Moving Beyond Message Passing . . . for submission to The or etic a Chmic a A cta, 1991

Mo ving Bey ond Message P assing. Exp erimen ts

With A Distributed-Data Mo del.

Rob ert J. Harrison

1

Theoretical Chemistry Group, Chemistry Division,

Argonne National Lab oratory , Argonne IL 60439, U.S.A.

A message-passing mo del pro vides a natural and efficien t parallel implemen-

tation for man y applications in c hemical ph ysics on MIMD mac hines. Ho w ev er,

although the distinction b et w een lo cal and non-lo cal memory is at the v ery heart

of writing efficien t parallel programs, message passing lea v es all resp onsibilit y for

data managemen t to the application. This has significan t, detrimen tal implications

for b oth ease of programming and efficien t use of shared and distributed resources.

Examined here is a simple mo del whic h incremen ts message passing with Linda-lik e

to ols for the manipulation of distributed-data structures. This is applied to common

algorithms in c hemical ph ysics.

The submitted man uscript has

b een authored b y a con tractor of

the U.S. Go v ernmen t under con-

tract No. W-31-109-ENG-38. Ac-

cordingly , the U.S. Go v ernmen t

retains a non-exclusiv e, ro y alt y-

free license to publish or repro-

duce the published form of this

con tribution, or allo w others to do

so, for U.S. Go v ernmen t purp oses.

1

Electronic mail address - harrison@tcg.anl.go v

1 In tro duction

Man y algorithms in c hemical ph ysics are either parallel at a v ery coarse grain (e.g.

Mon te Carlo or SCF) or are readily addressed with either a static domain decomp o-

sition or task-driv en systolic lo op. In either case, message passing pro vides an effi-

cien t and natur al implemen tation. All the distributed-memory m ultiple-instruction

m ultiple-data (MIMD) applications describ ed at this w orkshop adopted a message-

passing mo del. The message-passing in terface ma y ha v e b een v endor sp ecific (e.g.

In tel’s NX [ 1 ]), or p ortable (e.g. P arasoft’s Express [ 2 ], TCGMSG [ 3 ], P4 [ 4 ], PICL

[ 6 ], PVM [ 7 ]) or built in to the language (e.g. o ccam [ 8 , 9 ]), but they are all v ery sim-

ilar in spirit. The essen tially exclusiv e adoption of message passing is also reflected

in the ph ysical sciences parallel computing literature where the only common alter-

nativ e adopted is lo op-based parallelism, usually in a few-pro cessor shared-memory

en vironmen t [ 10 ].

Ho w ev er, there are man y algorithms for whic h the derviation of a message-

passing implemen tation is non-trivial, error-prone and far from “natural”. Dynamic

load balancing can b e suc h a problem as this requires global access and up dating

of the p o ol/list/index of tasks remaining to b e p erformed. This arises in quan tum

Mon te Carlo sim ulations with a large spread in branc hing w eigh ts or the ev alua-

tion of ab initio t w o-electron in tegrals in systems with high symmetry and/or high

angular momen tum functions [ 13 ]. Both giv e rise to a large v ariation in the task

size.

Another example is pro vided b y an algorithm requiring async hronous access

(read or write) to the data within another pro cess. This migh t o ccur in domain

decomp ositions with exc hange of b oundary information or in accessing a shared

“file” that is b eing buffered in distributed memory . A message-passing solution is

straigh tforw ard only if the pro cess with the data can an ticipate when other pro cesses

will access data. Otherwise, eac h pro cess m ust either explicitly p oll for requests or

implemen t fully-async hronous ev en t-driv en mec hanisms to allo w the pro cess to con-

tin ue with useful w ork while transparen tly pro cessing remote requests. The second

solution is b y far the most sophisticated and p o w erful, but is exp ensiv e to co de

on a case-b y-case basis and requires that the programmer b e kno wledgable of is-

sues of whic h most ph ysical scien tists w ould probably rather, and quite reasonably

so, remain una w are: e.g. deadlo c k, m utual-exclusion, re-en trancy , ev en t-driv en al-

gorithms. Of these, only deadlo c k is of common concern in most message-passing

programs. Also, man y F OR TRAN compilers are not capable of generating re-en tran t

co de, requiring use of other languages.

In b oth of these examples the manipulation of shared/distributed data w as the

prime cause of the complexit y . Consider also ho w these concerns are magnified on

mac hines with man y more pro cessors (e.g. O(10

4

)) than is common to da y (appro x.

