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Abstract

We address the tension between software generality andrperf
mance in the domain of scientific and financial simulationsela
on Monte-Carlo methods. To this end, we present a novel soétw
architecture, centred around the concept apacialising simula-
tor generator that combines and extends methods from generative
programming, partial evaluation, runtime code generatio dy-
namic code loading. The core tenet is that, given a fixed simul
tor configuration, a generator in a functional language cadyce
low-level code that is more highly optimised than a manuatiy
plemented generic simulator. We also introduce a skeletorgm-
plate, capturing a wide range of Monte-Carlo methods andituse
to explain how to design specialising simulator generaaoishow

to generate parallelised simulators for multi-core andrittisted-
memory multiprocessors.

We evaluated the practical benefits and limitations of our ap
proach by applying it to a highly relevant problem in comigtaal
chemistry. More precisely, we used a Markov-chain MontekCa
method for the study of advanced forms of polymerisatiorekin
ics. The resulting implementation executes faster thanatipet-
ing software products, while at the same time also being rgere
eral. The generative architecture allows us to cover a wiatege of
chemical reactions and to target a wider range of high-perdmce
architectures (such as PC clusters and SMP multiprocgssors

We show that it is possible to outperform low-level language
with functional programming in domains with very stringerer-
formance requirements if the domain also demands generalit
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1. Introduction

The tension between software generality and performanesps-
cially strong in computationally intensive software, suchscien-
tific and financial simulations. Software designers will alpiaim
to produce applications with a wide range of functionalitiich in
the case of simulations means that they are highly paraisaide
and, ideally, target different types of high-performaneedware.
Scientific software is often used for new research tasks fiand-
cial software is often employed for new products and new etark
In both cases, there is a high likelihood that the boundayrevi-
ous uses will be stretched. However, generality often comittsa
performance penalty, as computations become more intatjwe
require more runtime checks, and use less efficient datetstas.

As an example, consider a computational chemistry simarati
using a Monte Carlo method, that in its innermost loop regast
selects a random chemical reaction from a set of possibitioss.

The probability of the selection is determined by the cotregion

of available reactants and the relative probabilities aheaf the
reactions. If we aim for generality, the code will have thpadaility

to handle a wide range of reactions. These reactions and thei
probabilities will be stored in a data structure that the ecodll
have to repeatedly traverse when making a selection and when
updating the level of concentration of the various reastafhis

is an interpretative process whose structure is not unlil¢ ¢f an
interpreter applying the rules of a term rewriting systeipeatedly

to the redexes of a term. The more general the rules handlétkeby
interpreter, the more interpretative overhead we get, aeddss
rewrites will be executed per second.

On the other hand, to maximise performance, we need to elimi-
nate all interpretative overhead. In the extreme we havegram
that hard codes a single term rewriting system; i.e., we dlemp
the term rewriting system instead of interpreting it. We tamsfer
that idea to the chemistry simulation by specialising tmeuator
so that it only applies a fixed set of reactions. Such spsaititin
can have a dramatic impact on simulators, where a relatsmeil
part of the code is executed very often and even the minofiinef
ciency of a few additional cpu cycles can add significantlyh®
overall running time of the application. As giving up on geality
is not an option, and we cannot expect the user to manually spe
cialise and optimise the simulation program for the exaattiens
and input parameters of a particular simulation, we instgauoly
the compilation model to high-performance simulations.

In programming languages the move between interpreter and
compiler is well known from the work on partial evaluationi]1
More generally, research on generative programming [5]seifd
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optimising libraries [19] introduced approaches to codecilisa-
tion in a range of application areas, including numericaitgnsive
applications [7, 20]. Much of this work is concerned withyichng
general libraries that are specialised at compile timehis paper,
we transfer these ideas from libraries to applications amdhine
them with runtime code generation and dynamic code loading.
More precisely, we introduce a novel software architecfore
simulators based on Monte-Carlo methods. This architechased
on generative code specialisation, uses functional progriag to
overcome the tension between generality and performanae in
way that is transparent to the end user. Specifically, weeémpht
a specialising simulator generaton a functional language and
use it to generate highly optimised C code specialised fecifip
simulator configurations. Our software architecture usetsiadard,
optimising C compiler together with Haskell®reign function
interfaceand a variant of our previous work [15] on dynamically
loaded plugins to compile and load the generated simulator i
the main application for execution and rendering of the &ation
results.

over. This principle can be applied to any system that we caahain
in terms ofprobability density functions (PDFs}his includes the
numerical approximation of many purely mathematical carcss
with no apparent stochasticity or randomness, such as =ppa6
ing the value ofr or the numerical integration of complex func-
tions [17].

Monte-Carlo methods use probability density functionsrieed
the sampling during a simulation. This can be the repeatati ev
uation of a function at random points, for example to integia
numerically, or it can be a sequence of system state chaages,
of which occurs with a certain probability. As an example lod t
latter, consider studying reaction kinetics in computaiochem-
istry, where the system is characterised by the likelihobdazh
simulated chemical reaction in a given system configuration

In any case, to exploit the law of large numbers, all Montel€Ca
simulations have to repeat one or more stochastic expetaren
large number of times as well as tallying the many resultsl an
possibly continuously evolving some system state and ctenpu
variance reduction information. In fact, with increasiragmplexity

We capture the essence of a wide range of Monte-Carlo methodsof the system and with increasing need for precision, mok an

in the form of a skeleton; i.e., a template expressed by adigss
and a parametrised function. We discuss the design of diz@uga
simulator generators and the parallelisation of the geadraim-
ulators for Monte-Carlo methods captured by the skeletooreM
over, we demonstrate the practical relevance of the skeletal
our software architecture by concrete applications frorarfoe and
computational chemistry. In particular, we implementedputa-
tional chemistry application that simulates polymerisatkinetics
by way of a Markov-chain Monte-Carlo method. The resultimg i
plementation executes faster than all competing softwardyets,
while at the same time also being more general. The generativ
architecture allows us to cover a wider range of chemicaitieas
and to target a wider range of high-performance architest¢such
as PC clusters and SMP multiprocessors).
In summary, our main contributions are the following:

¢ A software architecture using generative code speciaiséor
computationally intensive simulations based on Montel&Car
methods (Section 2).

e A skeleton and a generative specialisation framework for
Monto-Carlo methods and its instantiation to a Markov-ohai
Monte-Carlo simulator for polymerisation kinetics (Secti3).

¢ Foreign language plugins for Haskell (Section 4).

¢ A parallelisation strategy for Markov-chain Monte-Carletin-
ods (Section 5).

