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We investigate the applicability of the synchronous relaxaf®R) algorithm to parallel kinetic Monte Carlo
simulations of simple models of thin film growth. A variety of techniques for optimizing the parallel efficiency
are also presented. We find that the parallel efficiency is determined by three main factors—the calculation
overhead due to relaxation iterations to correct boundary events in neighboring processdéextrdrae
fluctuations in the number of events per cycle in each processor, and the overhead due to interprocessor
communications. Due to the existence of fluctuations and the requirement of global synchronization, the SR
algorithm does not scale, i.e., the parallel efficiency decreases logarithmically as the number of processors
increases. The dependence of the parallel efficiency on simulation parameters such as the processor size,
domain decomposition geometry, and the r@id- of the monomer hopping rae to the deposition rat€ is
also discussed.
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[. INTRODUCTION cause of the existence of a wide range of rates for different
processes, the acceptance probabilities as well as the parallel
In the past few decades, there has been a dramatic ifficiency are typically extremely lo#?. Furthermore, in or-
crease in the use of simulations to study nonequilibrium proder to use such an approach, in general one needs to know in
cesses. One method which has been extensively used &mlvanceall the possible events and their rates and then to
model atomic-scale processes involving activated events isiap them to Metropolis dynamics so that all events may be
the kinetic Monte Carlo(KMC) method!=® In particular, selected with the appropriate probabilities. While such a
KMC simulations have been used to efficiently model a va-mapping may be carried out for the simplest models, for
riety of dynamical processes in physics, chemistry and mamore complicated models it is likely to be prohibitive.

terials science including epitaxial growthdislocation In order to overcome these problems, we have recently
motion® surface diffusior;® vacancy diffusion in alloy8, proposed a semirigorous synchronous sublatéte parallel
and polymers? algorithn?® in which each processor’s domain is further di-

The standard KMC algorithm is a serial algorithm sincevided into sublattices in order to avoid a possible conflict
the time of the next event is determined by the total overalbetween processors. We note that a somewhat different but
rate for all processes. However, in some cases one needsdtso approximate approach has also been developed by
simulate larger length and/or time scales than can be simuHaideret al?? By carrying out extensive simulations of thin
lated using a serial algorithm. Therefore, it is desirable tdfilm growth using the SL algorithr& we have found that it
develop efficient parallel kinetic Monte Carlo algorithms in is generally scalable and in many cases leads to a relatively
order to extend the range of time and/or length scales overigh parallel efficiency. However, for processor sizes smaller
which realistic simulations can be carried out. than a typical diffusion length, significant finite-size effects

In the case of Metropolis Monte Carldrigorous parallel are observed. Thus, for problems in which the diffusion
simulations may be carried out by using an asynchronoukength is large or relatively small processor sizes are re-
“conservative” algorithrt?~¢in which all processors whose quired, it is necessary to use a more rigorous algorithm.
next attempt time is less than their neighbor’s next attempt In this paper, we discuss the application of a second rig-
times are allowed to proceed. Unfortunately, such a “consererous algorithm, the synchronous relaxatioiSR)
vative” algorithm does not work for parallel kinetic Monte algorithm?324to kinetic Monte Carlo simulations. This algo-
Carlo since in KMC the event time depends on the systemithm was originally used by Eiclet al?® to simulate large
configuration. However, by mappityall possible KMC circuit-switched communication networks. More recently, an
moves to Metropolis probabilities, the asynchronous “con-estimate of its efficiency has been carried out by Lubachev-
servative” algorithm may also be used to carry out rigoroussky and Weis¥ in the context of Ising model simulations, In
parallel KMC simulations. The efficiency of this approach the SR algorithm, all processors remain globally synchro-
can also be improvéd by replacing all interior Metropolis nized at the beginning and end of a time interval, while an
moves by kinetic Monte Carlo moves. Recently, Kornéss iterative relaxation method is used to correct errors due to
al.” have used this algorithm to carry out parallel dynamicalneighboring processors’ boundary events. Since this algo-
Monte Carlo simulations of the spin-flip Ising modéland  rithm is rigorous, the cycle length can be tuned to optimize
in simulations near the critical temperature, a reasonable ethe parallel efficiency and several optimization methods are
ficiency was achievetf1° discussed. However, we find that the requirement of global

Such an approach can also be #8¢d carry out rigorous synchronization leads to a logarithmic increase with increas-
parallel KMC simulations of thin film growth. However, be- ing processor number in both the relevant fluctuations in the
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number of events per processor as well as the global com- N
munication time. Accordingly, the SR algorithm does not (a)
scale since the parallel efficiency decreases logarithmically
as the number of processors increases. As a result, the paral- N
lel efficiency is generally significantly smaller than for the ) . -
SL algorithm.
The organization of this paper is as follows. In Sec. II, we
describe the algorithm and discuss several different methods
of optimization. In Sec. lll, we present results obtained using
this algorithm for three different models of thin film growth,
along with a brief comparison with serial results. We then
discuss the three key factors—number of additional itera-
tions, fluctuations, and interprocessor communication time—
which determine the parallel efficiency of the SR algorithm.
The dependence of the parallel efficiency on such parameters
as the number of processors as well as the cycle length, (b)
processor size, and ratid/F of monomer hopping ratb to
(per sitg deposition ratd- is also discussed. Finally, in Sec.
IV we summarize our results.

