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ABSTRACT

The MCNP code is rich in variance reduction features. Standard varlance reduc-
tion methods found in most Monte Carlo codes are av:zlilable as well as a number
of methods unique to MCNP, We discuss the variance reduction features presently

in MCNP as well as new ones under study for possible inclusion in future ver-
sions of the code,



MCNP VARIANCE REDUCTION OVERVIEW

XNTRODUCTION

The main drawback of the Monte Carlo method is that it is often too expensive
to do many calculations of interest. This i1s not because the method 1s slow,
but because a great deal of computational time can be wasted following unim-
portant or Sstatistically insignificant events to achieve a desired result.
Thus the key to making the Monte Carlo method attractive is to somehow concen-
trate on important aspects of a given preblem without wasting time on the
unimportant ones. We call schemes that do this "variance reducticn methods"
because they reduce the statistical variance for the same amount of computer
time. This can also be looked at as increasing the computational efficiency
or convergence rate for a glven solution accuracy.

The MCNP code is rich in variance reduction features. These are computational
tools that makec it possible for the code user to better sample statistical
events in the regions of interest and to reduce wasted effort 1n unimportant
regions. Crucial to varlance reduction are the means of determiring which
parts of a problem are important and which are not. Identification of the
important aspects of a problem is done by extensive output summaries and
solution tallies and diagnostics. These output features are stralghtforward
and will not be further discussed. We will instead present the varjiance
reduction feature presently in MCNP and some of the work being considered for
future versions of the code.

Central to the art of variance reduction is the ccncept of particle weight.
In order to simulate the transport of a large number cf physical particles |{t
is not necessary tc follow all of them: rather {r is only necessary to follow
a statistically significant sample of particle "histories". Each history is
assignec a weight which in some scnse represents the number of physical parti-
cles modeled. At any time during the random walk of the particlc {t may be
split into N particle "tracks" provided that the weigh* {s Zivided by N.
Alternatively , it may be killed with probability 1/N ("Russjuan rouletted") at
any time provided the welght of surviving particles s multiplied by N. All
variance reduction schemes work by putting a large number of particles of low
weight in regions of {interest ancd allowing only » small nurb:r of perticles
with high weight in unimportant rcgions of phase spacc.

VARIANCE REDUCTION IN MCNP

The variance reduction methods presently avalilable {n MCNP will now he dc-
scribed. We start with the simplcet methods first and procecd to describc
increasingly complicated methods.

GEOMETRIC SPLITTING AND ROULETTE

The wmost atraightforward Monte Carlc variance reductjion method its proubably
gecmetric splitting and Russian roulette, The geomctry is divided into o
numbter of gecometric regions, or cella, cach of which is assigned & cell impor-
tance by the code user. Usually a great deal of experjience, f{ntuition and a
number of short trial and error test problems are required for a user to
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specify a good set of importances. In the methnd of geometric aplitting, a
particle crossing into a cell of higher importance is split, whereas a parti-
cle crossing into a cell of lower importance undergoes Russian roulette. 1In
this way particles from the source can be biased towards the tally region. The
importances could be determined from an &adjoint calculation, but because
solving the adjoint would be just as difficult as solving the forward problem
trial and error is usually the method of choice. Thc advantage of this method
is that it is very straightforward and intuitive. The methed is also very
effective provided that the geometry can be sufficiently divided into enough
geometric regions for a good importance function to be specifjed.

WEIGHT CUTOFF

Another common and simple varjiance reduction tocol is the welght cutoff. A
minimun weight is specified in each region below which Russian roulette is
played. This avoids the loss of time following very low weight and hence
unimportant particles. In MCNP the weight cutoff 1is usually specifjed as
propcrtional to the inverse cell importance in each gcometric region.

TIME AND ENERGY CUTOFFS

The easiest way to speed up a Monte Carlo problem is to truncate the prcblem,
In 21] problems, geometric trur.cation is done by limiting the problem geometry
80 that the whole uriverse is not includec. Probler truncation may also be
done with a time cutoff which discontirnues particle tracking after a specified
time. It may also be done with an energy cutoff which kills particles below a
specified energy range. Care must be used when truncating problems in thes«
ways sc¢ that an impertart part of the physical model is not eliminated. For
example, if a lower neutron energy cutoff of 1 keV is specified for a problem
where there Is fissicrn or where photons are being produced from neutron meac-
tions then low energy neutron reactjions which produce the fissions or phostons
will prot b~ mod«led., The Meonte Carlo calculation will happily cornverge to thre
wrong result with no indication whatsoever thet the problem has been trun-
cated.

