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Our goal is to enable efficient full-core Monte
Carlo reactor simulations on HPC platforms

e Current state-of-the-art methodology

— Based on nodal framework (late 1970’s)

— High-order transport at small scale, el
diffusion at large scale Jattice cel

— Single workstation paradigm

e Continuous-energy Monte Carlo (MC)

— Explicit geometric, angular and nuclear
data representation — highly accurate

— Avoids problem-dependent multigroup
XS processing — easy to use

— Computationally intensive — considered
prohibitive for “real” reactor analyses

U-235 fission cross section

ANS Annual Meeting, June 27,2011
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Tom Sutton presented the following talk at the
University of Michigan last October, detailing
the plans for development of MC21, arguably the
most advanced of the Monte Carlo codes for
attaining full-core capability as well as
multiphysics feedback.
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Challenges to be overcome in order to
achieve the capability for routine full-
core Monte Carlo

Q Sheer size of the problem to be solved: prohibitive
computational time and memory demand

a Slow source convergence
Q Apparent versus true variance
a0 Accommodating multiphysics coupling

QO Adapting to future architectures — opportunity or
challenge?
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Challenges for Full-Core Monte Carlo

= Sheer size of the problem to be solved: prohibitive
computational time and memory demand

= Slow source convergence
= Apparent versus true variance
= Accommodating multiphysics coupling

= Adapting to future architectures — opportunity or
challenge?
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Sheer size of the simulation

0 Issue: geometry information, cross section data, and
tally data too large to contain in memory for single CPU.

0 Remedies:
* Domain decomposition
» Data decomposition
= Wait awhile ......

20



Remedy 1: Domain Decomposition

If a Monte Carlo problem is too large to fit into memory of a single

processor
Collect
‘ ‘ Problem
Results
Decompose Follow histories in each
problem into domain in parallel,
spatial domains move particles to new

domains as needed

= Need periodic synchronization to interchange particles among
nodes

» Use message-passing (MPI) to interchange particles

< Domain decomposition is often used when the entire problem will
not fit in the memory of a single SMP node (e.g. Mercury at LLNL)

21



Domain decomposition may not scale

» Inherent parallelism is on particles
= Scales well for all problems

* Domain decomposition

» Spatial domains on different processors

» Scales OK for Keff or a calculations,
where particle distribution among domains is roughly uniform
» Does not scale for time-dependent problems

due to severe load imbalances among domains

» Domain decomposition - scaling with N processors

= Best: performance ~ N (uniform distribution of particles)
= \Worst: performance ~ 1 (localized distribution of particles)
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ORNL has been exploring an overlapping domain
decomposition scheme. The following overhead
Is taken (with minor changes for readability) from

John Wagner’'s Roundtable presentation in
Florida
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A novel MSOD domain-decomposition algoritim

Each set has N blocks

With overlapping regions i N ) I | 1 Particles are decomposed
across sets
] N Block N Nps=Np/Ng

» The multiset/block decomposition allows variance to be estimated
by statistical averaging across sets.
» Load-balancing and machine-level communication is amortized by

reducing communication across entire geometry.
24



Remedy 2: Data decomposition

Data is distributed by domain decomposition, but
parallelism is on particles. Maybe reverse this:

Parallel on particles + distributed data

Basic idea:

« Existing parallel algorithm for particles

« Distribute data among processor nodes (data decomposition)
 Fetch the data to the particles as needed (dynamic)

 Essentially same approach as used many years ago
for CDC (LCM) or CRAY (SSD) machines

« Scales well for all problems (but slower)

 Forrest Brown (LANL), Paul Romano (PhD student,
MIT), and Ben Forget (MIT)
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Depletion adds to the computational

time and memory burden

There are many MC depletion codes out there. Many
couple existing depletion codes (e.g., Origen or Cinder)
with existing MC codes, creating codes such as MOCUP,
Monteburns, MCODE, etc. Typically done with a script.

A few MC codes have integrated depletion capabilities:
= Serpent

= Vesta-Moret

= MCNP6

= MC21

Depletion adds considerable demand on memory and
computational time.