A
\{

II. SYNCHRONOUS RELAXATION (SR) ALGORITHM

As in previous work on the “conservative” asynchronous
algorithm?14in the synchronous relaxatiq§R) algorithm,
different parts of the system are assigned to different proces-
sors via spatial decomposition. For the thin film growth
simulations considered here, one may consider two possible
methods of spatial decomposition, a square decomposition "
and a strip decomposition, as shown in Fig. 1. Since the *

square decomposition requires communications with four g, 1. Schematic diagram ¢#&) square andb) strip decompo-
neighbors while the strip decomposition only requires comsitions. Solid lines correspond to processor domains while dashed
munications with two neighbors, we expect that the stripiines indicate a “ghost-region” surrounding the central processor.
decomposition will have reduced communication overhead.
Accordingly, all the results presented here are for the case ff a neighboring processor and which could thus potentially
strip decomposition. However, as discussed in more detajffect the neighboring processor’s event rates and times.
later, there may be some cases where the square decompasire we define an event as consisting of the lattice sites
tion is preferable. which have changed due to the event along with the unique
In order to avoid communicating with processors beyondime t, of the event. If at the end of a given iteration a pro-
the nearest neighbors, the processor size must be larger thagssor has received any new or missing boundary events
the range of interactioftypically only a few lattice units in (i e., any boundary events different from those received in
simulations of thin film growth In addition, in order for the previous iterationthen that processor must “undo” all of
each processor to calculate its event rates, the configuratiqhe KMC events which occurred after the time of the earliest
in neighboring processors must be known as far as the ranggsw or missing boundary event, and then perform another

of interaction. As a result, in addition to containing the con-jteration starting at that point using the new boundary infor-
figuration information for its own domain, each processor’s

2

\

array also contains a “ghost region” which includes the rel- T X Loy
evant information about the neighboring processor’s configu- T
ration beyond the processor’s boundary. trg seoeeees
We now describe the SR algorithm in detail. At the begin- ¢ D tag
ning of each cycle corresponding to a time interValeach tiz
processor initializes its time to zero. A first iteration is then e tog
performed in which each processor carries out KMC events Ly e I to)
until the time of the next event exceeds the time inteiivak P b 0
shown in Fig. 2. As in the usual serial KMC, each event is ' :
carried out with time incrementt;=-In(r;)/R;, wherer; is a FIG. 2. Diagram showing time evolution in the synchronous

uniform random number between 0 and 1 &ds the total  relaxation algorithm. Dashed lines correspond to events, while
KMC event rate. At the end of each iteration, each processafiashed line with an X corresponds to an event which is rejected

communicates any boundary events with its neighboring prosince it exceeds the time interval Arrows indicate boundary
cessors, i.e., any events which are in the range of interactiogvents carried out by processd?s and Ps.
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mation received. However, if no processors have received
new or missing boundary events, then the iterative relaxation
is complete, and all processors move on to the next cycle. In
order to check for this, a global communications between all
processors is performed at the end of each iteration.

In order for the iteration process to converge, one must
ensure that within the same cycle the same starting configu-
ration always leads to the same event or transition. Since
pseudorandom numbers are used in the KMC simulations
considered here, this requires keeping a list of all the random FIG. 3. Schematic diagram of island-relaxation mechanisms for
numbers used during that cycle, and backtracking appropri@) edge-and-corner ang) reversible models.
ately along the random number list as events are “undone” so
that the same random numbers are used for the same COfyjated or measured, and then used to calculate the gatio
figurations. We note that to ensure good statistical propertle§ roportional to the parallel efficiencyf the average num-
it is important to use independent random number sequenc r of events per cycla,, to the execution time. Based on

in each processor. This was done by supplying each proces- - ; ;
sor with a different seed, determined by the processor’s idenaqe values ofp obtained during the previous two feedback

tification number, at the beginning of each simulation. m?g(ravtahl(se, tgfaﬁgfﬁﬁggg? V;/r?fhz(jtmféec? It?m(i)zrg?i(r)rtmomne]?ﬁ(gd
In the ideal implementation described above, events ar ec cIeFI)en th was d nayrﬁicall control?ed in order to attair,1
only redone starting from the earliest new boundary event, Y g y y

However, in the KMC simulations carried out here, lists werea predetermined value for a target quantity such as the num-

used to efficiently select and keep track of all possibleber of events per cygl(awopT) or the number O.f itergtions per
events. Since properly undoing such lists is somewhat comqyde (ny) whose optimal value was determined in advance.

plex, here we have used a slightly less efficient but simpled NiS method turned out be the most effective since the par-

method in which every iteration was restarted at the beginf’_lIIeI performance depends strongly on the number of itera-

ning of the cycle. In this case, the necessary changes in tHPNs and/or the number of events per cycle. In contrast,

configuration and random numbers were “undone” back td/vhile the parallel efficiency obtained using direct feedback

the beginning of the cycle, while the state of the lists at thevas significantly better than that obtained using the first
ethod, it was not quite as good as that obtained using the

beginning of the cycle was restored. Since there is significant " h .
overhead associated with “undoing” each move, and since iffli'd method described above. As a result, here we focus
mainly on the first and last methods. However, since prelimi-

every iteration except the first, one needs to “undo” on aver imulati L . .
age only half of the events in the previous iteration, we eghary simulations are required in order to determine the opti-

timate such a simplification leads to at most a 25% reductiof@ Parameters, in some cases the feedback method may be
in the parallel efficiency. preferable.