O(10

2

)). F ew w ould claim to understand ho w to mak e effectiv e use of the resources

of suc h mac hines and a message-passing mo del, except b y making the distinction

b et w een lo cal and remote memory painfully explicit, do es not con tribute to an

understanding of writing scalable applications.

There are p ossibly more parallel programming mo dels, languages, en vironmen ts,

paradigms etc. than computer scien tists, and a selection of formal framew orks within

whic h parallel programs ma y b e sp ecified indep enden t of their implemen tation (go o d

in tro ductions to this literature are con tained in [ 14 , 15 , 16 , 17 , 18 ] and in conference

pro ceedings published in the v arious A CM journals). Little of this w ork has th us

far b een expressed in widely a v ailable, supp orted scien tific programming en viron-

men ts (exceptions migh t b e Linda [ 16 , 19 , 20 ], Strand [ 17 ], PCN [ 21 , 22 ], lo op lev el

parallel F OR TRAN/C compilers [ 14 , 23 , 24 , 25 , 26 ]), but the concepts in v olv ed are

of immediate utilit y . F or the presen t, message passing remains the only parallel-

programming en vironmen t that one can almost guaran tee is b oth readily a v ailable

and p oten tially efficien t on an y MIMD mac hine.

W e adopt an incremen tal approac h and add just what is needed to reco v er a

concise and efficien t expression of the class of algorithms discussed ab o v e. This ac-

kno wledges the fact that man y applications con tain a mix of algorithms, only some

of whic h ma y require higher lev el to ols. An incremen tal approac h also p ermits ap-

plications already using message-passing en vironmen ts to tak e immediate adv an tage

of these to ols, whic h will b e in tegrated in to our p ortable message passing to ol kit

TCGMSG [ 3 ] as appropriate. In the pro cess, w e shall attempt to learn ab out ho w

to tak e adv an tage of more of the parallelism in our applications.

2 Distributed Data

2.1 Linda

Linda [ 16 , 19 ] is a memory mo del and a co ordination language. Realizations of

this mo del in C and F OR TRAN are commercially a v ailable [ 20 ] and there are man y

directions of related curren t researc h [ 27 ]. F ew details of Linda will b e giv en here; see

[ 19 ] for an in tro duction. The Linda memory is a tuple space, a tuple b eing a series

of t yp ed v alues. T uples ma y b e either passiv e or under ev aluation (represen ting a

thread of execution). C-Linda [ 19 , 20 ] pro vides six op erations on tuples, out(),

in(), rd(), inp(), rdp() and eval() whic h also co ordinate access to tuples.

out() adds a tuple to tuple space, in() blo c ks un til it finds a tuple that matc hes

the sp ecified pattern, returns the requested data and then remo v es the tuple from

tuple space. rd() p erforms the same op eration as in() except the tuple is left in

tuple space, while inp() and rdp() are non-blo c king forms whic h return true or

false according to if the request w as satisifed. eval() is similar to out() except

that new pro cesses are created to ev aluate eac h field of the tuple. When all fields

are ev aluated, the tuple b ecomes passiv e.

As an example, consider creation of a tuple to sim ulate an elemen t (n um b er 199)

in a distributed arra y whic h is subsequen tly read in to the v ariable coeff , p erhaps

in another pro cess:

double coeff;

out("CI vector", 199, 0.003);

rd("CI vector", 199, ? coeff);

Linda pro vides a p o w erful programming mo del of whic h w e shall adopt only one

asp ect — the construction and manipulation of distributed-data structures (ref. [ 19 ]

pro vides man y examples of suc h data). F or examples of other en vironmen ts dra wing

on concepts from Linda see ref. [ 27 ].

2.2 A Simple Distributed-Data Mo del

W e seek to augmen t the successful static pro cess message-passing mo del, with ef-

ficien t to ols to manipulate and co ordinate access to shared and distributed data.

The static pro cess mo del implies w e shall not use eval() . The applications w e are

considering need only simple distributed-data structures, e.g. scalar, arra ys, sets of

records. Curren t realizations of Linda [ 20 , 27 ] fail to pro vide information on where

or ho w tuples are stored or accessed. Indeed, with a requiremen t to matc h general

tuples (partly at compile time, partly at run time) this information is not necessarily

readily a v ailable. This prev en ts dev elopmen t of accurate p erformance-mo dels and

can in tro duce inefficiencies in memory usage and comm unication. In particular,

large applications need to b e fully a w are of lo cal memory usage on t ypical-sized

compute no des (4-16 Mb ytes). Since w e ha v e only a limited n um b er of data t yp es,

w e ma y explicit y declare the structure of the data, p ermitting the implemen tation to

declare ho w and where this data is stored. W e no longer ha v e a tuple space, merely

some shared data. Message passing w ould b e extremely clumsy to co ordinate access to the shared data, so w e retain the co ordination prop erties of the basic op erations

( out(), in(), rd(), inp(), rdp() ) on the shared data.

