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Abstra
tClusters of workstations are rapidly be
oming the order of the day for supportinghigh-performan
e, 
omputationally-intensive parallel appli
ations in the �eld of par-allel 
omputing. Their performan
e is on the rise and they provide a 
heaper andmore viable alternative to multipro
essor systems and super
omputers. A 
luster ofworkstations provides a global single system view, it 
an be thought of as a virtualma
hine, a 
luster of powerful desktops 
onne
ted by a high-speed network, that log-i
ally appears to the user as a single large parallel 
omputer. They have �nally begunto move from laboratories in the a
ademi
 and s
ienti�
 
ommunity to the realmsof 
ommer
ial 
omputing. This move has been fueled by ever-advan
ing te
hnology,spiraling 
osts and an insatiable hunger for more 
omputing power. Current 
lustersare based on the message passing model of parallel 
omputing in whi
h programmersdeal expli
itly with issues su
h as pro
ess s
heduling, message-passing, syn
hroniza-tion and data management.With the advent of parallel 
omputing, automati
 dete
tion of parallelism hasbe
ome a topi
 for a
tive resear
h in the s
ienti�
 
ommunity. The large number ofsequential programs, whi
h take up a lot of 
omputational time on single pro
essorma
hines, need to be ported on to 
lusters of workstations to harness its 
omputa-tional power and obtain signi�
ant redu
tions in the running times of programs. Oneway to a
hieve this is to manually rewrite the sequential programs to �t into themessage-passing paradigm, however this is time-
onsuming, tedious and error-prone.Hen
e to automate the pro
ess, 
ompiler te
hnology is needed to 
ompile sequentialprograms to distributed ma
hines. This thesis provides the framework for building arobust and eÆ
ient parallelizing 
ompiler whi
h analyzes programs at 
ompile-timewith a view to redu
e the 
omputational times as mu
h as possible. FORTRAN77 and C are two languages in whi
h the majority of large sequential programs arewritten, hen
e our parallelizing 
ompiler has been developed to work on them.
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Chapter 1
Introdu
tionParallel 
omputing represents the only plausible way to 
ontinue to in
rease the 
om-putational power available to s
ientists and engineers today [14℄. However, untilparallel 
omputers be
ome easy to program and use, they are not likely to be widelysu

essful. Not so long ago, the problem with using parallel ma
hines used to be thatsequential programs had to be rewritten in a programming language that expli
it-ly re
e
ted the ar
hite
ture of the underlying ma
hine. The reason for this is thatparallel ma
hines are more intri
ate and demand a deeper understanding from thoseusers who have to exploit ma
hine features through spe
i�
 language 
onstru
ts.MIMD distributed-memory ma
hines su
h as the Intel Paragon provide the mostdiÆ
ult programming model [14℄. Users are 
ompelled to write message-passing FOR-TRAN 77 programs that deal with separate address spa
es, syn
hronizing pro
essors,and 
ommuni
ating data using messages. This is a time-
onsuming pro
ess and isalso very tedious and prone to errors. As a side e�e
t, signi�
ant blow ups in sour
e
ode size result.Parallel programs are extremely ma
hine-spe
i�
. As a result, s
ientists are dis-
ouraged from utilizing parallel ma
hines be
ause there is a 
han
e that all the e�ortspent into learning the intri
a
ies of the underlying ma
hine might go in vain when-ever the program 
hanges or a new ar
hite
ture arrives for this parallel ma
hine. Thisproblem 
an be solved by developing the 
ompiler te
hnology needed to establish aprogramming model whi
h is ma
hine-independent. Su
h a model must be easy-to-use, but at the same time, perform with an a

eptable degree of eÆ
ien
y on di�erentparallel ar
hite
tures, atleast for data-parallel s
ienti�
 
odes. This thesis is dire
tedtowards building a robust and eÆ
ient parallelizing 
ompiler for FORTRAN 77/C1



programs normally in use in the industrial and s
ienti�
 environment.An emerging trend has been to use n pro
essors in a 
omputing system in thehope that an n-fold speedup 
an be a
hieved. Parallel 
omputer designs have evolvedthrough ILLIAC IV of the early 1970s to the state of the art "massively parallel"
omputers of today.TheMassively ParallelPro
essors (MPPs) and distributed 
omputing are the twomajor developments whi
h have given a tremendous boost to s
ienti�
 
omputing.MPPs are ma
hines built as a large 
olle
tion of workstation-
lass 1 nodes 
onne
tedby a dedi
ated, low-laten
y, high-speed network. They o�er enormous 
omputationalpower and are used to solve grand 
hallenge problems su
h as global 
limate modeling,geneti
 engineering, parti
le physi
s, digital signal pro
essing, �nite element analysis,et
.Distributed 
omputing is a pro
ess whereby a set of 
omputers 
onne
ted by aCluster Of Workstations (COW) (also 
alled Network Of Workstations (NOW),we shall be using this term throughout this thesis) are used 
olle
tively to solve asingle large problem. Be
ause of re
ent te
hnology advan
es, NOWs are poised tobe
ome the primary 
omputing infrastru
ture for s
ien
e and engineering, from low-end intera
tive 
omputing to demanding sequential and parallel appli
ations [3℄. ANOW provides a global single system view whi
h means that a single parallel programruns on a large 
olle
tion of nodes as a single entity, instead of an arbitrary 
olle
tionof pro
esses. A NOW 
an be thought of as a virtual ma
hine, a 
luster of powerfuldesktop ma
hines 
onne
ted by a high-speed network, that appears logi
ally to theuser as a single large parallel 
omputer. Files 
an be uniformly a

essed a
ross all thenodes. In addition, the pro
esses are s
heduled as a single unit, so the 
onstituentsof a parallel program a
tually run in parallel.1.1 Why NOW now?The 
on
ept of utilizing the resour
es over a network has been around nearly sin
ethe evolution of 
omputer networking, and parallel 
omputing on networks of work-stations is fast emerging as the latest trend. Some reasons why NOWs are be
omingmore and more attra
tive are [3℄:1The term workstation is used to refer generi
ally to the 
omputer system designed for thedesktop. 2



� Fast network speeds : Swit
hed lo
al area networks allow bandwidth to s
alewith the number of pro
essors and low-overhead 
ommuni
ation proto
ols havemade possible very fast 
ommuni
ation over a LAN.� Powerful workstations : Workstations now have enormous 
omputational power.In addition to pro
essor performan
e, a typi
al workstation o�ers huge amountof memory and disk 
apa
ity.� The I/O bottlene
k : Though pro
essors are getting faster, disks are improvingmostly in 
apa
ity but their performan
e in terms of disk a

ess times remainsalmost the same. Hen
e, further in
reases in pro
essor performan
e will yieldlittle improvement for the end-user, sin
e the pro
essor will be idling away moreand more time waiting for I/O operations. NOWs o�er a better alternative. Ahuge pool of memory potentially exists on the network (referred to as networkRAM); hen
e this is bound to redu
e the number of disk a

esses and improveperforman
e. Also, this memory 
an be a

essed far more qui
kly than lo
aldisk. In addition, �le system performan
e 
an be improved by 
ooperative �le
a
hing, i.e., 
ooperatively managing the �le 
a
hes on ea
h 
lient worksta-tion [3℄.Hen
e, NOWs 
an support high-performan
e parallel appli
ations of today, whi
h re-quire pro
essors with high 
oating-point performan
e, networks with bandwidth thats
ales with the number of pro
essors, parallel �le I/O and low-overhead 
ommuni
a-tion.1.2 MotivationNetworks of workstations are be
oming more and more 
ommon, and their perfor-man
e is 
ontinually in
reasing. They have �nally begun to move from university andnational laboratories in the a
ademi
 and s
ienti�
 
ommunity into the mainstreamof 
ommer
ial 
omputing. This move has been 
aused by the advan
es in te
hnology,spiraling 
osts and an ever-in
reasing need for more 
omputing power. The work-stations that are inter
onne
ted by high-speed networks are being used to solve alarge number of 
omputationally-intensive appli
ations. ATM te
hnology has madepossible dramati
 improvements in network speeds, of the order of 1 Gbps. These3



advan
es in high-speed networking promise high throughput and make it possible toutilize distributed 
omputing for many many years to 
ome.1.3 Problem StatementWith the advent of parallel 
omputing, automati
 dete
tion of parallelism has be
omea topi
 of burgeoning interest to the s
ienti�
 
ommunity. There exist a whole lotof huge sequential programs whi
h take up a lot of 
omputational time and e�ort.Hen
e, it is very desirable to run su
h programs on a NOW to harness its 
ompu-tational power and obtain signi�
ant improvements in the running times of theseprograms. Current NOW systems are based on the message-passing model of parallel
omputing. Programmers are required to expli
itly deal with issues su
h as pro
esss
heduling, message-passing, syn
hronization and data management. These are addi-tional overheads whi
h have been introdu
ed be
ause of the programming paradigmand are not part of the problem the user is solving. There is also a shift from theusers' view of a single, monolithi
, lo
al memory of a sequential ma
hine to a dis-tributed view of memory a
ross multiple nodes. This makes distributed 
omputingdiÆ
ult. Moreover, message passing depends on the organization of the data and a
hange in the data organization makes it ne
essary to rewrite the whole program.In order to make programming for distributed environments easier, the low-leveldetails like message-passing among ma
hines, syn
hronization among tasks and datamanagement should be hidden from the user and handled by the 
ompiler. Theproblem is to design a 
ompiler for data parallel s
ienti�
 languages whi
h 
an handlethese issues. The issues handled by our parallelizing 
ompiler are :� Generation of message-passing 
ode� Syn
hronizing among the tasks running on di�erent pro
essors using non-blo
kingsends and blo
king re
eives for 
ommuni
ating non-lo
al data among pro
essors.� Handling array data distributions as spe
i�ed by the programmer.1.4 Related WorkExisting parallelizing 
ompiler systems 
an be broadly 
lassi�ed into two 
ategories,depending on the array referen
es they handle. In the �rst 
ategory are 
ompilers4



whi
h handle only regular array referen
es, su
h as SUPERB, ID NOUVEAU, FOR-TRAN D. In the se
ond 
ategory are 
ompilers whi
h also handle irregular arrayreferen
es, like KALI. We dis
uss below in brief some of these systems :1. SUPERB [28℄ is a semi-automati
 parallelization tool that supports arbitraryuser-spe
i�ed 
ontiguous blo
k de
ompositions. It translates FORTRAN 77programs into message-passing FORTRAN for the Intel iPSC, the GENESISma
hine, and SUPERNUM. The user spe
i�es the distribution of arrays throughan intera
tive language. Program analysis and dependen
e analysis information,using both intra and inter pro
edural analysis, is 
omputed and made availableto the user, who may sele
t individual transformations or request servi
es viamenus. The data dependen
e information is used to apply loop distribution andve
torize these statements, resulting in ve
torized messages. SUPERB does notperform run-time analysis, nor does it allow redistribution of arrays.2. ID NOUVEAU [22℄ is a fun
tional language enhan
ed with blo
k and 
y
li
distributions. Initially, send and re
eive statements are inserted to 
ommuni-
ate ea
h non-lo
al array a