We now consider the general dependence of the parallel
efficiency on the cycle timé&. If the cycle time is too short, Ill. RESULTS
then there will be a small number of events in each cycle and
as a result there will be large fluctuations in the number of In order to test the performance and accuracy of the syn-
events in different processors. This leads to poor utilizationchronous relaxation algorithm, we have used it to simulate
i.e., some processors may process events during a givehree specific models of thin film growth. In particular, we
cycle while others may have very few or no events. In addihave studied three solid-on-sol{809S growth models on a
tion, for a short cycle time the communication latency maysquare lattice: a “fractal” growth model, an edge-and-corner
become comparable to the calculation time which also leaddiffusion (EC) model, and a reversible model with one-bond
to a reduction in the parallel efficiency. On the other hand, aletachmen¢‘reversible modelJ. In each of these three mod-
very long cycle time will lead to a large number of boundaryels, the lattice configuration is represented by a two-
events in each cycle, and as a result the number of relaxatiatimensional array of heights and periodic boundary condi-
iterations will be large. Thus, in general the cycle lengith tions are assumed. In the “fractal” model, atoms
must be optimized in order to balance out the competingmonomergare deposited onto a square lattice wjtler site
effects of communication latency, fluctuations, and iterationgleposition ratd-, diffuse (hop) to nearest-neighbor sites with
in order to obtain the maximum possible efficiency. hopping rateD, and attach irreversibly to other monomers or

We have used three different methods to control the timeslusters via a nearest-neighbor bofuditical island size of
interval T in order to optimize the parallel efficiency. In the 1). The key parameter is the ratd/F which is typically
first method, we have used a fixed cycle lenddhg., much larger than 1 in epitaxial growth. In this model, fractal
T=¢/D, whereD is the monomer hopping ratend then islands are formed in the submonolayer regime due to the
carried out simulations with different values éfin order to  absence of island relaxation. The EC model is the same as
determine the optimal cycle length and maximize the parallethe fractal model except that island relaxation is allowed, i.e.,
efficiency. In the second method, we have used feedback @toms which have formed a single nearest-neighbor bond
dynamically control the cycle length during a simulation.  with an island may diffuse along the edge of the island with
In particular, every three to ten cycles corresponding to aiffusion rateD.=r,D and around island corners with rate
feedback interval, the elapsed execution time was either caB.=r.D (see Fig. 3 Finally, the reversible model is also
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similar to the fractal model except that atoms with one bond 10—
(edge atomsmay hop along the step edge or away from the E Fractal model
step with rateD;=r,D, thus allowing both edge diffusion [
and single bond detachment. For atoms hopping up or down
a step, an extra Ehrlich-Schwoebel barrier to interlayer | Monomer
diffusior?® may also be included. In this model, the critical 107
island sizel (Ref. 27 can vary fromi=1 for small values of E
r, to i=3 for sufficiently large values db/F andr,.?8

For the fractal and reversible models, the range of inter-
action corresponds to one nearest-neighlaitice) spacing, “
while for the EC model it corresponds to the next-nearest- 10 Y A E
neighbor distance. Thus, for these models the width of the L )
“ghost region” corresponds to one lattice spacing. We note

Island

Densities

that at each step of the simulation, either a particle is depos- S ¥

ited or a particle diffuses to a nearest-neighbor or next- ] Y M Y
nearest-neighbor lattice site. In more general models, for 10 10 102 10! 10°
which concerted moves involving several atoms may cov [ML]

occur?®-32the ghost region needs to be at least as large as the . .

range of interaction and/or the largest possible concerted FIG. 4. Com_parlson between serial and parallel results for the

move. In such a case, the processor to which a concertdffictal model withL=256 andD/F=10"

event belongs can be determined by considering the location

of the center of mass of the atoms involved in the concerte@btained excellent agreement between serial and parallel re-

move. sults for the monomer and island densities for the EC model
In order to maximize both the serial and parallel effi- (not shown.

ciency in our KMC simulations, we have used lists to keep

track of all possible events of each type and rate. Each pro-

cessor maintains a set of lists which contains all possible The parallel efficiency PE may be defined as equal to the

moves of each type. A binary tree is used to select whichatio of the execution time;, for an ordinary serial simula-

type of move will be carried out, while the particular move is tion of one processor’s domain to the parallel execution time

then randomly chosen from the list of the selected type. AftetNp of N, domains usind\, processors, i.e.,

each move, the lists are updated.

C. Calculation of parallel efficiency

t/
PE= 2. (1)
A. Computational details I,

In order to test our algorithm, we have carried out bothWe note that the parallel efficiency is determined by the
“serial emulations” as well as parallel simulations. However,competing effects of communication time, fluctuations, and
since our main goal is to test the performance and scalingumber of relaxation iterations. In particular, the parallel ex-
behavior on parallel machines, we have primarily focused orecution timety (7) for N, processors in cycle can be writ-
direct parallel simulations using the Itanium and AMD clus-ten as P
ters at the Ohio Supercomputer Cent®SQ as well as on
the Alpha cluster at the Pittsburgh Supercomputer Center th(T) = tear7) + teom™ Lother, 2

(PSQ. All of these clusters have fast communications—thewheretcalc(7_) andt,,, denote the calculation and communi-

ltanium and AMD qlusters have_ Myrln_et and the_: Alph""Servercation time, respectively, while the last tetgg,, includes all
cluster has Quadrics. In our simulations, the interprocess

icati ied out usina M %ther timing costs not included i, such as sorting bound-
communications were carried out using Plessage- ary events received from neighbors and comparing new
Passing Interfage

boundary events with old ones to see if a new iteration is
needed. If there are few boundary evefds is often the

B. Comparison with serial results case@, thenty,e, may be ignored. The calculation tinig,d(7)
We first present a brief comparison between serial andn EQ. (2) may be written as
parallel results in order to verify the correctness of our teaie7) = thye X [Nay(7) + A(D)] (3)
calc’ av 4

implementation of the SR algorithm. Figure 4 shows the

monomer density, and island density as a function of cov- wherety,,. denotes the average serial calculation time per
eraged=0.5 for the fractal model wittD/F=1C° and sys- KMC event,n,(7) is the average number of actual events
tem sizeL=256 with parallel processor sizé§,=256 and (averaged over all processpyser processor in cycle, and
N,=4, 8, 16, and 64 corresponding kp=64, 32, 16, and 4, A(7) corresponds to the additional number of events which
respectivelywhereN, is the number of processoré\s can  must be processed due to fluctuations and relaxation itera-
be seen, there is excellent agreement between the serial ations.