Depletion complicates uncertainty quantification and
propagation of error.
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Remedy 3: Wait awhile ....

Domain decomposition complicates the coding and
may have workload issues.

Data decomposition is promising but will require
substantial changes to MC codes

Alternative: wait until the vendors offer a large enough
multicore node with sufficient memory. Nodes are
actually SMPs with memory that scales with the
number of cores.

Example —the T-H group (Annalisa Manera) in Nuclear
Engineering at Michigan purchased a dual-hex (12
cores) Dell node (Xeon) with 192 GB of memory.

No need to change existing parallel MC codes.
Procrastination sometimes has its virtues.
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How can we measure progress towards
overcoming CPU and memory constraints?

Q The Kord Smith Challenge

0 Modified Kord Smith Challenge

0O NEA benchmark

0 Reported results

Q Anticipated achievement of the Kord Smith Challenge

First, a little history .....

28



The Kord Smith Challenge*

O At the 2003 ANS M&C conference, Kord Smith
formulated a challenge for Monte Carlo reactor
calculations

» Calculate the local power in 40 — 60 million tally
regions

» The standard deviation on the local power should
be 1% or less

» He estimated using Moore’s law that it would be
2030 before this could be done in one hour on a
single workstation

*borrowing heavily from Tom Sutton’s MC21 presentation
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The Modified Kord Smith Challenge

Q At the 2007 ANS M&C conference, Bill Martin revisited
the challenge

* The number of tallies was reduced by a factor of 10
Q Multi-core processors were allowed

O Estimated that the calculation could be accomplished

In 2019 using a 1500-core processor (a desktop
“workstation”)
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Institutionalized as an NEA Benchmark

a At the 2009 M&C conference, Bill Martin and Eduard
Hoogenboom proposed a large PWR benchmark
model to aid in monitoring the progress being made

towards practical large-scale Monte Carlo reactor
calculations

0 At the PHYSOR 2010 conference, Dan Kelly presented
MC21 results for the (original) benchmark problem

= 10 billion histories
= 18 hours on 400 cores

= 95% of the local powers had standard deviations
less than 3%
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MC21 Results (PHYSOR 10)
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Figure 8. Number of Regions versus Relative Error with 40 Billion Histories
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NEA Benchmark (2)

0 At the 2010 SNA + MC conference, Jaakko Leppanen
presented Serpent results

= 100 billion histories
= 21 days on 7 CPUs
= 90% of the local powers had std devs less than 2%

0 Rumor has it that more MC21 results are to be reported

this week and that the Kord Smith Challenge will have
been met.

Q If true, the Kord Smith Challenge may be achieved 7-18
years earlier than predicted!! Stay tuned!!
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Challenges for Full-Core Monte Carlo

= Sheer size of the problem to be solved: prohibitive
computational time and memory demand

= Slow source convergence
= Apparent versus true variance
= Accommodating multiphysics coupling

= Adapting to future architectures — opportunity or
challenge?
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Slow source convergence

QO Power iteration very slow for high dominance ratio
problems characteristic of large power reactors
O Shannon entropy can help diagnose convergence but
cannot speed it up
QO Two hybrid (MC/deterministic) approaches are having
success accelerating MC source convergence
= Acceleration of MC with low-order operator
o Functional Monte Carlo (FMC)
o Coarse mesh finite difference (CMFD) acceleration
= Acceleration of Monte Carlo with adjoint-based weight
windows (FW-CADIS)
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REVIEW OF CMFD-ACCELERATED MC
-]

CMFD-Accelerated Monte Carlo: proposed by M.J. Lee, K. Smith, H.G. Joo and D.J. Lee (2009) to
accelerate Monte Carlo source convergence.

