











K-Calculations — Bias

2
s Los

Alamos

Keff

For a simple Godiva reactor calculation:
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K-Calculations — Bias S Lo st

Observed PDF for single-cycle Keff, for varying M

frequency

10 particles/cycle

1000 particles/cycle

Bias

Single-cycle Keff

Bias in Keff is negative: K_,. <K,
Bias is significant for M<10 particles/cycle
small for M~ 100
negligible for M > 1000
0 for M— o
Recommendation: Always use 1000 or more particles/cycle,

preferably 5000, 10000, or more
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K-Calculations — Convergence . Lot Alamos

- Some number of initial cycles must be discarded
— The source distribution & Keff are not known initially
— Guess at the source & Keff
— lterate, discarding tallies
— When converged, iterate to accumulate tallies

-  Number of iterations to discard depends on the dominance ratio
— Dominance Ratio = K, / K

K. = eigenvalue of fundamental eigenmode
K, = eigenvalue of first higher eigenmode, K, <K

— If DRcloseto1 (e.g., .999...), 100s or 1000s of initial iterations may be
required for initial source distribution errors to die away

— Most statistical tests for convergence are ex post facto tests to look for trends
— Most common practice is to examine plots of Keff vs. cycles
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K-Calculations — Convergence (7 N

Plots of single-cycle Keff vs. cycle number

koode data from file runtpe
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K-Calculations — Convergence Lot Alamos

Plots of cumulative Keff vs. cycle number

koode data from file runtpe
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K-Calculations — Convergence Lot Alamos

Plots of cumulative Keff vs. number of initial cycles discarded

koode data from file runtpe
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K-Calculations — Convergence

sl
» Los Alamos

- Keff is an integral quantity — converges faster than source shape

value divided by true mean

Keff calculation for 2 nearly symmetric slabs,
with Dominance Ratio = .9925
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keff

source at right
fuel
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cycle
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K-Calculations — Convergence . Lot Alamos

Choose the number of cycles to discard by examining convergence plots

Then, choose the total number of cycles to be large enough so that relative
errors are "small enough"

— Always run >25 cycles for tallies, to get good estimates of 62

— Always try to run a few 100 or 1000 cycles for tallies
Statistical tests on convergence more reliable if more cycles
Better plots for assessing convergence

Summary
— Particles per cycle - > 1000
— Discarded cycles - varies, check plots
— Tally cycles - > 100
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o-Eigenvalue Calculations . Lot Alamos

- Eigenvalue equation with both K_; & o
— o is a fixed number, not a variable

[ Q-V+32 (FE)+ max(%,O) } ¥ (,E Q)

— max(%,O)‘Pa(F,E,Q) + _U ¥ _(f,E, Q)2 (F,E > EQ-Q)dYdE’
1 x(E) . =
+ - v (r,BE"YY (r,E’,Q")dQ'dE’
) VECENYEED)

Note on the max( o/v, 0) and max(-o/v, 0) terms
— If <0, real absorption plus time absorption could be negative
— If o <0, move o/v to right side to prevent negative absorption,
— Ifa <0, -o/vterm on right side is treated as a delta-function source

— Select a fixed value for o

— Solve the K-eigenvalue equations, with fixed time-absorption o/v
— Select a different oo and solve for a new Keff

— Repeat, searching for value of a which results in  Keff = 1
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Special Topic — Stationarity Tests (I

Plots of single-cycle Keff or cumulative Keff are difficult to interpret when
assessing convergence

Cycle k4
0.905 50900 hi.st.o.ries per cycle
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Special Topic — Stationarity Tests

sl
» Los Alamos

The MCNP team has been investigating new stationarity tests

Relative entropy

Progressive relative entropy
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Special Topic — Stationarity Tests

sl
» Los Alamos

Relative entropy

Posterior relative entropy
(500 inactive and 500 active cycles)
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Special Topic — Stationarity Tests Lok Alamos

One cycle delay embedding plot of
relative entropy wrt initial source
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Special Topic — Stationarity Tests Lok Alamos

In a series of related papers, we have significantly extended the theory of Monte Carlo
eigenvalue calculations, explicitly accounting for correlation effects.

LA-UR-02—-0190:

LA-UR-01-6770:

LA-UR-02-3783:

LA-UR-02-6228:

LA-UR-03-0106:

LA-UR-02-5700:

LA-UR-03—-3949:

LA-UR-03-5823:

LA-UR-03-7?777:

T Ueki, "Intergenerational Correlation in Monte Carlo K-Eigenvalue
Calculations", Nucl. Sci. Eng. (2002)

T Ueki & FB Brown, “Autoregressive Fitting for Monte Carlo K-effective
Confidence Intervals”, ANS Summer Meeting, (June 2002)

T Ueki & FB Brown, “Stationarity Diagnostics Using Shannon Entropy in

Monte Carlo Criticality Calculations I: F Test”, ANS Winter Meeting (Nov 2002)

T Ueki & FB Brown, “Stationarity and Source Convergence in Monte

Carlo Criticality Calculations”, ANS Topical Meeting on Mathematics &

Computation, Gatlinburg, TN (April, 2003)

T Ueki, FB Brown, DK Parsons, "Dominance Ratio Computation via Time

Series Analysis of Monte Carlo Fission Sources" , ANS Annual Meeting (June 2003)
T Ueki, FB Brown, DK Parsons, & DE Kornreich, “Autocorrelation and

Dominance Ratio in Monte Carlo Criticality Calculations”, Nucl. Sci. Eng. (Nov 2003)
T Ueki & FB Brown, "Informatics Approach to Stationarity Diagnostics of

the Monte Carlo Fission Source Distribution", ANS Winter meeting (Nov 2003)

T Ueki, FB Brown, DK Parsons, JS Warsa, "Time Series Analysis of Monte
Carlo Fission Source: |. Dominance Ratio Calculation", Nucl. Sci. Eng. (Nov 2004)

T Ueki & FB Brown, "Stationarity Modeling and Informatics-Based Diagnostics
in Monte Carlo Criticality Calculations," submitted to Nucl. Sci. Eng.
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Fundamentals of Monte Carlo Particle Transport > Los Alamos

Lecture 8

Eigenvalue
Calculations
Part li

Forrest B. Brown
Diagnostics Applications Group (X-5)
Los Alamos National Laboratory
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Eigenvalue Calculations — Part |

2
s Los

Alamos

K-eigenvalue equation

Solution by power iteration
Convergence of power iteration
Stationarity Diagnostics
Weilandt acceleration method

Superhistory method

8-2



K-eigenvalue equation 2

» Los Alamos

[QV+2.(FE)]Y ) = [[ ¥, (FE.Q)Z(F.E - EQ-&)dQdE’
1 .
+ : vI (F,ENY, (F,E’,Q")dQ dE’
K. 47c J 3 F
where
Kt = k-effective, eigenvalue for fundamental mode
¥ (F,E,Q) =angular flux, for fundamental k-eigenmode
Q-VY¥, (F,EQ) = loss term, leakage

> (F,E) ‘Pk(F,E,Q) = loss term, collisions
”‘P (F,E,Q E'>EQ Q)dQYdE’ = gain term, scatter from E',Q' into E,Q

1 X(E H (F.E)W, F.E,&)ddyge = 9ain term, production from fission

eff

= Jointly find K and ¥, (r,E,Q2) such that equation balances
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K-eigenvalue equation i

Use operator (or matrix) form to simplify notation

L+ )Y =38Y+-M¥

where
L = leakage operator S = scatter-in operator
T = collision operator M = fission multiplication operator

Rearrange

(L+T-S)¥ =-M¥
Y=21L.(L+T-8)'M¥

eff

\P - K‘lff . F\{’

= This eigenvalue equation will be solved by power iteration
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Power Iteration dLop Kliiice

Eigenvalue equation

\P - Klff . F‘P

1. Assume that k_; and ¥ on the right side are known for iteration n,
solve for ¥ on left side (for iteration n+1)

w1 )