parallel calculations even fax,=4, the smallest processor  Since all processors are synchronized after each iteration,
size we have tested. Using the SR algorithm, we have alsim each iteration the total calculation time is determined by
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the processor which has the maximum number of events to 10 ey
process. Therefore, one may write i

Edge diffusion
model: wg =2

[ i
A7) = (E [Mnaxd 7)) + ANl 7] — 1)]) —Ng(7), (4) 10 -

=1

wheren; . (7.]) is the maximum(over all processojsnum-

ber of new events in thigh iteration,| is the total number of ~ 0L Slope = 0.92 1
relaxation iterations, andl=0.14 is a factor which reflects 2 E
the reduced work to “undo” a KMC event as compared to Fo YT !
executing a KMC event. Thus, the parallel efficien&®E) -
can be approximated as 107 L ® Fractal (256 x 1k) |

, . E i inact?;é2656 i(k2)56)

Edge X
P - ) +M+}°—°m : (5 o Edge[256x256]
(tn, (7)) Nay  (typ(7)) Lo L D "

where(t;,(7))=Ng, X tiyc is the time for a serial simulation 10" 10”10 N 10 10*  10°
of a single processor’s domaim,,=({n,,(7)), and the angular av

brackets denote an average over all cycles. If the communi- FIG. 5. Number of additional iterations as a function of average

cation, time is negligib_le compared tdtip(T» ['e number of events per cycle,, with T=1/D. For the EC model,
teond (t1p(7)) — 0], the maximum possible parallel efficiency r.=0.1 andr.=0 are used wittwy=1 and 2. HereN,=4 and6=1

can be approximated as ML for all cases and/F=10°-10'.
-1
PE= {1 + <A(T)>} _ (6)  processor heighh,, and the value oD/F. However, dou-
Nay bling the width of the “ghost” region fromvg=1 to wy=2

leads to an increase by a factor of approximately 1.5 in the
number of iterations.
Figure 6 shows the number of additional iteratidhgs a
function of the cycle lengthl for the fractal model with
/F=10°,N,=4 andN,=256 N,=1024. As can be seen, the
umber of additional iterations is roughly but not quite pro-

We note that(A(7)) depends primarily on two quantities,
namely the(extreme fluctuations over all processors in the
number of actual events in each cyclen®/n,, = (Nyay
-ny,)/n,, and the average number of iterationper cycle.
In particular, one may approximate the additional overhea

due to iterations and fluctuations as portional to the cycle lengtfi. Also shown in Fig. 6 is the
(A(D) Ane parallel efficiency, which has been directly measured from
— = - 1)<1 + —> (7)  the execution time using the definition given in Eg). The
Naw maximum parallel efficiency occurs whefi=T,,=3.0
where a factor ofy with »<1 has been included to take into X 10°® and corresponds to,,~30 KMC events per cycle.
account the fact that after the first iteration, the number olWe have also calculatedot shown the optimal cycle length
new eventsn .. is typically less thamy,,,. This result indi-
cates that in the limit of negligible communications over- 10" — .
head, both the average number of iterations per cyeled " Fractal (256 x 1k) D/F=10°
the relative fluctuationan®/n,, should be small in order to i
maximize the parallel efficiency. We now consider the de-
pendence of each of these quantities on the cycle lemgth
and the number of processdx.

av

10° Slope = 0.85

D. Number of iterations : ) 1
— Parallel efficiency 1

Figure 5 shows the number of additional iterations beyond i ° oo ’/ ]

the first iterationl’ =1 -1 as a function of the average number | o

of events per cycle,, for the fractal and EC models with 0

N,=4 using strip decomposition and two different processor 10" L9 ©

sizes for different values dd/F. Also shown in Fig. 5 are N =4 o)

results for a larger than required ghost regigy+2 in order i

to test the dependence of the number of iterations on the

range of interaction. As can be seen, the number of addi- ¢

tional iterations is roughly linearly proportional to the aver-

age number of events per cycle. Interestingly, for the same F|G. 6. Number of additional iterations and parallel efficiency

average number of events per cyaolg, the number of addi- for the fractal model as a function of the multiplication facipr

tional iterations depends relatively weakly on the model, thewith N,=4, =1, ML, andT=¢/D.
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L L D I L T il T
1oL . -®-a=166 |
w, = 2 —O0--a=1.2 10°L N
/ o =1 [ P
-4 a=0.9
8 ! \ -l a=1 i
// Edge (256 X 1k) — — -o = 0.66
! ¢"Wg =1 .
_ 6| / ‘, Em
| / =~ Slope =1/3
-t Edge (256 x 256) g 107 .
4 / ” wg = Jzz‘/ _
.- .OFractal (256 x 1k)
. 3 o | |
o *
o ¢ ,m(’j.-;:’ﬁ _~Edge (256 x 256) 1 ® N,=256N, =lk
Hew T e r O N =N =256
o.-. = @ x
res @ : ¥
oL %@ Fractal (256 x 256) 10° Ll
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(InN )* D/F
P

FIG. 8. Relative fluctuation in number of events for the fractal
FIG. 7. Number of additional iterations as a function of the model as a function ob/F with T=1/D, Np=4, andf=1 ML.

number of processond, with 2<N,=<64 for the fractal and edge
diffusion models withD/F=10°, T=1/D, and#=1 ML. In the EC
model,re=0.1 andr.=0 and the width of the ghost regiom,=1
unless specified.