¢ A detailed performance evaluation of our Monte-Carlo siaaul
tor for polymerisation kinetics, which shows that the apali
tion of methods from functional programming can lead to code
that is significantly more efficient than what can be achieved
with traditional methods and imperative languages (Sad@jo

As already mentioned, we build on a host of previous work from
generative programming, partial evaluation, runtime cgdeera-
tion, and dynamic code loading. We discuss this related vasrk
well as other work on polymerisation kinetics in Section 7.

2. A generative code specialisation architecture

Simulations based on Monte-Carlo methods are very popuilduei
study of complex systems with a large number of coupled d=gre
of freedom, this includes applications ranging from coragional
physics (e.g., high energy particle physics) to financighematics
(e.g., option pricing). The underlying principle is thewv of large
numbers;that is, we can estimate the probability of an event with
increasing accuracy as we repeat a stochastic experimentod

more stochastic experiments need to be performed. Thidyhigh
repetitive nature of Monte-Carlo simulations is one of tve key
points underlying the software architecture that we areuaibo
discuss.

The second key point is that, in many application areas, bont
Carlo simulations should come with a large configurationcepa
For example, in reaction kinetics, we would like to handleiden
variety of chemical reactions and, in financial modelling, would
like to model complex of financial products. In fact, to exploew
chemical processes and new financial products, we defimitsy
to (a) repeatedly alter configurations and experimentaliylare
a design space; and (b) have short turn-arounds in an itiierac
system. We certainly cannot afford to modify the source afdrir
simulator—in fact, many users in application areas usinghtdo
Carlo simulation won't have the expertise to even recomftike
simulator. On the other hand, when the user found a pointen th
design space that they want to simulate in more detail, alation
may run for hours or even days.

In summary, the two crucial properties of Monte-Carlo sigaul
tions guiding the following discussion are thus:

e Property 1: The simulation repeats one or more stochastic ex-
periments and associated book keeping a large number of.time

e Property 2:1t simulates complex systems with a large number
of degrees of freedom and a rich configuration space.

2.1 The classical approach: a simulator in C, C++, or
Fortran

As discussed, Monte-Carlo methods are typically used inptexn
systems with a large number of degrees of freedom, where they
require a many repetitions of a stochastic experiment taoeseh
numeric accuracy. For example, sophisticated simulatiorihe
domain of polymerisation kinetics can take days to execuat@ o
uniprocessor. Hence, manually optimised simulator codelow-
level languages like C, C++, and Fortran is the state of theand
the use of functional languages in many domains where Monte-
Carlo simulations are applied is out of the question, untéss
same level of performance can be achieved. Even a 50% imcreas
in running time is not acceptable when a program runs for days
While Property 1 encourages the use of a low-level language,
the amount of optimisations that can be performed in a lowglle
language is limited by Property 2. A simulator in a low-lelash-
guage must be sufficiently generic to handle a large confiigura
space in which it has to evaluate functions with a large numbe
of inputs. In other words, the code in the repeatedly execirte
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Figure 1. Architecture for generative simulators

ner loop will be complex and possibly traverse sophistitatata
structures. However, given the number of repetitions, egchcy-
cle counts significantly towards the final running time. Admhal
instructions required to implement a more general soluéal to
notable inefficiencies compared to specialised implentiems

To illustrate this situation, consider reaction kinetigaia. Each
reaction occurs with a probability that depends on the ikedaton-
centration of the various reactants. If it occurs, it wilhebme one
or more reactants and release new reactants into the suolwtio
Monte-Carlo simulator will have to keep track of these caorice
tions and the associated reaction probabilities. It haslkecs re-
actions according to the implied probability distributifumction.
The reactions have to be modelled in a data structure and ohe m
variations we allow, the more interpretative the procegbéninner
loop will be. In other words, the larger the configuration spahe
slower the simulator.

This situation calls for a generative approach. The sinoulat
has a large configuration space and its inner loop will be @eet
many times for a single configuration, making it worthwhite t
specialise the inner loop for one configuration, effectivgiving
us a custom simulator for one problem, before executinghts T
specialisation has to be transparent to the user and, asaesded
previously, has to occur in an interactive environment. ¢¢gerwe
propose the use of online generative code specialisatianig, in
dependence on user input, the application specialisasniés core
to produce highly optimised code and dynamically loads amds|
that code into the running application. As we will see in 88t8.4,

depending on the type of Monte-Carlo method used, we may have

to generate one or more specialised simulators per exeased
level simulation.

2.2 From Haskell to C to a C generator

Writing a new Monte-Carlo simulator using this architeetis a
three-step process:

1. Implement gorototype simulatoiin a functional language like
Haskell as an executable specification and to explore aliigen
designs.

2. Manually specialise for one or more concrete parameténge
and translate into C to explore possible low-level optirtidges.
This involves selecting appropriate imperative data stmas.
The C program, which we call trepecialised simulatotis val-
idated against the functional prototype. (Instead of Qylemges
like C++ or Fortran may of course also be used.)

3. Rewrite the prototype simulator asiulator generatoin the

functional language, such that when fed with the same param-

eter settings it produces the specialised generator we afignu
implemented in the previous step.

The generator is actually a three-tier architecture. Atlibdom,
we have a set of generic combinators producing C constrsiat$y
as type declarations, initialisers, control structurey] ao forth.
These are reusable between different simulators. On tofef t
generic combinators, we implement domain-specific contbisa
For example, for polymerisation kinetics, we have comtirat
creating the representation of a reaction or applying ati@ac
We implement the simulator generator with these domaircifipe
combinators.

The code generated by the simulator generator can be vadidat
against the functional prototype and the C implementaticire
later is often more convenient for debugging purposes,iagdsier
to compare the internal states of the two implementations.

The concrete specialisation strategy is, in fact, dompacsic
and can require a rather complicated separation of spsafaln
time versus runtime data. In Section 3, we will come back t® th
point and describe two general specialisation strategiesedl as
detail the strategy that we used for the polymerisationtkiseFor
the moment, it suffices to say that in the simulator for polsisze
tion kinetics, we specialise on the possible reactions lagid prob-
abilities in dependence on the concentration of the resctaiis
forms the basis for the computation of the probability dlsttion
functions in this application.

Figure 1 illustrates the overall architecture with the Siabor
generator at the very left. The generated C code is passetticen
that we discuss next.

2.3 Runtime compilation, loading, and simulator execution

The driver in the middle of Figure 1 is responsible for tugniime

C source of the specialised simulator into executable cohjing
that code, and passing the results to the third componertieof t
architecture, theenderer.

Unlike specialising generators for specific problems, sash
FFTW [7], we generate machine-independent C code, rattaer th
native code. Our experience is that, while implementinggpe-
cialising simulator generator, we are still exploring ansiigant
design space for the core data structures and algorithmoThis,
we need a light weight approach to code generation, that sniake
as simple as possible to perform structural changes to therge
ated code. Our three-tier architecture for the simulatoregators
simplifies this process.

