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MPI/FORTRAN 90

RS/6000 SP: Practical MPI Programming
An IBM Redbooks publication

Yukiya Aoyama and Jun Nakano

http://www.redbooks.ibm.com/abstracts/sg245380.html
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포트란 및 MPI 레퍼런스, 인터넷
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FORTRAN 90

Fortran 90

A Conversion Course for Fortran 77 
Programmers (The University of 
Manchester)

The University of Liverpool

Fortran 90 course notes
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두 개의 포트란 90 레퍼런스, 인터넷



http://incredible.egloos.com
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Monte Carlo/molecular dynamics

Understanding Molecular Simulation

From Algorithms to Applications

Daan Frenkel and Berend Smit

Academic Press 2002
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MC/MD 레퍼런스
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컴퓨터 시뮬레이션
Manhattan Project (1942-1946)

Monte Carlo simulation

Monaco

Grace Patricia Kelly
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Monte Carlo

• http://en.wikipedia.org/wiki/Monte_Carlo
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Metropolis method

Metropolis, Rosenbluth, Teller (1953) method:

Given ergodicity, the distribution of s will be the canonical distribution: 
(s) = exp(-E(s)/kBT)/Z

•Move from s to s’ with  probability T(ss’)= constant

•Accept with move with probability:

a(ss’)= min [ 1 , exp { - (E(s’)-E(s))/(kBT) } ]

•Repeat many times

ParallelParallel random number

2nd KIAS CAC Summer School on Parallel Computing



Metropolis Algorithm

There are several Markov chain Monte Carlo algorithms. 
One of the most popular and simple algorithms, 
applicable to a wide class of problems, is the Metropolis 
algorithm.

In summary, new solutions are generated near the oldest 
best solution. The new solution becomes the best solution 
if it scores better than the old best solution, or a random 
function accepts it. At large temperatures, the random 
function is more forgiving and less-then-better solutions 
can be accepted as the next best solution. 
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Move/sampling

Program mc

Do icycle=1,ncycle

call mc_move

call sample

Enddo

End Program mc
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pseudocode

Subroutine mc_move

i=int(ranmar()*nparticles)+1

call x_energy(x(i),e1)

xnew=x(i)+(ranmar()-0.5)*deltax

call x_energy(xnew,e2)

If(ranmar() <= min(1.,exp(-beta*(e2-e1))) x(i)=xnew

End Subroutine mc_move
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script

maximization of F = minimization of (-F)

j=int(ranmar()*nparticle)+1

if( ranmar() < min(1.d0, exp(-dell) ))
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subroutine rmarin(ij,kl)

!  This subroutine and the next function generate random numbers. See 

!  the comments for SA for more information. The only changes from the 

!  orginal code is that (1) the test to make sure that RMARIN runs first 

!  was taken out since SA assures that this is done (this test didn't 

!  compile under IBM's VS Fortran) and (2) typing ivec as integer was 

!  taken out since ivec isn't used. With these exceptions, all following 

!  lines are original. 

! This is the initialization routine for the random number generator 

!     RANMAR()

! NOTE: The seed variables can have values between:    0 <= IJ <= 31328

!                                                      0 <= KL <= 30081

real u(97), c, cd, cm

integer i97, j97

common /raset1/ u, c, cd, cm, i97, j97

if( ij .lt. 0  .or.  ij .gt. 31328  .or.  &

kl .lt. 0  .or.  kl .gt. 30081 ) then

print '(a)', ' The first random number seed must have a value  &

& between 0 and 31328'

print '(a)',' The second seed must have a value between 0 and  &

& 30081'

stop

endif

i = mod(ij/177, 177) + 2

j = mod(ij    , 177) + 2

k = mod(kl/169, 178) + 1

l = mod(kl,     169)

do 2 ii = 1, 97

s = 0.0

t = 0.5

do 3 jj = 1, 24

m = mod(mod(i*j, 179)*k, 179)

i = j

j = k

k = m

l = mod(53*l+1, 169)

if (mod(l*m, 64) .ge. 32) then

s = s + t

endif

t = 0.5 * t

3        continue

u(ii) = s

2     continue

c = 362436.0 / 16777216.0

cd = 7654321.0 / 16777216.0

cm = 16777213.0 /16777216.0

i97 = 97

j97 = 33

return

end

function ranmar()

