Prge ction Monte Carlo:
Branching vs. Metr opolis

S. Moroni, DEMOMRITOS (Trieste)



Prge ction Monte Carlo:
Branching vs. Metr opolis

S. Moroni, DEMOMRITOS (Trieste)

Cost of calculating energies per particle vs. system size:
(VMC), DMC, ground-state Path Integral



Prge ction Monte Carlo:
Branching vs. Metr opolis

S. Moroni, DEMOMRITOS (Trieste)

Cost of calculating energies per particle vs. system size:
(VMC), DMC, ground-state Path Integral

4He at equilibrium density



Prge ction Monte Carlo:
Branching vs. Metr opolis

S. Moroni, DEMOMRITOS (Trieste)

Cost of calculating energies per particle vs. system size:
(VMC), DMC, ground-state Path Integral
VPI| not Reptation



Prge ction Monte Carlo:
Branching vs. Metr opolis

S. Moroni, DEMOMRITOS (Trieste)

Cost of calculating energies per particle vs. system size:
(VMC), DMC, ground-state Path Integral

Reptation algorithm with single-particle moves

with C. Filippi



VOLUME 87, NUMBER 24

PHY SICAL REVIEW LETTERS

Linear-Scaling Quantum Monte Carlo Calculations

A. J. Williamson, RandolphQ. Hood, and J.C. Grossman

LawrencelLivermore National Laboratory, 7000 East Avenue Livermore, California 94550
(Receved 3 May 2001; published26 November2001)

—o— (a) MLW
—4a— (b) Gaussian
—&— (c) Plane Wave

25 t SixHy

Carbon —=— (d) MLW

CPU Time (s)

0 200 400 600 800 1000
Number of electrons

FIG.2. CPU time on a 667 MHz EV67 alphaprocessorto

move a configurationof electronswithin DMC for SiH,, SisHs»,

(S:|35H36, Sig7H76, Si123H100, Si211H140, C20, Cze, Ce0, Ceo, and
180-

Note, the discussion thus far involves the scaling of the
computational cost of moving a single configuration of
electrons. In practice, one calculates either (i) the rotal
energy of the system, or (ii) the energy per atom, with a
given statistical error. The statistical error, d, is related
to the number of uncorrelated moves, M, byd ! s! M,
where s ? is the intrinsic variance of the system. Typi-
cally, the value of s ? increases linearly with system size.
Therefore, to calculate the foral energy with a fixed d, the
number of moves, M, must also increase linearly. When
multiplied by our linear increase in the cost of each move,
an N? size scaling is obtained. For quantities per atom,
such as the binding energy of a bulk solid, s ? still in-
creases linearly with system size, but d is decreased by a
factor of N, and, hence, the number of required moves, M,
actually decreases linearly with system size. Therefore the
cost of calculating energies per atom is now independent

of system size.
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Variational M onte Carlo
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Variational M onte Carlo
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(ground-state) Path In tegral M onte Carlo

o | trialfunction

| I H

s !, =e€ approaches exact g round state as ! |

& compue expectation values:
s IE"= 11 |H|' 3"  mixed estimae
o V=11 V|1 1" pureesimae

: : ! I
e usediscretized pathintegralstorepresent € ° H

timestep ! = "/P
R > exactresutsfor Il QO
0

® use a Metr opolis algorithm t o sample paths

® drawback: path autocorrelation time o< | 2



Path In tegral calculation of g round-state energies

o IRCALTTE
== Mo ST

X ={Rg,Ry,...,Rp}, P =1/

| P
1, (X) =1 (Ro) !Rile™Ri_1" (Rp)
=1

Sampk 7g(X) sing a generalized Metr opolis algorithm



(ground-state) Path In tegral Monte Carlo

details of the sim ulat 1on:

& primitive approximat ion:
!R\e! IH \R""# g (R! R’)2/4"!e! [V (R)+V (R")]/ 2

s typicaltimestep: !'! 10' 3 °K' 1

e total prgectiontime:upto | = 1K' 1 (20 00 slices)

o multilevel Metr opolis, bisection algorithm, | evel 6
(attemp t o move 63 slices, acc. rate 50% )

D. Ceperley, Rev. Mod. Phys. 1995.
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Mult ilevel Metr opolis with bise ction
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large |ocal moves without str etching links
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(ground-state) Path In tegral Monte Carlo

test fu nction
for | inear scaling
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(ground-state) Path In tegral Monte Carlo

test fu nction
for | inear scaling

30 - 30
N = 64 N = 512
Z 20 9 Z 20
2 2 D
o . o
— 10 el — 10 o
&, 0" ROO
Roeo - @ @ Po.q @ @ ?
0 0
0 1 2 0 1 2
2! 2!