Kei

Note:  This requires solving the equation below for W+,
with K 4" and ‘¥ fixed

L+T-S)¥™ = _LMp®

K‘e’f‘f)
2. Then, compute K_. ("1

n+1)
IM‘P dr (other norms could be used)
ff
° j MY dr

(n+1)
Keff '_ k(
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Power lteration dLop Kliiice

- Power iteration procedure:

1. Initial guess for K and ¥ Source points o, :
K@, PO for $© :

2. Solve for ¥("+1) [Monte Carlo random walk for N particles]

(n+1) _ _A1 (n)
kg - @ -FY Source points 7& A

for y(n+1)

3. Compute new K

[Mmp g
KM — k().
eff eff IM‘P(n)dF

4. Repeat 1-3 until both K_,"*) and ¥("+!) have converged

8-6



A

Power lteration dLop Kliiice

« Power iteration for Monte Carlo k-effective calculation

Batch 1
Keffm

Batch 2
Keff(z)

Batch 3
Keff(s)

Batch 4
Keff(4)

—@-

Initial
Guess

¢

+@-

—0

Batch 1 Batch 2 Batch 3 Batch 4 Batch 5
Source Source Source Source Source

¢

—>

Source particle generation
® P g —Y Neutron
. Monte Carlo random walk
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Power Iteration 2 D e

Diffusion Theory or

Discrete-ordinates Transport

1. Initial guess for K and ¥
K@, PO
2. Solve for ()
Inner iterations over space or
space/angle to solve for y(n+1)
L+T-9)¥™ =L-My"

Keit

3. Compute new K 4

1.M\_P(n+1)
(n+1) _ (n)
Ror” =Kt e

4. Repeat 1-3 until both K ("' and
y(n+1) have converged

Monte Carlo

1. Initial guess for K and ¥
K@, PO
2. Solve for ()
Follow particle histories
to solve for w(n+1)

L+T-9)¥™ =L-My"

Kei

During histories, save fission sites
to use for source in next iteration
3. Compute new K 4
During histories for iteration (n+1),
estimate K (")

j M gy
jMTWdF

4. Repeat 1-3 until both K (™! and
y(n+1) have converged

5. Continue iterating, to compute tallies

(n+1) _ r(n)
Keff - Keff )
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Power Iteration dLop Kliiice

Monte Carlo

K_() Deterministic (S,)

Discard Tallies
>

lteration, n

Guess an initial source distribution

Iterate until converged (How do you know ???)
Then
— For S, code: done, print the results

— For Monte Carlo: start tallies,
keep running until uncertainties small enough

Convergence? Stationarity? Bias? Statistics?
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Power Iteration — Convergence . Lot Alamos

Expand ¥ in terms of eigenfunctions uy(r,E,Q2)

—

¥ =Y al, =a,l, +al, +a,l, + a,l, +.....
=0

u=—F-u k, >k, >k, >...

k, =k

effective

8-10
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Power Iteration — Convergence . Lot Alamos

« Expand the initial guess in terms of the eigenmodes

PO =Y a
j=0

- Substitute the expansion for ¥ into eigenvalue equation

1T 1 1

n (0)
iy P

1
(n+1) _ (n) _
¥ _WF'\P ~ k()

(0) n+1
n k a. K.
_ 0.0 |g I O s
—{r!wm)} Ao u0+z ©) [k ] Y,
m:

a(o) k n+1 a(o) k n+1
~[constant|-| G, +| =57 |-| = | Uy+| =7 || == | -Uy+...
a‘O kO a'0 kO

8 -11




Power Iteration — Convergence

alt
s Los
(0) n+1 (0) n+1
™) < [constant]- [u +(Z(O)) [::4) .ﬁ1+(%j.£::_2] .Gz+...]
0 0 0
ago) k1 n+1 a(zo) k2 n+1
1+ 20 || -G, + 20 || -G, +...
0 0 0 0
(0) " (0) "
1+(%j-(k1] -G, + a(zo) | ke -G, +...
d, ko d; ) ko

™M, aF
[ Mt d7

where G, =

= Because k,>k,;>k,> ..., all of the red terms vanish as n—oo,

thus Y(+1) — constant - u,
Kin+) — k,
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Power Iteration — Convergence . Lot Alamos

After n iterations, the J-th mode error component is reduced by the
factor (k,;/ k,)"

Since 1> k/k, > kJ/k, > kyk, > ...,
after the initial transient, error in ¥(" is dominated by first mode:

(a9 (k) .
¥ ~[constant] « | U, + ﬁ : k—1 U, + ...
0 0

(k,/k,) is called the dominance ratio, DR or p

— Errors die off as ~ (DR)"

— To reduce 10% error = .1% error

7/\/’\ Initial guess

DR~.9 > 44 iterations \Exact solution
DR~.99 —> 458 iterations
DR~.999 - 2301 iterations
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Power Iteration — Convergence (T

Typical K-effective convergence patterns

- Higher mode error terms die outas ( k;/k,)", for n iterations

- When initial guess is concentrated in center \’\/\x\/\/\
of reactor, initial K is too high K NN

(underestimates leakage)

Iteration, n

- When initial guess is uniformly distributed, AN
initial K is too low (overestimates leakage) K [IN\/V

Iteration, n

- The Sandwich Method uses 2 K calculations -
one starting too high & one starting too low.
Both calculations should converge to the same result.
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Power Iteration — Convergence (1P
_ a®) (k"
U, + @ . E U, + .
ago) k1 n+1
1+ @ : E -G, + ... L o L0 =
o (8T o[ ) o

P ~ [cons tant]-

(0)
ko CN k0

- For problems with a high dominance ratio (e.g., DR ~ .99),
the error in K ; may be small, since the factor (k,/k, — 1) is small.

= K, may appear converged,
even if the source distribution is not converged
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Power Iteration — Convergence . Lot Alamos

- Keff is an integral quantity — converges faster than source shape

value divided by true mean

Keff calculation for 2 nearly symmetric slabs,
with Dominance Ratio = .9925

1.1

0.9 -

0.8 -

0.7

y il 7‘|\““"r" wl“«h}‘l [ e "‘\““It“l""m"r\l"““ il ll“,""-u‘wl), ( ‘W
Kk
eff

source in
right slab

100 200 300 400 500 600 700 800 900 1000

cycle
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Power Iteration — Convergence . Lot Alamos

Noise (fluctuation)

Exact solution

« For Monte Carlo power iteration,
statistical fluctuations in source shape die out gradually over a number of
successive iterations.

— Persistence of the noise over successive iterations gives correlation among
source distributions in successive iterations. (Positive correlation)

— Correlation directly affects confidence intervals:
Serial correlation in the source distribution = larger confidence intervals

=> Most Monte Carlo codes ignore these correlation effects
& incorrectly underestimate the confidence intervals
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Power Iteration — Convergence . Lot Alamos

Summary

- Local errors in the source distribution decay as ( k/k,)"
— Higher eigenmodes die out rapidly, convergence dominated by k./k,
— High DR — slow convergence
— High DR — large correlation — large error in computed variances

- Errorsin K ; decay as (kyk, —1) * (k/k,)"
— HighDR — ky/k,~1 — small error

K. errors die out faster than local source errors
— K. is an integral quantity — positive & negative fluctuations cancel

*  High DR is common for
— Large reactors, with small leakage
— Heavy-water moderated or reflected reactors
— Loosely-coupled systems

= If local tallies are important (e.g., assembly power, pin power, ...),
examine their convergence — not just K_, convergence
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Keff Calculations — Stationarity Diagnostics . Lod Alamos

Plots of single-cycle Keff or cumulative Keff are sometimes difficult to
interpret when assessing convergence

Cycle k;

50000 histories per cycle

— uniform initial source
— initial source at (1,3) lattice

0.905
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keff
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Keff Calculations — Stationarity Diagnostics . Lod Alamos

Initial cycles of a Monte Carlo K-effective calculation should be
discarded, to avoid contaminating results with errors from initial guess

— How many cycles should be discarded?
— How do you know if you discarded enough cycles?