real u(97), c, cd, cm

integer i97, j97

common /raset1/ u, c, cd, cm, i97, j97

uni = u(i97) - u(j97)

if( uni .lt. 0.0 ) uni = uni + 1.0

u(i97) = uni

i97 = i97 - 1

if(i97 .eq. 0) i97 = 97

j97 = j97 - 1

if(j97 .eq. 0) j97 = 97

c = c - cd

if( c .lt. 0.0 ) c = c + cm

uni = uni - c

if( uni .lt. 0.0 ) uni = uni + 1.0

ranmar = uni

return

end



Simulated annealing

• (SA) is a generic probabilistic 
metaheuristic for the global optimization 
problem of locating a good 
approximation to the global optimum of a 
given function in a large search space.
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simulated annealing

Definition: A technique to find a good solution to an 
optimization problem  by trying random variations of the 
current solution. A worse variation is accepted as the new 
solution with a probability that decreases as the 
computation proceeds. The slower the cooling schedule, or 
rate of decrease, the more likely the algorithm is to find an 
optimal or near-optimal solution. 

Formally, simulated annealing is a Markov Chain Monte Carlo method. 

That is, the probability of jumping from one point to an other depends only on 
the last point and not on the entire previous history (this is the peculiar 
property of a Markov chain). 
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SA run; example

Intermediate results before next temperature reduction

Current T: 0.9990E-3
Min function value so far: 5.856412345678
Total moves           :      51200
Downhill :      20456
Accepted uphill :        5005
Rejected uphill :      25739
Trials out of bounds:         166
New minima this temperature :           0
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Genetic algorithm
Parents/children

A. N. Alexandrova, A. I. Boldyrev. J. Chem. Theory and Comput. 2005, 1, 566-580
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A genetic algorithm (GA) is a search heuristic that mimics the process of natural evolution.



Conformational Space Annealing (CSA)

• Based on genetic algorithm(GA)  maintain a pool of 

conformations (bank) and new conformations are obtained 

by mating and mutation (small perturbation)

• Consider only conformational space of local minima (as in MCM)

• Diversity of the bank is directly controlled by introducing the 

concept of distance between the conformations

• Narrows the search to smaller region while maintaining diversity 
of sampling

• Key idea : GA + annealing in conformational space

Phys. Rev. Lett. 91, 080201 (2003)
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speedup
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http://en.wikipedia.org/wiki/Speedup

p is the number of processors.

Tp is the execution time of the algorithm with p

processors. 

Not CPU time, but wall-clock time reference



replica
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Frenkel and Smit, p. 391

min( 1,  exp(   (b_i-b_j)(U_i-U_j)   )  ), typo in text

REMC
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Replica-exchange Monte Carlo

………

T1

T2

T3

TM

……… ……… ………

……..

Chemical Physics Letters 314, 141 (1999).

Exchanges of  conformations are tried periodically.

Biophys. J. 84,  775 (2003).
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Replica, multiple simulations, and temperatures



met-enkephalin
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script
subroutine equal_load(n1,n2,nproc,myid,istart,ifinish)

!      Written by In-Ho Lee, KRISS, September (2006)

implicit none

integer nproc,myid,istart,ifinish,n1,n2

integer iw1,iw2

iw1=(n2-n1+1)/nproc ; iw2=mod(n2-n1+1,nproc)

istart=myid*iw1+n1+min(myid,iw2)

ifinish=istart+iw1-1 ; if(iw2 > myid) ifinish=ifinish+1

!      print*, n1,n2,myid,nproc,istart,ifinish

if(n2 < istart) ifinish=istart-1

return

end

n1=1 ; n2=ntemper*mltpl

call equal_load(n1,n2,nproc,myid,jstart,jfinish)
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Embarrassingly parallel

• little or no communication of results 
between tasks
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Molecular dynamics

• (MD) is a computer simulation method for 
investigating the physical movements of 
atoms and molecules.