We now briefly describe this method beginning with the 1D, 1G transport equation:

2y 1 ,
- keﬂ [,

1< pu<l,  0<x<X

ﬂaiw(x, 1)+ Z (X (X, 1) = 1{ES(X) +
X 2

w(O0,u)=y" (1),  O<uc<l
(X, m) =y (1), —1<u<0

Define angular flux moments:  ¢,(x) = j_ll P (t)y (X, u)dp, nz=0

1. Apply _[_11 _[XXW (-)dudx to transport equation to obtain balance equation:

k-1/2

¢1,k+1/2 _¢1,k—1/2 + 2a,|<h|<¢o,|< — K
eff

Do x
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CMFD-ACCELERATED MC (CONT’D)
]

2. Introduce a transport-corrected “Fick’s Law™: 5 - Dy.vz
k+1/2 — .
X - hk+1/2
¢1,k+1/2 =—Dy (¢0,k+1 - ¢o,k ) +Dao (¢o,k+1 T ¢o,k ) - dimensionless
\ Y )y ’ / diffusion coefficient
Fick's Law Correction Term

3. This expression defines the “correction factor” or “HCMFD nonlinear functional”:

R Brnn + DMZ (¢O,k+1 _¢O,k) Estimate these nonlinear
kt1/2 = functionals in Monte Carlo
¢0,k+1 + ¢O,k

4. System of algebraic (HCMFD) equations for the scalar flux and eigenvalue:

_[~)k+1/2 (¢o,k+1 — ¢o,k ) + Ijk—llz (¢0,k — ¢0,k—l) + Za,khk¢o,|< Low-order (diffusion-like)

VZe hy - ~ deterministic equations
= K ¢o,k — Dy (¢o,k+1 + ¢o,k ) + D (¢o,k + ¢o,k—1)
eff

The solution to the HCMFD equations converges MUCH more quickly than the MC solution!
38



(GENERALIZED METHODS

]
I %3
1. Apply LL fean ()P (22) (-)d zdXx  to transport equation. Integrate by parts to

e f(x).is to-be-specified
obtain the following balance equa{ion:

fi12 (X)8, (X)

X132 X2 OF + X132
=[S g (0] i, (02 (04 (X)dx = 0

X2 Xe_1/2 X

+3/2

2. Divide this equation by _[Xxk

k-1/2

f., (X)Z,(X)dx to formulate an identity with a term

resembling the current;

- fisn2 (X) @, (X) ij - _[X Y 12 (06, () dx _[X T 12 (0Z ()¢ (X)dx 0
k+v/2 = X312 N + k71/2Xk+3/2 -
o e (02, () |, e (02, ()

F...,, =identically zero when the exact transport solution is used to evaluate it.

(Not necessarily zero when Monte Carlo estimates of the transport solution are
used to evaluate it.)
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GENERALIZED METHODS (CONT’D)
-]

3. Subtract F, ., fromthe numerator of the HCMFD-I nonlinear functional:

[’5NEW _ ¢1,|<+1/2 o Fk+1/2 + Dk+1/2 (¢o,k+1 _¢o,k)

k+1/2 —
¢0,k+1 + ¢O,k
" fen (OZ () (¥)dx
Rationale: #,.,» and [, 00x,00dx  will cancel (to some degree) and

reduce errors in the functional!

4. Consider three definitions of .15

HCMFD-l  f,.,,(X)=0  (HCMFD-l is simply CMFD-Accelerated Monte Carlo.)

HCMFD-Il  f,,,(x) =1 1
k+1/2 h—(Xk+3/2 - X) Xk+1/2 SXs Xk+3/2
k+1

1 < x<
h_(x _ Xk—1/2) X2 S XS X
k

HCMFED-III  fi.u, (X) = tent function = <
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HOMOGENEOUS 1G SLAB

Again, the main idea: HCMFD-x eigenfunction (x=l,Il,or Ill) converges MUCH more
quickly than the Monte Carlo eigenfunction. Use it after each cycle to obtain a
more accurate and stable MC fission source.

%, =1.0

vacuum 2, =05 vacuum
5, =02
v=24

DR ~ 0.996

70cm

| ' Acti
Histories/Cycle nactive ctive Fine Grid CMFD Grid
(N) Cycles Cycles

(NI) (NA) [cm] [cm]
100,000 200 200 0.5 0.5
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HSI‘C

HSI’C

HSI’C

7.1

68 = | | | | | | | -
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Cycle
(b)
e MC
7.1 MC-FB-II (Inactive Only) -
+  MC-FB-II
7 L |
6.9 i
68 = | | | | | | | -
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Cycle
(c)
e MC
7.1 MC-FB-111 (Inactive Only) -
MC-FB-I1I
7 |
6.9+ :
68 e | | | | | | | _
0 50 100 150 200 250 300 350 400
Cycle

e MC
MC-FB-1 (Inactive Only) -

Figure 1. Effect of feedback
on Monte Carlo fission source
convergence.