~ (D/F)™?/3, which impliesAn®/n,, ~ 1/\n,, ~ (D/F)Y3. As

can be seen, there is very good agreement with this form for
the D/F dependence.

i Figure 9 shows the relativeextreme fluctuations
Topt for the same processor size for other valuesDiF 54 4 function of the number of processdisfor the fractal
ranging from 16 to 10'. While the optimal cycle length 54 EC models with two different processor sizes. As for
varies by approximately two ordgrs of magnitude overy,a dependence of the number of iterations Np we
this range ofD/F, the average optimal number of eventsfing g |ogarithmic dependence. In particular, we find that
per cycle does not change muchyy=38 and 30 for  Ape/p —(in N,)” with y=2/3regardless of model and pro-
D/F=10" and 10, respectively. cessor size. Again, for a fixeN,, a bigger system shows

Since the probability of an “extreme” number of boundary g 5)jer relative fluctuations than a smaller system. In addi-
events in one of the processors increases with the numberﬂ n, for the same processor size, the EC model shows

processors for fixed processor size, the number of iterationg,o|ier relative fluctuations than the fractal model due to the

increases wittN,. As shown in Fig. 7, such an increase is ,qjtional number of edge-diffusion events in the model.
well described by the logarithmic formi—1=ag(InN,),

where the exponent ranges from 0.66 to 1.7 depending on 1

the model and processor size. Figure 7 also indicates that an T
increase of the interaction length fromy=1 to wy=2 also ~-©-- Fractal (256 x 256)
. . . . . . ---@--- Fractal (256 x 1k) .
yields an approximate doubling in the number of iterations 0.8 @~ Edge (256 x 256) ]
when a fixed time interval =1/D is used. Thus, in order to @ Edge (256 x 1K) ’
keep the number of iterations constant, the time interval must
decrease as the range of interaction increases. 0.6 L ) |
o =" )
E. Fluctuations in number of events > 0 g
A second important factor which determines the parallel E 0.4 L p o e .
efficiency is the existence of fluctuations in the number of pel e
events in different processors. In particular, since all proces- I T B e =
sors are globally synchronized, the processor having the 021 7 B hd .l i
maximum number of events,,,, can determine the execu- ' )
tion time of each iteration. Thus the extreme fluctuations I E'
An®/n,,, as opposed to the usual rms fluctuations, determine 0 P S T T T
the parallel efficiency. 0.5 1 1.5 2 2.5 3
Figure 8 shows the relativeextreme event fluctuations (InN )*/3
An®/n,, for the simple fractal model as a function@f F for ?
fixed processor sizbl,=256,N,=1024, and\,=4 averaged FIG. 9. Relative fluctuation in number of events for fractal and

over many cycles. As expected, the rglative. fluctuations in @&dge diffusion models as a function of number of processbyrs
smaller system are larger than those in a bigger system. Fayith D/F=1C°, ¢=1 ML, andT=1/D, wherewy=1 in all cases. In
the simple fractal model, one expects that,~N; the EC modelr,=0.1 andr.=0. Dotted lines are linear fits to data.
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1 ——— — ] 0.6 - |
s Fractal model: 256 x 1k, D/F=10° ] o,
I o
2 g o0a |
=
2 g
5 —
3 = 0.2 1
' 5
»
o
=1 Slope = -1/2
Soal P -
j=
<

11 1 Lo el 1 TR R S A A
107 10° 10' 1L ~
¢ P - -7

. . . <A()>/n
FIG. 10. Power-law decay in the relative fluctuations for the av

fractal model as a function of multiplication factgrand T=¢/D

with Np=4 and§=1 ML. Fractal model: 256 x 1k, D/F=10°

0.1 L A
We now consider the dependence of the fluctuations on 10 100

the time intervalT. For the fractal model, the average num- Target number
ber of events per cycle in each processor may be written
Na, =Ny Ny(F+N;D)T, whereF is the deposition ratd) is the
monomer hopping rate, and, is the monomer density. The
fluctuation in the number of events may be written as th
sum of the fluctuation(proportional ton;/,z) assuming all A global communication(global sum or “AND” and
processors have the same average event rate, and an adslieadcagtmust also be carried out at the end of every itera-
tional term due to fluctuations in the number of monomers intion to check if a new iteration is necessary. The time for the
different processors, i.eAn®~nk/?+N,N, s\ DT. We note  global sum and broadcast is larger than for a local send/
that the fluctuationsN;=N7"**~(N;) also depends on the receive and increases logarithmically with the number of
number of processois, and the processor si2gN,. Divid- processordN,. Overall, we find that the estimated minimum
ing to obtain thelextreme relative fluctuation, we obtain total communication overhead per cycle is roughlygOfor

Ar (DIF)ONE a sm_aII npmbler of processors. In comparison, the serial cal-

= — L L INNJ(F/D+(N))S Y2 (8) culation timeti,c for one KMC event is about s on the

n, 1+(D/F){Ny) y Itanium cluster. Thus, even for a small number of processors

where ¢=DT. The first term is independent of the cycle the overhead due to communlcat|cim§n/<tlp(r)>] Is signifi-

length T=¢/D while for D/F>1, (N;)>F/D and so the cant unlesmav>12._ . - .
second term is simply proportional ®2 As can be seen One way to maximize the parallel efficiency is to use the

o ; . . event optimization method. In this method, the cycle length
in Fig. 10, we find good agreement with this form for theTis dynamically adjusted during the course of the simulation
fractal model withN,=4, D/F=1CF, N,=256,N,=1024, and Y Y S d

o . in order to achieve a fixed target number of events per cycle.
the time intervalT ranging over more than two decades. B . :
y varying the target number of events and measuring the