Number of refereed papers mentioning “molecular dynamics”

1960   1970    1980   1990    2000    2006

1        16       114     484     3597    6253
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http://lammps.sandia.gov/
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LAMMPS is a classical molecular dynamics code, and an acronym for 

Large-scale Atomic/Molecular Massively Parallel Simulator. 

http://code.google.com/p/gpulammps/



Born-Oppenheimer approximation

Hydrogen?

electronic degrees of freedom

Newton (1642-1727)

Force-field

In 1923, Born and Oppenheimer noted that nuclei are much 
heavier than electrons, and move on a time scale which is 
about two order of magnitude longer than that of the 
electrons. 
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Similar situation in ab initio MD

Cf. Gram-Schmidt orthogonalization

Iterative orthogonalization procedure SHAKE

holonomic

Phys. Rev. Lett. 55, 2471 (1985)
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Molecular dynamics

Maxwell-Boltzmann

Initial value problem : unknown!

Integration
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Two independent experiments

Average=0, sigma=0.1

10000 points
xl0=0.0, sigma=sqrt(temperature/mass)

subroutine gauss(sigma,xl0,xl)

implicit none

real*8 sigma,xl0,xl

real*8 tmp

real*8 r,v1,v2

r=2.d0

do while (r >= 1.d0)

call random_number(tmp)

v1=2.*tmp-1.d0

call random_number(tmp)

v2=2.*tmp-1.d0

r=v1**2+v2**2

enddo

xl=v1*sqrt(-2.d0*log(r)/r)

xl=xl0+sigma*xl

return

end

Gaussian distribution

Frenkel and Smit, Understanding molecular simulation

tmp is a uniform random number within [0,1]
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pseudocode

Program md

call init

Do while(t <= tmax)

call force(f,e)

call integrate(f,e)

t=t+deltat

call sample

Enddo

End program md
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Verlet algorithm

Phys. Rev. 159, 98 (1967) An estimation 

Shadow property

Time reversal symmetry

Jacobian = 1; area preserving
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Velocity Verlet algorithm

Verlet algorithm
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program md_andersen

call initial(temperature) 
call force(f,energy)
t=0.d0
do while (t < t_max)

call integrate(1,f,energy,temperature)
call force(f,energy)
call integrate(2,f,energy,temperature)
t=t+dt
call sample

end do
stop
end program md_andersen

subroutine integrate(switch,f,energy,temperature)

If (switch == 1) then

x(:)=x(:)+ dt*v(:)+dt*dt*f(:)/2.

v(:)=v(:)+dt*f(:)/2.

else if (switch == 2)then

v(:)=v(:)+dt*f(:)/2.

tempa=dot_product(v,v)/(nparticle*3./mass)

sigma=sqrt(temp)

do i=1,nparticle

If(ranf() < nu*dt)then

v(i)=gauss(sigma)

end if

end do

end if

return

end

Frenkel and Smit, Understanding molecular simulation

Where P(t;ν)dt is the probability that the next collision will take place in the interval [t,t+dt].

Start with an initial set of positions and velocities and integrate the equations of motion for a time Δt.

A number of particles are selected to undergo a collision with the heat bath. 

The probability that a particle is selected in a time step of length Δt is νΔt.

If particle i has been selected to undergo a collision, its new velocity will be drawn from a Maxwell - Boltzmann distribution 

corresponding to the desired temperature T. All other particles are unaffected by this collision.

velocity Verlet algorithm

zero mean and standard deviation sigma

ranf() is a uniform random number within [0,1]
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Andersen thermostat

Stochastic event

Frenkel and Smit, Understanding molecular simulation
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program md_andersen

call initial(temperature) 
call force(f,energy)
t=0.
do while (t < t_max)

call integrate(1,f,energy,temperature)
call force(f,energy)
call integrate(2,f,energy,temperature)
t=t+dt
call sample

end do
stop
end

subroutine integrate(switch,f,energy,temperature)

If (switch == 1) then

x(:)=x(:)+ dt*v(:)+dt*dt*f(:)/2.

v(:)=v(:)+dt*f(:)/2.

else if (switch == 2)then

v(:)=v(:)+dt*f(:)/2.

tempa=dot_product(v,v)/(nparticle*3./mass)

sigma=sqrt(temp)

do i=1,nparticle

If(ranf() < nu*dt)then

v(i)=gauss(sigma)

end if

end do

end if

return

end

Frenkel and Smit, Understanding molecular simulation
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Langevin Dynamics Simulation

The Langevin equation is a stochastic differential equation in which two force 
terms have been added to Newton's second law to approximate the effects of 
neglected degrees of freedom. One term represents a frictional force, the other a 
random force.