To compile the C code, we use a standard C compiler, such as
GNU'’s gcc or Intel's icc. We require high-performance, so we
rely on state-of-the-art optimising C compilers that maygyvaith
machine architectures. In fact, access to low-level ankli@cture-
specific optimisations is another important reason for geimgy
C code, rather than attempting to directly generating pativde.
For example, it would be extremely difficult to beatc with
the instruction scheduling for floating-point computatoon In-
tel processors. Given the long running times of typical Ment
Carlo simulations, we can even amortise time consuming ¢omp
lation with costly optimisations enabled. To generate goode,
the driver passes simulator-specific and hardware-spédtifis to
the C compiler. Another option to improve the compiled codle f
ther, which we have only lightly explored, would be to uselsoo
like Acovea [12], a simulated annealer, to breed a best fitHer
compiler flags.

In addition to the simplification of data and control struesl
explicitly performed by the specialising simulator genierathe
C compiler can exploit the fact that many of the variableshaf t
generic simulator are now embedded as constants. This teads
additional constant folding, loop unrolling, and loop \@¢ation.

At this point it would be possible to run the generated siraula
as a separate process. However, we found it advantageoys to d
namically load and link the compiled simulator into the magpli-
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Figure 2. Molecular weight distribution during polymerisation

cation. This is especially valuable during the exploratod design
phase of the simulator user. The loaded code can be mordytight
integrated with the renderer, which may for example graghic
animate a running simulation. Moreover, depending on tleeifip
Monte-Carlo method, the generated simulator will still éaun-
time arguments and be executed repeatedly by the driver amger

of argument values. We will return to this point in Sectiomhere

we discuss the foreign language interface that connectsahe
piled C code of the simulator with the main application.

2.4 Processing results

The results of a simulation can, of course, be used in a variet
of ways. In particular, they can be visualised online or oéliln

an exploratory context, a user may run a few approximatetshor
running simulations that are visualised online, until tHayd a
system configuration that they want to explore in more de#sil
this point, they will start a long running simulation whosatal
set will be dumped to disk. An example visualisation from our
simulator for polymerisation kinetics is in Figure 2. An ionant
property in polymerisation is the concentration of molesulvith
particular chain lengths of a synthesised polymer. Therggraph
plots this concentration in dependence with the simulabec t
elapsed since the start of the chemical process, where #ia ch
length is indirectly given by the molecular weight of the yroker
molecules.

2.5 Summary

In summary, Figure 1 outlines an architecture for implermnt
high-performance Monte-Carlo simulators as lightweigtierac-

tive applications. Instead of achieving high-performabgémple-
menting in a low-level language, we achieve even higheroperf
mance by generating specialised low-level code in a funatitan-
guage. In the next section, we will see that this approachiespp
to a wide range of Monte-Carlo methods and that functional la
guages are a good match to the task of implementing generativ
code specialisers.

3. Generative Monte-Carlo Methods

After covering specialising simulator generators in theviwus
section, we are now going to discuss the generative speiiin of
Monte-Carlo methods at three concrete examples. We wiltrsste
for specialisation to be worthwhile, simulations need g form
sufficiently complicated operations during stochasticezkpents
and (b) have a number of input parameters that are fixed feast |
part of one simulation. We call such methaogksnerative Monte-

Carlo methodsGiven that Monte-Carlo methods are typically used
for complex systems with a large number of degrees of freedom
practically useful Monte-Carlo methods usually meet thege
criteria. To clarify the general structure of Monte-Carletimods
and to highlight the points of opportunity for specialisati we
will discuss a general Monte-Carlo simulation skeletorerathe
concrete examples.

3.1 Computing7

The probably simplest Monte-Carlo method is that to compute
approximation ofr. We know that the area of a circleis = 7r2.
Hence,r = A/r?;i.e.,w/4 is the probability that a point picked

at random out of a square of side length is within the circle
enclosed by that square. As explained in the previous sedtie
fundamental idea underlying Monte-Carlo methods ig$timate

the probability of an event with increasing accuracy by etjey

a stochastic experiment over and ovdere the stochastic exper-
iment is to pick a point in the square at random, and we use that
experiment to approximate the probability that picked polie in-

side the circle. By multiplying that approximated probapilvith

4, we approximater.

The following Haskell functiorpiMC implements this idea. It's
first argument is a stream of randdbeubles from the interval
[—1,1] and the second one is the number of random points to be
picked.

piMC :: [Double] -> Int -> Double
piMC rs n =
let within = [ point
| point <- take n (points rs)
, inCircle point]
hits = fromIntegral (length circlePoints)
in
hits / fromIntegral n * 4
where

(x, y) : points rs
sqrt (x*x + y*y) <= 1.0

points (x:y:rs) =
inCircle (x, y) =

Although, the computation of illustrates the Monte-Carlo princi-
ple very well, it is not a particularly efficient method of cpoting

«. Itis also not really amenable to code specialisation. rdtiethe
only variables in the code are the number of stochastic @xeats

to perform and the random values. For specialisation to hsefa
simulation must be parametrised by a significant number @frpa
eters, which may be numeric or have a complex structure. \We ca
methods, such as that computingsimple Monte-Carlo methods
Simple methods perform little work per stochastic experitrand
have few, or no, configuration parameters.

3.2 Modelling financial products

Monte-Carlo methods are routinely used in finance to soled-pr
lems, such as the arbitrage-free pricing of derivativeq.[8ich
problems can often be expressed in terms of partial difteakn
equations, but when the degrees of freedom (i.e., the dio®ns
ality) is large, non-stochastic methods often converge/lgl@and
require large amounts of memory. If the desired value (tlee,
valuation of a derivative) can be expressed as the probabilia
stochastic experiment, a standard alternative is the uadvainte-
Carlo method.