Keff(n)

Discard Tallies
>io

lteration, n

Analysis of the power iteration method shows that Keff is not a reliable
indicator of convergence — K_; can converge faster than the source
shape

Based on concepts from information theory,
Shannon entropy of the source distribution is useful for characterizing
the convergence of the source distribution
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K. Calculations — Stationarity Diagnostics - Lok Alamos

- Divide the fissionable regions of the problem into Ng spatial bins
— Spatial bins should be consistent with problem symmetry
— Typical choices:  — 1 bin for each assembly

— regular grid superimposed on core ‘

— Rule-of-thumb for number of spatial bins:
Ng; ~ (histories/batch)/25 or less

Why?
+  Would like to have >25 fission source sites per bin to get good statistics
If source distribution were uniform, ~25 sites would be in each bin

- Shannon entropy of the source distribution

(# source particles in bin J)

sz ,(p,), where p,=

(total # source particles in all bins)
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K. Calculations — Stationarity Diagnostics - Lok Alamos

Shannon entropy of the source distribution

(# source particles in bin J)

sz ,(p,), where p,=

(total # source particles in all bins)

— 0 < H(S) < In(Ng)
— Note that p,In,(p)) =0 if p,=0

— For a uniform source distribution, p,=p,=... =py, = 1/Ng,
so that H(S) =1In,( Ng)

— For a point source (in a single bin), H(S) =0

H(S(M) provides a single number to characterize the source
distribution for iteration n

— As the source distribution converges in 3D space,
a line plot of H(S(") vs. n (the iteration number) converges
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K. Calculations — Stationarity Diagnostics - Lok Alamos

Relative entropy

1.0E+01
1.0E+00 H
1.0E-01 -
1.0E-02 -
1T0E03 +----1-====%==-=
1.0E-04 -

average over
1.0E-05 1 cycle 1501-2500

1.0E-06 -
1.0E-07 -
1.0E-08 -

1.0E-09 ‘ T T
0 500 1000 1500 2000 2500

cycle

relative entropy

Figure 3: Posterior computation of relative entropy assuming
the true source is the mean source over 1501-2500 cycles (problem 1)

One cycle delay embedding plot of
relative entropy wrt initial source
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K. Calculations — Stationarity Diagnostics

4@“8"3%

Example — Reactor core (Problem inp24)

WRSRN AN KKSA X

BONEON MO NYONNNO

koode data from fife rimipe

£ K. VS cycle :
kcode data from fife rimipe

: H( fission source )

Ky o - ]
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K.« Calculations — Stationarity Diagnostics 21 Mams

- Example — Loosely-coupled array of spheres (Problem test4s)

K. VS cycle

VSR N0 N RN eA N
N

o 20 *o sO B0 xoo x20 EL g EL 14
kefF cycie rmamber

H( fission source )

DOKEON MO NYOKHNO

e e e e e e e et e o e e e e e e e e e e e e e ettt et e e e ]

<0 60 20 zoo zzo 90
keXf¥ cycile maonder
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K. Calculations — Stat

Example — Fuel Storage Vault (Problem OECD_bench1)

i b

K VS cycle

] b g b b

so0

T
soo

T
zo0

kefF¥ cycie mumber

H( fission source )

Keff
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= Py
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Wielandt MethOd e'l.;)sAIamos

Basic transport equation for eigenvalue problems
(L+T-S)¥=M¥

L = loss to leakage S = gain from scatter-in
T = loss to collisions M = gain from fission multiplication

Define a fixed parameter k, suchthat k,>k, (k,=exact eigenvalue)

Subtract éM‘P from each side of the transport equation

(L+T-S—EMY = (& — HMY

Solve the modified transport equation by power iteration

(L+T—S—EMP™ = (L — MP®

e
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Wielandt Method 2

> Los Alamos
- Power iteration for modified transport equation
(L+T—S_é|\/|)\}:(n+1) (! - — LM
YO = (=) (L+ T= S = M) "My
Pyt R<1"> g
where K" (K;;;g _ é)—1 or K(erf'f) = (o + % )y

- How to choose k,

— k. must be larger than k, (but, don't know k')

k. must be held constant for all of the histories in a batch,
but can be adjusted between batches

- Typically, guess a large initial value for k., such as k,=5 or k=2

+ Run a few batches, keeping k. fixed, to get an initial estimate of K ¢

- Adjust k. to a value slightly larger than the estimated K

« Run more batches, possibly adjusting k, if the estimated K_; changes
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Wielandt Method JLok Alamos

- Convergence
— Eigenfunctions for the Wielandt method are same as for basic power iteration
— Eigenvalues are shifted:

k=[e-] K, >k, >k >..

— Expand the initial guess, substitute into Wielandt method, rearrange to:
a®) (k -k, k) -
™ < [constant]-| U, + ( 1 )( e °-—1j U, + ...
° al | | k, -k, k, 1
KM =k -[1 + 3, : ke_kO.ﬁ : k—e_ko.ﬁq G, + ...
° al | (k, -k, k, ) |k, —k Kk, 1

— Additional factor (k.-k,)/(k.-k,) is less than 1 and positive, so that the red
terms die out faster than for standard power iteration

8-29



Wielandt Method 2 i

- The dominance ratio for this modified power iteration is

R ko—ko ki k. —kg
o i ko—k k, kK,

e

| 2

DR’ = .DR

A

— Since k,>k, and k,>k,, DR'<DR
— DR of Wielandt method is always smaller than standard power iteration

- Wielandt acceleration improves the convergence rate of the power
iteration method for solving the k-eigenvalue equation

- Standard power iteration

K(n)

Power iteration W|th Wlelandt acceleratlon

Iteration, n

= Weilandt method converges at a faster rate than power iteration
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Wielandt Method JLos Alamos

Monte Carlo procedure for Wielandt acceleration

(L+T=S—EMP = (L — MY

€

For standard Monte Carlo (power iteration) in generation n+1
— When a collision occurs, the expected number of fission neutrons produced is

v, 1
Ne = {Wgt' 3. K +§J

— Store n; copies of particle in the "fission bank"
— Use the fission bank as the source for the next generation (n+2)

For Monte Carlo Wielandt method in generation n+1
— When a collision occurs, compute 2 expected numbers of fission neutrons

v 1 1 v. 1
no=|wgt —F.| ——— |+ N I LI

e

— Notethat E[n's+n',]=E[ng]

— Store n'c copies of particle in the "fission bank"

— Follow n', copies of the particle in the current generation (n+1)
— Use the fission bank as the source for the next generation (n+2)
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Wielandt MethOd a'l.;’sAIamos

« Power iteration for Monte Carlo k-effective calculation

Batch 1
Keffm

Batch 2
Keff(z)

Batch 3
Keff(s)

Batch 4
Keff(4)

—@-

Initial
Guess

¢

+@-

—0

Batch 1 Batch 2 Batch 3 Batch 4 Batch 5
Source Source Source Source Source

¢

—>

Source particle generation
® P g —Y Neutron
. Monte Carlo random walk
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Wielandt MethOd e'l.;;sAlamos

«  Wielandt method for Monte Carlo k-effective calculation

Initial i Batch1 : Batch2 : Batch3 : Batch4
Guess Ko™ Kei® Ko™ Ko

‘E’
Batch 1 Batch 2 Batch 3 Batch 4 Batch 5
Source Source Source Source Source
. Source particle generation —Y ¥ Neutron
‘ Monte Carlo random walk . Additional Monte Carlo random walks

within generation due to Wielandt method
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Wielandt Method J1Lo% Alamos

Summary

«  Wielandt Method has a lower DR than power iteration
— Faster convergence rate than power iteration = fewer iterations

— Some of the particle random walks are moved from the next
generation into the current generation = more work per iteration

— Same total number of random walks = no reduction in CPU time

- Advantages

— Reduced chance of false convergence for very slowly converging
problems

— Reduced inter-generation correlation effects on variance

— Fission source distribution spreads more widely in a generation (due
to the additional particle random walks), which should result in more
interactions for loosely-coupled problems
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Superhistory Method Lok Alamos

Standard generation model, solved by power iteration

\P(n+1) — 1. F\.P(n)
Kei
Superhistory method
— Follow several generations (L) before recomputing K, and renormalizing

~ ~

P = PP with F=FY, K™ = (KD)-

K

Convergence
— Same eigenfunctions as standard power iteration
— Eigenvalues are k,‘, ki‘, k)t ...
— DR'=DRt, where DR = dominance ratio for power iteration
— Fewer iterations, but L generations per iteration = same work as power iteration
— Same convergence rate as power iteration
Advantages
— Reduced correlation between iterations
— Fewer renormalizations
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Superhistory Method Lok Alamos

- Superhistory Method for Monte Carlo k-effective calculation

Example with L =2 generations/batch

Initial Batch 1 Batch 2
Guess . K" - K @

Batch 1 Batch 2 Batch 3
Source Source Source

Source particle generation
® P g —Y Neutron

‘ Monte Carlo random walk
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Monte Carlo Calculations

A,
» Los Alamos

Geometry

* Which cell is particle in?