Legend:

MC = standard MC
MC-FB-x (Inactive only) =
HCMFD-x feedback applied
during inactive cycles only
MC-FB-x = HCMFD-x feedback
applied during all cycles

Observations

 Standard MC requires 200
inactive cycles for convergence

» MC w/ feedback converges
immediately and stays converged
as long as feedback is applied

* Inactive cycles can almost be
eliminated (cost savings)

» Methods Il and Ill better than |
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Similar results have been obtained for more
realistic reactor configurations. For example,
these results were presented by Lee et al. (SNU)
at SNA+MC2010 in Tokyo.
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Improved Convergence with CMFD Acceleration

Fission Source Distribution

Shannon Entropy mt'hout CMFD Acc. With CMFD Accﬁ

Shannon
15.80
1575 4
15.70 h
1565 \
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1555 \M“‘
15.50 M
1243 HFWM
1540

1535
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Cycle 12 cvele Cycle 300
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A more traditional “hybrid” Monte Carlo
method is the work of John Wagner to use
deterministic transport to calculated weighting
factors to bias the Monte Carlo run. This
method iIs called FW-CADIS (forward-weighted
consistent adjoint method).
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We extended the FW-CADIS method to
reactor eigenvalue problems

3: construct adjoint source

Max: 92
M 64

%%

4: solve DX fixed-source adjoint eqn 5: construct weight windows

ANS Annual Meeting, June 27,2011

National Laboratory



Summary of the FW-CADIS method

 The method weights the adjoint source with the inverse of the
forward flux/response

— Where the forward flux/response is low, the adjoint importance will be
high, and vise versa

* Once the importance function is determined, the CADIS
equations for calculating weight targets

— Hence, we refer to the method as Forward-Weighted CADIS

* The method requires:
— A forward solution (for adjoint source weighting)
— An adjoint solution (for determining biasing parameters)
— Both can be automated

ANS Annual Meeting, June 27,2011



Challenges for Full-Core Monte Carlo

= Sheer size of the problem to be solved: prohibitive
computational time and memory demand

= Slow source convergence
= Apparent versus true variance
= Accommodating multiphysics coupling

= Adapting to future architectures — opportunity or
challenge?
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Apparent vs true variance

QO Forrest Brown at MC2009 (Saratoga Springs) noted
that the apparent variance could differ substantially
from the true variance in a keff calculation. This factor
could be substantial, on the order of 5-10.

O The next overhead is taken from the MC21
presentation made at PHYSOR 10. The true variance is
clearly larger than the apparent variance.

49



MC21 Results (PHYSOR 10)

Confidence Interval Comparison of
4~ Single Job and Multiple Independent Jobs

Average of 10 IndependentRuns (10 x 4 hillien)
Single Job {40 billion neutrons)

RPD
P

20

10 15
% Relative Errorin RPD

25

Figure 15. Comparison of Confidence Intervals between a Single Large Run
and Ten Independent Runs
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Apparent vs true variance for CMFD/FMC

0 The next two overheads are taken from the FMC-
accelerated Monte Carlo method developed by Emily
Wolters (PhD UM 2010, now at Argonne) and reported
at M&C2011 (Rio).
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Real or Apparent RSD (%)

16

14

12

[N
o

oo

Figure 4. Real and apparent errors

e MC Apparent
“ MC-FB-I Apparent
+  MC-FB-Il Apparent
MC-FB-111 Apparent
— MC Real
— MC-FB-I Real
— MC-FB-1I Real
MC-FB-111 Real

Thin solid lines: real error (over
25 independent calculations)

Markers: apparent error (from
single calculation)