The basic idea is the same as in the previous computatian of
but there are two big differences:

1. Where the only arithmetic in the computation ofis the
Pythagoras test/x2 + y2 < 1, a single stochastic experi-
mentin valuating complicated derivatives involves alreadyywer
complex computations. Moreover, these derivatives ugil
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data Config = Config { -- simulation configuration:

samples : Int,

initialPrice :: Double, --
drift :: Double, —-
volatility :: Double, --
strike :: Double --

}

optionMC ::

optionMC rs n tT

let pricePaths
results

| prices <- pricePaths]
in
exp (-dr * tT) * sum results / fromIntegral n
where

-- samples to take over lifetime of stock
initial stock price

percentage drift of GBM

percentage volatility of GBM

option strike price

[Double] -> Int -> Double -> Config -> Double

(Config samples stockO dr vo strike) =

[ map (stock tT) path | path <- take n (paths rs)]

[ 0 ‘max‘ ((sum prices / fromIntegral samples) - strike)

-- sets of random variables of variance tT and mean O

paths rs = let (path, rs’)
in

map (sqrt tT *) path :

splitAt samples rs

paths rs’

-- calculate stock price as geometric Brownian motion (GBM)

stock tT wt

stockO * exp ((dr - vo * vo / 2) * tT + vo * wt)

Figure 3. Monte-Carlo estimate

of the price of an Asian option

volve a significant number of dependent assets, each of which some of the arithmetic operations by performing constalulirig.

has their own variables. So, instead of scalars (or in the o&s
m, pairs), we have to manipulate entire matrices of pararaeter
for a single experiment.

2. Where a single random point in the approximationr @fiready
gives us the outcome of one stochastic experiment, contgtica
derivatives usually require us to evolve a set of assets over
a time interval in discrete steps; e.g., for an Asian option t
sample its price once a week or month.

Let us consider a simple and well-understood form of option,
namely an Asian call option. The code for a Monte-carlo estém
of the pricing of an Asian option is in Figure 3. The code uges t
local functionstock to calculate future stock prices on the basis of
their initial price and a standard model based on geometoevB-

ian motion (GDM) that is parametrised lyift andvolatility. The
last parameter oftock, namelywt, is a random variable drawn
from a normal distribution with mean 0 and variancg, which

is the expiration time of the option. To value an Asian optive
need to sample it a number of times during its lifetime. Thenau
ber of samples, callegmples in the code, determines how many
random numbers we need to obtain per stochastic experiMént.
use the local functiopaths to chop the input stream of random
numbersrs into sublists of just enough random numbers for each
stochastic experiment.

Based on these functiongricePaths calculates the stock
prices of the Asian option at all sample points (using ondistub
per stochastic experiment). Out of these prieesults computes
the obtained wins per stochastic experiment—we perfarsuch
experiments. The results of all experiments are combinethd¢o
final estimate in the body of theet expression.

Although this is a simple derivative, we obviously already-p
form much more work per stochastic experiment than in the ap-
proximation ofr; in fact, the amount of work depends on the con-
figuration parametegamples, which fixes the path length per ex-
periment. The functioptionMC has a number of configuration
parameters, and excepimples, these parameters are determined
by the option that we are modelling. ihitialPrice, drift,
volatility, andstrike are known, we can obviously remove

Moreover, ifsamples is statically known, we can unroll the recur-
sion (or in a C program, the loop) that traverses the path ofi ea
experiment. Given a C version of the option simulator witheada
coded configuration, any optimising C compiler will perfothe
constant folding. However, itis already less likely thatili unroll
the loop traversing each path.

More complex derivatives consist out of a number of simpler
derivatives that are often highly correlated. As a reswgnecom-
puting properly distributed random variables already lags com-
plex matrix operations. Moreover, the random variablesia path
may form a more complex Markov chain, which requires more so-
phisticated computations. All in all, the code quickly getsfi-
ciently complex that the limited optimisations of a C corepilvill
not be able to adequately specialise the code for a givengroafi
tion. In contrast, a specialising simulator generator ddingener-
ate a highly specialised form of the simulator, including&plised
data structures.

Despite the differences in complexity, the actual MontekCa
method used iptionMC is essentially the same as the one we
used to approximate. We call it aparallel Monte-Carlo method,
as the individual stochastic experiments—i.e., the coatprns
leading to one element of theesults list—are independent. We
only need to combine the results of the individual stoclkaestper-
iments at the end to compute the final result.

3.3 Modelling polymerisation kinetics

Our largest example, a simulator for polymerisation kicgtiis
much to big to present the Haskell code in a paper. Insteawilive
simply describe the application and our implementatioatsgy in
more detail here. The details from a Chemist's perspectwrele
found in a companion paper [2].

The kinetics simulator models two classes of moleculesplEm
molecules and polymers. Simple molecules are uniquelyachar
terised by their name, whereas polymers also have a chagthlen
and in the case of star polymers, actually a set of chain hsnag-
sociated with each molecule. A reaction can consume up to two
molecules, and produces up to two nhew molecules. Reactians t
involve polymers are usually parametrised over the changtle
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tion kinetics

For example, a reaction might consume a polymierith a chain
lengthn and another of the same type with chain lengthand pro-
duce a new polymer molecule of the same type with chain length
n + m, which we denote here a8, + P,, — Pn+m. The sim-
ulation keeps track of the actual number of each type of nubdec

in the system. A single simulation step consists of the Vuailhy
substeps, as displayed in Figure 4:

1. Determine the probability of each reaction. The proligbdf
each possible reaction is the product of the relative pritibab
and the current concentration of the reactants involved.

. Randomly pick a reaction according to their probability.

For example, in Figure 4, the result of this random choice
might be the reaction?, + P,, — P,tn. Note that the
reaction is specific w.r.t. the type of molecules involvedt b
is parametrised by their chain length.

. Randomly pick the molecules involved in the reaction-s-th
step is trivial for simple molecules. For polymers, it may&éo
be taken into account that polymers with different chairgtes
react with different probability.

For the reactionP, + P,, — P,.+m We have to pick two
random chain lengtlm and m. The probability depends on
the number of molecules of each chain length currently in the
system, adjusted by a factor in case the chain length infagenc
the reactivity of a molecule.

. Update the system state, that is, the concentration cécutas

kinetics encodes the set of possible reactions and mokedute
the specialised simulator. Hence, in the emitted C codetitees
and molecules are simply represented by scalar values, aran
of scalars in the case of star polymers. The lookup tableghem
be implemented as simple arrays.

Moreover, the Haskell prototypes makes extensive use of pat
tern matching to process the data structures. In contfastspe-
cialised simulator generator turns this into simple C skwistate-
ments over the scalar values representing the various nilekec
and reactions. Note that this isn’t easy to achieve in a geer
simulator that reads a molecules and reactions configuratioun-
time, as C switch statements can only use constants as tete la
We will come back to this point when discussing the benchmark
results in Section 6. However, the specialising simulaemega-
tor is still written in Haskell and it still uses all the comiences
of parametrised user-defined data structures and pattetochma
ing to represent configurations and to traverse them to gémer
the C code. Hence, we combine not only generality with high-
performance, but we also maintain programmer convenience.