* What will it hit next?

* How far to boundary?
* What’s on other side?
» Survival?

» Survival?

Physics
* How far to collision?
* Which nuclide?
* New E, direction?
» Secondaries?

7

Tallies
* Tally events of interest
» Compute results
» Compute statistics
 Balances
» Performance stats

mcnp, rcp, vim, racer, sam-ce, tart, morse, keno, tripoli, mcbend, monk, o5r, recap, andy,.....

Variance reduction

— Modify the PDFs for physics interactions to favor events of interest

— Use splitting/rouletting to increase particles in certain geometric regions
— Kill particles in uninteresting parts of problem
May be necessary in order to sample rare events
More samples (with less weight each) —> smaller variance in tallies
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Monte Carlo Estimates of Integrals

sl
» Los Alamos

Given a function R(x), where x is a random variable with PDF f(x),
— Expected value of R(x) is W= J R(x) f(x) dx

— Variance of R(x) is

o= J R? x) f(x) dx — uz

Monte Carlo method for estimating pn
— make N random samples X; from f(x)
— Then
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Variance Reduction — Basic Idea dLop Kliiice

Expected mean score is not changed by variance reduction

u= j RX) f(x) dx = j R(x)( (( ))) g(x)dx
«Sample x' from f(x) «Sample x' from g(x)
*Tally R(x") *Tally R(x') « f(x")/g(x')

*Variance is changed due to altered sampling scheme

o= J [ROO]?F(x) dx — 2 0= I[R(x) ((x))] g(x) dx —p?
Goal: Choose g(x) such that variance is reduced

9-4



A

ReVieW . 'L;’s Alamos

Given a set of random samples, X, X,, ..., Xy

— Mean 1 N’
X = NZXJ-
j=1
— Variance of the mean
2 1 1o 2 2
Oy = —ZXJ- — X
N-1 i1
— Relative Error
RE="°x
X
— Figure of Merit ’
FOM = >
RE*-T

Variance reduction: Reduce RE or T, to increase FOM
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Analog vs. Weighted Monte Carlo . Lot Alamos

- Analog Monte Carlo

Faithful simulation of particle histories

No alteration of PDFs (i.e., no biasing or variance reduction)
Particle is born with weight = 1.0

Weight unchanged throughout history until particle is killed
Scores are weighted by 1.0 when tallying events of interest

- Weighted Monte Carlo (non-analog)

Alter the PDFs to favor events of interest
Particle is born with weight = 1.0
Weight, wgt, is altered if biased PDF is used

Weight can also be changed by Russian roulette/splitting & other variance
reduction techniques

Scores are weighted by wgt when tallying events of interest
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Variance Reduction — General Approaches Lok Alamos

Truncation

— Remove particles from parts of phase space that do not contribute
significantly to the tallies

Population control

— Use particle splitting and Russian rouletting to control the number of
samples taken in various regions of phase space

Modified sampling
— Modify the PDFs representing problem physics, to favor tallies of interest

Deterministic methods

— Replace portions of a particle random walk by the expected results
obtained from a deterministic calculation
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Typical Variance Reduction Techniques

sl
» Los Alamos

MCNP has 14 variance reduction techniques

1.

© N O Ok~ 0D

11

Time and energy cutoffs
Geometry splitting & roulette
Weight windows
Exponential transform
Forced collisions

Energy splitting & roulette
Time splitting & roulette
Point and ring detectors
DXTRAN

. Implicit capture
. Weight cutoff

12.
13.
14.

General source biasing
Secondary particle biasing
Bremsstrahlung energy biasing
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Survival Biasing . Lot Alamos

Also called implicit absorption or non-absorption weighting
Modify collision process according to expected outcome

Particle always survives collision
— Tally expected absorption, wgt ¢« (6,/0+)
— Reduce weight of surviving particle, wgt' =wgt * (1 —c,/07)

Extends particle history so that more particles reach events which occur after many
collisions

Most effective for thermal reactor problems, but doesn't hurt in other types of problems

Must also use some form of low-weight cutoff to eliminate particles with very low
weight
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Geometry Splitting & Russian Roulette Lok Alamos

Increase the number of particles in "important" regions, decrease the number of
particles in "unimportant” regions

Assign each cell an importance, |,

Arbitrary, use best guess or adjoint fluxes from deterministic calculation

Could use one value for all energies or separate values for different
energy ranges

Higher value —> more important

Ic:eII >0

|.=0 is a way to declare regions as not in physical problem
Values of |, must not change during Monte Carlo calculation

Modify random walk simulation at surface crossings:

If (I ie/licave) > 1, perform splitting
If (I ie/licave) <1, perform Russian roulette
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Geometry Splitting & Russian Roulette Lok Alamos
Let r=1g/l, Cell B
n=_r] |
B
g > 1,

If n>1, splitinto n particles with weight (wgt/n)
— All of the n particles emerging from splitting have identical attributes
(e.g., X,y,z, u,v,w, E) including wgt' =wgt/n
— All of the n particles from a splitting are part of the same history, and
their tallies must be combined

— Typically, (n-1) particles are banked, 1 particle is followed until its death,
then a particle is removed from the bank & followed, etc.

Avoid over-splitting
— Splitting into a large number of particles can increase CPU-time & lead
to (apparent) bias in results
— Typically, choose cell importances to split 2-for-1 or 3-for-1
— Typically, can limit the splitting to n-for-1 or less
Total particle weight is exactly conserved in splitting
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Geometry Splitting & Russian Roulette Lok Alamos
. Let r=1g/l, Cell B
IB
<l,

If r<1, play Russian roulette
— With probability r, keep the particle & alter its weight to (wgt/r)
— With probability (1-r), kill the particle (set its weight to 0)

if E<r,

wgt' = wgt/r
else

wgt' =0

Russian roulette effectively merges a number of low-weight particles into one with
higher weight

Total particle weight is only conserved statistically (expected value)

9-12



A

Weig ht CutOff . Los Alamos

Specify a cutoff weight, W, _,,,
and a survival weight, W_,

w

ave

If particle weight drops below Particle
W,...» play Russian roulette with Weight
weight of W

ve TOF SUIVivOrs Wiow
— Probability of surviving RR = wgt/W_,

— Probability of being killed = 1 —wgt/W,_, Setwgtto W,,,
Or kill ??
If wgt<W,,,
if &<wgt/W
wgt'=W,_
else
wgt' =0

ave’

ve

Expected value of surviving weight is conserved, (wgt/W,,.)eW .
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Weig ht CutOff . Los Alamos

In some codes (e.g., MCNP), the weight cutoff parameters are functions of cell
importance

— Let R, = (importance of source cell) / (importance of cell j)

— Then, W_,.() = W, *R
Wiowll) = W

Weight cutoffs reduce computing time, not variance

Weight cutoffs can be applied anytime the particle weight changes — after collisions,
after boundary crossings, ...