ess. Message ve
torization is applied to 
ombinemessages for previously written array elements. Loop fusion and strip miningare used when writing array elements. It di�ers from other systems in that itprodu
es distin
t programs for ea
h node pro
essor and hen
e takes more timefor 
ompiling.3. KALI [15℄ is an imperative language for MIMD distributed memory ma
hines.The 
ompiler for KALI translates KALI 
ode for exe
ution on the Intel iPSC/2.A unique feature of this 
ompiler is that it was the �rst to support both regularand irregular 
omputations. However, it does not provide dependen
e analysis,so the programmer must de
lare all parallel loops. Instead of deriving a parallelprogram from the data de
omposition, KALI requires that the programmerexpli
itly partition loop iterations onto pro
essors using an 'on 
lause'.4. CRYSTAL [16℄ is a high-level fun
tional language 
ompiled to distributedmemory ma
hines using both automati
 data de
omposition and 
ommuni
a-tion generation. Program analysis and optimization are di�erent be
ause ittargets a purely fun
tional language.5. FORTRAN D [14℄ is a version of FORTRAN extended with data de
om-position spe
i�
ations. It performs data dependen
e analysis so as to exploit5



parallelism from sequential 
onstru
ts without relying on single-assignment se-manti
s (e.g., CRYSTAL, ID NOUVEAU) or expli
itly parallel programs (e.g.KALI). It supports irregular as well as dynami
 distribution.1.5 System overviewThe 
ompiler developed takes a sequential FORTRAN 77/C program as input andgenerates a C program with MPI 
alls inserted at appropriate points in the program.Message passing and s
heduling of SPMD pro
esses on a NOW is being done usingMPI.The data parallel environment is shown in Figure 1.1. It 
omprises of the par-allelizing and MPICC 
ompilers, a portable MPI message-passing library, and theNOW.1.6 Organization of the ThesisThe rest of the thesis is organized as follows:� Chapter 2 des
ribes the programming environment and tools used in the thesis.� Chapter 3 dis
usses in detail the di�erent types of analyses done by our paral-lelizing 
ompiler.� In Chapter 4, we present the detailed implementation of the te
hniques dis-
ussed in Chapter 4.� In Chapter 5, we show the results obtained after running the parallel programsgenerated by our 
ompiler on the NOW.� Chapter 6 presents the 
on
lusions and throws some light on future dire
tion.
6
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Chapter 2
The Programming EnvironmentIn this 
hapter, we shall be des
ribing the programming environment we used forbuilding the 
ompiler. Our 
ompiler translates sequential FORTRAN 77/C programsinto Single-Program,Multiple-Data (SPMD) form with expli
it message-passing thatexe
ute dire
tly on the nodes of the distributed-memory ma
hine. We make use of theSUIF (Stanford University Intermediate Format) 
ompiler framework developed atStanford University. The 
ompiler ba
k end, whi
h generates the output C programannotated with MPI 
alls, is implemented with the aid of a tool provided with SUIF
alled SUIF Builder. MPICH, a portable implementation of the Message-PassingInterfa
e (MPI), provides the message-passing library. We start by giving a briefoverview of the SUIF system, followed by a dis
ussion about the Builder tool. Thenwe brie
y mention the SUIF data dependen
e library. Next, we give an overview ofmessage-passing and why MPI is a

epted as the standard in message-passing systemstoday. We �nally end by giving brief details about MPICH.2.1 The SUIF library - An OverviewThe SUIF 
ompiler system is a 
exible framework for advan
ed 
ompiler resear
h [25℄.The primary design goal for this 
ompiler is that it be easy to use and build upon,without sa
ri�
ing its ability to 
ompile real-world programs. Compared to otherpubli
ly available 
ompilers, SUIF may be somewhat ineÆ
ient and less robust, butit is mu
h easier to modify and extend. This makes it an ideal platform for evaluatingnew 
ompiler te
hniques. 8



The SUIF system is organized as a set of 
ompiler passes built on top of a kernelthat de�nes the intermediate format. The passes are implemented as separate pro-grams that link with the kernel 
ontained in the SUIF library. Ea
h pass typi
allyperforms a single analysis or transformation and then writes the results out to a �le.This is ineÆ
ient but 
exible. SUIF �les always use the same output format so thatpasses 
an be reordered simply by running the programs in a di�erent order. Newpasses 
an be freely inserted at any point in the 
ompilation.The SUIF library provides an obje
t-oriented implementation of the SUIF inter-mediate format. It is written in C++. The library de�nes 
lasses to represent thevarious elements of the intermediate format and to perform some 
ommon operationson them. It also 
ontains the 
ode to read and write the binary �les that hold theSUIF 
ode between passes of the 
ompiler.2.2 The SUIF BuilderThe SUIF Builder is a tool whi
h provides an eÆ
ient method to 
reate or modify 
odewithin the SUIF 
ompiler [25℄. Ea
h pass of the SUIF 
ompiler represents an inputprogram using a set of 
omplex data stru
tures. Thus, when a 
ompiler pass needs tomodify the original program, it needs to manipulate these data stru
tures. A simple�ve line sour
e program may need a few hundred 
omplex stru
tures to represent theprogram in a SUIF 
ompiler pass. Changing a single line of the original program whileexe
uting the 
ompiler pass means updating many of these data stru
tures whi
h is
learly undesirable.The goal of the Builder is to abstra
t these 
omplexities away from a programmerwriting a pass for the SUIF 
ompiler. When a programmer needs to 
hange or addnew 
ode to the input program, the Builder provides a simple and ni
e abstra
tion.Advantages of using the Builder are [25℄ :� Very simple abstra
tion: Creating new 
ode and 
hanging existing 
ode is doneusing a C-like syntax. There is no need to understand the SUIF internals andthe rules governing the updates to the SUIF stru
tures.� A powerful abstra
tion: The Builder has the same power as the C language intransforming an algorithm to a 
ode segment.9



� Simple and elegant 
ode: Sin
e many of the details are taken 
are of by theBuilder, the 
ode needed to do manipulations is very simple. For example, anunrolling of a loop 
an be performed using six lines of Builder 
ode instead ofa few pages of C++ 
ode to expli
itly manipulate the SUIF stru
tures.� Ease of debugging: The Builder provides extensive synta
ti
 and semanti
 anal-ysis of the 
ode that is 
reated.� Maintainable 
ode: Future 
hanges to SUIF may be transparent to users of theBuilder sin
e many of the rules governing the SUIF system are abstra
ted awayby the Builder.� Single standard: When the Builder is used, all the 
ode transformations a
rossdi�erent passes of the 
ompiler (at least at the loop-level) will have a single
ode transformation standard. Sin
e there are thousands of di�erent ways todo 
ode transformations, Builder 
an establish some standard a
ross passes bydi�erent programmers.The following material dis
usses in brief the inner details of the Builder tool. Formore details, see [25℄.2.2.1 Building Blo
ksThe Builder uses the 
on
ept of building blo
ks to 
onstru
t 
ode segments. Ea
hunit is a blo
k (whi
h is a C++ 
lass), and 
omposition of multiple units will yieldanother blo
k. Thus a 
omplex 
ode segment is represented by a blo
k whi
h isa 
omposition of smaller blo
ks. After 
onstru
ting the blo
ks, the SUIF 
ode isobtained by invoking a fun
tion to generate the SUIF stru
tures.2.2.2 TypesThe SUIF 
ompiler supports a full type system. Thus, when modifying SUIF 
ode, itmay be ne
essary to 
reate or 
hange the types. The various types provided are thebase types (void, 
har, short, int, int16, int32, int64, long, unsigned, unsigned16, un-signed32, unsigned64, 
oat, 
oat64 and double), pointer types, array types, fun
tiontypes, stru
ture and union types, et
. 10



2.2.3 Creating expressions and statementsThe Builder library provides a ri
h set of fun
tionality to use most of the arithmeti
and logi
 operators in 
reating expressions. Expressions are built-up using otherexpressions, variables and 
onstant values.2.2.4 Creating Code with Control FlowMany stru
tured and unstru
tured 
ontrol 
ow 
onstru
ts su
h as FOR, WHILE andDO loops, IF 
onditionals and RETURN and GOTO instru
tions 
an be used withinthe Builder.2.2.5 Support for DebuggingThe Builder system was 
reated to make life easier for 
ompiler writers. Most of theBuilder design de
isions were taken in favor of ease of programming over eÆ
ien
y.Proving good debugging support was an integral part of this philosophy. Debuggingsupport was provided at two levels: 
ompile-time support obtained from the C++
ompiler and the run-time support programmed into the Builder system.2.2.6 Error Che
kingCompile-time Error Che
kingWhen 
ompiling the 
ompiler-pass, a limited amount of error 
he
king of the Builderstru
tures is provided by the C++ 
ompiler. If operator overloading is used, C++
ompiler 
he
ks for any syntax errors. Sin
e all the Builder stru
tures are of the sameblo
k 
lass, no semanti
 
he
king is provided at 
ompile time.Run-Time Error Che
kingWhen running the 
ompiler pass, the Builder library is invoked. All semanti
 andsyntax 
he
ks are done at this level. When an error is found, the Builder prints anerror message and tries to 
ontinue exe
uting. This is done to help debugging sin
ethe �rst instan
e of �nding an error may not be the exa
t lo
ation of the error.11



Syntax and Semanti
 
he
kingA nearly 
omplete semanti
 and syntax 
he
k is implemented in the Builder system. Ifa semanti
ally or synta
ti
ally in
orre
t Builder stru
ture is found, an error messageis printed with the line information of the Builder library where the error was lo
ated.In addition, the Builder 
he
ks the 
ode that is generated for possible errors andwarns the user.2.3 The SUIF data dependen
e libraryData dependen
e analysis involves analyzing the dynami
 memory referen
e behaviorof array operations so that 
ompilers will only parallelize loops in the 
ases where anyresultant reordering of memory referen
es does not 
hange the sequential semanti
sof the program. It is a powerful analysis whi
h fa
ilitates parallelization of loops
ontaining array a

esses as well as various forms of loop transformations su
h asloop tiling, strip mining, et
. In general, data dependen
e analysis is unde
idable,and 
ompilers must 
onservatively approximate array referen
e behavior, thus se-quentializing parallel loops. Therefore, traditional data dependen
e analysis resear
hhas 
on
entrated on the simpler problem of aÆne 1 memory disambiguation. In thissimpler domain, array referen
es and loop bounds are assumed to be linear integerfun
tions of loop variables. Many algorithms have been developed that 
onservative-ly approximate even this simpler problem. By using a series of algorithms, ea
h oneguaranteed to be exa
t for a 
ertain 
lass of input, the SUIF 
ompiler, in pra
ti
e,solves exa
tly and eÆ
iently the aÆne memory disambiguation problem [17℄.2.4 An overview of Message PassingMessage-passing is a programming paradigm used widely on parallel 
omputers,espe
ially S
alable Parallel Computers (SPCs) with distributed memory, and onNOWs [24℄. Con
eptually, the idea behind message-passing is simple - multiple pro-
essors of a parallel 
omputer run the same or di�erent programs, ea
h with privatedata. Data is ex
hanged between pro
essors as and when needed. A message is1AÆne subs
ript expressions are subs
ript expressions that are aÆne fun
tions of the loop indu
-tion variables [27℄. They are also 
alled linear subs
ripts, sin
e the expressions are linear 
ombina-tions of the indu
tion variables. 12