The more molecules we have in the system, the more accurate
the result of the simulation will be, and the more reactiores w
have to simulate for a fixed amount of system time. Another way
to improve the quality of the result is to run the same siniofat
several times and calculate the average. However, it isiitapoto
keep in mind that running the same simulation ten times woil) im
general, lead to a result of the same quality as a single atioalof
a system ten times the size, since the concentration of séthe o
reactants is so low, that, for small systems there would $etlean
one molecule available and the fact that the simulationdsrdie
would distort the result.

Generally, we call Monte-Carlo methods that evolve a system
state sequentially as a chain of stochastic experimsggsiential
methods As just discussed, we can sometimes split one long chain
into a few parallel, but shorter chains.

3.4 A Monte-Carlo skeleton

Monte-Carlo methods come in a large number of flavours anie var
ants, some of which are not widely publicised outside thealom
in which they are used. This makes it difficult to generaligerall
Monte-Carlo methods. However, we believe that the function
from Figure 5 captures many, maybe most, Monte-Carlo method

and time. We have to delete the molecules consumed by the commonly used. The function is parametrised by a type oksyst

reaction from the system, and the product of the reactiod, an
increment the system clock.

For our example reaction, this means that we need to remove

one molecule of eacl?, and P, from the system and add
P, +m. When adjusting the system time, we need to take the
size of the system, i.e., overall number of molecules, irto a
count, as well as the probability of the reaction. Since wesha
on average, ten times more reactions in a system with ten mil-
lion molecules than with one million, the increment of thadi
stamp in the larger system would, for the same reaction, only
be one tenth of that of the smaller system.

For each of these substeps, it is essential that the repatieenof
the system state supports the following operations vergieffily:

e The mapping of a reaction to the reactants involved.

e The mapping of a molecule type to the number of molecules of
that type in the system.

e Updating the molecule count.

In the Haskell prototype of the simulator, both moleculed et
actions are modelled using parametrised user-defined dpés.t
However, our specialising simulator generator for polyisegion

configurations that is a member of the type clesstig of Monte-
Carlo simulator configurationsBefore we look at the type class
in more detalil, it is useful to consider the general struetoir the
skeleton. It nests three levels of standard recursive itsals&

1. Configuration spaceThe outermost recursion is a simple map
over the list of configurationsfgs. It is realised by the list
comprehension forming the body of the functiomand applies
the local functiorsimulate to each configuration.

. Number of trials:The middle recursion is again a map; this one
is over the number of random generaseeds requested by the
current configuratiorefg. It is realised by the list comprehen-
sion in simulate, and the number ofeedss determined by
chains cfgin pickSeeds.

. Chain length:The innermost recursion is realised bywarfoldr
in the body ofsimulate’s comprehensiof.

10ur definition of sequential methods does not exactly cdmaiith the
term “sequential Monte-Carlo” as found elsewhere in therditure.
2Unfolding is part of Haskell's standard list librarynfoldr ::
Maybe (a, b)) -> b -> [a].

(b —>
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class Config cfg where
type Result cfg -

result of individual experiments

of simulation at multiple configurations

-- combine chain results
-- merge multiple sumulations

type Final cfg -- combined result
chains :: cfg -> Int -- number of chains
experiment (cfg, [Double]) -- one stochastic experiment
-> Maybe (Result cfg, (cfg, [Doublel))
average :: cfg -> [[Result cfgl] -> [Result cfgl
merge [(cfg, [Result cfgl)] -> Final cfg
mc :: Config cfg -- type of Monte-Carlo configurations
=> [cfg] -- set of configurations to simulate
-> [Seed] -- stream of random generator seeds
-> Final cfg
mc cfgs seedPool =

merge [(cfg, simulate cfg seeds) | (cfg, seeds) <- pickSeeds cfgs seedPool]

where

-- pair each config with as many seeds as there are chains

pickSeeds [] _ =[]
pickSeeds (cfg:cfgs) seeds
let (chainSeeds, seeds’)
in
(cfg, chainSeeds)

: pickSeeds cfgs seeds’

-- run the simulator on one configuration
simulate cfg seeds =

average cfg [unfoldr experiment (cfg, seedToStream seed) |

in that config

splitAt (chains cfg) seeds

seed <- seeds]

Figure 5. Generic Monte-Carlo skeleton

Depending on the concrete Monte-Carlo method, only one or tw
of the recursions may be non-trivial. For example,the axipne-
tion of = and the simple option pricing did not make use of the
configuration space. For polymerisation kinetics, the dselarger
configuration space to run multiple simulations, and thgreluce
the system size, is an option, as discussed at the end 0cb88cS.
Moreover, in the case of approximating the chain length was.
In contrast, the chain length in our production runs with plogy-
merisation kinetics is in the order a6'®, but we only execute one
trial. In applications of financial mathematics it is commtorhave
multiple trails, each of which has a chain length greatentha
Configurations as represented in the type classfig, deter-
mine a typeResult for the individual stochastic experiments and
another typeFinal for the final result derived from the different
simulations for all given configurations. Both types dependhe
configuration type-fg; i.e., they are so-called associated types [3].
Individual stochastic experiments are performedelgperiment,
which gets a configuration and a stream of random numbersl-In a
dition to a result, it produces a possibly altered configaratind
the reminder of the stream of random numbers. Theoldr in
simulate chains experiments until one returisthing. Finally,
average andmerge combine the results of all trials in a simula-
tion and all simulations in a set of configurations into a coon
results.

3.5 What to specialise

In the case of the computational chemistry simulator, weslihxee
input parameters: (1) the types of molecules which occuhe t
system, (2) a description of all possible reactions and tieéative
probability, and (3) the concentration of each reactant.

Knowing the type of reactions and molecules involved makes
it possible to generate efficient representations of thetiass

and the system state. On the other hand, the concentratitive of
molecules changes constantly, so specialising for theirgtate
would not actually allow for any additional optimisatior&here-
fore, the system is only specialised for the type of reastiand
molecules. The initial concentration of the reactants élri@ sep-
arately at runtime.

Splitting the set of input parameters into these two claisses
important step when implementing an application followthig ar-
chitecture. For each parameter, we have to check if (1) kngttie
value of the parameter at compile time enables any optiioisst
(2) the optimisations are worth the additional overhead exfiegy-
ating specialised code. In the chemistry application, deisision
is fairly straight forward: even for simple systems, the siation
runs for several minutes, so even minor optimisations péay of

Considering the Monte-Carlo skeleton from the previous- sub
section, we see that some simulators run multiple simuliation
a set of configurations. Depending on the variation betwbhegset
configurations, it may be worthwhile to generate multiplesp
cialised simulators.