9-14



Weig ht WindOWS u{::)sAlam_os

Prevent particle weights from getting too large or too small
— Weight too large —> splitting
— Weight too small —> Russian Roulette
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Weight Windows i

Large fluctuations in particle weights contributing to a tally lead to larger variance

Weight windows eliminate large or small weights (outside the window) by creating or
destroying particles

Weight windows can be applied any time — after collisions, after surface crossings, ...

If  wgt>W,,
splitting
Elseif wgt<W
roulette

low
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Weig ht WindOWS . Los Alamos

MCNP weight window scheme

Input: W,,,, for each cell (can be energy or time dependent),
W_,o/W,l:  [W,/W,,], mxspln
If  wgt>W,.
n =min( mxspin, 1+ wgt/W,,) <— max splitting is mxspln-to-1
wgt = wgt/n
bank n-1 copies of particle <— n-to-1 splitting

Elseif wgt <W

low

P = max( 1/mxspin, wgt/W_, ) <— limits survivor to mxspln*wgt
if E<P

wgt = wgt/P <— particle survives
else

wgt=0 <— particle killed
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SOU rce BiaSing e'l.;)sAIamos

Bias the PDFs used to select the angle, energy, or position or source
particles

— Produce more source particles (with lower weights) in desired parts of
phase space

True source: f(R,E,Q)

Sample (R',E',Q'") from 9(R,E,Q)

& assign weight  f(R',E',Q")/g(R',E',Q2") to source particle

Choose g(R,E,Q) to favor directions more important to tallies
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Forced Collisions d\o0 Alsivias

- Particles entering specified cells are split into collided & uncollided parts
— For distance-to-boundary d
Prob(no collision) = exp(-2d)
Prob(collision) =1 —exp(-Z.d)
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Forced Collisions d\o0 Alsivias

Sampling the flight distance s for a forced collision with max flight distance d

Sampling from a truncated exponential PDF:

e—}:Ts
f(s)=>:T-1_e_sz, 0<s<d
1-e >1°
F(S) - 1_ e—ZTd

Solve for s: &=F(s)
B —In[1- (1-e7*)g]
= 5

S
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Exponential Transform

2
» Los Alamos

Encourage particles to head in a certain preferred direction, Q,

/QV
Sourceor —~—— _ _ _ _ _ _ _ _ _ _ ___ » Detector

Collision point Q

— Replace %2; by X'=2%2;[1-pQ-Q]]
 p = aparameter, O<p<i
- Q,=unit vector from particle position to detector

« Q = actual particle direction

— Sample flight distance s' from g(s) = Z*exp(-X*s)

— Adjust weight by factor:
f(s')/g(s) = exp(-p €2-Q4 2Z:s")/[1 — p Q-]

Paths toward detector are stretched (X <Xp)

Paths away from detector are shortened (X*>2%;)

9 -21



Variance Reduction Goals & Cautions e

Maximize FOM — either reduce RE or T

Keep the number of particles per cell roughly constant from source to
detector

Reduce the number of particles in unimportant regions
Achieve adequate sampling of all portions of phase space
Avoid over-biasing (e.g., over-splitting)

Ensure that tallies pass statistical checks
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Parallel Monte Carlo

2
» Los Alamos

Parallel Computing
— Parallel Computers
— Message Passing
— Threads
— Amdabhl's Law
Parallel Monte Carlo
— Parallel Algorithms
— Histories, Random Numbers, Tallies
— Load Balancing, Fault Tolerance, ...
Parallel Monte Carlo Performance
— Performance Measures & Limits
— Parallel Scaling

MCNP5 Parallel Processing
— MCNPS5 parallelism
— MPI or PVM + Threads
— Run Commands & Input Options
— Performance on ASCI Tera-scale systems
— Parallel Processing for Large-scale Calculations
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A

Perspective Lok Alamos

- Fast desktop computers
1980s super: 200 MHz 16 MB 10 GB $20M
Today, PC: 2000 MHz 1000 MB 100 GB $ 2K

* Linux clusters + MPI
— Cheap parallel computing
— Everyone can do parallel computing, not just national labs

« Mature Monte Carlo codes
— MCNP, VIM, KENO, MCBEND, MONK, COG, TART, RACER, RCP, ...

- New generation of engineers/scientists
— Less patience for esoteric theory & tedious computing procedures
— Computers are tools, not to be worshipped
— What's a slide rule ???

=» More calculations with Monte Carlo codes
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Trends in Computing Technology . Lok Alamos

- Commodity chips
— Microprocessor speed
— Memory size
— Memory latency

~2X gain / 18 months
~2X gain / 18 months
~ no change (getting worse)

N2 2\ 4

+ High-end scientific computing

— Key driver (or limit) > economics: mass production of
desktop PCs & commercial servers

— Architecture > clusters: with small/moderate
number of commodity
microprocessors on each node

- Operating systems
— Desktop & server
— Supercomputers

Windows, Linux

9
> Unix, Linux

CPU performance on supercomputer =» same as desktop PC
High-performance scientific computing = parallel computing
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Parallel Computers Lok Alamos

GFLOPs per Processor

1 GFLOP =10° FLOP
106 S 1 TFLOP =10'2 FLOP
\ 1 PFLOP =10'5 FLOP
\
S N Teraflop computers = 1000's of processors
104
S Petaflop computers = 10° processors ?
%
\
N
N\
\
N
\
N T S N
N
100 102 104 106 108 1010

Number of Processors
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Parallel Computers . Lok Alamos
- Characterize computers by:
— CPU: scalar, vector, superscalar, RISC, .....
— Memory: shared, distributed, cache, banks, bandwidth, .....
— Interconnects: bus, switch, ring, grid, .....

- Basic types:

Traditional Shared Memory Parallel
Mem Mem
Distributed Memory Parallel Clustered Shared Memory
? ? _____ ? D GG NG G
Mem Mem Mem
Mem Mem Mem
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Approaches to Parallel Processing . Lok Alamos

High-level * Independent programs + message-passing
* Distribute work among processors
* Loosely-coupled
+ Programmer must modify high-level algorithms

Mid-level * Threads (task-level)
* Independent tasks (subprograms) + shared memory
 For shared memory access, use locks on critical regions
« Compiler directives by programmers

Low-level * Threads (loop-level)
+ Split DO-loop into pieces, compute, synchronize
« Compiler directives by programmers

Low-level * Pipelining or vectorization
* Pipelined execution of DO-loops
« Automatic vectorization by compilers &/or hardware,
or compiler directives by programmers
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Message-passing . Lot Alamos

Lots of computation

/y Program B
Program A \ j
Program B
Interchange data
via messages

Independent programs
Separate memory address space for each program (private memory)

All control information & data must be passed between programs by
explicit messages (SENDs & RECEIVES)
Can run on distributed or shared memory systems
Efficient only when T, iation >> Trmessages
Standard message-passing:
- MPI

- PVM
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Threading (task-level) Lok Alamos
subroutine trnspt
programA /|
|$ lel return S———
+pOMp paralle end subroutine trnspt
call trnspt Shared
Iomp end parallel subroufine trnspt _Data
end program A return <
end subroutine trnspt
Address space for Program A

Single program, independent sections or subprograms
Each thread executes a portion of the program
Common address space, must distinguish private & shared data
Critical sections must be "locked"
Can run only on shared memory systems, not distributed memory
Thread control by means of compiler directives
Standard threading:
+ OpenMP
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Threading (loop-level) Lok Alamos
ISomp do parallel do k=1,n,2 do k=2,n,2
do k=1,n c(k) = a(k)+b(k) || c(k) = a(k)+b(k)
c(k) = a(k)+b(k) enddo enddo
enddo

Single DO-loop within program
Each loop iteration must be independent
Each thread executes different portion of DO-loop
Invoked via compiler directives
Standard threading:
+ OpenMP
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Domain Decomposition (1P

Collect
- ‘ Problem
Results

Decompose Analyze
Computational Subdomains
Problem In parallel

Coarse-grained parallelism, high-level

For mesh-based programs:
1. Partition physical problem into blocks (domains)
2. Solve blocks separately (in parallel)
3. Exchange boundary values as needed
4. lterate on global solution

Revised iteration scheme may affect convergence rates

Domain decomposition is often used when the entire problem will not fit in the
memory of a single SMP node
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Amdahl's Law

2
» Los Alamos

If a computation has fast (parallel) and slow (scalar) components, the overall

calculation time will be dominated by the slower component

Overall System Single CPU * 1
Performance Performance 1-F + F/N

where F = fraction of work performed in parallel
N = number of parallel processors
Speedup = 1/(1-F + F/N)

For N=10 For N=infinity
E S E S E S E S
20% 1.2 90% 5.3 20% 1.3 90% 10
40% 1.6 95% 6.9 40% 1.7 95% 20
60% 2.2 99% 9.2 60% 2.5 99% 100
80% 3.6 99.5% 9.6 80% 5 99.5% 200
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Amdahl's Law L Al

My favorite example .....