Real error:
With feedback, real erroris 5to 6
times less than standard Monte
Carlo real error for Methods I, IlI
Real error 3 times less for
Method |
Applying HCMFD-II or —IIl feedback
for this problem reduces active
cycles by a factor of >25

Apparent error:
“Apparent” error in MC
underestimates “real” error
With feedback, “apparent” error
almost equal to the real error:
excellent estimation of real error
from a single calculation when
feedback is applied
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Figure 5. Ratio of real to apparent error when feedback is applied.
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The real error (over many independent simulations) is well-estimated by the apparent error in
a single simulation (when feedback is applied).
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Apparent vs true variance for CMFD

Q Min-Jae Lee, Han Gyu Joo, Deokjung Lee and Kord
Smith (SNA + MC2010, Tokyo) reported that CMFD
acceleration reduced the discrepancy between the
apparent and true variances. The next two overheads

are taken from their presentation.
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An Example of Underestimation of Variance

[dStandard Deviation of Pin Power
* From 25 independent MC simulation
* 100,000 histories/cycle x 1,000 active cycles

Apparent Standard Deviation Real Standard Deviation

=)

With CMFD
Acceleration

The main objective of this research is
to reduce real standard deviation in MC simulation !

NIE " D



Results — Pin Power Distribution

Without CMFD acceleration With CMFD acceleration

2.5

Pin Power
Distribution

Real
Standard
Deviation

BE




Discrepancy reduced with CMFD
acceleration

QO The CMFD acceleration not only improved source
convergence (i.e, reduced the number of inactive
cycles) but also reduced the variance during the
active cycles.

Q By renormalizing the MC source distribution with the
low-order fission source distribution, CMFD
acceleration was effectively “pinning” the fission
source distribution to the low-order solution (which
had limited local detalil).
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Validity of estimate of the variance

Dilemma — changing the fission source distribution
during the active cycles makes the estimate of
variance suspect because the samples are no longer
iIndependent identically distributed (l1ID) observations.

One solution is to run multiple (e.g., 25) simulations
and compute the variance from the results. This was
done by Lee et al but may be inconvenient to
Implement.

Another solution is reported by Tom Sutton is based
on an old idea by Prael and Gelbard — accumulate
statistics from a batch of cycles, say 100 cycles,
noting that the serial correlations from one 100 cycle
batch to the next might be negligible.

Need more theoretical analysis.
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Challenges for Full-Core Monte Carlo

= Sheer size of the problem to be solved: prohibitive
computational time and memory demand

= Slow source convergence
= Apparent versus true variance
= Accommodating multiphysics coupling

= Adapting to future architectures — opportunity or
challenge?
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Issues associated with multiphysics
coupling with Monte Carlo

Histogram solutions with MC

Temperature dependence of cross sections
Disparate meshes

Propagation of statistical error

Moving away from operator splitting

Effect of statistical error on convergence of the
multiphysics feedback iterations
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Potential approaches for multiphysics

Use continuous tallies instead of histograms

= Functional expansion tallies (D. Griesheimer)

» Kernel density estimator (K. Banerjee)

Use “On-the-fly” Doppler Broadening (G.Yesilyurt)

Use delta tracking to allow collision processing with
only OK cross sections (Viitanen and Leppanen,
PHYSOR12)

Use kernel density estimators (K. Banerjee) for the MC
solution (mesh-free estimation)

JENK coupling for multiphysics feedback

Need more analysis and numerical experience to
understand impact of statistical errors on convergence
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On-the-Fly Doppler Broadening
(Gokhan Yesilyurt, UM and Argonne)

Broadened cross sections are determined

during the random walk in current region o (

at temperature T. A
\

Up to 17-termTaylor/asymptotic \

expansion for all T in the range 77K-3200K.

\

Regressed against the exact Doppler cross
section (Cullen) to obtain the unknown
coefficients as a function of T and neutron
energy E.

NoO cross sections are needed -- only the
expansion coefficients for all T, isotopes,
and energy grid points.