Langevin dynamics represents a coupling of the system to a heatbath and thus provides a means to 

control and maintain temperatures.

Collision frequency Simulates drags of the motion of the solute through the solvent.

Boltzmann distribution
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Replica-exchange molecular dynamics

………

T1

T2

T3

TM

……… ……… ………

……..

Chemical Physics Letters 314, 141 (1999).

Exchanges of  conformations are tried periodically.

Biophys. J. 84,  775 (2003).
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Search for Extra-Terrestrial Intelligence
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J. Mol. Biol. 313, 151 (2001)

14 ns

27 x 100 independent trial simulations 8/2700=0.003

Exp. 6000 ns
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Pande et al.

Accurate prediction of folding rates for many small proteins

http://folding.stanford.edu/results.html
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q(0)

q(t)

Hamilton’s principle                            Lagrange’s equation



Complexity 3Natom (P-1)

S2

S1

S3

Saddle? 

Microscopic

reversibility

Fast sine transformation
{q}  {a}

http://gams.nist.gov/serve.cgi/Module/SLATEC/SINT/7394/

O(P2)  O(P log P)

2nd KIAS CAC Summer School on Parallel Computing



The Verlet algorithm
Phys. Rev. 159, 98 

(1967)

Elber et al. (1996)

+

aka Onsager-Machlup

“path quality”measure
Adv. Chem. Phys. 126, 93 (2003)
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improved path quality : new object function

Phys. Rev. Lett. 87, 10832 (2001)

Fictitious T

Target energy

Phys. Rev. B 68, 064303 (2003)

Chem. Phys. Lett. 105, 9299 (1996)

Onsager-Machlup

Passerone-Parrinello

Phys. Rev. Lett. 90, 065501 (2003)

J. Chem. Phys. 120, 4672 (2004)
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Complexity 3N(P-1), 

N = the number of atoms,

P = the number of steps

Typical distributions of

I : 1, 2, 3,…., N

j : 1, 2, 3,….,P-1

HP-36

HP-36
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Parallel ADMD

start

end

j=0,1,2,…,P

Vj,{F}j

V0,{F}0 V1,{F}1 V3,{F}3V2,{F}2 VP,{F}P…

{R}j configurations

Object function/gradient Relaxation {R}j

Converged?

No

j=0 and j=P

Yes

,…,

speedup

{Communication}/{CPU} ratio

Time consuming part

LBFGS

Energy/force
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C60 formation ADMD simulation

Chain/hexagon

Tangled polycyclic I

J. Chem. Phys. 120, 4672 (2004)
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C60 fusion

nanotubesC60

Double walled fused C60

Chem. Phys. Lett. 315, 31 (1999)

~800 oC

Chem. Phys. Lett. 384, 320 (2004)
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C60 fusion ADMD simulation

C60 + C60 (5,5)-capsule
Phys. Rev. Lett. 90, 065501 (2003)
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An extra carbon atom

C60 fusion capsule (5,5) chirality

Two extra carbon atoms

catalyst

Appl. Phys. Lett. 88, 011913 (2006)
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Single/double exchange

C60 + C60 + C  C120 +  C C60 + C60 + C + C  C120 +  C + C

Appl. Phys. Lett. 88, 011913 (2006)
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Partial density of state

Appl. Phys. Lett. 88, 011913 (2006)
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Potential energy profile along pathway

C60 + C60 + C   C120 +  C

C60 + C60 + C + C   C120 +  C + C

Appl. Phys. Lett. 88, 011913 (2006)
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J. Comput. Chem. 31, 57 (2009)

HP-36
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HP-36

3N(P − 1) = 3 × 596 × 1999 = 3,574,212 Amber94, GB/SA 36.28 fs
J. Comput. Chem. 31, 57 (2009)

2nd KIAS CAC Summer School on Parallel Computing



Reaction coordinate(s) ADMD simulation

Reaction coordinate(s)  Markov state model

 free energy profile

 time scale
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Markov Processes
• Stochastic process

– movement through a series of well-defined states in a way that involves 
some element of randomness