4. Foreign language interface for plugins

Besides the specialising simulator generator, the othempoment
of our architecture from Figure 1 that warrants some atbenis
the driver. The amount of interaction between the main apfitin
and the generated simulator varies among domains, butigalée
executable code of the specialised simulator into the mppti-a
cation usually simplifies matters. In particular, it sinfiglé a tight
integration between the running simulator and a graphicaiténd
displaying the evolving simulation. While exploring a dgsspace
with many very imprecise, but comparatively short-runngigu-
lations, users often want to see the continuous progresediim-
ulation.
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4.1 Dynamic linking

In the polymerisation kinetics application, we use a sntai§tom
dynamic linker to dynamically load and link the compiled QGleo
back into the main Haskell program. It is based on the corb®f t
dynamic linker described in [15] and provides a simple bigdi
to the GHC Haskell runtime, implementing a barebones ligkin
system for C objects, using the four functions:

pluginInit : 10 O

pluginLoad :: CString -> IO Bool
pluginResolve :: I0 Bool

pluginSym : CString -> I0 (Ptr a)

The entire linker and compilation manager is itself justrot@0
lines of Haskell code.

Simple Monte-Carlo methods, such as the approximatiom, of
are almost trivial to parallelise. The large number of inefegient
stochastic experiments can be easily distributed overiphellpro-
cessors, as long as we ensure that the statistic propeftiesro
source of randomness are robust with respect to parallelLéxa.
The only communication between the parallel threads iseaetiu
of the simulation when the local results need to be combingul i
a global result. This can be achieved using standard phretiac-
tion operations (e.g., parallel folds) and will usually wontribute
to the overall runtime in any significant way.

5.1 Parallel Monte-Carlo methods

Parallel Monte-Carlo methods, such as the option pricisguised
in Section 3.2, belong to the class of embarrassingly pnatbb-

When passed an object handle by the compilation manager, alems. They require only very little communication and synocti-

simulator object is loaded and resolved, and the linkenrnsta C
function pointer to the C simulator, wrapped as a Haskel@alWe
achieve this by the following function, which use the cosien
functionwithCString from the Haskell foreign function interface
(FFI).

loadAndGetSym :: String -> String -> I0 (Ptr a)
loadAndGetSym objFile sym =
withCString objFile $ \objFileC ->
withCString sym $ \symC -> do
pluginInit
pluginlLoad objFileC
pluginResolve
pluginSym symC
We might call this with

loadAndGetSym "simulator.o" "doSimulate"

4.2 Foreign evaluation

Once the C pointer associated with the given symbol is retddy
the linker, control can then pass from Haskell to C, by euithga
the function pointed to by the obtained C pointer. Howevercan-
not directly coerce the C function pointer to a normal Halskelc-
tion value, as normal Haskell functions are representddreifitly.
We can however, throw the function pointer to the C runtimieicl

can then execute the function. We do this by calling a C wrappe
apply function, with the function pointer as an argument. The C

functionapply itself is imported into Haskell via the Haskell FFI:

foreign import ccall unsafe "apply.h apply"
apply :: Ptr ) -> I0 O

whereapply itself is a function to evaluate its argument:

void apply(void (*f)(void)) {
£0;
}

Now, we can evaluate a C function by passing itpply. Using
the FFI, C functions can also call into Haskell and so realisgo-
way connection between the simulator and the renderer.

5. Parallelisation

Processor technology has, at least for the moment, finallyhii
limit of its ability to speed up sequential programs by iragiag
clock rates and similar. Instead, processors increasirgly on
explicit, software-controlled parallelism to achieve sgaup over
successive generations of architectures—examples, dteaore

and many-core architectures as well as modern GPUs. Henge, a

method to solve computationally intensive problems needsdt
dress parallelisation if it is to be of continuing relevance

sation, and so eliminate one big problem for efficient patake-
cution. What remains is adequate load balancing; i.e.,doraiex
options, some stochastic experiments may need more porcess
time than others. So, in general, givBmprocessing elements (PES)
and N independent stochastic experiments, assigiNiid® exper-
iments to each PE may not utilise the parallel machine opiyma
However, given the stochastic nature of the algorithm, wgeek
to see a uniform distribution of experiments of differentrguex-
ity over all PEs, which leads to good load balancingvifis much
bigger thanP.

Unfortunately, the situation is often more complicated iag
tice. Although, approximation by Mont-Carlo methods, isitttyp-
ical application areas, usually converges faster thanraétestic
numeric approximations, the standard convergence is fiompbex
problems still not sufficiently fast. In this caseriance reduction
methods are usually used to improve the convergence bahasio
the algorithm. Some of these methods, such as the additisealf
anantithetic pathand the use of aontrol variate do not interfere
with a parallel implementation. However, others technigusich
assequential importance samplingrevent us from generating the
random variables of the different stochastic experimemdepen-
dently. In fact, they may be become sequentially dependent.

5.2 Sequential Monte-Carlo methods

Sequential Monte-Carlo methods are, as their name suggests
straight forward to parallelise, especially if the best wapchieve
convergence fast is to keep tracking one path for a large ruwib
steps, as is the case in our polymerisation kinetics simulat

At the end of Section 3.3, we discussed that for polymensati
kinetics, we can improve the quality of the simulation régutwo
ways: by increasing the system size, or by repeatedly siimgla
the same system and averaging over the result. The first agipro
is not suitable for parallelisation, due to the inherentusegtjial na-
ture of Markov-chains. However, the second approach, wiich
trivially parallel, is also problematic for our particulapplication:
as it turned out, the systems the Chemists were interesteatian
unfortunate property. In order to get feasible numbers dicudes
with the lowest concentration in the system, the system sk
to be so big that the simulation took hours or more to run on one
processor, and the result of a single simulation alreadyofasf-
ficient quality. Fortunately, there is a solution to this fglem: the
kinetics simulation (like all non trivial simulations) me simpli-
fying assumptions about the laws that determine its bebaviane
of the simplifications in our context is that we abstract dwerpo-
sition of the molecule in the system. If two molecules aresfaart,
they would, in reality, be less likely to react. Now, we carkease
of this and split the system into several subsystems, rursithe
ulation of each subsystems independently in parallel oarseg
PEs. We only have to make sure that mix—i.e., gather, average,
and re-distribute—with sufficient frequency to model theBnian
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Figure 6. Comparative running times for generic and specialised
polymerisation kinetics

motion of the molecules. In this way, we can parallelise thglia
cation without compromising the quality of the result. Olicse,
the speed up will be slightly less than for a trivially paghMonte-
Carlo simulation, as the mixing triggers communicationwewger,
as the benchmarks in the following section show, the pdisdigon
is still very good.

Although, our use of regularity averaging over a set of paral
executing sequential Monte-Carlo simulations was matvaby
the physical intuition of spatial separation and Browniaation
in a liquid, the same approach to parallelisation is moresgaly
applicable to sequential Monte-Carlo. Regular averagirey a set
of parallel sequential simulations will improve the acayaf the
intermediate results and so in many cases accelerate gemesr.