Ha ving thro wn out so m uc h of Linda, what is left?

• The existing message-passing in terface (TCGMSG [ 3 ] or whatev er is p er-

ferred).

• The basic shared/distributed-data structures that w e care to supp ort explicitly

(to date: scalars; arra ys; sets).

• All the distributed-data structures that can b e built from the basic structures,

whic h includes: link ed lists; queues; trees.

• All the structures that arise from the co ordination prop erties of the basic

op erations (e.g. semaphores, barriers, monitors).

A v ery ric h en vironmen t! In fact, b et w een the message passing and the distributed

data, there is a great deal of redundancy in this en vironmen t. This is exactly what

is needed for our presen t purp ose, as w e can freely exp erimen t with b oth mo dels in

the same program.

Similar suggestions ha v e b een made in other en vironmen ts related to Linda.

Indexed ob jects (i.e. arra ys) ha v e b een implemen ted in the ob ject-orien ted In terw ork

I I Concurren t Programming T o olkit [ 28 ] with the goals of increasing efficiency and

expressivit y . The dev elop ers of the A UC C++ Linda System [ 29 ] explicitly recognize

tuple distribution as b eing critical to optimization and conclude that curren t hash-

table implemen tations are inadequate. Optimizations prop osed for the Mercury mo del [ 30 ] include user-defined data structures in tuple space to p ermit optimization

of data distribution in a net w ork ed en vironmen t.

Before lo oking at a few examples w e need to define the mo del more precisely .

Presen tly , there are three basic shared-data structures:

Scalar An item whic h is k ept b y a single pro cess sp ecified when the data is de-

clared, along with the size of the item in b ytes (future implemen tations ma y

supp ort explicit t yping of the comp onen ts of an item to supp ort hetrogenous

en vironmen ts).

Arra y An indexed list of items. Presen tly , only a single index is supp orted and

items are assumed to b e of fixed size whic h is sp ecified when the data is

declared. Most imp ortan t is that the placemen t of the data is also declared.

This ma y b e a linear distribution in c h unks of size K , so that item i is held

b y pro cess p = ( i/K + or ig in ) mo d P , P b eing the n um b er of pro cesses,

or ig in b eing an offset corresp onding to the pro cess holding elemen t zero. It

is in tended also to supp ort psuedo-random and user defined hash functions.

Set An unordered set of items (again, curren tly of fixed size) whic h ma y b e dis-

tinguished only b y con ten ts. An out() stores the data lo cally if p ossible.

Otherwise, it searc hes in order of increasing distance for a no de that can hold

more data. Similarly , an in() returns lo cal data in preference to searc hing,

again in order of increasing distance, for remote data.

The follo wing attributes of the basic op erations are also relev an t:

• Memory is allo cated when an item is created with out() and is freed when

the item is destro y ed with in() . The in ternal memory managemen t routines

( DDmalloc(), DDfree() ) are callable b y the application so a v ailable memory

ma y b e shared b et w een application and to ol kit.

• References to data that are stored lo cally incurr only the cost of cop ying the

data in to the user space, plus o v erhead from memory managemen t, simple

indexing op erations and pro cedure calls.

• References to remote scalar/arra y data cause a single message to b e sen t di-

rectly to the no de holding the data whic h resp onds with a single message when

the data b ecomes a v ailable.

• Multiple writes ( out() ’s) to a scalar or arra y item are resolv ed in an unsp ec-

ified order.

• F airness is guaran teed in m ultiple reads ( in() ’s) b y queuing requests in FIF O

order.

If not sp ecified otherwise, basic op erations are in tended to b eha v e exactly as the

corresp onding tuple op erations of C-Linda.

3 Distributed Data in Action

First, let’s con v ert the simple example of C-Linda syn tax giv en ab o v e to the distributed-

data mo del.