o o simulation time, one may determine the optimal target num-
F. Communication time and event optimization bern,,. Figure 11a) shows the measured parallel efficiency
The third factor which determines the parallel efficiencyfor the fractal model withN,=4, N,=256, N,=1024, and
is the communications overhead. For the case of strip dd2/F=1C° as a function of the target number of events. As
composition, in every iteration each processor must carry outan be seen, for a target number givenngy=40 there is an
two local send/receive communications with its neighborsoptimal efficiency of approximately 41%. Also shown
Typically, a send/receive communication with a small mes{dashed ling is the parallel efficiency calculated using the
sage siz€<100 byte$ between two processors in the samemeasured additional number of evetis 7)) due to fluctua-
node takes less than 165, but it can take longer if they are tions and relaxation iterations along with the estimated com-
in different nodes. For a larger message size, the communinunication time which may be approximated by the fit
cation overhead increases linearly with message size. Sin(tg;/(tip(f)):lﬂ/nau. The resulting calculated parallel effi-
the processor size in all of our simulations is moderate, theiency curve is close to the measured curve but has a slightly
message size is only about 2000 bytes, which takes roughlpwer peak. Figure 1(b) shows separately the two contribu-
30 us. tions to the calculated parallel efficiengyA(7))/n,, and

FIG. 11. (a) Parallel efficiency andb) measured additional
number of events and estimated communication time per cycle as a
efunction of target number of events with=1 ML andN,=4.
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FIG. 12. Parallel efficiency for fractal model as a function of ~ FIG. 13. Parallel efficiency for edge diffusion model as function
D/F with T=1/D (open symbolsand event optimizatior(Eopt) of D/F with T=1/D (open symbolsand with event optimization
method(filled symbol$. Same symbol shape is used for the samemethod(filled symbolg. Same symbol shape is used for the same
processor size. Herll,=4 and =1 ML in all cases. In theE,, ~ Processor size. Her&y,=4, =1 ML, r,=0.1, andr.=0. In the
method,nop= 18 for Ny=Ny=256 and allD/F, andn,,=50(40) for  Eqp method, ngp=23(30) for Ny=Ny=256 (N,=256 andN,=1k)
N,=256, N, =1k with D/F<10° (=10°). for all D/F. Dashed line represents ideal parallel efficiency

L/[1+A(7))/ny,] usingng,=6 with N,=256 andN,=1k.

teond (t1p(7) as a function of the target number of events. As o o
can be seen, the peak of the parallel efficiency is close to the Similar results are shown in Fig. 13 for the edge diffusion

point where these two contributions have the same magninodel. Since for the edge diffusion model the “event den-
tude. sity” is significantly higher than for the fractal model, the

communications overhead and fluctuations are significantly
reduced. As a result, for the case of a fixed time inteiival
G. Parallel efficiency as a function ofD/F =1/D, the maximum parallel efficiency is about 50% for the
. . edge diffusion model, which is significantly higher than the
~ We now consider the parallel efficiency of the SR algo-peak value of 30% for the fractal case. When the event op-
rithm as a function oD/F for the fractal model for a fixed  timjzation method is used, the PE is also higher than for the
number of processors,=4. As shown in Fig. 12, when a fractal case and is again roughly independenDdE. Also
fixed time |ntervaIT=1/D. is used, the parallel_efflmency shown in Fig. 13 for the larger processor size is the calcu-
(open symbolsshows a distinct peak as a function@fF,  |ated ideal parallel efficiency assuming negligible communi-
with a maximum parallel efficiencfE=0.3 for both pro-  cations overhead and a target number of events given by
cessor sizes. The existence of such a peak may be explalnﬁgpt:B (dashed ling Due to the reduced communications
as follows. For smalD/F, the PE is low due to the large qyerhead for this model, the ideal PE is only slightly higher
number of events in each processor, which leads to a larg@an the corresponding optimal PE with communications in-
number of boundary events and relaxation iterations in eactl'uded(ﬁ”ed squares
cycle. For largeD/F, the number of events per cycle is re-
duced but the communications overhead and fluctuations be-
come significant due to the small number of events. At an
intermediate value oD/F, which increases with increasing  We first consider the dependence of the parallel efficiency
processor size, neither of these effects dominates and then the number of processarg with fixed processor size. As
parallel efficiency is maximum. before, the parallel efficiency is defined as the ratio of the
In contrast, when the event optimization method is usedxecution time for an ordinary serial simulation of one pro-
(filled symbols, the parallel efficiency is significantly higher cessor’s domain to the parallel execution timéNgfdomains
and is almost independent B/ F for D/F<10°. Although  using N, processorsEqg. (5)]. Figure 14 shows the parallel
the value of the optimum target number of evengs in-  efficiency for the fractal model witlh/F=1C as a function
creases with processor size, there is only a weak dependenckthe number of processols, for fixed processor size. Re-
on D/F for fixed processor size. Also shown in Fig. 12 sults (open symbolsare shown for two different processor
(dashed lingis the estimated ideal parallel efficiency assum-sizes for the case of fixed cycle lengflx1/D. Also shown
ing negligible communications overhead. In this case, dfilled symbolg is the parallel efficiency obtained using
small target number of events,,=6, was found to yield the event optimization for the larger processor size. While the
maximum ideal parallel efficiency over the range DfF parallel efficiencies obtained using event optimization are
studied here. significantly higher than the corresponding results obtained

H. Parallel efficiency as a function ofN,
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FIG. 14. Parallel efficiency for fractal model with/ F=10° and FIG. 15. Parallel efficiency for edge diffusion model with
6=1 ML as a function of number of processors witk 1/D (open ~ D/F=10° and #=1 ML as a function ofN, with T=1/D (open
symbolg and with event optimization methofh,,=40). Dashed  symbolg and with event optimization metho@h,,=30). Dashed
line represents ideal parallel efficiency using a target number ofine represents ideal parallel efficiency obtained using a target num-
eventsny,=6. Solid line is a fit to the event-optimization data with ber of events given by,,=6. Solid line is a fit to the data fdg
a form PE=1/[1+0.8XIn Ny)*4]. with a form PE=1/[1+0.54In Ny)*%].