6. Results

The initial objective of our computational chemistry prdjevas
simply to implement a fast, parallel simulator. It needethécsuf-
ficiently generic to support the type of advanced systemsieha
star polymers, that the available commercial simulatordctoot
satisfactorily run. The commercial simulators did not dthe sup-
port reactions involving star polymers, and even thoughei$ wos-
sible to work around this restriction, the simulations jtesik too
long. We started by implementing a generic prototype in sk
It quickly became clear that a pure Haskell implementatiaube
not be sufficiently efficient, as there would always be a tedser-
head. So we implemented a second simulator, in C this time. Th
Haskell version relied heavily on algebraic data typeshéigrder
functions, and pattern matching. In C, the generic simuleias
much more painful to implement, so we opted for a strippedrdow
less generic and therefore fairly optimised version of treeskell
implementation. Even in C, though, it was clear that the <t
the limited generality were high, which inspired us to explthe
described generative approach.

6.1 Performance of sequential simulator

For the benchmarks discussed in this subsection, we sietliat
simple styrene RAFT (reversible addition fragmentaticansgfer)
polymerisation, with only linear (single chain) polymers.

Figure 6 compares the running times of the (not fully) gemeri
C simulator with the specialised code generated and loag¢leb
Haskell framework. As we can see, the specialised codesg ttoa
factor of three faster than the already partially optimi€adersion.

The reason for the significant performance difference be&som

clear when we compare the assembly code generated by the C

compiler for the following program fragment, which is pafttbe
actual reaction application code. First, let us have a ldake C
code, for one particular reaction type in the generic sitaunia

int doReact (..) {

*/
&&
&&
&&
&&

/* Disproportionation
if (isPolyMol (*moll)
isPolyMol (*mol2)
ms2
isPolySpec (*ms1)
isPolySpec (*ms2))

*noRes = 2;
initMol (*rmoll, msl, moli->len);
initMol (*rmol2, ms2 ,mol2->len);
return (1);

}
As we can see, the generic polymer simulator must interpret a
data structure representing the various molecule typesdlimg
them according to general rules. This means a wide rangeaof re
tions can be simulated. However, there is a performance Thi
performance cost is starkly illustrated by comparing theeasbly
generated fodoReact () between the generic simulator and the
reaction-specialised version.

In particular, a number of boolean conditions must be satsfi
to perform the reaction. This involves indirections inte tieneric
molecule data structure. When the reaction finally takesepleve
must again indirectly update fields of the result structure.

Unsurprisingly, the C compilérproduces less than ideal as-
sembly for the generic C code, with less than ideal regissey;, u
branches, and too much memory traffic.

doReact:

HHEH if (isPolyMol (*moll) &&
movl (Yesi), Yedx
movl (%hedx), %edx
testl %edx, hedx
jne ..B1.19

..B1.5:

HEH isPolyMol (*mol2) &&
movl (%ebx) , %edx
movl (Yedx) , %hedx
testl %hedx, ‘hedx
jne ..B1.10

..Bl1.6:
testl Yeax, heax
je ..B1.10

..B1.7:

HEN ms2 &&

HHH isPolySpec (*msl1) &&
movl (hecx), hedx
testl Y%edx, hedx
jne ..B1.10

..B1.8:

HH isPolySpec (*ms2)) {
movl (heax), hedx
testl Yedx, %hedx
jne ..B1.10

HHH /* Disproportionation */

.B1.9

HHH *noRes = 2;

movl 36 (%esp), %hedx

3Intel C compiler, which outperformed GCC in our tests.

2007/4/8



movl $2, (%edx)

HH initMol (*rmoll, msl, moll->len);

movl 28 (%esp), %hedx

movl hecx, (Yhedx)

movl 4(%esi), hecx
HHE initMol (*rmol2, ms2 ,mol2->len);

movl 32(%esp), hesi

movl %hecx, 4(%edx)

movl %heax, (%esi)

movl 4(%ebx), heax

movl 32(%esp), %ebx

movl %heax, 4(%ebx)
HHH return (1);

movl $1, Yeax

popl %ebx

popl %hesi

ret

The situation is vastly different once we specialx®React ()
body to the reaction at hand. Rather than employ generic-stru
tures and logic for interpreting the reaction rules, we drke do
encode the specific, statically-known reaction cases asultseas

C enumerations. As a result we get an efficient implementaifo
the doReact () logic as a switch. The various results are stati-
cally known, and may also be encoded in simple atomic typesl-|
ing to much improved register utilisation. Here we see thiinen
generated code for the same reaction as above, speciatised f
particular system:

switch (reactionIndex) {

case dispro:
no_of_res = 2;
specl_ind D;
spec2_ind D;
rll = moll_len;
rl2 = mol2_len;
break;

This code fragment is compiled to almost optimal assembly, a
simple vectored jump for the switch, and 4 instructions tdqren
the reaction:

movl ..1..TPKT.11_0.0.10(,%ebp,4), %edx
jmp *fedx

..1.11_0.TAG.5.0.10:

..B7.26:
movl $2, %edx
movl $4, Yebp
movl $4, Y%ecx
jmp ..B7.38

Comparing the two assembly code fragments, it becomes odvio
why the generated code easily outperforms the hand writteriic
C simulator as shown in Figure 6.

The Monte-Carlo method we used for our implementation has
been applied before, for example in [6]. The specialisedivarof
our generator outperforms the implementation describé@liby a
factor of 2.6 on an AMD Athlon 64 3200+. That is, the perforroan
in [6] is comparable to that of our generic simulator.

6.2 Performance of parallel implementation

Let us now have a look at the performance of the parallel code.
Parallelism is implemented using standard MPI [8] libraalis
As MPI libraries are available for virtually all multiprossor ma-
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Figure 8. Speedup on shared memory and cluster systems

the specialised, parallel simulator code, both on a clustet a
shared memory machine. The cluster is a commaodity Linux-clus
ter, containing a mixture of 2.6Ghz and 3.2Ghz Pentium 4S pro
cessors. The shared memory machine contains eight AMD Athlo
64 3200+, 2.2Ghz processors. Even though they run on a ligeser
guency, they are faster than the cluster nodes, as they Hagger
first and second level cache, and higher memory bandwidth. We
ran both simulations with0° and10*° on both architectures. Due
to the better hardware architecture, the shared memory imach
outperformed the cluster on both benchmarks (Figure 7)h Bot
chitectures show excellent speedup for #i2° benchmark. The
10° system is too small for the communication and synchrordsati
overhead to pay off (Figure 8 & Figure 9).