transmitted by a sender pro
essor to a re
eiver pro
essor. A pro
essor 
an either be asender or a re
eiver at any time. The sender pro
essor 
an either wait for an a
knowl-edgement after sending or it 
an 
ontinue exe
ution. The re
eiver pro
essor 
he
ksa message bu�er to retrieve a message. If no message is present, the pro
essor 
an
ontinue exe
ution and try again later or wait until a message is re
eived. Multiplesends and re
eives 
an o

ur simultaneously in a parallel 
omputer. All pro
essorsare inter
onne
ted by a network and 
an ex
hange messages with ea
h other. Therouting of messages is handled by the underlying operating system.Message-passing has been used su

essfully to implement many parallel appli
a-tions. The advantages of a message-passing model are ease-of-use and portability. Amessage-passing program written using a standard 
ommuni
ation proto
ol 
an beported from a network of PCs (or a network of heterogenous ma
hines) to a mas-sively parallel super
omputer without major 
hanges. However, the disadvantage isthe added programming required. Adding message-passing 
ode to a large programrequires 
onsiderable time. This is where a 
ompiler for message passing 
omes intothe pi
ture and simpli�es the programmer's job. It 
onsists of the base 
ompiler andis equipped with a 
ommuni
ation library.2.4.1 MPI - A Message Passing Interfa
eMPI is a standard and portable message-passing system designed to fun
tion on a widevariety of parallel 
omputers [18℄. The standard de�nes the syntax and semanti
s of a
ore of library routines for writing portable message-passing programs in FORTRAN,C and C++.Why MPI ?MPI 
ombines the most attra
tive features of a number of existing message-passingsystems, instead of sele
ting one of them and making it the standard. Thus, MPIhas been strongly in
uen
ed by Intel's NX/2 [21℄, Express [20℄, nCUBE's Vertex [19℄and PARMACS [13℄ and in systems sold by IBM, Intel, Meiko, Cray Resear
h andnCUBE. Other important 
ontributions have 
ome from Zip
ode [23℄, Chimp [23℄,PVM [7℄, Chameleon [10℄ and PICL [8℄.MPI was �rst proposed to be an intermediate level message passing standardby Dongarra et al [5℄. They argued that it is possible to de�ne a message-passing13



standard at a number of levels. The lowest level, 
losest to the hardware, 
ould 
onsistof routines for moving pa
kets along wires. Above this 
hannel-addressed level 
ouldbe a pro
ess-addressed level (with more than one pro
ess on ea
h pro
essor), su
has that de�ned by NX or Vertex on the iPSC and nCUBE ma
hines, the Expresssystem, or the PARMACS message-passing ma
ros. Higher-level abstra
tions su
h asLinda [9℄ would lie below this level. Ea
h level 
ould be built using the levels belowit and these su

essive levels form a series of levels, whi
h Dongarra et al [5℄ referto as the "Onion Skin Model of the distributed 
ommuni
ation environment", sin
ethey are analogous to the multiple skins of an onion, with the hardware being at the
enter. Now, di�erent people favour di�erent levels. For example, a naive user wouldprefer high-level abstra
tions, su
h as virtual shared memory, so that the message-passing details are hidden. On the 
ontrary, 
ompiler writers would like to 
reatea fast parallel 
ompiler, and so would prefer a low-level standard for making use ofsmall, fast messages. Finally, an expert appli
ation developer might be prepared toforsake some ease-of-use for additional speed, and so would like an intermediate-levelstandard that provides a set of eÆ
ient primitives for point-to-point message-passing.This is where MPI is useful.The idea of an intermediate level standard is also helped by the fa
t that the hard-ware of various distributed-memory 
omputing systems are quite di�erent and so it isdiÆ
ult to impose a low-level standard that is eÆ
ient on all ma
hines. Furthermore,it is possible to de�ne higher-level standards on top of this intermediate level, thusmaking it open and extendable. For more information about how MPI 
ombines thefeatures of various other message-passing systems, refer [5℄.The advantages of using MPI for parallel programming are :� It has be
ome the leading standard for message-passing libraries and is portablea
ross di�erent ma
hines. This means that the same message-passing 
ode 
anbe exe
uted on a variety of ma
hines as long as the MPI library is available,while some tuning might be needed to take best advantage of the features ofea
h system. Sin
e eÆ
ient MPI implementations exist a
ross a wide variety of
omputers, a high degree of 
exibility is provided in 
ode development, debug-ging and in 
hoosing a platform for produ
tion runs.� Multiple implementations of MPI are freely available for all parallel 
omputers,in
luding heterogenous NOWs and single parallel ma
hines.14



� MPI allows or supports s
alability through several of its design features. Forexample, an appli
ation 
an 
reate subgroups of pro
esses, that in turn, al-lows 
olle
tive 
ommuni
ation operations to limit their s
ope to the pro
essesinvolved.2.4.2 MPICH - A portable MPI ImplementationMPICH [4℄ is a freely-available, portable implementation of MPI developed at theMathemati
s and Computer Division of the Argonne National Laboratory. It 
on-tains, along with the MPI library itself, a programming environment for working withMPI programs. The programming environment in
ludes a portable startup me
hanis-m, several pro�ling libraries for studying the performan
e of MPI programs, and anX-interfa
e to all the tools. MPICH has a ri
h set of point-to-point 
ommuni
ationroutines as well as a large set of 
olle
tive 
ommuni
ation routines for 
ommuni
ationamong groups of pro
esses.
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Chapter 3
The parallelizing 
ompilerThis 
hapter dis
usses the various kinds of analyses done by our parallelizing 
om-piler on the sour
e program. A sour
e-to-sour
e translation is performed on theinput C/FORTRAN 77 program resulting in a program annotated with 
alls to themessage-passing library. The 
ompiler assumes that the program will be exe
uted ona distributed memory ma
hine (NOW) a

ording to the SPMD programming model.This model requires that ea
h parti
ipating pro
essor exe
ute the same program; par-allelism is obtained by applying the 
omputation to di�erent parts of the data domainsimultaneously. We start by dis
ussing the basi
 model for 
ompiling to distributedmemory ma
hines.3.1 Basi
 ModelThere are three domains that are manipulated while 
ompiling to distributed-memoryma
hines :� Iteration spa
e, I� Array elements spa
e, A� Pro
essor spa
e, PThe o

urren
es of variable names in a statement S are 
lassi�ed as de�nitionsand uses, depending on whether they are assigned to, or their value is read. The 
or-responding sets for a statement S are denoted by DEF(S) and USE(S). For example,in the following statement: 16



S: A(i) = B(i+1) + A(i-1)the 
orresponding sets are : DEF(S) = fA(i)g and USE(S) = fB(i+1), A(i-1)g.The following theory is dis
ussed in detail in [2℄. Ea
h array a

ess fun
tion inthe sour
e program spe
i�es the data used by ea
h iteration in the loop. That is,ea
h read or write a

ess fun
tion, denoted by fr, fw respe
tively, maps an iterationto the array indi
es of the data read or written, i.e., fr, fw : I �! A. The user-spe
i�ed data de
omposition maps ea
h array lo
ation to a pro
essor, i.e., D : A�! P. Finally, from the a

ess fun
tion f and data de
omposition D, the 
ompilerautomati
ally derives the 
omputation de
omposition C whi
h maps ea
h iteration inthe loop to a pro
essor, i.e., C : I �! PTo derive the 
omputation de
omposition, the 
ompiler applies the owner 
om-putes rule : ea
h assignment statement is performed by the pro
essor that owns thedata. Therefore, given a write a

ess fun
tion fw and a data de
omposition D, the
omputation de
omposition is C = Dfw. Under the owner 
omputes rule, no 
om-muni
ation is needed to implement the write a

ess. Communi
ation is needed fora read a

ess in iteration i i� the data read is resident on a di�erent pro
essor, i.e.,Ci 6= Dfri. In the above example, no 
ommuni
ation is needed for the referen
eR 2 DEF(S), whereas 
ommuni
ation is needed for a R 2 USE(S) i� R resides on adi�erent pro
essor.The relationships between iteration spa
e, array spa
e and the pro
essor spa
e areshown in the Figure 3.1 [2℄; pro
essor pr re
eives data from pro
essor ps i� pr 6= ps.aw and ar represent write and read instan
es of array referen
es used in the programrespe
tively. Hen
e, fw maps from iteration i to aw and fr maps from iteration i toar. The 
omputation de
omposition C maps from iteration i to a pro
essor pr due tothe owner 
omputes rule.3.2 Stru
ture of the CompilerThe prin
ipal 
omponents of the parallelizing 
ompiler whi
h performs a sour
e-to-sour
e transformation are shown in Figure 3.2. The input language is FORTRAN77/C, the output language is C (annotated with MPI 
alls) whi
h 
an be dire
tly
ompiled and exe
uted by the mpi

 
ompiler on the NOW.The system 
onsists of two main modules : the front end and the ba
k end. The17
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e, array spa
e and pro
essor spa
efront end performs the analysis tasks of a 
onventional 
ompiler, su
h as lexi
al anal-ysis, parsing and semanti
 analysis and 
reates an intermediate representation of theprogram in SUIF. Our 
ompiler then performs s
alar data 
ow analysis, array depen-den
e analysis, symboli
 analysis, partitioning analysis and 
ommuni
ation analysison this intermediate representation. The task of the ba
k end is to generate theparallel C program from the SUIF representation, by applying parallelization trans-formations su
h as program partitioning. The 
ode generation is performed by a tool
alled SUIF Builder provided with the SUIF 
ompiler framework.3.3 Data de
omposition spe
i�
ationsThe mapping of 
omputation onto the pro
essors of a parallel ma
hine is termed the
omputation de
omposition of the program. Similarly, the pla
ement of data into thepro
essors' lo
al memories is 
alled the data de
omposition. Sele
ting an optimal datade
omposition for a given program is one of the toughest intelle
tual steps in develop-ing data-parallel s
ienti�
 
odes. Though many te
hniques have been developed forautomati
 data de
omposition, the 
ompiler is not able to 
hoose an eÆ
ient data de-
omposition for all programs. So, like most systems (High Performan
e FORTRAN,FORTRAN-D [14℄, Vienna FORTRAN), our 
ompiler soli
its the programmer's helpin supplying the data de
ompositions. These de
omposition spe
i�
ations representhow arrays should be distributed onto the a
tual parallel ma
hine. This is 
alledthe ma
hine mapping 
aused by translating the problem onto the �nite resour
es of18
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the ma
hine. The distribution of arrays in the program depends on the 
oarse-grainparallelism de�ned by the physi
al parallel ma
hine.We use a DISTRIBUTE statement (a hybrid of the DECOMPOSITION and DIS-TRIBUTE statements in FORTRAN D [14℄) to spe
ify the mapping of the arraysonto the various ma
hines of the 
luster. The distribution sele
ted a�e
ts the abilityof the 
ompiler to to minimize 
ommuni
ation and load imbalan
e for the result-ing program. The fa
tors responsible for sele
ting a good de
omposition are physi
alma
hine 
hara
teristi
s su
h as the number of pro
essors, amount of memory per pro-
essor and 
ommuni
ation 
osts between pro
essors as well as program 
hara
teristi
ssu
h as the size of distributed arrays and the 
omputation stru
ture.In addition, data parallelism may either be regular or irregular. Regular par-allelism 
an be fully exploited through relatively simple data distributions, whereasirregular parallelism require irregular data distributions and run-time pro
essing. Our
ompiler a