Agrees with NJOY (within 0.1% for all T).
Negligible computational cost (!!) " s200k

100

Ouz3s,abs (barns)

Implemented in MCNP6 (Forrest Brown
talk at this workshop) ,

1.967 1.969 1.971 1.973 1.975 1.977
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Kernel Density Estimator
(Kaushik Banerjee, UM and Holtec Intl)

a X, Xy, e , Xy are N real oo ™[
observations from a density
function f(x). f(x) can be formally
estimated as

fA(x):%;k(—x ‘hxij

Conventional collision and track length
estimators can be evaluated with KDE.
These estimators are mesh-free.

KDE yields continuous, functional estimates ° : R R e :
of the tallies and their variances (like FET). [~ | |

Continuous and mesh-free tallies might be
useful for multiphysics coupling

Aside: KDE can be used to estimate the g o
surface flux estimator (F2) and the point
detector estimator (F5) in a scattering
region, with bounded variance and no bias.

ji‘-;ﬁ;:reasin h ——~—_ .
x| 90 — Estg\rpated pdf

MCNP-fmesh-Bench
KDE-Path
Uncertainty band(2 sig) _w\_ /‘
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Challenges for Full-Core Monte Carlo

= Sheer size of the problem to be solved: prohibitive
computational time and memory demand

= Slow source convergence
= Apparent versus true variance
= Accommodating multiphysics coupling

= Adapting to future architectures — opportunity or
challenge?
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Adapting to new computer architectures

Q To stay on the Moore’s Law performance curve, Monte Carlo
codes must be adapted to run efficiently on new architectures.

a To date, Monte Carlo scales well on all architectures:

= Random walks are inherently parallel within a fission source
cycle or within a timestep. Parallelizing across particles is
natural and allows efficient load balancing without a priori
knowledge of the solution.
o MCNPS5 - history-based parallelization with MPl and OpenMP
= For vector architectures, the history-based random walk
algorithm can be turned inside out to yield an event-based (or
Its stack-driven variant) algorithm that results in excellent
speedups on vector and parallel-vector architectures
o RACER - KAPL (event-based)
o MVP — JAERI (stack-driven)
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What about multi-core processors?

0 Dual quad core processors are in wide use today. The
trend by the chip manufacturers is multi-N-core where N
IS Increasing rapidly.

» Dual hexa-cores are available (Apple, Dell, ....)
* |[ntel has developed a 80-core processor (Polaris)

= Xeon nodes available up to dual 10-cores

1 IBM (Wii U)

0 Monte Carlo codes which use OpenMP or “threaded”
across histories, can take immediate advantage of multi-
core processors: MCNP5 is threaded and uses MPI.
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What about GPU processors?

GPU processors are essentially attached SIMD
processors that function like vector processors.

The IBM Roadrunner at LANL consists of conventional
multi-core processors with attached cell (similar to GPU)
Processors.

Monte Carlo may scale well on GPU processors but only
If the code has already been “vectorized.”

Estimate: many tens (if not 100s!) of person-years to
vectorize a conventional Monte Carlo code such as
MCNP. By then there will be a new computer architecture!

If HPC architectures move exclusively down the GPU
processor path (seems unlikely), this could be a limiting
factor for using Monte Carlo for routine design/analysis of
global reactor configurations.
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Summary and Conclusions
Prospects for Full-Core Monte Carlo
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Summary: prospects for full-core
Monte Carlo

0 Excessive memory demand — innovative
decomposition schemes and the increasing capacity
and decreasing cost of memory

QO Prohibitive computational time — faster and cheaper
multicore CPUs

QO Slow source convergence — successfully applying
CMFD and related low-order operators to accelerate
source convergence AND pin down the fission source
during the active cycles
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Prospects (2)

O Apparent versus true variance — multiple realizations
provide assurance that the estimated variance is OK
but more analysis needed to avoid replication of runs
for areliable estimate of the variance.

0 Accommodating multiphysics coupling —this area is
just beginning to be explored. There are some ideas
out there that need to be explored, including JFNK
and KDE and OTF Doppler broadening.

O Adapting to future architectures — perhaps the most
uncertain. The direction that computer architectures
take iIs dependent on where the gaming industry and
the transaction industry goes. Multicore is OK but
GPUs would be problematical.
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