#include "ddata.h"

                                                                                     double coeff;

                                                                                     int CiVector, DDeclare();

                                                                                     CiVector = DDeclare("CI vector", ARRAY, LENGTH, sizeof(double),

CHUNKSIZE, 1, ORIGIN, 0);

                                                                                     OUT(CiVector, 199, &0.003);

                                                                                     RD(CiVector, 199, &coeff);

The arra y is declared with the call to DDeclare() whic h returns the in teger

handle used to access this data structure. This use of handles retains the abilit y to

assign or sw ap en tire distributed structures, without requiring either a prepro cessor

or an y pattern matc hing in the to ol kit. The OUT() and RD() op erations are, in this

instance, syn tactically v ery similar to the C-Linda equiv alen ts.

3.1 A Barrier

W e are no w bac k in a shared-memory en vironmen t with all the asso ciated prob-

lems — m utual exclusion, race conditions, etc. Using message passing, pro cess syn-

c hronization w as trivial — simply exc hange messages. Sync hronizing pro cesses via

shared data is substan tially more subtle, but fortunately is a problem of classical

concurren t computing and has long b een solv ed (for an in tro duction see ref. [ 31 ]).

There are examples of simple barriers and semaphores using C-Linda in ref. [ 19 ].

The distributed-data to ol kit pro vides a routine Barrier() whic h blo c ks un til all

pro cesses rendezv ous at that p oin t. F ollo wing are the co de fragmen ts that imple-

men t the barrier. First, the in ternal shared v ariables m ust b e declared and initialized

(b y pro cess zero):

long Barrier_count = DDeclare("Barrier Count", SCALAR,

LENGTH, sizeof(long), NODE, 0);

long Barrier_nthru = DDeclare("Barrier Nthru", SCALAR,

LENGTH, sizeof(long), NODE, 0);

long zero = 0;

if (NODEID_() == 0)

OUT(Barrier_Count, &zero);

The actual barrier, whic h ma y b e used rep eatedly , is implemen ted b y

void Barrier()

{

                                                                                     long counter, nthru=0, zero=0;

                                                                                     IN(Barrier_count, &counter); /* Count processes at barrier */

                                                                                     counter++;

                                                                                     if (counter == NNODES_()) { /* If everyone is here */

nthru = 1; /* I’m the first thru */

                                                                                     } else {

OUT(Barrier_count, &counter);/* Output counter */

IN(Barrier_nthru, &nthru); /* Wait for nthru to be posted */

nthru++; /* I’m thru now */

                                                                                     }

                                                                                     if (nthru < NNODES_())

OUT(Barrier_nthru, &nthru); /* Post no. thru so far */

                                                                                     else

OUT(Barrier_count, &zero) /* Last thru resets the barrier */

}

The coun ting of those going through the barrier is required so that the last

pro cess through out() ’s zero for the shared coun ter "Barrier Count" , guaran teeing

that other pro cesses cannot race though subsequen t in v o cations of Barrier() . This

algorithm is simple but inefficien t, scaling as the n um b er of pro cesses.

3.2 Load Balancing in QMC

The preceding example migh t giv e the impression that things ha v e b ecome w orse,

not b etter! Let’s no w examine a simple and effectiv e approac h to load balancing

an application that is iterativ ely pro cessing a distributed set of records whic h tak e

a widely v arying amoun t of time to pro cess. A go o d example of this, quan tum

Mon te Carlo with hea vy branc hing, w as in tro duced ab o v e. The simple message-

passing solution of using a single master and m ultiple sla v e mo del do es not scale to

massiv ely-parallel mac hines as the master b ecomes a b ottlenec k. One can adopt a

heirarc h y of masters but the program b ecomes complex. It is far b etter to distribute

completely the administrativ e resp onsibilities along with the data. The follo wing

co de sho ws the structure of a load-balanced QMC k ernel in pseudo-C using the

distributed-data to ols.

struct Psip { L1

                                                                                       int generation;

                                                                                       int weight;

                                                                                       <...>

} psip;

int Old = DDeclare("Old Psips", SET, L2

LENGTH, sizeof(psip));

int New = DDeclare("New Psips", SET,

LENGTH, sizeof(psip));

Initialize(Old);

while (nblocks--) {

                                                                                       while (INP(Old, &psip)) { L3

while (psip.generation < limit && psip.weight) {

AdvancePsip(&psip); L4

while (psip.weight > 1) {

OUT(Old, &psip); L5

psip.weight--;

}

}

if (psip.weight) OUT(New, &psip); L6

                                                                                       }

                                                                                       temp = New; New = Old; Old = temp; L7

                                                                                       DGOP_(&type, Averages, &N_Averages, "+", scratch);L8

}

The structure psip (L1) con tains all the information ab out a single psip (age,

m ultiplicit y , co ordinates, energy , etc.). Tw o distributed sets of psips are declared