Which system is faster?

System A: (16 processors)+(1 GFLOP each) 16 GFLOP total

System B: (10,000 procs)+(100 MFLOP each) 1,000 GFLOP total

Apply Amdahl's law, solve for F:
1/(1-F+F/16) = .1/ (1-F + F/10000)
= System A is faster, unless >99.3% of work is parallel

« In general, a smaller number of fatter nodes is better
« For effective parallel speedups, must parallelize everything
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Parallel Algorithms . Lot Alamos

Possible parallel schemes:

— Jobs run many sequential MC calculations, combine results
— Functional sources, tallies, geometry, collisions, .....

— Phase space space, angle, energy

— Histories Divide total number of histories among processors

All successful parallel Monte Carlo algorithms to date have been
history-based.

— Parallel jobs always works, variation on parallel histories
— Some limited success with spatial domain decomposition

10-16



A

Master / Slave Algorithm (Simple) . Lot Alamos

« Master task: control + combine tallies from each slave
- Slave tasks: Run histories, tallies in private memory

— Initialize:
Master sends problem description to each slave
(geometry, tally specs, material definitions, ...)

— Compute, on each of N slaves:
Each slave task runs 1/N of total histories.

Tallies in private memory.
Send tally results back to Master.

— Combine tallies:
Master receives tallies from each slave &
combines them into overall results.

- Concerns:
— Random number usage
— Load-balancing
— Fault tolerance (rendezvous for checkpoint)
— Scaling
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Master / Slave Algorithm (Simple)

sl
» Los Alamos

Control + Bookkeeping

Master

linitialize
do n=1,nslaves

send_info( n)

I Compute
nchunk = nhistories / nslaves
do n=1,nslaves
k1 =1+ (n-1)*nchunk
k2 = min( k1+nchunk, nhistories)

send_control( n, k1,k2)

I Collect & combine results

totals(:) =0

do n=1,nslaves
recv_tallies(n)
add_tallies_to_totals()

I Done
print_results()
save_files()

Computation

Slave 3

Slave 2

Slave 1

I'Initialize
" recv_info()

I Compute
> recv_control( k1, k2)
do k=k1,k2
run_history( k)

I Send tallies to master

10-18
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Random Number Usage . Lot Alamos

Linear Congruential RN Generator
S..1=9S, +C mod2V

RN Sequence & Particle Histories

1 2 3 etc.
MCNP stride for new history: 152,917

To skip ahead k steps in the RN sequence:
S, =9S,;+C mod2M = gkS, + C (gk1)/(g-1) mod 2V
Initial seed for n-th history
So(n) — gn*152917 SO + C (gn*152917_1)/(g_1) mod 2M
This is easy to compute quickly using exact integer arithmetic
Each history has a unique number

— Initial problem seed - initial seed for nt" particle on mt" processor

— If slave knows initial problem seed & unique history number, can initialize
RN generator for that history
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Fault Tolerance JLok Alamos

On parallel systems with complex system software & many CPUs,
interconnects, disks, memory, MTBF for system is a major concern.

Simplest approach to fault tolerance:
— Dump checkpoint files every M histories (or XX minutes)
— If system crashes, restart problem from last checkpoint

Algorithm considerations
— Rendezvous every M histories.
— Slaves send current state to master, master saves checkpoint files

— Parallel efficiency affected by M.

10 -20



Fault Tolerance e

v
900

()
"\

Repeat...

For efficiency, want

— Compute time:

Rendezvous time:

Control Compute Rendezvous

(compute time) >> (rendezvous time)
Proportional to #histories/task

Depends on amount of tally data &
latency+bandwidth for message-passing
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Master / Slave Algorithm, with Rendezvous . Lot Alamos

— Initialize:
Master sends problem description to each slave
(geometry, tally specs, material definitions, ...)

— For rendezvous =1, L

- Compute, on each of N slaves:
Each slave task runs 1/N of (total histories)/L.
Tallies in private memory.
Send tally results back to Master.

« Combine tallies:
Master receives tallies from each slave &
combines them into overall results.
+ Checkpoint:
Master saves current tallies & restart info in file(s)

10 -22



A

Load Balancing . Lot Alamos

- Time per history may vary significantly
— For problems using variance reduction:

- Particles headed in "wrong" direction may be killed quickly, leading to a short history.

« Particles headed in "right" direction may be split repeatedly. Since the split particles
created are part of the same history, may give a very long history.

— For problems run on a workstation cluster:
«  Workstation nodes in the cluster may have different CPU speeds

«  Workstations in the cluster may be simultaneously used for interactive work, with highly
variable CPU usage on that node.

+ Node performance effectively varies continuously over time.

« Naive solution
— Monitor performance per node (e.g., histories/minute)

— Periodically adjust number of histories assigned to each node, according to node
performance

# histories assigned to node n ~ measured speed of node n

- Better solution: self-scheduling
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Load Balancing — Self-Scheduling Lok Alamos

For a problem with N slave processors,
divide histories into more than N chunks.

— Let L =numberof chunks, L>N
— Typically, L~20N or L~30N

— Histories/chunk = (total histories) / L

— Slave: If idle, ask master for work. Repeat until no more work.
— Master: Send chunk of work to idle slave. Repeat until no more work.

— On average, imbalance in workload should be < 1/L

Additional gains:
— Naive master/slave algorithm is synchronous

— Self-scheduling master/slave algorithm is asynchronous. More overlap of
communication & computation = reduced wait times & better performance
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Load Balancing — Self-Scheduling (7 N

Each arrow: same # histories

@ _}f_’ . Repeat...
3N b > /F’n‘/f JA
900 Vi

Control Compute Rendezvous

Much more communication with Master, but only minimal amount of control
info needed (15t & last history in chunk)

Need to handle stopping condition carefully —
avoid "dangling" messages
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Master

linitialize
do n=1,nslaves

send_info(n)

I Compute

nchunks = nslaves*20

nh = nhistories / nchunks

do n=1,nchunks
ki=1+(n-1)*nh

k2 = min( k1+nh, nhISJJ‘IeS

recv_idle_proc( M) )

send_control( M, k1 k2 )
enddo

I Collect & combine results
totals(:) =0 .