epts regular de
ompositions only.Regular de
ompositionsDistributions are spe
i�ed by assigning an independent attribute to ea
h dimension ofa de
omposition. Two prede�ned attributes for regular de
ompositions are BLOCKand CYCLIC. The symbol "*" marks dimensions that are not distributed. S
alarsare repli
ated, i.e., owned by all pro
essors.Thus, the statement "DISTRIBUTE A (*, BLOCK)" results in a 
olumn partitionof the array A among the pro
essors. Similarly, the statement "DISTRIBUTE B(CYCLIC(5), *, *) means that the rows of the array B whi
h has three dimensionsare to be partitioned in round-robin fashion with a blo
k size of 5. If no de
ompositionis spe
i�ed for an array, we assume that it is to be partitioned blo
k wise in the �rstdimension. Let P be the total number of pro
essors and N be the array bound.If P divides N evenly, the resulting distribution will be slightly unbalan
ed. Thedistributions 
an be de�ned as follows :� BLOCK divides the de
omposition into 
ontiguous 
hunks of size dN/Pe, as-signing exa
tly one blo
k to ea
h pro
essor.� CYCLIC spe
i�es a round-robin division of the de
omposition, assigning everyP th element to the same pro
essor. 20



� REPLICATION, denoted by *, means that every pro
essor has a 
opy of theelement.The distribution spe
i�ed determines the 
ommuni
ation patterns as well as theload balan
e among the pro
essors. A 
y
li
 distribution often tends to improve loadbalan
e when 
omputation is 
entered along a small part of the array; however it tendsto in
rease 
ommuni
ation, as adjoining elements will be on di�erent pro
essors. Onthe other hand, blo
k distributions tend to have opposite 
hara
teristi
s.Using the above de�nitions, the distribution fun
tion whi
h maps an array sub-s
ript to the appropriate pro
essor for various patterns 
an be shown as in Table3.1. BLOCK D(i) = fi * P / NgCYCLIC(k) D(i) = fbi/k
 mod PgREPLICATION D(i) = fp j 1 � p � PgTable 3.1: Distribution fun
tionPrimitives usedBefore we go into the details of the various analyses performed, we shall de�ne thefollowing primitives to be used throughout this 
hapter :� Owner Primitives1. PROC ID() : It returns a unique integer representing the lo
al pro
essor.2. OWNER(R) : It returns the unique pro
essor whi
h owns the array ref-eren
e R.� Message primitives1. SEND(R, Pr) : Lo
al pro
essor (PROC ID()) sends the array referen
e Rto pro
essor Pr. It is non-blo
king, i.e., it does not wait for the mat
hingre
eive to 
omplete.2. RECV(R, Ps) : Lo
al pro
essor (PROC ID()) does the re
eive for thearray referen
e R from the pro
essor Ps. It is blo
king, i.e., it will blo
ktill the mat
hing send is 
ompleted.21



3.4 Run-time resolutionRun-time resolution is a simple and straightforward te
hnique to generate 
ode thatexpli
itly 
al
ulates the ownership and 
ommuni
ation sets for ea
h array referen
e atrun-time [22℄. Every pro
essor examines ea
h statement in the program and 
omplieswith the following rules of thumb :� If the pro
essor owns an array element, it is responsible for 
omputing its de�n-ing expression and re
ording its value.� The pro
essor that owns the array element must 
ommuni
ate its value to anyother pro
essor needing this value.� Conditionals, fun
tion 
alls and loops are exe
uted by all pro
essors.For example, appli
ation of run-time resolution to the FORTRAN program shown inFigure 3.3 results in the 
ode shown in Figure 3.4.PROGRAM PREAL A(100)DO 100 I = 1, 55A(I) = A(I+10) + 2100 CONTINUEEND Figure 3.3: Sample FORTRAN programRun-time resolution does not require mu
h 
ompiler analysis. However, the re-sulting programs exe
ute mu
h slower than the original sequential 
ode, so they areextremely ineÆ
ient. The performan
e of run-time resolution is poor sin
e parallelismis mostly lost be
ause every pro
essor must exe
ute the entire program. Even worse,not only does the program expli
itly have to 
he
k every variable referen
e, it alsogenerates a message for ea
h nonlo
al a

ess. Hen
e if 
ompile-time analysis is notperformed, the 
ompiler is for
ed to rely on run-time te
hniques.
22



PROGRAM PREAL A(100)DO 100 I = 1, 55IF (PROC_ID() .EQ. OWNER(A(I+10)) THENSEND A(I+10) to OWNER(A(I)ENDIFIF (PROC_ID() .EQ. OWNER(A(I)) THENRECV A(I+10) from OWNER(A(I+10)A(I) = A(I+10) + 2ENDIF100 CONTINUEEND Figure 3.4: Program after applying run-time resolution3.5 Program AnalysisNow we shall des
ribe in detail the various kinds of analyses done on the sour
eprogram at 
ompile time.3.5.1 Dependen
e AnalysisDependen
e analysis is the 
ompile-time analysis of 
ontrol 
ow and memory a

essesto determine a statement exe
ution order that preserves the meaning of the originalprogram. A data dependen
e between two array referen
es R1 and R2 indi
ates thatthey read or write a 
ommon memory lo
ation in a way that requires their exe
utionorder to be maintained. R1 is 
alled the sour
e and R2 is 
alled the sink of thedependen
e if R1 must be exe
uted before R2. If R1 is a write and R2 is a read, we
all the result a 
ow dependen
e. There are four di�erent types of dependen
es [27℄ :� Flow dependen
e o

urs when a variable is assigned or de�ned in one statementand used in a subsequently exe
uted statement.� Anti-dependen
e o

urs when a variable is used in one statement and reassignedin a subsequently exe
uted statement.� Output dependen
e o

urs when a variable is assigned in one statement andreassigned in a subsequently exe
uted statement.23



� Input dependen
e o

urs when the same value of a variable is read in two par-ti
ular statements.Anti-dependen
e and output dependen
e arise from the reuse or reassignment ofvariables, and are sometimes 
alled false dependen
es. Flow dependen
e is also 
alledtrue dependen
e sin
e it is inherent in the 
omputation and 
annot be eliminated byrenaming variables.Dependen
es may be either loop-independent or loop-
arried. Loop-independentdependen
es o

ur on the same loop iteration; loop-
arried dependen
es o

ur ondi�erent iterations of a parti
ular loop. The level of a loop-
arried dependen
e isthe depth of the loop 
arrying the dependen
e. Loop-independent dependen
es havein�nite depth. The number of loop iterations separating the sour
e and the sink of theloop-
arried dependen
e may be 
hara
terized by a dependen
e distan
e or dire
tion.3.5.2 S
alar data
ow AnalysisAny s
alar assigned in a loop will always generate one or more loop-
arried datadependen
e relations. Su
h s
alar assignment statements present a spe
ial 
hallengefor our 
ompiler. The 
ompiler has the option of trying to remove them, syn
hronizingto satisfy them, or using sequential 
ode.Naive appli
ation of the owner 
omputes rule would 
ause every pro
essor toexe
ute the assignment on all iterations. However, often the assignment 
an be parti-tioned be
ause its value is used only in the 
urrent loop iteration. All su
h analysis isdone by the s
alar data
ow analysis phase. Control 
ow, 
ontrol dependen
e and liverange information are 
omputed. S
alar and array variables are de
lared "private"with respe
t to a loop if their values are used only within the 
urrent loop iteration;this is useful for eliminating unne
essary 
omputation and 
ommuni
ation when theloop iterations are divided amongst the pro
essors.3.5.3 Symboli
 AnalysisConstant propagation, simple indu
tion variable elimination, 
ommon subexpressionelimination, loop invariant expression re
ognition are performed during the symbol-i
 analysis phase of the parallelizing 
ompiler. The goal is to provide a simpli�edprogram representation that improves program analysis and optimization. Forward24



propagation is also performed; the 
al
ulation of lo
al variables are propagated intothe uses of those variables whenever possible. The idea is to give more informationabout loop bounds and array indexing for doing dependen
e analysis and loop trans-formations. In addition, the 
ompiler tries to 
onstru
t FOR 
onstru
ts out of loop
onstru
ts su
h as DO or WHILE (for C programs) whenever a suitable index variableand bounds 
an be found. This is helpful in extra
ting more parallelism.3.5.4 Partitioning AnalysisThe program partitioning analysis phase of our 
ompiler divides the overall data and
omputation among pro
essors. This is a

omplished by �rst partitioning all arraysonto pro
essors (spe
i�ed by the user using de
omposition spe
i�
ations dis
ussedin Se
tion 3.3) and then using the owner 
omputes rule to derive the fun
tionalde
omposition of the program.Some de�nitionsIteration and index sets, RSDsAn iteration set is simply a set of loop iterations - it des
ribes a se
tion of the workspa
e. An index set is a set of lo
ations in an array - it des
ribes a se
tion of the dataspa
e. The 
ompiler 
onstru
ts iteration or index sets using regular se
tion des
riptors(RSDs) as in the FORTRAN D 
ompiler [14℄. RSDs are widely used in our 
ompileras an internal representation. They are 
ompa
t representations of re
tangular orright-triangular array se
tions and were originally 
reated to summarize array sidee�e
ts a
ross pro
edure boundaries [12℄. The union and interse
tion of RSDs 
an be
al
ulated inexpensively, making them highly useful for our 
ompiler.An RSD 
an be denoted as [li:ui:si, ...℄, where li, ui and si indi
ate the lowerbound, upper bound and step of the ith dimension of the RSD respe
tively. If notexpli
itly stated, a default unit step is assumed. In loop nests or multidimensionalarrays, the leftmost dimension of the RSD 
orresponds to the outermost loop or theleftmost array dimension. The other dimensions are listed in order.
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Lo
al index setsAs the �rst step in partitioning analysis, the lo
al index set for ea
h array is 
omputed.The lo
al index set is the lo
al array se
tion owned by every pro
essor. This 
reatesthe data partition used in the program.The analysis required 
an be illustrated using the Ja
obi 
ode shown in Figure 3.5.REAL A(100, 100), B(100, 100)INTEGER I, J, K, TIMETIME = 50DO K = 1, TIMEDO J = 2, 99DO I = 2, 99S1: A(I,J) = (B(I,J-1) + B(I-1,J) + B(I+1,J) + B(I,J+1)) / 4ENDDOENDDODO J = 2, 99DO I = 2, 99S2: B(I, J) = A(I, J)ENDDOENDDOENDDO Figure 3.5: Ja
obi 
odeAssuming that we are 
ompiling for a four-pro
essor ma
hine and the programmerhas spe
i�ed the data de
omposition as :DISTRIBUTE A (*, BLOCK)DISTRIBUTE B (*, BLOCK)i.e. the se
ond dimensions of both arrays are blo
k-distributed. The lo
al indexsets for both A and B on ea
h pro
essor are given as :p1 [1:100, 1:25℄p2 [1:100, 26:50℄p3 [1:100, 51:75℄p4 [1:100, 76:100℄ 26