(L2), corresp onding to old and new lists, and the con ten ts of the old list are ini-

tialized. The co de then lo ops through sev eral sampling blo c ks. F or eac h blo c k it

withdra ws an elemen t from the old list (L3), if one is a v ailable, and mo v es it (L4) for

the requisite n um b er of generations, accum ulating a v erages, etc. If random branc h-

ing requires creation of additional copies, this is p erformed (L5) b y putting copies

bac k on to the old list. If a psip mak es it all the w a y to the end of a blo c k without

b eing absorb ed, it is put on the new list (L6) and the next old psip is tak en (L3).

When all the old psips ha v e b een pro cessed, the old and the new lists are exc hanged

(L7) and eac h pro cess’s con tributions to the global a v erages are accum ulated (L8).

This last step uses a global reduction op eration from the message-passing to ol kit

TCGMSG [ 3 ], though it could ha v e b een done less efficien tly using shared data.

The ab o v e implemen tation transparen tly p erforms load balancing b ecause the

psips are stored in the globally accessible, distributed data structures. The prop-

erties of the op erations INP() and OUT() sp ecified ab o v e also imply that close to

the minim um of message passing is used in doing this. No message passing is p erformed unless either no psips are a v ailable lo cally , or there is no ro om to store a

branc hed/new psip. In b oth instances, requests are sen t to no des in order of increas-

ing distance, minimizing con ten tion. Excess p opulation from one no de “diffuses” to

no des with smaller p opulations.

3.3 A Distributed File Buffer

In addition to a p o or soft w are en vironmen t, most highly-parallel computers ha v e

remark ably inadequate I/O capabilities (c.f. the discussion on the T ouc hstone Delta

in the pap er b y Kendall et al in these pro ceedings). As suc h it is almost essen tial to

buffer a file in memory as far as p ossible, a task that is relativ ely complex with simple

message-passing to ols. The follo wing (un tested) F OR TRAN routine implemen ts a

simple buffering algorithm for a shared, record addressable file (fixed length records)

where eac h no de has an indep enden t file p oin ter.

subroutine ReadRecord(unit, index, record)

include ’ddata.h’

parameter (nrec = 131072, lenrec=8192)

integer unit, index, FileBuffer, DDeclare

logical INP, RDP

byte record(lenrec)

save FileBuffer

c

if (index.le.nrec) then

if (.not. RDP(FileBuffer, index-1, record)) then

read(unit,rec=index) record

call OUT(FileBuffer, index-1, record)

endif

else

read(unit,rec=index) record

endif
return

c

entry WriteRecord(unit, index, record)

if (index.le.nrec) then

call OUT(FileBuffer, index-1, record)

else

write(unit,rec=index, record)

endif

return

c

entry FlushBuffer(unit, record)

do index = 1, nrec

if (INP(FileBuffer, index-1, record))

$ write(unit, rec=index) record

enddo

return

c

entry DeclareBuffer()

FileBuffer = DDeclare(’File buffer’, ARRAY,

$ CHUNKSIZE, nrec/numnodes(),

$ LENGTH, lenrec, ORIGIN, 0);

end

The first 1– nrec records of the file are buffered in memory . The remainder are

read from disc as required. The co de is simple enough to w arran t no explanation.

The F OR TRAN unit is op ened and closed as usual. The application is una w are

of the buffering, except through increased p erformance, and the requiremen t that

FlushBuffer() m ust b e called b efore closing the file. The v alues for nrec and

lenrec corresp ond to buffering the first giga-b yte of the file — a reasonable thing

to do on the full T ouc hstone Delta, corresp onding to dedicating 1/8th of ph ysical

memory to the file. The manner in whic h the file buffer is b est distributed is ap-

plication sp ecific. One useful mo del is for eac h no de to hold a blo c k of consecutiv e records, so that it is straigh tforw ard for a pro cess to access only the records lo-

cal to it, while still retaining ready access to the other sections. The en try p oin t

DeclareBuffer() realizes this

2

.

4 P erformance

The distributed-data to ols describ ed ab o v e are only exp erimen tal but their p erfor-

mance is an imp ortan t concern. F ollo wing are the first t w o suc h tests to b e run,

b oth highligh ting successes and failures of the curren t v ersion.