SOURCE ENERGY AND ANGLE BIAS

Source energy ¢nd angle biasing are very valuable in many Monte Carlo applica-
tions. They are usually casy to implement because the source energy distribu-
tien and 1{nitial direction are often well Kknown and relatively simple
functions. Thnis method works by artificially starting more of the source
particles in the direction and eriergy regim: of most {mpnrtancc and then
adjusting the weight of the source particles as follows:

/I
Wg = P/P

where

W, = the weight adjustment factor for th- sourcc particle thiat
wvas modeled;

P = the vilue of the true probabllity density function for the
source particle;
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p' = the value of the artificlial probability density function that
was used in sampling the particle.

Problem efficiencies may be improved by orders of megnitude when invcking
source biasing for problems where the source sampling efficiency is a majcr
component of the total problem solution. However, overuse of source biasing
may cause unacceptably large weight fluctuations.

In MCNP the user has several choices of artificial probability censity func-
tions for source biasing. For scurce energy biasing a table of arbitrary
length may be specified. For source angle biasing, the user specifies a
preferred direction which is an arbitrary vector in space. He then nas two
options: cone biasing or exponcntial biasing. For core biasing a cone |is
defined with the preferred direction vector as its axis. The user then speci-
fies the probability of starting within that cone. For exponential biasing
the probability of starting in any direction falls off exponentially from the
probability of starting in the direction of the reference vector.

NEUTRON INDUCED PHOTON SOURCE WEIGHT CONTROL

Another MCNP variance reduction scheme (s the neutron {nduced photor source
weight control. The user has several options. First, he can specify that cne
photon be generated at each neutron collision. Secocnd, he may specify a
rinimum photon weight in each geometric region such th:t photorns gen-cratec
below this weight play Russian roulette and up to ten photons may be producec
at the collision with weights above the specified cutoff. Firally, he may
specify a multiplier, M, of the neutron wejght s> that when a neutron of
weight W has a collision, generated photons of weight less than W * M are
rouletted and uvp to ten photons of weight greater than W ® M may be gzenerated
from that collision. The multipliers, M, may again bc specified for each
geometric region. The value of these options s rhat the number of photcns
generated in cach region can be controlled thus putting more neutron {ncuced
photons in important regions and following fewer in unimportant regiorns.

EXPONENTIAL TRANSFORM
The exponential transform s another methcc which can be usec to blas parti-
cles toward the tally reglon., The fdea of this me®hod is to modify the trans-
port equaticn by following change of varlables
aff, °r
V'(r,E,0) = w(r,E.0e ©
wherc w(E.E.Q) = untransformed flux at location r, energy kE and cirection

a = arbitrary constant
f), = =ome preferred blasing direction

The resulting difference between the transformed and untransformed transport
equation then turns out to be an equation that 1ooks exdactly like the original



transport equation except that the source term is different and the total
cross section of the transformed equation is

L ]
It = I, - afy ° a

Whereas this might result in a negative cross section, it s customary to
treat the exponential transform method in the following way. The source term
and rancdom walk is left unmodified except for the total cross sectior whicr {s
modified as

]
Ip = L) - poy - )

where 0 ¢ p < 1 |s a constant determining the degree of biasing. Thus the

»

artifical total cross section I,, is never negative. Further, the sampled
path length in the random walk process IS stretched in the preferred direc-
tion, gb. and recuced in the opposite direction. This is why the methca is
also known as "path length stretching". Unfortunately, the trancform does not
work well when the particle population does not have an exponential distribu-
tion. In particular, our experience is tha: the transfcrm works best in
highly absorbing media and only poorly in scattering mecdia. Also, sejection
of the prcper input parameters for the transform is tricky. Further, in ths
absence of & good means of weight control {t has been our experience that
particle wejght fluctuations caused by the transfcrm can proaucea misleading
and uraccepiable results. The rcason for the welght fluctuation is because at
each collision the weight must be m>dified by a factor of

o Py RIS
S Y N
C Pily U

in order to correct for the artificial adiustment of the total crcss section.
The (1 - PRy ° Q) ae¢nominatcr term tends to build up with each collision sc
that particles reaching the same point In phase space by different random
walks can have vas'ly different weights., We discourage the uss of the cxpo-
nentjal transform Iin the absence of a good welght ccntrol such as weight
windews. When weight windows are used, the expcnsntial transform i{s fairly
insensitive to the choice of biasing parameter and problem efficiencies typi-
cally doutle.