Exe
ution iteration setsAn exe
ution iteration set (or simply exe
ution set) 
an be de�ned as the set of loopiterations exe
uted by ea
h pro
essor. It 
an be 
omputed by taking the interse
tionof the appropriate lo
al index set with the iteration set of the en
losing loops inthe 
orre
t order of the indi
es of the array referen
e. The algorithm is shown inFigure 3.6.Algorithm for 
omputation of exe
ution iteration set/* �A(p) represents the lo
al index set of the array A on pro
essor p */for ea
h array A dofor ea
h pro
essor p 2 P doCompute �A(p) from array A's distribution, DExe
ution iteration set = �A(p) T f iteration set of en
losing loops in ordergendforendfor Figure 3.6: Algorithm for 
omputation of exe
ution iteration setHen
e the exe
ution iteration sets in the Ja
obi 
ode example are :p1 [2:99, 2:25℄p2 [2:99, 26:50℄p3 [2:99, 51:75℄p4 [2:99, 76:99℄On
e the exe
ution iteration sets have been 
omputed, the next step is to 
al
ulatethe 
ommuni
ation sets.3.5.5 Communi
ation AnalysisCommuni
ation analysis determines whi
h array referen
es 
ause nonlo
al data a
-
esses. For ea
h pro
essor P, we 
ompute send sets to every other pro
essor Q, whereP 6= Q, whi
h represent the set of elements to be 
ommuni
ated among the pro
essorsdue to 
ross-pro
essor dependen
es. The 
omputation is shown in Figure 3.7.Using the above algorithm, the send sets for referen
e B(i, j-1) in statement S1 ofthe Ja
obi 
ode example are 
omputed as follows :The lo
al index set of array B is same as that of array A. After applying thesubs
ript fun
tions of B(i, j-1) to the exe
ution iteration set, we get, [2:99, 1:24℄�p1,27



Algorithm for 
omputation of Send setsfor ea
h R 2 DEF(S) dofor ea
h pro
essor q 2 P doCompute the exe
ution iteration set �(q) for pro
essor q using the previousalgorithm.endforendforfor ea
h R 2 USE(S) dofor ea
h pro
essor p, p 2 P dofor ea
h pro
essor q, q 6= p, q 2 P doCal
ulate f(�(q)), where f is the array a

ess fun
tion in R.Send set (R, p, q) = f(�(q)) T �(p)endforendforendforfor ea
h pro
essor p, p 2 P dofor ea
h pro
essor q, q 6= p, q 2 P doSend set (p, q) = �endforendforfor ea
h R 2 USE(S) dofor ea
h pro
essor p, p 2 P dofor ea
h pro
essor q, q 6= p, q 2 P doSend set (p, q) = Send set (p, q) S Send set (R, p, q)endforendforendfor Figure 3.7: Algorithm for 
omputation of send sets[2:99, 25:49℄�p2, [2:99, 50:74℄�p3 and [2:99, 75:98℄�p4. After taking the interse
tionwith the lo
al index sets of B, the send sets are :Send-set (p1, p2) = [2:99, 25℄Send-set (p2, p3) = [2:99, 50℄Send-set (p3, p4) = [2:99, 75℄
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3.6 Code generationOn
e the program analysis phase is 
omplete, the 
ode generation phase of our 
om-piler utilizes information 
on
erning lo
al index sets and iteration sets and RSDs to
reate the a
tual SPMD node program with message-passing 
alls.3.6.1 Program PartitioningDuring partitioning analysis, our 
ompiler applies the owner 
omputes rule to 
al-
ulate the exe
ution iteration set for ea
h statement. One of the goals for 
odegeneration is to modify the program to ensure that the iterations are divided 
or-re
tly among the pro
essors while enfor
ing the owner 
omputes rule. This may bea

omplished by a 
ombination of redu
ing loop bounds (or loop bounds redu
tion)and guarding individual statements (or guard introdu
tion). Both approa
hes require
al
ulation of the exe
ution iteration sets for statements in a loop.Loop bounds redu
tionEvaluation of guard statements at run-time leads to exe
ution overhead. Hen
e, our
ompiler �rst tries to redu
e the loop bounds wherever possible to avoid evaluatingguard expressions while at the same time, ensuring that the owner 
omputes rule isenfor
ed. Ea
h pro
essor then will only exe
ute iterations in the unioned iteration ex-e
ution sets of all statements in the loop. The 
ompiler then inserts 
ode to 
al
ulateboundary 
onditions, as shown by the bounds generated for the j loop in Figure 3.10.A simple algorithm for performing loop bounds redu
tion is shown in Figure 3.8.The exe
ution iteration sets of all the lhs array referen
es in the loop are unionedtogether. The resulting set represents all the iterations on whi
h an assignment needsto be exe
uted by the pro
essor. Code is inserted for assigning values to the boundsbefore the loop nest and the loop is rewritten by redu
ing the loop bounds to thisredu
ed iteration set.Guard introdu
tionLoop bounds redu
tion eliminates the need for masks when all assignment statementsin the loop have the same iteration set and so these statements always exe
ute in the29



Algorithm for performing loop bounds redu
tionfor ea
h FOR loop nest k = l to m by s doredu
ed iter set = �for ea
h lhs array referen
e A in loop doredu
ed iter set = redu
ed iter set S exe
ution iteration set of AendforGenerate 
ode for 
hanging bounds of loop nest to those in redu
ed iter setRepla
e FOR loop by another FOR loop with redu
ed boundsendfor Figure 3.8: Algorithm for performing loop bounds redu
tionredu
ed loop. However, when loop nests 
ontain multiple assignment statementsto distributed data stru
tures, the iteration set of ea
h statement for a pro
essormay di�er, limiting the number of guards eliminated through loop bounds redu
tion.Hen
e, in these 
ases, our 
ompiler introdu
es masks for the statements that are
onditionally exe
uted, thus enfor
ing the owner 
omputes rule.Hen
e, guard introdu
tion repla
es ea
h statement S of the program by the asso-
iated masked statement : if (mask(S)) f S; gwhere,� mask(S) = OWNER (A(f)) if S is an assignment statement of the form A(f)=...,where A is an array referen
e and f is an a

ess fun
tion.� mask(S) is true for all other statements su
h as 
onditional statements, fun
tion
alls and loops and hen
e 
an be removed from the masked statement.Hen
e, in the Ja
obi 
ode example, the masked version of the assignment state-ment S1 is 1 :IF (OWNER(A(I,J)) {A(I,J) = (B(I,J-1) + B(I-1,J) + B(I+1,J) + B(I,J+1)) / 4}1This pie
e of 
ode is not visible in the �nal transformed program in Figure 3.10 be
ause loopbounds redu
tion eliminated the need for guard introdu
tion.30



A simple algorithm for generating masks for statements in a loop would be toexamine ea
h statement in turn and 
al
ulate its iteration set. If it is equivalent tothe iteration set of the previous statement, both the statements may be guarded bythe same mask. Otherwise, the previous mask must be terminated and a new mask
reated in its pla
e. The algorithm is shown in Figure 3.9.Algorithm for generating statement masksfor ea
h FOR loop nest k = l to m by s doCal
ulate iteration set of previous statement, previous iter setfor ea
h statementi in order doCal
ulate iteration set of statementi, iter setif iter set = previous iter set thenInsert statementi after statementi�1elseTerminate previous mask, if it existsCreate new mask for iter set and insert statementi inside maskprevious iter set = iter setendifendforendfor Figure 3.9: Algorithm for generating statement masks3.6.2 Message generationThe information 
al
ulated in the 
ommuni
ation analysis phase is used to guide themessage generation phase. Non-blo
king sends and blo
king re
eives are inserted forthe following types of messages :Loop-independent messagesFor loop-independent 
ross-pro
essor dependen
es, our 
ompiler inserts 
alls to theSEND and RECV primitives pre
eding the loop header. All messages are properlyguarded so that owners exe
ute SEND and re
ipients exe
ute RECV. Data to be sentis 
al
ulated by building the RSD for the referen
e at the loop level that the messageis generated. This represents the data to be sent on ea
h iteration.31



Loop-dependent messagesFor messages representing loop-
arried dependen
es, the situation is more 
omplex.To 
al
ulate the data that must be 
ommuni
ated, the RSD is built for ea
h rhsreferen
e at the level of the loop L 
arrying the dependen
e. If iterations of L are tobe exe
uted by all pro
essors, the 
ompiler inserts 
alls to SEND and RECV primitivesinside the loop header for L, at the beginning of the loop body. If the iterations of Lare to be partitioned a
ross pro
essors, loop-
arried messages represent nothing butdata syn
hronization. The 
ompiler inserts 
alls to RECV pre
eding loop L, sin
ethey o

ur before the lo
al iterations of L. Similarly, 
alls to SEND are inserted afterL, sin
e they are exe
uted after the lo
al iterations of L.Initialization insertionThe 
ompiler inserts a number of initialization statements whi
h help in initializingthe MPI environment as well as gathering information at run-time about the exe-
ution environment, su
h as the total number of pro
essors and the lo
al pro
essornumber.After the program partitioning and message generation stages, the �nal transformedprogram be
omes as shown in Figure 3.10.
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REAL A(100, 100), B(100, 100)INTEGER I, J, K, TIMEINTEGER LB, UBMPI_INITIALIZE ()IF (PROC_ID() .EQ. 1)LB = 2UB = 25ELSE IF (PROC_ID() .EQ. 2)LB = 26UB = 50ELSE IF (PROC_ID() .EQ. 3)LB = 51UB = 75ELSE IF (PROC_ID() .EQ. 4)LB = 76UB = 99DO K = 1, 50IF (PROC_ID() .EQ. 1) SEND (B(2:99, 25), 2)IF (PROC_ID() .EQ. 2) RECV (B(2:99, 25), 1)IF (PROC_ID() .EQ. 2) SEND (B(2:99, 50), 3)IF (PROC_ID() .EQ. 3) RECV (B(2:99, 50), 2)IF (PROC_ID() .EQ. 3) SEND (B(2:99, 75), 4)IF (PROC_ID() .EQ. 4) RECV (B(2:99, 75), 3)DO J = LB, UBDO I = 2, 99S1: A(I, J) = (B(I, J-1) + B(I-1, J)+ B(I+1, J) + B(I, J+1)) / 4ENDDOENDDODO J = LB, UBDO I = 2, 99S2: B(I, J) = A(I, J)ENDDOENDDOENDDOMPI_FINALIZE ()Figure 3.10: Final transformed program with message-passing 
alls33