4.1 Latency — passing a message round a ring

The time to pass a message of v arying length round a ring of v arying size w as

measured on the iPSC/i860 using message passing (NX [ 1 ]) and the distributed-

data in terface. A simple p erformance mo del for the elapsed time ( t ) is

t = P ( τ

0

+ nτ

1

) (1)

where P is the n um b er of pro cesses in the ring, τ

0 is the o v erhead, τ

1 is the

transmission time p er b yte and n is the length of the message in b ytes. The

ra w message-passing data fits to the v alues τ

0

=75-85 μ s and τ

1

=0.362 μ s/b yte. The

corresp onding v alues through the distributed-data in terface are τ

0

=150-160 μ s and

2

In practice calls to DDeclare() are isolated in an automatically called initialization routine,

ensuring global definition b efore use.

τ

1

=0.395 μ s/b yte. The latency is consisten t with t w o messages b eing passed for ev-

ery remote data access (one for the request, one for the resp onse). The asymptotic

distributed-data transfer rate is v ery sligh tly lo w er than that of ra w message passing

due to the cost of cop ying the buffer in the OUT() op eration (cop ying the buffer runs

at appro x. 30Mb/sec, th us the total time should b e 1/30 + 0.362 = .395 μ s/b yte).

On t w o pro cessors, the distributed-data times do not fit the simple p erformance

mo del. The cause for this is not fully resolv ed, but is though t to b e asso ciated

with time sp en t in memory managemen t, etc., after ha ving resp onded to a remote

request. With more than t w o no des the ab o v e b enc hmark do es not measure this

w ork, whic h is o v erlapp ed with the message b eing sen t b et w een other no des.

4.2 Load Balancing

The QMC example ab o v e w as sim ulated with the AdvancePsip() routine p erform-

ing 20 double precision square ro ots, incremen ting the generation coun ter and re-

computing the w eigh t. The w eigh t w as randomly set to 0.5 with a probabilit y of

18/19 and to 10 otherwise. The w eigh t w as con v erted to an in teger b y the usual

tric k of adding a uniform random no. in (0,1) and truncating. The size of a psip w as

padded to 128 double-precision w ords and an initial p opulation of 10,000 psips w as

used with 100 generations p er blo c k. T o mak e the total w ork indep enden t of the

n um b er of pro cessors, a distinct random n um b er generator seed w as carried along

with eac h psip. The seed w as incremen ted with a fixed large n um b er up on branc h-

ing, pro viding appro ximate indep endence of the cop y from the original. Ho w ev er, the randomness inheren t in ordering of accesses to remote data implies that succes-

siv e runs with the same n um b er of pro cessors will still exhibit differen t distributions

of w ork.

Figures 1, 2 and 3 displa y results from the iPSC/i860 for the first fiv e blo c ks of

the sim ulation on v arying n um b ers of pro cessors. The en tire p opulation is initially

placed on a single pro cessor, the w orst case whic h also corresp onds to a single-

master m ultiple-w ork er mo del. The most direct measure of load-balance is giv en

b y the range of the n um b er of mo v es p erformed b y eac h no de (figure 1). After

t w o blo c ks on 64 no des the w ork im balance is appro ximately 10%, ev en though

the p opulation im balance (figure 2) is alw a ys greater then 60% due to exp ected

statistical fluctuations. Increasing the total p opulation w ould impro v e the efficiency

further, b y smo othing out fluctuations.

F urther analysis indicates that the time tak en to determine that there are no

old psips an ywhere in the mac hine is inefficien t. This is curren tly done with a naiv e

p oin t-to-p oin t algorithm with exp ense linear in the n um b er of pro cessors. A tree-

based algorithm results in logarithmic exp ense and is b eing implemen ted. Figure

3 displa ys estimated sp eedup with and without this o v erhead (the p erformance on

one pro cessor is estimated from that on four pro cessors as the calculation will not

fit in a v ailable memory). With the o v erhead remo v ed, the 64-pro cessor calculation

exhibits a sp eedup of 7.17 relativ e to 8 pro cessors. Ho w ev er, the 8-pro cessor time

sho ws a sup er-linear sp eed-up of 2.07 relativ e to 4 pro cessors. This is p ossibly due

to a statistical fluctuation in load-balancing, but could also b e due to increasing o v erhead due to managemen t of the memory free list with few er pro cessors and th us

more items p er no de. More analysis is needed b efore a detailed ev aluation of this

b enc hmark is p ossible.

5 Conclusions

The distributed-data programming en vironmen t presen ted ab o v e preserv es m uc h of

the efficiency of ra w message passing:

• Message passing can b e sim ulated efficien tly through the distributed-data in-

terface. The curren t en vironmen t also allo ws the message-passing to ols to b e

called directly if the extra latency is in tolerable.