using a fixed time interval, the percentage difference deE,=0.07 eV atT=300 K, we have carried out multilayer
creases slightly as the number of processors increases.  simulations of growth using the reversible model up to a
The solid line in Fig. 14 shows a fit of the form coverage of 10 ML. In this case, the parallel efficiency may
be written as

PE=1/1 +c(In Np*] (9) .
. . PE= -, (10)
[see Eq(5)] to the parallel efficiency obtained for the larger Npth

processor size using event optimization. As can be seen, _ L I ,

there is excellent agreement with the simulation results. Th¥/herety, is the calculation time for a serial simulation of the
value of the exponent@=1.4) is in reasonable agreement L L system. We expect that in this case the paraliel effi-
with the dependence of the number of additional iteration<iency will decrease more rapidly with increasiNgthan for

on N, shown in Fig. 7. Also shown in Fig. 14 is the ideal the case of fixed processor size, since the decreased proces-

parallel efficiency in the absence of communication overhead®" SiZ€ leads to increased fluctuations and communications
calculated using a target number of events givemgy=6. overhead. Using the event optimization method, the parallel

As expected, the ideal PE is significantly larger than thee:‘)ficiencies obtained were 28%\,=4), 18% (N,=8), and
actual PE even for larghi,. In this case, a similar fit of the 9% (N,=16), respectively. We note, however, that when the
form of Eq.(9) may be made but witifB=1.1. communication time is significantly smaller than the calcu-

Figure 15 shows similar results for the edge diffusionlation time, such as in accelerated dynarfficer self-
model with D/F=10°, D,=0.1D, and D.=0. For the leaming KMC simulations? the actual efficiencies will ap-
larger processor sizéN,=256 N,=1024, both the results proach the theoretlcal efﬁmenmes, Whlch are §|gn|f|_cantly
obtained using a fixed cycle size and those using event opt|arger. In particular for this model, theoretical efficiencies of
mization are very similar to the corresponding results already /7 (Np=4), 29% (N,=8), and 21%(N,=16) were ob-
obtained for the fractal model. However, for a fixed cycletained.
length the parallel efficiencies for the smaller processor size

(Nx=N,=256) are somewhat highgr than _the corresponding IV. DISCUSSION
results for the fractal model. Again, the ideal parallel effi-
ciency is well described by a fit of the form of E®) with We have carried out parallel kinetic Monte CaflMC)

B=1.1. In general, all the parallel efficiencies shown in Figs.simulations of three different simple models of thin film

14 and 15 are reasonably well described by fits of the form ofjrowth using the synchronous relaxatit®R) algorithm for

Eq. (9) with 0.66<=3=<1.5. parallel discrete-event simulation. In particular, we have
We now consider the dependence of the parallel efficiencgtudied the dependence of the parallel efficiency on the pro-

on the number of processors for a fixed total systemlsige  cessor size, number of processors, and cycle lefggtis well

the case of strip geomet(y.e., N, =L andN,=L/N,.) Using  as the ratidD/F of the monomer hopping ra to the (per