Chapter 4
ImplementationThis 
hapter delves into the implementation of the various analysis te
hniques dis-
ussed in the previous 
hapter. The parallelizing 
ompiler has been written in C/C++.Its target language is a C program annotated with MPI 
alls. The overall stru
tureof the 
ompiler is shown in Figure 3.2.4.1 Front endThe SUIF 
ompiler framework provides a 
ompiler driver 
alled "s

" for FORTRAN77 and ANSI C programs whi
h forms the front end of our 
ompiler. This behavesmu
h like the "

" 
ompiler in Unix. It does the lexi
al, synta
ti
 and semanti
analysis of the FORTRAN 77/C sour
e program and 
onverts it to the SUIF repre-sentation. The subsequent analysis phases work on this intermediate representationto produ
e the required results.4.2 Data de
omposition spe
i�
ationsThe data de
omposition spe
i�
ations (if any) are read from the user-spe
i�ed de-
omposition �le into the data stru
ture shown in Figure 4.1.
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stru
t de
omposition_info {
har name[8℄; /* Array name */int number_dimensions; /* Number of dimensions, max 7 */stru
t type_and_size[7℄; /* Type & size for ea
h dimension */};stru
t type_and_size {
har distribution_type[7℄; /* Distribution type, blo
k/
y
li
 */int blo
k_size; /* Blo
k size if "
y
li
" spe
ified */}; Figure 4.1: Data stru
ture for de
ompositions4.3 Program Analysis4.3.1 Dependen
e AnalysisData dependen
e testing is a 
ru
ial step in dete
ting loop-level parallelism in s
ien-ti�
 programs. The problem is equivalent to the integer linear programming problemand therefore, in general, 
annot be solved eÆ
iently. However, Dror Maydan [17℄has shown that data dependen
e 
an be 
omputed exa
tly and eÆ
iently by applyinga series of tests, ea
h one exa
t for spe
ial 
ase inputs. The tests are applied in thefollowing order :� Extended GCD Test� Single variable per 
onstraint test� A
y
li
 test� Simple Loop residue test� Fourier-Motzkin testIf the input is not of the appropriate form for a parti
ular test, the next one isapplied. The advantage of using a series of tests is that it allows exa
t dependen
eanalysis for a wider range of inputs. All these tests have been implemented in theSUIF 
ompiler system and our 
ompiler makes use of their results in the dependen
eanalysis stage. 35



4.3.2 S
alar data
ow AnalysisThe s
alar data 
ow analysis is provided by a SUIF 
ompiler pass 
alled "moo".Moo analyzes a SUIF program for privatizable s
alar variables. It essentially atta
hesto ea
h FOR loop (DO 
onstru
t in FORTRAN) an annotation that indi
ates theprivatizable s
alar variables. Moo 
onsiders a variable as privatizable if the variableis read or written in the loop and there are no upward exposed reads of the variableat the entry of the loop body, and if no de�nition of the variable in the loop rea
hesa use outside it.4.3.3 Symboli
 AnalysisOur 
ompiler makes use of the SUIF 
ompiler pass "porky" for performing the varioustypes of analysis of the symboli
 analysis phase. The 
ommand-line options to porkyspe
ify whi
h transformations are to be performed. As mentioned in Se
tion 3.5.3of the previous 
hapter, the goal is to rearrange the 
ode so as to make it easierfor subsequent analysis phases to perform their analysis. For example, the forwardpropagation performed by porky tries to move as mu
h 
omputation as possible intothe bound expressions of ea
h loop. This may fa
ilitate the loop bounds redu
tiontransformation in the program partitioning phase.4.3.4 Partitioning AnalysisThe exe
ution iteration and lo
al index sets are represented by a 
lass RSD. TheRSD 
lass de�nition is shown in Figure 4.2. The methods AND and OR of the RSD
lass provide the fun
tionality for performing the interse
tion and union of two RSDsrespe
tively. The method is_empty() returns true if a RSD is empty, false otherwise.Methods are also available for setting and �nding the number of dimensions of aRSD. Ea
h RSD 
an be thought of as being a linked list of "RSD 
omponents", one
orresponding to ea
h dimension. The data stru
ture for a RSD 
omponent is shownin Figure 4.2.In the partitioning analysis stage, for ea
h array referen
e, the lo
al index setfor every pro
essor is 
omputed and is represented as an obje
t of the RSD 
lass.If the programmer has spe
i�ed a de
omposition for this array, the lo
al index setis 
onstru
ted as spe
i�ed, and if no de
omposition is spe
i�ed, blo
k mapping is36




lass RSD {private:int number_dimensions; /* Number of dimensions, max 7 */publi
:stru
t RSD_
omponent **sf; /* RSD for ea
h dimension */RSD (); /* Constru
tor #1 */RSD (int num_dims); /* Constru
tor #2 */void set_dimensions (int dims) { number_dimensions = dims; }int get_dimensions () 
onst { return number_dimensions; }RSD AND (
onst RSD &);RSD OR (
onst RSD &);int is_empty () 
onst;void print (FILE *fp = stdout);};stru
t RSD_
omponent {int llimit; /* Lower limit of RSD */int ulimit; /* Upper limit of RSD */int stride; /* Stride of RSD */stru
t set_format *next; /* Pointer to next RSD */}; Figure 4.2: Data stru
ture for RSDassumed along the �rst dimension and repli
ated mapping along other dimensions.Next, for ea
h array referen
e, the exe
ution iteration set is 
omputed for everypro
essor by ANDing the RSDs represented by the 
orresponding lo
al index setfor that pro
essor and the iteration set of the en
losing loops, as spe
i�ed by thealgorithm in Figure 3.6.4.3.5 Communi
ation AnalysisIn this stage, we �rst 
ompute the send and re
v sets for ea
h rhs array referen
efor di�erent pro
essor 
ombinations using the algorithm in Figure 3.7. They areall represented as obje
ts of the RSD 
lass. The overall send and re
v sets for theparti
ular array assignment statement are then obtained by ORing the respe
tivesend and re
v sets of ea
h of the RSDs of the rhs array referen
es.37



4.4 Ba
k endThe ba
k end of the 
ompiler has been built with the help of the SUIF Builderdis
ussed in se
tion 2.2 of Chapter 2.4.4.1 Code generationRun-time resolution is used when 
ompile-time analysis is not appli
able.� S
alar variables are repli
ated on all the pro
essors. The values of s
alar vari-ables are kept 
onsistent a
ross all pro
essors by exe
uting their de�ning ex-pression on all of them. However, if the de�ning expression 
ontains a referen
eto an array distributed a
ross pro
essors, only the owner pro
essor of this ref-eren
e performs the assignment. It then broad
asts this updated value to allother pro
essors.� Expressions in IF, DO-WHILE andWHILE loops are exe
uted by all pro
essors.Array assignment statements are guarded by masks to enfor
e owner 
omputesrule.� Arrays whose distributions are not spe
i�ed are distributed blo
kwise in the�rst dimension.Program partitioning and message generationSUIF uses an abstra
t syntax tree (AST) representation for representing instru
-tions and various 
ontrol stru
tures of the sour
e program. The SUIF Builder pro-vides expli
it fun
tion 
alls for 
reating new tree nodes, tree node lists, instru
tion-s and expression trees, su
h as make_tree_node(), make_tree_node_list() andmake_instru
tion(). In addition, new statements 
an be appended to tree nodelist elements by using 
alls su
h as append_before() and append_after(). Usingthese fun
tion 
alls, it is possible to modify existing SUIF 
ode as well as add newSUIF 
ode, as is required for loop bounds redu
tion, guard introdu
tion and messagegeneration.
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Chapter 5
Experimental resultsIn this 
hapter, we dis
uss the results of the experiments 
ondu
ted to measure theperforman
e of our 
ompiler. The 
ompiler has been tested with a number of FOR-TRAN 77/C programs. Sin
e only 
ompile-time analysis is performed, the 
ompilerwill not parallelize programs in whi
h arrays are 
reated dynami
ally at run-time(su
h as by using mallo
 fun
tion 
all in C).The timings are taken on Intel Pentium II workstations running RedHat LinuxVersion 6.0, kernel version 2.2.5-15. All the times shown are averages of atleast 15runs. Timing is taken using the MPI Wtime 
all provided by the message-passinglibrary. MPI Wtime is intended to be a high-resolution, wall 
lo
k that returns thetime elapsed in se
onds on the 
alling pro
essor sin
e the last 
all to this fun
tion.Hen
e, it is always 
alled on pro
essor 0, referred to as the master pro
essor andis 
alled twi
e, before the program's �rst exe
utable statement and just before theprogram exits. The di�eren
e between the two gives the program 
omputation time,assuming there are no I/O waiting periods in between.A few of the sample programs on whi
h the 
ompiler was tested is given in ap-pendix A. Ja
obi.f is the Ja
obi 
ode example. Mult.
 is the matrix multipli
ationprogram in C. The results of the testing are summarized in Table 5.2.In the program b
.f, the se
ond loop nest (n, i) 
ontains an assignment to as
alar variable neq. This prevents loop bounds redu
tion and hen
e the improvementis not mu
h.It was observed that the de
omposition 
hosen for the array referen
es 
an vastlya�e
t the 
omputation times of programs. If the programmer wisely sele
ts the array39



Program Lines Loops De
ompositions Pro
essors Time taken a Raw time bJACOBI.F 20 5 A (*, BLOCK) 1 4.4542163 4.048538B (*, BLOCK) 2 2.68739973 1.50431434 1.0810553MULT.C 22 7 A (BLOCK, *) 1 10.490015 10.489945B (*, *) 2 5.2711689C (BLOCK, *) 3 3.52891254 2.6510308BC.F 28 4 id (BLOCK, *) 1 0.0008724 0.00084692 0.00069273 0.00047624 0.0005122SAMPLE.C 29 6 A (BLOCK, *) 1 0.0024222 0.0021783B (CYCLIC(5)) 2 0.01847633 0.04183614 0.0564173SAMPLE.C 29 6 A (*, BLOCK) 1 0.0024222 0.0021783B (BLOCK) 2 0.00130383 0.00092214 0.0007623BLK4AW.F 46 7 a (BLOCK, *) 1 0.0586247 0.0561123ien (BLOCK, *) 2 0.0418712xl (BLOCK, *) 3 0.0357231x (BLOCK, *) 4 0.0292623rm (BLOCK, *)weis (BLOCK, *)sh (BLOCK, *)lm (BLOCK, *)BLK4BW.F 59 7 b (BLOCK, *) 1 0.0623542 0.0598123ien (BLOCK, *) 2 0.0497253xl (BLOCK, *) 3 0.0410012x (BLOCK, *) 4 0.0361922dl (BLOCK, *)d (BLOCK, *)pp (BLOCK, *)weis (BLOCK, *)sh (BLOCK, *)lm (BLOCK, *)aTime taken after running the programs output by our 
ompiler (linked to MPICH library)bThis refers to the time taken on a unipro
essor without linking the MPICH library, measuredusing gettimeofday system 
all in UnixTable 5.1: Experimental Results40