– for our purposes, “states” are microstates in the governing ensemble

• Markov process

– stochastic process that has no memory

– selection of next state depends only on current state, and not on prior states

– process is fully defined by a set of transition probability matrix Pij

probability of selecting state j next, given that presently in state i. 

http://en.wikipedia.org/wiki/Andrey_Markov

Having the Markov property means that, given the present state, future states are 

independent of the past states. In other words, the description of the present state fully 

captures all the information that could influence the future evolution of the process. 
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Predicting the weather 

• very simple model (sunny-rainy model)
• sunny, rainy, K=2, 2x2 matrix P
• sunny  sunny : rainy  =  0.9 : 0.1 
• rainy    sunny : rainy  =  0.5 : 0.5

http://en.wikipedia.org/wiki/Examples_of_Markov_chains

Markov model
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Steady state of the weather

program steady_state_test
implicit none
integer k
real*8 pp(2,2),vec1(2),vec2(2)

pp(1,1)=0.9d0 ; pp(1,2)=0.1d0
pp(2,1)=0.5d0 ; pp(2,2)=0.5d0

vec1(1)=1.d0 ; vec1(2)=0.d0

do k=1,1000
vec2=matmul(vec1,pp)
vec1=vec2
end do
write(6,*) vec2

stop
end

0.8333333333333345        0.1666666666666669     
FORTRAN STOP

In conclusion, in the long term, 83% of days are sunny.

Stationary distribution

vec2(1)*pp(1,2)-vec2(2)*pp(2,1)=0
Detailed balance
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J. Chem. Phys. 129, 064107 (2008).

Markov State Model: example

Free energy profile and characteristic time scale
A. C. Pan and B. Roux
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Transition-count matrix

• Mij= Mij+1,    state i; 0  state j; t,  lag time t

• time-consumming part : many (relatively) short MD simulations : parallel job

• Mij/(sumj Mij)   Pij       : finite sampling 

• Posterior_distribution (P | M) ~ Likelihood(M | P) x Prior_distribution (P) 

• Likelihood(M | P) ~ Pij
M

ij

• Prior_distribution (P) ~ Pij
b

ij
-1

• Posterior_distribution (P | M) ~ Pij
a

ij
-1, a Dirichlet distribution

• aij=bij+Mij

• bij= ½  or bij= 1 or bij= 1/K,  [ KxK matrices, M, P, a, b]

• Dirichlet distribution, ~ Pij
a

ij
-1

• Bayesian Inference : error analysis

W. C. Swope , J. W. Pitera, and F. Suits, J. Phys. Chem. B 108, 6571 (2004).
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Transition matrix

• If the state space is finite, the transition probability distribution can be represented 
by a matrix, called the transition matrix, 
with the ij element of P equal to Pij= Pr(Xn+1=j| Xn=i).         

p = pP,    p: left-eigenvector, eigenvalue =1 

probability of the state i : pi : sumi pi = 1

• a left-eigenvector of the transition matrix associated with the eigenvalue 1
• a right-eigenvector of the transition matrix associated with the eigenvalue 1

• single eigenvalue=1 for left-eigenvector and right-eigenvector
• a time-homogenous chain: Markov chain, a stationary distribution 
• Perron-Frobenius theorem
• other eigenvalues, |eigenvalue| < 1

• (relaxation time scale)s = - t/ln(ls), largest eigenvalue of P matrix less than 1
• l1,l2,l3,l4,l5,....,lK-1,lK=1, (in ascending order), lK-1=ls

• Pij >=0

• sumj Pij =1.  (stochasticity)         : sum of each row is unity
• pi Pij = pj Pji (detailed balance)   :  p = pP
• sumi piPij= sumi pjPji =pj sumi Pji=pj
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0.15 microsecond

41x41 matrix

Langevin dynamics, 300 K, 91 ps-1
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Reaction coordinate

Weighted-Ensemble

bins

Free energy surface

Time variations 

weight(bin,time)

Transition probability : P(t)

Weighted-ensemble Brownian dynamics simulations for protein association reactions
Biophysical Journal, Volume 70, Issue 1, Pages 97-110

ADMD-pathway
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Example

Potential energy profile

Population changes
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1l2y

32 replicas/bin, 300 K, 91 ps-1

states pico-second
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conclusions

* MC/MD algorithms

* Parallel versions of MC/MD

* speedup 
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