IMPLICIT CAPTURE

By implicit capture it is meant that a particle's weight {s reduced by the
capture probability at cach collision rather than being killed with the proba-
bility of capture as in the analog case. In this way particles are not killed
arter a great deal of effort has been expended to transport them long 4dis-
tances. Implicit capture may also be done along a flight path rather than at
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collisions, but this is mathematically equivalent te a special case cf the
exponertial transform, so it is not considered tc be a separate variance
reduction method in MCNP.

Implicit capture along 2 flight path is worthy of a little bit more ciscus-
sion. If p = [ /I, in the abcve exponentjal transform equations and if £y 18
set to {1,

I: = the scattering cross section = I, - I = Ig -

Thus the total cross section is replaced by tne scattering crcss secticn anc
the ranZem walk process samples ths distance to scatter rather tnan the cis-
tance to ccllision. This scheme (s commerly employed by astrophysicists in
the tranaport of stellar x rays. However, it is our experience tha:r wh<never
this scheme is advartageous, adding the cdirecticnz2l preference, Ly * &, IS
always better and using a2 stretching paramcier p > I]/zt 1S even batter yet.

POINT DETECTORS

Point detectors or next event estimators, may e thcought of &s 3 variance
reduction tool because they allow one to calculate the flux at a pecint, Often
the pcin: is in a region far from the main geometry of thi prodler in a region
where it would otherwise be cifficult to transport tparticles. Ahether the
detector is far or near it is impcssible to transpor: & particle by a —arcor
walk to a2n infinitesimally small point In space. The point detecicr werxks by
estimating a: each coilisicn or scurce event Zurirg the ranlerm wilk what the
contribution to a specified point would be if the next event were a3 transpcrt
of thr particle cirectly tc *he pcint. 7Trus 3t each collisior or scurce ¢vent
a "pseudoparticle™ is scorec at the point detector with the fellowing wefght:

Hop(u)v-A
W -

r——

2wR-

where

W, = the exit weight of th« cclilisfon or scurce pa~ticle;

p(u) = vaiue of the probability density function for scatter
directly toward the point detector;

A=) :tlx, wher.: Itl {8 ths total cr¢ss section in region
i

i ard x, is the path length of the pseudobarticle trajectory
in region i. This sum represents the mean free path through all
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the regions between the cellision or source event and the
detector.

R = Z (X.) = the distance botween the collision or source event
and the detector.

Next event es-imators are very expensive because the trajectory of the pseudo-
particles must be followed for every contributjon t2 the point detector in
order %0 calculate the proper attenuation factor, e". Thus point detectors
must be used sparingly.

Point detectors are a standard feature of most Monte Carlo codes ard so more
details will not be given here. However, MCNP has a number of interesting
variatjions. First, there are 2 number of various detector roulette games
which will be deascribed later. Second, there is the ring detector in which
the point detector is located on a ring around that geometry in order to take
advantage of two dimensional symmetry whenever possible. The deteclcr poin®
on the ring is chesen preferentially close tc the a2zimuthal location of the
collision or source event in order 0 realize maximum efficiency. Finally,
MCNP hae °he cnce-more-collided pcint detector estimator which avoids the 1/R°
singularity of traciticnal point detectors. The once-more-ccllided estimator
is intendrd for use whenever the detector point 18 locared in 3 scattering
mecium and the R term in the denominator i{s small. However, cur experience is
that whenever cne is in 3 scattering medium that would require the once-more
collided estimator there arc usually far better ways of calculating the flux
or other quantities cf interes:.