-
-
-

do n=1,nslaves <
recv_idle_proc(M) -
send_control( M0—1-—)/
recv_tallies( M)
add_tallies_to_totals()
enddo

-
-

I Done
print_results()

save_files()

Slave 3

Slave 2

Slave 1

I'Initialize
» recv_info()

I Compute
do

1-" “send_idle_proc()

—”recv_control( k1, k2)
if( kK1>k2 ) exit
do k=k1,k2
run_history( k)
enddo
enddo

I Send tallies to master
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Hierarchical Parallelism dLop Kliiice

* For clustered SMPs,
— Use message-passing to distribute work among slaves ("boxes")
— Use threading to distribute histories among individual processors on box

Master

M getpa

*  Only the master thread (thread 0) on each slave
uses MPI send/recv's
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Master / Slave Algorithm, threaded & self-scheduling
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Master

linitialize
do n=1,nslaves

send_info(n)

I Compute

nchunks = nslaves*20

nh = nhistories / nchunks

do n=1,nchunks
ki=1+(n-1)*nh

k2 = min( k1+nh, nhISJJ‘IeS
recv_idle_proc( M)

send_control( M, k1 k2) |

enddo

I Collect & combine results
totals(:) =0 ;
do n=1,nslaves «
recv_idle_proc(M) --
send_control( M,
recv_tallies( M)
add_tallies_to_totals()
enddo

I Done
print_results()
save_files()

Slave 3

Slave 2

Py
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Slave 1

I Initialize

» recv_info()

I Compute
do
send_idle_proc()

—”recv_control( ki, k2)

if( k1>k2 ) exit
ISOMP PARALLEL DO
do k=k1,k2
run_history( k)
enddo
enddo

ISOMP PARALLEL
I$ combine_thread_tallies()

| Send tallies to master
send_tallies()

I Done
stop

ster
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Parallel MC Computational Characteristics . Lod Alamos

For master/slave algorithms (with self-scheduling, fault tolerance, & threads):

No communication among slave tasks
Occasional communication between master & slaves (rendezvous)

Slave tasks are compute-intensive
« Few DO-loops
* 40% of ops are test+branch (IF... GOTO...)
+ Irregular memory access, no repetitive patterns

For fixed-source problems:
« Only 1 rendezvous is strictly necessary, at end of calculation
« More rendezvous used in practice, for fault tolerance

For eigenvalue problems (K-effective):
« Must have a rendezvous every cycle (cycle = batch = generation)
+ Master controls iteration & source sampling

Common-sense approach to performance:

Fewer rendezvous = better parallel performance
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Parallel MC Performance Measures Lok Alamos
«  Metrics
— Speedup Sy = T/ Ty N = # processors
— Efficiency Ey = Sy/N
- Fixed overall work (fixed problem size)

— Efficiency decreases with N
— Speedup (eventually) drops as N increases
— Why?

As N increases, same communication/processor, but less work/processor (fewer
histories/processor) = (computation/communication) decreases

- Fixed work per processor (scaled problem size)
— Efficiency approx. constant with N
— Speedup approx. linear with N
— Why?
As N increases, same communication/processor, same work/processor
(# histories ~ N) =>» (computation/communication) stays approx. same

— Called scaled speedup
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Parallel MC Performance Limits

Another way to determine efficiency
T/ (Teg+Ty)

Parallel Efficiency =

Tc = computing time
Ty = time for messages, not overlapped with computing

Slaves can send messages in parallel

Master receives & processes messages serially

—> —> —> O

If enough messages are sent to master, extra wait time will limit performance
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Parallel MC Performance Scaling . Lot Alamos
Tg Te Tg
f \4 > > —> Repeat...
: > —>
900 > —
Control Compute Rendezvous

N = # processors
T, = CPU time for M histories using 1 processor

(Depends on physics, geometry, compiler, CPU speed, memory, etc.)
L = amount of data sent from 1 slave each rendezvous

Tg=0 negligible, time to distribute control info
Tg=s+ L/ s = latency for message, r = streaming rate
Tc™ =T,/N fixed problem size, M histories/rendezvous
TSl =T, scaled problem size, NM histories/rendezvous
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Parallel MC Performance Scaling . Lod Alamos

Scaling models, for master/slave with serial rendezvous

"fixed" = constant number of histories/rendezvous, M (constant work)
— "scaled" = M histories/slave per rendezvous, NM total (constant time)
Histories/rendezvous Speedup
_ S
fixed S=N/(1+cN?)
N
scaled S=N/(1+cN) S
N

N = number of slaves
c=(s+Lr)/T,

T, ~M, more histories/rendezvous =» larger T, , smaller c
S+L/r, fixed, determined by number of tallies, ....
As M->infinity, c—0, S->N (limit for 1 rendezvous)
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Parallel MC Performance Scaling . Lod Alamos

Fixed size, serial messages S
S = N/(1+cN?) 1
| 2c
N
1
Ve
Scaled size, serial messages B
1/c
S = N/(1+cN) 1/ 26
N

1/c

N = number of slaves
C = (S+LI|')/(M1th)
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Parallel MC Performance Scaling . Lot Alamos
VIM Monte Carlo — Example of Estimating Performance
* TREAT reactor, continuous-energy neutron transport
* Per slave: M, =400 histories,
L =.341 MB of tally data
e Communications:
Workstation network, P4 + ethernet: s=.001sec, r= .8 MB/sec
IBM-SP1, P4 + ethernet: s=.001sec, r= .8 MB/sec
IBM-SP1, P4 + EUI-H: s = 50 usec, r=8.5 MB/sec
th T1 =400 th Tr C
Sun Sparc2 .25 sec 100 sec .43 sec .004
rs6000/350 .10 sec 40 sec .43 sec 011
SP1 - ethernet .075 sec 30 sec .43 sec .014
SP1 - EUIH .075 sec 30 sec .04 sec .001

Note: Ty — very repeatable & predictable.

T, — difficult to measure on busy machine
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VIM Monte Carlo — Measured Performance on SP1 — TREAT reactor
40

30
Scaled
Speedup
20
10
10 20 30 40
Number of Slaves
® SP1—P4+EUH S=N/(1+.0056N )

== SP1 — P4 + ethernet S=N/(1+.028N)

Measured message passing on SP1 is 2-3 times slower than specs
(busy machine; experimental software; flaky hardware)
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Parallel MC Performance Scaling . Lot Alamos

Parallel Eigenvalue Calculations — scaled size, serial messages

S = N/(1+cN)
Smax= 1/¢ N = number of slaves
c= (s+Ulr)/ (Mt,)
Nip = 1/c
Examples:

e VIM, TREAT problem

Sun Sparc2 workstation cluster c=.0043 Smax = 233
rs6000/350 workstation cluster c=.011 Smax= 93
SP1, using ethernet c=.014 Smax= 70
SP1, using EUIH comm. c=.00134 S, x=748

* RACER, "typical" large problem

100 K histories/min, 20 K histories/slave
32 MB tally data, r~ 1800 MB/sec

Cray-C90, using SSD for messages  ¢~.001 Smax ~ 1000
(16 processors, max)
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Parallel MC Summary . Lot Alamos

Master/slave algorithms work well

— Load-balancing: Self-scheduling

— Fault-tolerance: Periodic rendezvous

— Random numbers: Easy, with LCG & fast skip-ahead algorithm

— Tallies: Use OpenMP "critical sections"

— Scaling: Simple model, more histories/slave + fewer rendezvous
— Hierarchical: Master/slave MPI, OpenMP threaded slaves

— Portability: MPI/OpenMP, clusters of anything

Remaining difficulties
— Memory size: Entire problem must fit on each slave

Domain-decomposition has had limited success
— Should be OK for reactor problems
— May not scale well for shielding or time-dependent problems
— For general 3D geometry, effective domain-decomposition is unsolved problem

Random access to memory distributed across nodes gives huge slowdown
— May need functional parallelism with "data servers"
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DOE Advanced Simulation & Computing — ASC T

P

a0

Blue Mountain — 3 TeraOps
(R.L.LP.)