L=1024, D/F=1C, E;=0.1eV, and a step-edge barrier site) deposition raté=. A variety of techniques for optimizing
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the parallel efficiency were also considered. As expectedtad to a decrease in the parallel efficiency with increasing
since the SR algorithm is rigorous, excellent agreement wabl,,.
found with serial simulations. In order to optimize the parallel efficiency, we have con-
Our results indicate that while reasonable parallel effi-sidered and applied several techniques. These in¢ludar-
ciencies may be obtained for a small number of processorsying out several simulations with a different fixed time in-
due to the requirement of global communications and théerval T=¢/D in order to determine the optimum value &f
existence of fluctuations, the SR algorithm does not scaldji) using direct feedback to dynamically control the cycle
i.e., the parallel efficiency decreases logarithmically as théength during a simulation in order to maximize the ratio of
number of processors increases. In particular, for the fractahe average number of events per cyalg to the measured
and edge diffusion models with event optimization, we haveor estimated execution time, atidl ) using feedback to dy-
found that the dependence of the parallel efficiency as aamically control the cycle length in order to obtain a pre-
function of N, may be fit to the formPE=[1+c(In Np)ﬁ]‘l, determined “target number” for an auxiliary quantity such as
where=1.5. If the communication time is negligible com- the number of events per cycle or the number of iterations
pared to the calculation time, then the parallel efficiency isper cycle. While the first two methods are the most direct, we
higher but a similar fit is obtained with an exponent close tohave found that in most cases, the third method results in the
1, i.e.,8=1.1. These results suggest that while the SR algohighest parallel efficiency. However, since there isanpri-
rithm may be reasonably efficient for a moderate number obri way of knowing the optimal target number in advance,
processors, for a very large number of processors the parallghis optimization method must be accompanied by additional
efficiency may be unacceptably low. These results are also isimulations.
qualitative agreement with the analysis presented in Ref. 24 For the case of negligible communication time, corre-
that for parallel Ising spin simulations using the SR algo-sponding to simulations in which the calculation time is
rithm with a fixed cycle length, the parallel efficiency should much longer than the communication time, the cycle time
decay as 1(log N) for large Ny, should be small in order to minimize the number of addi-
We have also studied in detail the three main factordional iterations but not too small since a very small cycle
which determine the parallel efficiency in the SR algorithm.time will lead to large relative fluctuations. For a processor
The first is the extra calculation overhead due to relaxatiorsize N,=256,N,=1024, we found that,,;=6 leads to ideal
iterations which are needed to correct boundary events iparallel efficiencies which were significantly larger than ob-
neighboring processors. As expected, the number of relaxained using event optimization with the communications
ation iterationd’ is proportional to the number of boundary time taken into account.
events and is also roughly proportional to both the cycle We note that in our simulations we have focused primarily
lengthT and the range of interaction. As a result, decreasingn the case of strip decomposition in order to minimize the
the cycle length will decrease the overhead due to relaxationommunications overhead. However, if the calculation time
iterations. is significantly larger than the communications time, then for
The second main factor determining the parallel effi-a square system the parallel efficiency may be somewhat
ciency is the relativeextreme fluctuation An®/n,, in the larger if a square decomposition is used instead. To illustrate
number of events over all processors in each iteration. For this, we consider the decomposition of laty L system into
fixed number of processors, the relative fluctuation decreasés, domains. If the width of the boundary region or range of
as one over the square root of the number of events per cycleteraction is given by, then for the case of strip decom-
and is thus inversely proportional to the square root of thegosition the area of the boundary region in each processor is
product of the processor size and the cycle length. As a regiven by A,y ~=2wL/N,. However, ignoring corner effects,
sult, decreasing the cycle lengihwill increase the overhead the area of the boundary region for the square decomposition
due to fluctuations. However, for a fixed processor size andase is given b)Abdy=4wL/\s‘°Np. ForN,>4, the area of the
cycle length the relative fluctuation also increases logarithboundary region is smaller for square decomposition than for
mically with the number of processors. This increase in thestrip decomposition. Since the number of iterations is
relative fluctuation also leads to an increase in the number abughly proportional to the area of the boundary region, the
relaxation iterations with increasirlg, as well as decreased calculation overhead due to relaxation iterations will be
processor utilization in each iteration. As a result, the parallelarger for N,>4 for the case of strip decomposition. As a
efficiency decreases as the number of processors increasegesult, we expect that for a fixegquare system size and a
The third factor determining the parallel efficiency is the large number of processors, and for systemslike those
overhead due to local and global communications. For thetudied herpwith a high ratio of(per evenk calculation time
KMC models we have studied, the calculation time per evento communications time, square decomposition may be sig-
is smaller than the latency time due to local communicationsnificantly more efficient than strip decomposition.
As a result, in our simulations the optimal parallel efficiency We also note that in our simulations we have used two
was obtained by using a cycle length such thge-1, where  slightly different definitions for the parallel efficiency. In the
Ny, IS the average number of events per processor per cyclérst definition[Eq. (1)], the parallel execution time was com-
In general, the optimal value af,, may be determined by pared with the serial execution time of a system whose size
balancing the overhead due to relaxation iterations and fluds the same as a single processor. In contrast, in the second
tuations with the overhead due to communications. Since thdefinition[Eq. (10)] the parallel execution time was directly
global communications time increases logarithmically withcompared with 1M, times the serial execution time of a
the number of processors, the communications overhead alsystem whose total system size is the same as in the parallel
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simulation. If the serial KMC calculation time per event is of only redoing events starting with the first new boundary
independent of system size, then there should be nodiffeevent, we expect an additional increase in the parallel effi-
ence between the two definitions. Since in the models studsiency of approximately 25% over the results presented here.
ied here we have used lists for each type of event, we wouldh addition, it is also possible that by using improved feed-
expect the serial calculation time per event to be independeiiack methods, the parallel efficiency may be somewhat fur-
of system size, and thus the two definitions of parallel effi-ther increased. For example, by modifying the feedback al-
ciency should be equivalent. gorithm it may be possible to further improve the direct

To test if this is the case, we have calculated theoptimization method. It may also be possible to combine all
serial simulation time per event for the fractal model forthree optimization methods to obtain an improved parallel
D/F=10° andD/F=10 for a variety of system sizes rang- efficiency for a given simulation.
ing from L=64 to L=2048. Somewhat surprisingly, we  Finally, we note that the main reason for the low parallel
found that the serial calculation time per event increasesfficiency for a large number of processors is the global re-
slowly with increasing processor size. In particular, an in-quirement that all processors must be perfectly synchronized.
crease of approximately 50% in the calculation time perHowever, for systems with short-range interactions it should
event was obtained when going from a system of sizée possible to at least temporarily relax this synchronization
L=64 toL=2048. We believe that this is most likely due to requirement for processors which are sufficiently far away
memory or “cache” effects in our simulations. This increasefrom one another. Thus, in large systems with a large number
in the serial calculation time per event with increasing sys-of processors it may be possible to increase the parallel effi-
tem size indicates that the calculated parallel efficienciesiency by slightly modifying the SR algorithm by making it
shown in Fig. 14 and Fig. 15 would actually be significantly somewhat less restrictive. In this connection, we have re-
larger if the more direct definition of parallel efficienfgq. ~ cently developett a semirigorous synchronous sublattice al-
(10)] were used. In this connection, we note that in simula-gorithm which yields excellent agreement with serial simu-
tions of more complicated models, it may be necessary to udations for all but the smallest processor sizes and in which
a more general event selection method than the efficierthe asymptotic parallel efficiency is constant with increasing
“list” method used here, such as the Maksym methmda  processor number. By combining the synchronous sublattice
binary tree® Since the work required in both of these meth- algorithm with the SR algorithm, it may be possible to obtain
ods increases with the size of the system, the calculated pag-hybrid algorithm which contains the best features of both,
allel efficiencies using E¢(10) would be further increased. e.g., accuracy and efficiency.

We now discuss some possible improvements of the
method described here. As already noted, in our parallel
KMC simulations, lists were used in order to maximize the This research was supported by the NSF through Grant
serial efficiency. However, for simplicity each additional it- No. DMR-0219328. We would also like to acknowledge
eration after the first iteration was restarted at the beginningrants of computer time from the Ohio Supercomputer Cen-
of the cycle rather than starting with the first new boundaryter (Grant No. PJS0245and the Pittsburgh Supercomputer
event in each processor. By using the more efficient methodenter(Grant No. DMR030007JP
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