6.3 Comparison with PDE Solver

Finally, we compared the running time of of various spesedi
polymer simulators against the leading commercial packaeDICI
(version 6.36.1, produced by Computing in Technology (CiT)
chines, the code can run on most architectures. Figure 7 and 8GmbH) [23, 22], running the same reaction. PREDICI is not a
show the absolute running times and speedups respectifely o Monte-Carlo simulator—it calculates the distributions $xlving
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tributed simulations

the partial differential equations (PDE) that describe slystem
and the reactions. Therefore, the result of a PREDICI runbzn
regarded as the correct distribution (as modelled by thieesys not
an approximation. Fot0'° particles, the simulation results were
identical to those of PREDICI. Far0® particles, the results di-

Figure 10. Comparative running times for commercial PDE versus
our parallelising MC simulator

easy task. This in combination with the fact that the adgataf
Monte-Carlo methods increases with the complexity of timeusi
lated molecules and reactions makes Monte-Carlo methodsya v
attractive option in numerically intensive applicatiohst can be
modelled by stochastic experiments. On top of this, our hgee-

verged when we used more than eight processors. We used a morerative approach to Monte-Carlo simulators improves thing

complicated system star RAFT system for the benchmarksisn th
subsection. For the simple styrene RAFT that we used for tthe p
vious set of benchmarks, PREDICI’s performance is comparab
to the Monte-Carlo simulator in [6]; i.e., our specialisétislators
still outperform it by more than a factor of two. On even siepl
systems, PREDICI is more efficient then our Monte-Carloayst
This is not surprising, as PDE solvers usually perform loettan
Monte-Carlo simulators for simple systems. Monte-Carlmsi
lators show their strength when the simulated systems ge¢ mo
complex and the degrees of freedom increase.

We compared PREDICI against the specialised simulator; com
piled with the Intel C compiler. Moreover, we ran our parbdled
simulator on a variety of cluster configurations, using th€IM
implementation MPICH [14], with varying particle countsh@
columns of Figure 10 list the results for the following bemarks:

1. PREDICI, on a 3.4Ghz single core Windows XP machine

2. Specialised polymer MC simulator, on a 3.2Ghz Linux Remti
4,10'° particles

3. Specialised polymer MC simulator, on a 3.2Ghz linux Remti
4, 10° particles

4. Specialised polymer MC simulator, 8 node clustér® parti-
cles,

5. Specialised polymer MC simulator, 16 node clustét? parti-
cles,

6. Specialised polymer MC simulator, 8 node clusté® parti-
cles.

For a fair comparison with PREDICI, we need to consider thresru
with the 10'° particles. Figure 10 shows the results on a linear
as well as a logarithmic scale. Our specialised Monte-Csirto
ulator clearly outperforms PREDICI already with one cpu.risto
over, our Monte-Carlo simulator scales well with incregsimode
count and so is able to exploit current clusters and the engerg
many-core architectures. Parallelisation of PDE solversat an

11

time significantly while simultaneously supporting a widenge of
chemical systems—e.g., our system is the only one that cactlyi
simulate star polymers.

7. Related Work
7.1 Partial evaluation

Partial evaluators for C, such as C-Mix [1], has similar chijes
as the work presented here, namely to achieve high-penfigrmit
easily maintainable code. It is also similar in that it rel@n the C
compiler to apply standard optimisations which have beeblea
by the specialisation. However, there are also a numbergoifsi
icant differences: In contrast to our approach it is neithessible
nor necessary in C-Mix to provide domain specific specitibsa
information to the tool. This can be an advantage, sincertipe-
menter of the generic code need not be concerned about [gossib
specialisations. However, as the computational cheméstaynple
demonstrates, it also has serious drawbacks: the mostieffep-
timisations in the specialised code were a consequences afuis
tomised data structures and jump tables used, both of wisighl c
not have been automatically deducted from the generic sitmwl
Furthermore, the use of C-Mix is not transparent to the user.
our approach, the user does not need to have the source ctiae of
generator, and (as long as there is a C compiler availableesys-
tem) needs not be aware at all that the specialisation isemépgp
behind the scenes because the C code is compiled and dyiigmica
linked back into the executable of the simulator. Also, iempént-
ing the fully generic simulator in C would have been a majforef
compared to the Haskell implementation—as mentioned befoe
heavily relied on higher-order functions, pattern matghamd al-
gebraic data types, all language features not or not péatigwvell
supported in C.

Other partial evaluators, such as Tempo [4], focus on differ
application areas, such as systems programming.

Using C++ templates as a substrate for partial evaluatien, a
n [18], allows the addition of domain specific informatiand it
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would be interesting to investigate if it is possible to getikar
results as we have with our approach. However, it would defini

be necessary to push the limits of C++ template programnang,

technique which can be fairly tricky and error prone. As with
Mix, however, the user of the simulator would have to havesasc
to the source code, and instantiate, compile and link thgraro.

7.2 Generative programming

Generative programming also targets a similar problem, &d
example [21], employ a meta-language to describe the gémgra
component, whereas we use an existing general purposesigagu
Haskell, which because of its support of higher-order fiomst and
user defined operators, is a good substrate for the simpld_ER&S
use.

FFTW [7] shares with our approach, the idea to use a func-

tional language to generate highly optimised low-level ecobh

fact, FFTW has clearly been an inspiration in that mattelisTh

is, however, where the similarity ends. FFTW provides aalilpr
whereas we presented an application architecture. FFTOWaksd
dynamic code optimisation, whereas our approach is putalcs
Furthermore, the type of specialised algorithms are rattffarent.

7.3 Polymerisation kinetics

The Monte-Carlo strategy we use for the simulation of theypol
merisation models is similar to the one method used by [H]], [
[13], and [9]. Although [6] use multiple machines to run ipéa-
dent simulations at the same time, to increase the accufatye o
result, no one has implemented a parallel version of a ssigie-
lation. In Subsection 6.2, we compared the performance]afifé
our system.

8. Conclusion

We presented a software architecture based on speciabsing
ulation generators for numerically intensive simulati@raploy-

ing Monte-Carlo methods. We discussed how various MontésCa

methods can be mapped to this design, including a detailextige
tion of a polymerisation kinetics simulation. We benchneatithe
polymerisation kinetics simulator in detail and found tivé much
fast than all competing software products. At the same tirhari-

dles a wider range of chemical processes. In other words,sse u

functional programming to reconcile high performance aed-g
erality in simulators based on Monte-Carlo simulation. Brer,
we have successfully parallelised the kinetics simulatidrich re-

quired a new technique as the simulation is based on a Markov-

chain. This makes out approach future proof in the light efc¢hr-
rent trend in hardware to add extra parallelism instead@&asing
single-threaded performance.
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