of cross-section data). 
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