• The programmer retains the vital abilit y to determine placemen t of the appli-

cation’s data.

• The underlying mac hine mo del is still that of a distributed-memory mac hine

— remote data is more exp ensiv e to access than lo cal data.

The last t w o p oin ts are particularly imp ortan t b ecause without these it is not p os-

sible to mo del program p erformance accurately [ 14 , 32 ].

The distributed-data en vironmen t pro vides sev eral significan t impro v emen ts o v er

ra w message passing that result b oth from its relationship to Linda and the restric-

tion of the Linda memory mo del to sp ecific data structures with kno wn distribution.

• An ‘uncoupled programming st yle’ [ 16 ] — a pro cess need not ev en b e a w are

of another pro cess to pro vide data or resources for that pro cess.

• The sync hronization of pro cesses resulting from access to distributed data is

minimal in the sense that write op erations do not blo c k and read op erations

blo c k automatically un til data is made a v ailable.

• A uniform in terface to distributed data is pro vided while still retaining full

information on lo calit y whic h ma y optionally b e used to impro v e efficiency .

The en tire memory of the mac hine is no w a resource that can b e effectiv ely

exploited.

• In shared-memory en vironmen ts, use of distributed data is substan tially more

efficien t than message passing.

The first t w o p oin ts supp ort the observ ation that it so far seems m uc h easier to

write correct efficien t programs using the distributed-data in terface than with mes-

sage passing. The distributed-data mo del pro vides a v ery “natural” framew ork for

writing a m uc h broader class of applications than message passing. It exp oses more

of the mac hine resources to the application, and more of the application to the

en vironmen t for increased optimization.

There are also some negativ e asp ects:

• Co ordinating pro cesses through shared data is m uc h harder than with message

passing (c.f. the implemen tation of Barrier() ).

• It is not clear ho w p ortable this mo del is. Can the assertions ab out data

placemen t, whic h equate to access cost, and the ev en t-driv en approac h b e

supp orted on all in teresting platforms?

• Asp ects of the curren t implemen tation are deficien t. F or instance, an INP()

op eration on an empt y set tak es time O ( P ) to complete, rather than O ( log P ).

• Debugging to ols are non-existen t.

Finally , indep enden t forra ys, suc h as this, in to programming mo dels are b oth

educational and enjo y able. Ho w ev er, a p ortable, qualit y en vironmen t to supp ort

massiv ely-parallel scien tific applications can only result from a significan t team ef-

fort. More collab oration is needed b et w een ph ysical scien tist and computer scien tist

in the sp ecification of suc h an en vironmen t.

6 Ac kno wledgmen ts

This w ork w as supp orted b y the U.S. Departmen t of Energy , Office of Basic Energy

Sciences, Division of Chemical Sciences, under con tract W-31-109-ENG-38. I thank

R. Littlefield, E. Lusk and R. Stev ens for man y in teresting discussions on parallel

computing and R. Shepard and J-K. Fisher for reading of this man uscript.

References

[1] iPSC/2 Users Guide (1988) In tel Corp oration.

[2] Express is a pro duct of P araSoft, Mission Viejo, CA.

[3] R.J. Harrison (1991) In t. J. Quan t Chem., in press.

[4] p4 are a set of p ortable message passing routines b eing distributed b y Ewing

Lusk of the Math. and Comp. Sci. division at Argonne. They are the curren t

v ersion of the to ols describ ed in ref. [ 5 ].

[5] J. Bo yle, R. Butler, T. Disz, B. Glic kfeld, E. Lusk, R. Ov erb eek, J. P atter-

son and R. Stev ens (1987) P ortable Programs for P arallel Pro cessors, Holt,

Rinehart and Winston, Inc., New Y ork, NY

[6] G.A. Geist, M.T. Heath, B.W. P eyton and P .H. W orley (1990) Oak Ridge

National Lab oratory T ec h. Rep ort TM-11616:1

[7] A. Beguelin, J. Dongarra, Al Geist, R. Manc hek and V. Sunderam (1991) Oak

Ridge National Lab oratory T ec h. Rep ort TM-11826:1

[8] D. Ma y (1983) A CM SIGPLAN Notices 18:69

[9] K.C. Bo wler, R.D. Ken w a y , G.S. P a wley , D. Ro w eth (1984) Occam 2 Program-

ming Language, Pren tice-Hall, Englew o o d Cliffs, NJ

[10] The IBM LCAP pro ject pro vides a coun ter example with use of lo op and pro cess

lev el parallel extensions to F OR TRAN on their mixed shared and lo cal memory

arc hitecture. See refs. [ 11 , 12 ] and references therein.