de
omposition by 
losely observing the nature of the algorithm, so that the resulting
ommuni
ation among the pro
essors is minimized, the program performs better.As an example, 
onsider the program Sample.
 in Appendix B. The se
ond loopnest, i.e., the FOR loops of index and j 
ontain two array assignment statements
ontaining 
ow dependen
e. If the programmer spe
i�es the data de
ompositions :DECOMPOSITION A (BLOCK, *)DECOMPOSITION B (CYCLIC(5))the exe
ution times on di�erent pro
essors are shown as in Table 5.1. It is obviousthat the de
omposition of A results in an attempt to parallelize along the dire
tionof the dependen
e whi
h is not possible. The pro
essors have to exe
ute in sequentialorder sin
e ea
h pro
essor 
an go ahead with its 
omputation only after the previouspro
essor has �nished updating its part of the array A. Hen
e it 
an be seen thatwith more pro
essors, program exe
ution time only in
reases and best performan
eis a
hieved on a single pro
essor. A better de
omposition set would have been :DECOMPOSITION A (*, BLOCK)DECOMPOSITION B (BLOCK)in whi
h 
ase, the exe
ution times would be as shown in Table 5.1. This is 
learlybetter. BLOCK should be favoured over CYCLIC de
ompositions, sin
e this leads tolesser message-passing overhead. CYCLIC should only be used when the goal is toa
hieve load balan
ing among pro
essors.Table 5.1 also shows that it is not possible to a
hieve exa
t linear speedup ingeneral. In almost all the 
ases, an approximate n-fold speedup is seen in a n-pro
essorsystem. Although only upto 4 pro
essors have been used, the number of pro
essors
an easily be s
aled up.
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Chapter 6
Con
lusion and future workThe results presented in the previous 
hapter have demonstrated that there is asigni�
ant redu
tion in the exe
ution times when the same 
ode is ported to a NOW.It 
an be observed that linear speedup is not obtained in general be
ause our 
ompiler
on
entrates only on exploiting loop-level parallelism. When the sour
e program hasmajority of loops 
ontaining 
ow dependen
es, there is no advantage in going forNOW; the performan
e is worse than that obtained by sequential exe
ution on asingle pro
essor.6.1 Work doneThe salient features of our parallelizing 
ompiler are as follows :� It handles blo
k as well as 
y
li
 de
ompositions spe
i�ed by the programmer.� It does the sour
e-to-sour
e translation, so the resulting message-passing paral-lel program 
an be dire
tly run on a network of workstations. The program 
analso be run on a heterogenous NOW by supplying the appropriate 
ommand-line arguments to the MPI shell s
ript for running MPI programs. In fa
t, theprogram 
an be ported to a variety of ar
hite
tures, sin
e MPI takes 
are ofar
hite
tural di�eren
es through its portability feature.� Dependen
e analysis information of the sour
e program is made available to theuser. This fa
ilitates parallelization of loops and also provides a sort of feedba
kme
hanism for him to know the potential array a

ess 
on
i
ts in the program42



and try and redu
e these 
on
i
ts by restru
turing the algorithms whereverpossible. The dependen
y analysis output for an example program is shown atthe end of Appendix B.� The ba
k-end of the 
ompiler generates a MPI C program.6.2 Future Dire
tionThe parallelism exploited by our 
ompiler from sequential programs is by no meansthe best possible. The 
ompiler 
an be made even more optimal, general and robustby supplementing it with the following additional analyses :� Performing run-time analysis for irregular 
omputations.� Performing program optimization{ A program optimization phase 
ould be in
orporated between the pro-gram analysis and 
ode generation phases of the 
ompiler. The main goalof this phase would be to redu
e 
ommuni
ation overhead and improve pro-gram performan
e. Communi
ation optimizations su
h as message ve
tor-ization, message pipelining, message aggregation, eliminating redundantmessages and hiding 
ommuni
ation laten
y by overlapping the 
ommuni-
ation and 
omputation 
ould be performed here.� Improving the e�e
ien
y of the generated message-passing program.{ Loop transformations su
h as loop inter
hange, loop tiling, loop skewing,strip mining, et
. 
an be implemented whi
h will help in extra
ting do-a
ross 1 parallelism.� Finding the best data de
omposition{ Currently, our 
ompiler requires the programmer's help in �nding an opti-mal data de
omposition for distributing arrays a
ross mutiple pro
essors.This step 
ould be automated by the 
ompiler, in su
h a way so as to max-imize parallelism and minimize 
ommuni
ation. An algorithm has been1A doa
ross loop is one whi
h is exe
uted on multiple pro
essors by assigning di�erent iterationsto di�erent pro
essors, and in whi
h values assigned in one iteration are used in another iteration.43



presented by Amarasinghe et al [1℄ to determine the best mapping of dataand 
omputation a
ross multiple pro
essors.� Inter-pro
edural Analysis{ Our 
ompiler 
urrently operates on ea
h pro
edure individually. The al-gorithms 
an be extended to perform inter-pro
edural analysis.

44



Bibliography[1℄ Amarasinghe, S., Anderson, J. M., Lam, M. S., and Lim, A. S. AnOverview of a Compiler for S
alable Parallel Ma
hines. In Pro
eedings of thesixth workshop on Languages and Compilers for Parallel Computing, Available athttp://suif.stanford.edu/papers/aall93.ps (Portland, OR, August 1993).[2℄ Amarasinghe, S. P., and Lam, M. S. Communi
ation Opti-mization and Code Generation for Distributed Memory Ma
hines.In Pro
eedings of the ACM SIGPLAN '93 Conferen
e on Program-ming Language and Design and Implementation (PLDI), Available athttp://suif.stanford.edu/papers/amarasinghe93.ps (Albuquerque,New Mexi
o, June 1993).[3℄ Anderson, T. E., Culler, D. E., Patterson, D. A., and theNOW team. A Case for NOW (Networks of Workstations). IEEE Mi
ro, Avail-able at http://now.
s.berkeley.edu/Case/
ase.ps 15, 1 (February 1995),54{64.[4℄ Argonne National Laboratory. The MPICH home page.http://www-unix.m
s.anl.gov/mpi/mpi
h/.[5℄ Dongarra, J. J., Hempel, R., Hey, A. J. G., and Walker, D. W.A proposal for a user-level, message passing interfa
e in a distributed memoryenvironment. Te
hni
al Report, TM-12231, Oak Ridge National Laboratory,Available at http://www.epm.ornl.gov/~walker/mpi1.ps, February 1993.[6℄ Edinburgh Parallel Computing Centre, University of Edinburgh.CHIMP Version 1.0 Interfa
e, May 1992.[7℄ Geist, A., Begvelin, A., Dongarra, J., Jiang, W., Man
hek, R., andSunderam, V. PVM : Parallel Virtual Ma
hine, a Users' Guide and Tutorial45



for Networked Parallel Computing. The MIT Press, Cambridge, Massa
husetts,England, Available at http://www.netlib.org/pvm3/book/pvm-book.html,1994.[8℄ Geist, G. A., Heath, M. T., Peyton, B. W., and Worley, P. H. Auser's guide to PICL : a portable instrumented 
ommuni
ation library. Te
hni
alReport, TM-11616, Oak Ridge National Laboratory, June 1991.[9℄ Gelernter, D. Generative 
ommuni
ation in Linda. ACM Transa
tions onProgramming Languages and Systems 7, 1 (1985), 80{112.[10℄ Gropp, W. D., and Smith, B. Chameleon parallel programming tools usersmanual. Te
hni
al Report, ANL-93/23, Argonne National Laboratory, Mar
h1993.[11℄ Gupta, D. Compiling HPF for a Network of Workstations. M.Te
h. Thesis,Department of Computer S
ien
e and Engineering, IIT Kanpur (April 1996).[12℄ Havlak, P., and Kennedy, K. An implementation of interpro
edural bound-ed regular se
tion analysis. IEEE Transa
tions on Parallel and Distributed Sys-tems 2, 3 (July 1991), 350{360.[13℄ Hempel, R., Hoppe, H.-C., and Supalov, A. A Proposal for a PARMACSlibrary interfa
e. Te
hni
al Report, O
tober 1992.[14℄ Hiranandani, S., Kennedy, K., and Tseng, C.-W. Compiling FORTRAND for MIMD Distributed Memory Ma
hines. Communi
ations of the ACM,Available at http://www.
s.umd.edu/proje
ts/
osmi
/papers/
a
m92.ps35, 8 (August 1992), 66{80.[15℄ Koelbel, C., and Mehrotra, P. Compiling global name-spa
e parallel loopsfor distributed exe
ution. IEEE Transa
tions on Parallel and Distributed Sys-tems 2, 4 (O
tober 1991), 440{451.[16℄ Li, J., and Chen, M. Compiling 
ommuni
ation-e�e
ient programs for mas-sively parallel ma
hines. IEEE Transa
tions on Parallel and Distributed Systems2, 3 (July 1991), 361{376.
46



[17℄ Maydan, D. E. A

urate Analysis of array referen
es. Ph.D. The-sis, Department of Computer S
ien
e, Stanford University, Available athttp://suif.stanford.edu/papers/maydan92
.ps (September 1992).[18℄ Message Passing Interfa
e Forum. MPI: A Message Pass-ing Interfa
e Standard (version 1.1). Te
hni
al Report, Available athttp://www.mpi-forum.org/do
s/mpi-11.ps.Z, June 1995.[19℄ nCUBE Corporation. nCUBE 2 Programmers guide, r2.0, De
ember 1990.[20℄ Parasoft Corporation. Express Version 1.0 : A Communi
ation Environ-ment for Parallel Computers, 1988.[21℄ Pier
e, P. The NX/2 operating system. In Pro
eedings of the Third Confer-en
e on Hyper
ube Con
urrent Computers and Appli
ations (1988), ACM Press,pp. 384{390.[22℄ Rogers, A., and Pingali, K. Pro
ess de
omposition through lo
ality of refer-en
e. In Pro
eedings of the SIGPLAN '89 
onferen
e on Programming LanguageDesign and Implementation (Portland, OR, June 1989), pp. 69{80.[23℄ Skjellum, A., Smith, S., Leung, A., and Morari, M. The Zip
odemessage passing system. Te
hni
al Report, Lawren
e Livermore National Labo-ratory, September 1992.[24℄ Snir, M., Otto, S., Huss-Lederman, S., Walker, D., and Dongarra,J. MPI - The Complete Referen
e, Volume 1. The MIT Press, 1998.[25℄ Stanford Compiler Group. The SUIF Library.http://suif.stanford.edu/suif/suif1, 1994.[26℄ Tseng, C.-W. An Optimizing Fortran D Compiler for MIMDDistributed-Memory Ma
hines. Ph.D. Thesis, Department of Comput-er S
ien
e, Ri
e University, Published as Ri
e COMP TR93-199, Avail-able at http://www.
s.umd.edu/proje
ts/
osmi
/papers/thesis.ps (Jan-uary 1993).[27℄ Wolfe, M. J. High-performan
e Compilers for Parallel Computing. Addison-Wesley Publishing Company, 1996. 47



[28℄ Zima, H., Bast, H. J., and Gerndt, M. SUPERB : A tool for semi-automati
 MIMD/SIMD parallelization. Parallel Computing 6 (1988), 1{18.[29℄ Zima, H., and Chapman, B. Super
ompilers for Parallel and Ve
tor Comput-ers. Addison-Wesley Publishing Company, 1990.