DXTRAN

DXTPAN is a unique MCNP variance recuction tocl. A next event estimation is
used o determiristically transport the uncollided weight from cclliision anz
sourc: pcints to a spnerical surface, known as a DXTRAN sphere, which is
superimposed over the problem geometry. That Is to say, DXTRAN Quasi-deter-
miristically calculatrs the weight that scatters and arrives withcu® collision
at the DXTRAN sphere. The random walk transport is then continued inside the
DXTRAN srthere. In a sense DXTRAN is a form of zngle biaaing because at eacn
collision particles are fcrcegd to gc in the direction of the DXTRAN sphere.
when isolated regions of a problem geometry are of great importance DXTRAN is
a very powerful and successful technique., However, all the cautions anc limi-
titions of next cvent cstimators, or point detectors, apply to DXTRAN. Also,
DXTRAN becomres very tricky when ithere is more than one DXTRAN sphere {n a
rroblem brcause the DXTRAN spheres may interact with each other, 2nd it (s
difficult to prcperly sample the scattering regions which contribute to them,

DETECTOR ROULETTE GAMES

The use of next event estimators for DXTRAN end peint detectors is enhancecd in
MCNP by two detector roulette games. The first detector roulette game allows
the user to specify the prcbability, P, of any geometric region contributing
to the next event estimator. Only 1/P collisions in . .ie reglun are allowed to
make the expensive pseudoparticle contribution to the detector. This contri-
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bution is then multiplied dy P. The second detector roulette game is more
elaborate. At the source or collision poirt, W,, p(u), and R are 21l known.
If the quantity

Wop(n)
Q=

2wR

is sma.l, then the contribution to the detector can only be smaller since e~ A
i1s always less than unity. Thus if Q i3 smaller than either a predetermined
value 2Ji* a pred=termined :raction of the average contributiorn to the cetector
so far ther the pseudopar:icle plays Russian roulette. In this way only
significant contributions o the detector are made since the insignificant
ones are kilied or built up to significant eize by the Russian roulette game.
Botr these detecLor roulette games typically enhance the efficiency cf nex:
event estimators by as much as an order of magnitude. Howcsver, care mus: be
taken that the small contributions are unimportant. For example, 2 srall but
significant high energy tail of & result may be undersampled by imdroper uss
of these schemes.

WEIGHT WINDOMS

The weigh® winacw methcd, which is ancther form of spiit-ing and Jussian rou-
lette, is very useful for many applicaticns. As witn importance sampling, the
geometry is subcivideg into reigons cf cdiff<srent importarces. Th=n each
region is assigned a set of upper anc lower weight window bounds. Particlss
with weights above the upper bcunds are split s¢ thit their weignt creps :intoe
the window; particles with weights below the lcwer bounds are rouletted so
that the survivers are 21so0 ir the wiugow. Nct only dees rhis splitting anc
Russian roulette cause particles to migrate toward the tally regicn. but alsc
it provices effective weight control which makes use cf the exponerntial trans-
fcrm possible., Further, in MCNP the weight windcw methed is usually ths mos:e
effective means of erergy biasing. Weight windows car be specified :r a nurd.r
of energy ranges. Acditionally, the MCNP weight window allows th: users ¢
specify a spiitting criteria so that splitting is never mcre than ¥ for cne
and Russian roulette (s never played with 3 survival precbability of less than
/M . The weigh! windcwk game may be playeg¢ =ither at surfaces, ccllisicr- or
both. This flexibility in choosing where to play zhe weight window game, ir
choosing & splitting criteria, anc in havirg energy dependerce m:kes the
weight window far more powerful thar the mecre traditicnal combiraticn of
geometric splitting and Russian ~ouleite ang we.ght cutoflf.

The principle difficulty of the welght window methcd is that now the use~ has
an unmaniageable numder c¢f 1nput importance functions to provide the code.
Fortunately, several schemes (refs. '-4) have been devised in which the Monte
Carlo code zutomatically selects the input impertince garameters or wejght
windows for the user. We call such schemes "importance generators™ or "Jejgh:
win<ow generators". Nct crly do such {mportance generators facllitate use c¢f
the welght window, but also they may bde thought of as a "forward agjoint”
solution which glves important information about other aspects cf the p-¢dler
model such as whether or not the geometric regions are sufficiently dividec or
to¢o truncated.



ENERGY SPLITTING AND ROULETTE

Energy splitting and roulette is a mecans of biasing energy space. Although
this feature is available in MCNP, its use is not recosmended since the en-
ergy-dependent weight window does a better job.