[11] J.E. W atts, M. Dupuis and H.O. Villar (August 29, 1986) IBM T ec hnical Rep ort

K GN-78:1

[12] M. Dupuis and J.D. W atts (1987) Theor. Chim. Acta 71:91

[13] R.J. Harrison and R.A. Kendall (1991) Theor. Chim. Acta. 79:337

[14] G.S. Almasi and A. Gottlieb (1989) Highly P arallel Computing, The Ben-

jamin/Cummings Publishing Compan y , Inc., Redw o o d Cit y , CA

[15] Gregory R. Andrews (1991) Concurren t Programming: principles and practice,

The Benjamin/Cummings Publishing Compan y , Inc., Redw o o d Cit y , California

[16] N. Carriero and D. Gelern ter (1989) Comm unications of the A CM 32:444

[17] I. F oster and S. T a ylor (1990) Strand, New Concepts in P arallel Programming,

Pren tice Hall, New Jersey

[18] K. M. Chandy and J. Misra (1988) P arallel Program Design, A F oundation,

Addison-W esley Publishing Compan y , Reading, MA

[19] N. Carriero and D. Gelern ter (1990) Ho w T o W rite P arallel Programs. A First

Course, The MIT Press, Cam bridge, MA

[20] C-Linda is distributed commercially b y Scien tific Computing Asso ciates, New

Ha v en, Connecticut.

[21] K.M. Chandy , S. T a ylor, C. Kesselman and I. F oster (F ebruary 1990) Caltec h

Comp. Sci. T ec h. Rep ort CS-TR-90-03:1

[22] I. F oster and S. T a ylor (Jan uary 1990) Argonne National Lab oratory Rep ort

ANL/MCS-TM-137:1

[23] Sev eral to ols (e.g. V AST, MIMDIZER, F OR GE) are dev elop ed and distributed

b y P acific Sierra, Placerville, CA. See the article b y J. Lev esque in these pro-

ceedings.

[24] D.J. Kuc k, E.S. Da vidson, D.H. La wrie, A.H. Sameh pp. 1-23 in J. Dongarra,

editor (1987) Exp erimen tal P arallel Computing Arc hitectures, Elsevier Science

Publishers B.V. North-Holland, Amsterdam

[25] M. Guzzi, D. P adua, J. Ho eflinger and D. La wrie (1990) J. of Sup ercomputing

3:37

[26] K.D. Co op er, K.Kennedy and L.T orczon (1986) A CM SIGPLAN Notices 21:58

[27] G. Wilson, editor (1991) Linda-Lik e Systems and Their Implemen tation, Edin-

burgh P arallel Computing Cen tre T ec hnical Rep ort 91-13.

[28] W.L. Bain (1989) A CM SIGPLAN Notices 24:95

[29] C.J. Callsen, I. Cheng and P .L. Hagen, pp. 39 in [ 27 ].

[30] G. Sc hoinas, pp. 105 in [ 27 ].

[31] M. Ben-Ari (Englew o o d Cliffs, NJ) Principles of Concurren t Programming,

Pren tice-Hall In ternational, 1982

[32] R.J. Anderson and L. Sn yder (1991) Pro c. IEEE 79:480

Figure 1: Figure 1. Mo del QMC w ork load im balance v ersus blo c k n um b er for 16,

32 and 64 pro cesses on an iPSC-i860. The im balance is measured b y the ratio of

the difference and sum of the maxim um and minim um w ork done b y an y no de. An

im balance of 0.0 indicates p erfect balance. A v alue of 1.0 indicates at least one

pro cess did no w ork.

Figure 2: Figure 2. Mo del QMC p opulation im balance v ersus blo c k n um b er for 16,

32 and 64 pro cesses on an iPSC-i860. The im balance is measured b y the ratio of

the difference and sum of the maxim um and minim um p opulation on an y no de. An

im balance of 0.0 indicates all p opulations are equal. A v alue of 1.0 indicates at least

one pro cess has no psips.

Figure 3: Figure 3. Mo del QMC estimated sp eedup on an iPSC-i860. The curv e

lab elled measured represen ts ra w data. The corrected curv e differs b y subtraction

of time tak en to determine that no old psips remain, as discussed in the text.