® total energy
O potential energy



Diffusion Monte Carlo

f(R,it+1)= /G(R,R’;!)f (R, t)dR

G(R, R!; 1) | o (R R'" et ln\IJ(R!))2/2ee" e[EL (R)+EL (R)" 2E1]/2

\ \

drift- dif fu sion branching

t{ Zé ;% j




Diffusion Monte Carlo

details of the sim ulat 1on:

s typicaltimestep: !'! 10 ° °K' 1
s number of wa lkers: up to 4000

® Dbranching is done (with c ongant n umber of wa lkers)
after moving once all particles



E (°K)

Diffusion Monte Carlo

results:

time step error populat ion contr ol bias
T Y
4.7 O . 43}
49 | 4

Q_ 44

5.1t L]
53l {' | 45 ..
55 | 46 toa "

0 1 2 3 4 5 O 0.005 0.01 0.015 0.02 0.025

| (x 10" 3 °K' ) 1/ Nw
N=64 N=64

200 walkers time step 0.001



E (°K)

Diffusion Monte Carlo

results:

time step error populat ion contr ol bias
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Diffusion Monte Carlo

test fu nction
for | inear scaling
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Increases with system size



Diffusion Monte Carlo

populat ion contr ol bias
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Diffusion Monte Carlo
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Diffusion Monte Carlo

test fu nction

populat ion contr ol bias for | inear scaling
. . 6 .
42 | ] N Ny
— I o 512 Z 4} 1o 1000
X aal B |m 256 = | = 200
W Pa..____._|° 128 — 2| o 100
fan o ® 064 . e 50
-4.6 -C.DC * © °
0 O.I01 O.I02 ° 0 O.I01 0.02
1/ N /N

estima e efbciency at similar | evel of systemaic error
(worsens for h igher a ccuracy)



Eliminat ing the p opulation contr ol bias

reweight the ¢ ontr ibutions of walkers att ime ¢b ythe p roduct of
all r enormalization factors of thet otal weight occurredsince t! T

energy vs. correction time T
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harder t o get strong corrections for | arger systems



Forward walking

a walker drawn fr om the mixed distr ibution att imet c ontr ibutes to
the pure estimae the value of Vof his ancestor att imet-T

recall path integral r esults:

E vs prgectiontime Vvs. prgectiontime
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For ward walking

Fv(T) fr action of wa lkers with de scendarts aftert ime T
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Forward walking

® forward walking alone
O forward walking + eliminate population contr ol bias
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Forward walking
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Conclusions

o forlarge systems and/or p oor tr ial
fu nctions branching becomes problemaic

s PIMC scale in a c ontr olled way;

for condensead helium the DM C/PIMC
efbciency cr ossover is at sizes of practical interest

s PIMC does nat r ely heavily on
the quality of the tr 1al fu nction

s as a Metr opolis algorithm it c an
always be improved intr oducing better moves



Reptat ion

TN

sampk 7 (X) = V%(Rp)

e
-

o [Ri! Rira! "v(Ri )% 2"

! e! 'EL (Ri)+ EL (Ri1 1)]/ 2



Reptat ion

JEND e

move with p robability ¢ [Re+1! Re! tv(Re)]*/ 2!

accept w ith p robability p = min{1,e' <F™ By
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Reptat ion

N

high acceptance rate f or gl obal moves
If the | ocal energy Is smooth



Reptat ion
with sin gle-particle moves




Reptat ion
with sin gle-particle moves

g [Ri! Rir 1! ev(Ri) 1)]2/26! g €lEL (Ri)+EL (Riy 1)]/2
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one-particle drift- diffu sion

=1



Reptat ion
with sin gle-particle moves

g [Ri! Rir 1! ev(Ri) 1)]2/26! g €lEL (Ri)+EL (Riy 1)]/2
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Reptat ion
with sin gle-particle moves

| [Ri! Riv 1! ev(Rj 1)]2/26! g €lEL (Ri)+EL (Riy 1)]/2

e
" nN & $ (y
o [Ri VR TEV(Ry DIF/20 L [EC(Ri)+EL (Riy 1))/ 2N )
=1
IN
| o IR RY VR DI 2T UEL (R EL (R DI 2N

e

one-particle ObanchingO



Reptat ion
with sin gle-particle moves

X
accept w ith p robability p= min 1,& '(EL**! Etta”@

efbcient w hen updat ing the | ocal energy Is ¢ heap
l.e. forlocal potentials



Reptat ion
with sin gle-particle moves

head

next
e,
tall

3 walkers (coord., velocity, cofactors,...) for headtail, next
coordina es of the bl ue points (DNP)