FORCED COLLISIONS

Forced ceollisions may alsc be used to reduce variance by creating collidea
particles in regions where collisions are unlikely. These collided particles
may then be used for point detectors or CXTRAN or cther Monte Tarlo processes
where large numbers of ccollisions are desirable t¢ more efficiently approach
the problem solution. The MCNP forced collision algorithm causes particles
entering a spatial region to be split into a collided and an uncollided par:
Witk the appropriate weight adjustments. The collided part may then play
Russian roulette if desired in order to limit the number of additional parti-
cles.

CORRELATED SAMPLING

MCNP provides for correlated sampling to estimate the change in 2 gquantity
resulting from a small perturbation of any type in the problem. This tech-
rique enables the evaluation of sm2ll quantities thit would otherwise be
masked by the statistical errors of uncorrelatec calculatiorns. MCNP
correlates a pair of runs by providing each new history in the unperturbed anc
perturbed prodlems with the same initial pseudc-rancom number ancd thus the
same sequence of subseguent numders until the perturbation causes the se-
qurnces to diverge. This may be thought of as a variance reduction method ir
that perturbation stucdies mzy be mzcs without having %0 r~un problems 0 s
fine a convergence as would nave ¢ be done with correlatecd sampling.

FUTURE VARIANCE REDUCTION METHODS

A rumber of variance reduction methcgs for future use in MCNP are presently
under study at Lcs Alamos.

ANGLE BIAS

A "synergistic” methcd (ref, &) of angle bias has been deveioped for pnctons
which shows grea: promise. Previous ittempts at angle bias have lteen fo:led
by instability prodlems. In this new methcd the exponential transfore is usec
t0 just offset the instabilities cf angle bias. Unfortunately, the mezhol
requires the on-line sclution of a very Jdifficult integral eqguaticn. Cur
investigation has so far been .imited to photons because the integral is
easier to solve than for neutrons.

The idea of using twe unstable techniques to procuce a pcowerful stable compes-
ite should be studied witr respect %o other variance recduction problems.



The DXANG method (ref. S) is a kind of ccllisicn biasing method <hicn utilizes
aspects of DXTRAN, space-energy-angle weight windows, ancd the weight window
generatar. In brief, the user Jdefines spherical regions of interest, as with
DXTRAN, which are not part of the problem, but rather ar? superimposec over
the georetry. These spheres are callec DXANC spher.s. At each collision s
cone is defined by the DXANG sphere and the ccllisica point. If the ccollision
occurs insice the DXANG sphere tner the transpert continues 38 usudal. If the
collision occurs outside the sphere, a specia. DXANG particle is coreatel
uniformly inside the cone with 2 weignt adjustmen:t dependsnt upcn -re probda-
bility density for scattering at the sampled angle. The extra weignt createc
by DXARG particle is balanced by killing the original particle :if it scatters
intoc the core. Otherwise, the coriginal particle is samplec normally with n¢
weight correction. Separate weight windows are kept for DXANC particies zar:
non-DXANC (analog’! particles. Te simplify the selection of these weight
windows = space-angle weight window generator is usec.

URIFORM SAMPLING OF SOLRCE DISTRIBUTIONS

Tony Warnock of Cray Research, Inc., anc¢ Bc¢b Schrangt ¢f Leos Alarous are pres-
ently studying 2 scheme which samples cistributions 2y using 3 unircerm san-
pling of the itnterval (0,!) rather than a -anacm number sequernle. The uniform
sampling guarantees that an a~bitrarily small probability intemval will Do i
a precetermined number of times with a given sampie size. Preliminary resul:
indicate that the uniform sampling takes long2r te sample the source but coe
a better job of rerresenting the source.

-
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OTHER METHODS

There is still a lot ¢f roor for i1mprovement in variance reductior techrnigues.
Metrhods such as CXANG, anglie biasing and cther forms ¢f ccollisicen biasing rave
yet to be fully Jeveloped, ang thare are prodably many cother tezhriques yet - Q
be dis=:.overed. An =xample of an ambitiocus method presently uncer developr:n:
is th2 Tom E. Bocth's current attempt (ref. 7. to bias the randem number space
ratrer than physical space: {f successful, this technique woulc make Monte
Carlc variance reduction *ruly problem independent. (Se= Beceth's paper, "A
Monte Tarle Learning/Biasing Experiment With Intelligent Random Numbers” which
is alsc deing presented at this conference. Beooth (s 13lsc sxploring contiru-
ous impcrtance funaotjons which are forme? by infinites sSeries expiarsion.
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