Red — 3 Ter

Lightning

Red Storm
White — 12 TeraOps Blue Gene/L Q - 20 TeraOps
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Hierarchical Parallelism dLop Kliiice

- Use message-passing to distribute work among slaves ("boxes")
- Use threading to distribute histories among individual cpus on box

Master

MessageipasSsi MPI

- We routinely test MCNP5 on:

— ASCI Bluemountain — SGl, 48 boxes x 128 cpus/box
— ASCI White — IBM, 512 boxes x 16 cpus/box
— ASCIQ- HP, 2 x 512 boxes x 4 cpus/box

— Linux clusters
— Windows PC cluster

- 1,000 processor jobs are "routine"
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Parallelism in MCNP5 Z1Lok Alamos

- Threading

Individual histories are handled by separate threads
No thread synchronization is needed during a history
Implemented by OpenMP compiler directives

Tallies, RN data, & some temporary variables for history are in thread-private
memory

Example:
common /RN_THREAD/ RN_SEED, RN_COUNT, RN_NPS
ISOMP THREADPRIVATE ( /RN_THREAD/ )
save /RN_THREAD/

OpenMP critical sections are used for some tallies or variable updates

Example:
ISOMP CRITICAL (RN_STATS)
RN_COUNT_TOTAL = RN_COUNT_TOTAL + RN_COUNT
$!OMP END CRITICAL (RN_STATS)

Message-passing & file I/O are executed only from
thread-0 (master thread) for each MPI task
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Parallelism in MCNP5 Z1Lok Alamos

*  Message-passing
— In MCNP5, all message-passing is handled by calls to the dotcomm package, a
communications layer which contains an interface to either MPIl or PVM

— Recommend using MPI — PVM is obsolete & won't be supported in future

MCNP5

MPI | PVM

— Either MPI or PVM message-passing is selected in dotcomm at compile-time

— Using the dotcomm package & either MPIl or PVM, MCNP5 can run in parallel
without source code changes on

Parallel supercomputers (e.g., ASCI tera-scale computers)
COWs (clusters of workstations)

Linux clusters

PC clusters
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N = total number of MPI tasks, master + (N-1) slaves

M = number of OpenMP threads/slave

Running on parallel systems with MPI only
mpirun -np N mcnp5.mpi  i=inp01
Running with threads only
mcnp5 tasks M i=inp01 .....

Running on parallel systems with MPI & threads

ASCI Bluemountain (SGl)
mpirun -np N mcnp5.mpi tasks M i=inpO1 .....
ASCI Q (HP/Compaq)

prun—n N -cM mcnp5.mpi tasks M I=...

If submitting jobs through a batch system (e.g., LSF),
N & M must be consistent with LSF requested resources
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How many threads ?
— Max number of threads = # CPUs per node

« ASCI Bluemountain: 128 cpus / node
« ASCIQ: 4 cpus /node
« Laptop PC cluster: 1 cpu / node

— Experience on many systems has shown that a moderate number of threads per
slave is efficient; using too many degrades performance

« ASCI Bluemountain: 4—12 threads/slave usually effective
>16 threads/slave usually has bad performance
« ASCIQ: 4 threads/slave is effective

— Rules-of-thumb vary for each system
« Thread efficiency is strongly affected by operating system design

« Scheduling algorithm for threads used by operating system is generally designed to be
efficient for small number of threads (<16)

« For large number of threads, context-switching & cache management may take
excessive time, giving poor performance

« Other jobs on system (& their priority) affect thread performance
* No definite rules — need to experiment with different numbers of threads
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- Parallel performance is sensitive to number of rendezvous
— Can't control number of rendezvous directly

— The following things cause a rendezvous:
Printing tallies
Dumping to the RUNTPE file
« Tally Fluctuation Chart (TFC) entries
Each cycle of eigenvalue problem

« Use PRDMP card to minimize print/dump/TFC
PRDMP ndp ndm mct ndmp dmmp

ndp = increment for printing tallies € use large number
ndm = increment for dump to RUNTPE € use large number
mct = flag to suppress time/date info in MCTAL

ndmp = max number of dumps in RUNTPE

dmmp = increment for TFC & rendezvous € use large number

For fixed-source problems, increments are in particles
For eigenvalue problems, increments are in cycles
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- Keff calculations: Use KCODE card for hist/cycle

— Want to reduce the number of cycles
— More histories in each cycle
— Should run hundreds of cycles or more for good results

KCODE nsrck  rkk ikz ket ...
nsrck = histories / cycle € use a large number
rkk = initial guess for Keff
ikz = number of initial cycles to discard

kct = total number of cycles to run

Suggested: nsrck ~ (thousands) x (number of processors)

10 -48



A

Number of Processors

10 -49

MCNP5 Parallel Scaled Speedup Lok Alamos
4000
3500 -
U 4
== == deal
3000 »
"
e [~ i xed-Source Calc
o
= 2500
©
Q
Q
o
¢ 2000
©
2
(4]
‘g 1500
ASCI Q system,
using MPI+OpenMP,
1900 4 threads/MPI-task
Fixed-source
500 .
calculation
: I
500 1000 1500 2000 2500 3000 3500 4000



MCNP5 Parallel Calculations

2
s Los

Alamos

500

450

400

W
o
o

300

Rate (particles/sec)

o
o

o

MCNP Speed vs. Number of Processors
BNCT Model w/ NPS=100,000 on a Linux Cluster w/ MPICH

7
//
Linux cluster //
V4
V4
/‘
£
7/
,/
/ —&—No Load Balancing
—a—Load Balancing
// — — Linear Increase
20 40 60 80 100

Number of Processors
10 -50

120



Scaled Parallel Speedup — Eigenvalue Problem T

500

400 ASCI Qsc
g. * MCNP5
o * MPI + OpenMP
3 * 4 threads/node
& 200 - 1000 cycles
°
9
@
3]
7))
200
100

0 100 200 300 400 500 600
Number of Processors

10 -51



;)

Parallel Processing
For Large
Monte Carlo Calculations

10 -52



Domain Decomposition (7 N

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
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Parallel Monte Carlo L Loe Alsinios

* Inherent parallelism is on particles
— Scales well for all problems

-  Domain decomposition
— Spatial domains on different processors

— Scales OK for Keff or o 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)
[ Ja e [el w] 4]
d | m[% e W] %l |ea
| | «l pl 4 <
o | M| % % o | &
L 1% g & |lw % |&
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Data is distributed by domain decomposition,
but parallelism is on particles

Solution ?

Parallel on particles + distributed data

Particle parallelism + Data Decomposition

Existing parallel algorithm for particles
Distribute data among processor nodes
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)
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Parallel Monte Carlo d Lo Aaios
- Particle parallelism + data decomposition — logical view:
Master
Process
Parallel
Calculation
Particle Particle Particle Particle Particle
Node Node Node Node Node
Data Data Data Data
Layer Node Node Node

«  Mapping of logical processes onto compute nodes is flexible:
— Could map particle & data processes to different compute nodes
— Could map particle & data processes to same  compute nodes

- Can replicate data nodes if contention arises
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- Particle parallelism + data decomposition

Entire physical problem

o

Local copies of data for
particle neighborhood

/

\

;
rad

Particle Node

\
Yo

Particle Node

1

1

Data Node

Data Node

Data Node

Data Node
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Parallel Monte Carlo S Lo st

« History modifications for data decomposition
source

while wgt > cutoff

compute distances & keep minimum:
dist-to-boundary
dist-to-time-cutoff
dist-to-collision
dist-to-data-domain-boundary

move particle
pathlength tallies

if distance == dist-to-data-domain-boundary
fetch new data

collision physics
roulette & split
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Parallel Monte Carlo

- Data windows & algorithm tuning
— Defining the "particle neighborhood" is an art

— Anticipating the flight path can guide the
pre-fetching of blocks of data o

— Tuning parameters:
How much data to fetch ?
Data extent vs. particle direction ?

.
-

10 -59

Entire physical problem

-  Examples




Parallel Monte Carlo 2 D e

 Point detector tallies are non-local

— Every collision contributes
an expected score

— At every collision, "pseudo-particles”
are tracked along the path from
collision to detector

®
— Scores from all "pseudo-particles"
(including from all split particles)
must be tallied together into a single
score for the history

Entire physical problem
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For Monte Carlo problems which can fit in memory:

- Concurrent scalar jobs — ideal for Linux clusters

- Master/slave parallel algorithm (replication) works well

— Load-balancing: Self-scheduling

— Fault-tolerance: Periodic rendezvous

— Random numbers:  Easy, with LCG & fast skip-ahead algorithm

— Tallies: Use OpenMP "critical sections"

— Scaling: Simple model, more histories/slave + fewer rendezvous
— Hierarchical: Master/slave MPI, OpenMP threaded slaves

— Portability: MPI1/OpenMP, clusters of anything

For Monte Carlo problems too large to fit in memory:

- Spatial domain decomposition (with some replication) can work for
some problems

« Particle parallelism + data decomposition is a promising approach
which should scale for all problems
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