48



Appendix A
User Manual
A.1 The parallelizing 
ompilerThe generation of the parallel MPI program from the given sour
e program has beendone with the help of a shell s
ript, whi
h is available as a 
ommand name parallelize.This is basi
ally done so that the user is insulated from the details of interfa
ing thesour
e program with SUIF, su
h as passing the sour
e program through the SUIFfront end and performing the various 
ompiler passes on it.A.2 UsageThe parallelizing 
ompiler is invoked by the 
ommand :$ parallelize [options℄ SUIF-file(where SUIF-file is obtained from the sour
e program after runningthe SUIF 
ompiler driver s

)Options available are :-n pro
 number of pro
essors-f filename filename 
ontaining user-spe
ified de
ompositions-o filename.
 Output message-passing program in C-h help
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A.2.1 Des
ription of options� -n pro
{ The number of pro
essors/ma
hines 
onstituting the NOW. parallelizetakes the number of pro
essors either from this 
ommand-line option orfrom the environment variable NUM PROC. If none of these are spe
i�ed,it assumes that the default number of pro
essors is 4.� -f filename{ A �le, input to the parallelizing 
ompiler, whi
h 
ontains the array de
om-position spe
i�
ations. It should 
onsist of a sequen
e of DISTRIBUTEstatements, one per line, 
orresponding to the desired de
omposition pat-tern of an array referen
e, as dis
ussed in Se
tion 3.3 of Chapter 3.� -o filename.
{ The parallel C program, 
ontaining MPI 
alls, output by the parallelizing
ompiler. If -o option is not spe
i�ed, output is written to "par
ode.
" bydefault.A.3 Hardware and Software Requirements� Platform : no spe
i�
 requirement; the software was developed on a IntelPentium II ma
hine under RedHat Linux 6.0 (Kernel Ver. 2.2.5-15).� Software needed :1. MPICH library, version 1.1.2 or later, should be installed on every ma
hineof the NOW (Available at http://www-unix.m
s.anl.gov/mpi/).2. SUIF 
ompiler system, version 1.3.0.1 or later but below 2.0 (Available athttp://suif.stanford.edu/suif/suif1/).3. F77 and I77 libraries for FORTRAN.
50



A.4 Steps in 
ompiling to the NOW1. Set the environment variable NUM PROC, if desired. For example, to set it to3, do the following :for ksh$ export NUM_PROC=3for 
sh$ setenv NUM_PROC 32. Run the SUIF 
ompiler driver s

 to 
onvert the sour
e program to a SUIF �le(denoted by ".spd"). For example, after running s

 on "input.
", the outputis "input.spd" :$ s

 -V -.spd input.
If you need to parallelize a 
olle
tion of subroutines, say 1.f, 2.f and 3.f, �rstrun s

 as des
ribed above on ea
h of them to get the SUIF �les, say 1.spd,2.spd and 3.spd. Then, 
ombine these SUIF �les into a �le set using linksuifand them merge them into a single SUIF �le using mergesuif.$ linksuif 1.spd 1.out 2.spd 2.out 3.spd 3.out$ mergesuif 1.out 2.out 3.out input.spd3. Assuming that after step 1, the SUIF �le equivalent to the sour
e programis "input.spd", invoke the 
ommand "parallelize input.spd", with any of theoptions des
ribed above, to get the MPI program in C. Let us 
all it "par
ode.
".4. Compile and link "par
ode.
" with the MPICH library on ea
h workstation.This 
an be done using the mpi

 
ompiler. Ensure that the path of the resultingexe
utable program is the same on every ma
hine.For C programs :$ mpi

 -o par
ode par
ode.
For FORTRAN 77 programs :$ mpi

 -lF77 -lI77 -o par
ode par
ode.
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5. Run the MPI program on the NOW.$ mpirun par
odeA.5 Additional notes� MPICH requires a pro
ess startup me
hanism for starting up pro
esses on anetwork of workstations. Normally rsh is used (under Unix), but 
ertain per-missions have to be set up on the parti
ipating ma
hines, su
h as 
reation of.rhosts �le. If this is undesirable on your network, the simplest alternative is touse ssh, a se
ure shell. For more details on 
on�guring ssh to work properly withMPICH, refer to the Installation Guide of MPICH (available with the MPICHdistribution).� The 
on�guration of the virtual ma
hine is de�ned in the �lempi
h/util/ma
hines/ma
hines.XXX where XXX represents the ar
hite
tureof the underlying ma
hines. Hen
e, the user may spe
ify the host names of thema
hines 
onstituting the NOW in this �le.� For instru
tions on how to run MPI programs on a heterogenous NOW, referto the User's Guide of MPICH.
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Appendix B
Sample ProgramsJACOBI.FPROGRAM JACOBIREAL A(500, 500), B(500, 500)INTEGER I, J, K, TIMETIME = 100DO 50 K = 1, TIMEDO 20 J = 2, 499DO 10 I = 2, 499A(I, J) = (B(I,J-1) + B(I-1,J) + B(I+1,J) + B(I,J+1)) / 410 CONTINUE20 CONTINUEDO 40 J = 2, 499DO 30 I = 2, 499B(I, J) = A(I, J)30 CONTINUE40 CONTINUE50 CONTINUEEND 53



MULT.C#in
lude <stdio.h>void main (int arg
, 
har *argv[℄){ int A[300℄[300℄, B[300℄[300℄, C[300℄[300℄;int i, j, k;for (i=0;i<300;i++)for (j=0;j<300;j++){ A[i℄[j℄ = 1;B[i℄[j℄ = 2;C[i℄[j℄ = 0;}for (i=0;i<300;i++)for (j=0;j<300;j++)for (k=0;k<300;k++)C[i℄[j℄ = C[i℄[j℄ + A[i℄[k℄*B[k℄[j℄;for (i=0;i<300;i++)for (j=0;j<300;j++)printf ("C[%d℄[%d℄=%d\n", i, j, C[i℄[j℄);}
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BC.Fsubroutine b
 (id, d, neq)parameter (mrng=21)integer rng(mrng)real rs(mrng)
ommon /
rng/ nrng, rng, rs
ommon /
info/ ndof, nsd, nn, neinteger id(ndof,1)real d(ndof,1)do 10 idof=1, ndofdo 10 inode=1,nnid (idof, inode) = 010 
ontinue
.....establish equation numbersneq = 0do 20 n=1,nndo 20 i=1,ndofif (id(i,n).ne.0) thenid(i,n) = 0elseneq = neq + 1id(i,n) = neqend if100 
ontinuereturnend
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SAMPLE.C#in
lude <stdio.h>int A[30℄[30℄;int B[30℄;void main(int arg
, 
har *argv[℄){ int i,j,index;for (i=0;i<10; i++){ for (j=0;j<30;j++){ A[i℄[j℄=0;B[i℄=0;}}for (index=3;index<30;index++)for (j=27;j>0;j--){ A[index℄[j℄ = A[index-1℄[j℄ + A[index-2℄[j℄ + A[index-3℄[j℄+1;B[index℄ = B[index-1℄ + 1;}for (i=0;i<30;i++)for (j=0;j<30;j++){ if (j==0) printf ("%d::%d::%d,", i, B[i℄,A[i℄[j℄);else if (j<29) printf("%d,", A[i℄[j℄);else printf("%d\n", A[i℄[j℄);}}
56



BLK4AW.Fsubroutine blk4aw (a, ien, x, lm)parameter (nen=4)parameter (nee=4)
ommon /
blk/ neq, length
ommon /
info/ ndof, nsd, numnp, numelinteger ien(nen,1), lm(nen,1)real a(1), x(nsd,1)real gaus(2,4), weis(4)real rm(nen), xl(2,nen)real sh(0:2,nen)real det, effisymm = 0do 10 i=1, neqa(i)=0.010 
ontinuedo 200 n= 1, numeldo 20 inen = 1,neninode = ien(inen,n)
........... lo
alize 
o-ordinatesdo 30 isd =1,nsdxl(isd,inen) = x(isd,inode)30 
ontinue20 
ontinuedo 40 iee = 1, neerm(iee) = 0.0e040 
ontinue 57



do 120 k=1,ngauseff = det * weis(k)do 110 nb=1,nenrm(nb) = rm(nb) + sh(0,nb) * eff110 
ontinue120 
ontinuea(lm(1,n)) = a(lm(1,n)) + rm(1)a(lm(2,n)) = a(lm(2,n)) + rm(2)a(lm(3,n)) = a(lm(3,n)) + rm(3)a(lm(4,n)) = a(lm(4,n)) + rm(4)200 
ontinuereturnend
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BLK4BW.Fsubroutine blk4bw (b, ien, x, d, pa ,lm)parameter (nen=4)parameter (nee=4)
ommon /
blk/ neq, length
ommon /
info/ ndof, nsd, numnp, numelreal b(1), x(nsd,1), d(nsd,1), pa(1)integer ien(nen,1), lm(nen,1)real gaus(2,4), weis(4)real pp(nen), xl(2,nen), dl(2,nen)real sh(0:2,nen)real xr, det, eff, wdo 10 i=1,neqb(i) = 0.010 
ontinuedo 200 n=1, numeldo 20 inen =1,neninode = ien(inen,n)
.......... lo
alize 
o-ordinatesdo 30 isd =1,nsdxl(isd,inen) = x(isd,inode)30 
ontinue
.......... lo
alize dof'sdo 40 idof =1,nsddl(idof,inen) = d(idof,inode)40 
ontinue20 
ontinuedo 50 iee =1, nee 59



pp(iee) = 0.0e050 
ontinuedo 60 k=1,ngauseff = det * weis(k)w = sh(1,1) * dl(2,1)& + sh(1,2) * dl(2,2)& + sh(1,3) * dl(2,3)& + sh(1,4) * dl(2,4)& - sh(2,1) * dl(1,1)& - sh(2,2) * dl(1,2)& - sh(2,3) * dl(1,3)& - sh(2,4) * dl(1,4)pp(1) = pp(1) + sh(0,1) * w * effpp(2) = pp(2) + sh(0,2) * w * effpp(3) = pp(3) + sh(0,3) * w * effpp(4) = pp(4) + sh(0,4) * w * eff60 
ontinueb(lm(1,n)) = b(lm(1,n)) + pp(1)b(lm(2,n)) = b(lm(2,n)) + pp(2)b(lm(3,n)) = b(lm(3,n)) + pp(3)b(lm(4,n)) = b(lm(4,n)) + pp(4)200 
ontinuereturnend
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Dependen
y information generated by 
ompiler for SAMPLE.C=======main=======------------------------------------------For loop i (Outermost)For loop j********************************A[i,j℄ on line 11********************************B[i℄ on line 12Output dependen
e:( 0 * )------------------------------------------For loop index (Outermost)For loop j********************************A[index,j℄ on line 18Anti/Flow dependen
e:[1℄ A[index-1,j℄ on line 18( -1 0 )[2℄ A[index-2,j℄ on line 18( -2 0 )[3℄ A[index-3,j℄ on line 18( -3 0 )********************************B[index℄ on line 19Anti/Flow dependen
e:[1℄ B[index-1℄ on line 19( -1 ) 61


