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Abstract. This pap er describ es a new approac h to compiling and op-

timizing arra y languages for parallel mac hines. This approac h �rst de-

comp oses arra y language op erations in to factors , where eac h factor cor-

resp onds to a di�eren t comm unication or computation structure. Op-

timizations are then ac hiev ed b y com bining, or joining , these factors.

Because factors preserv e high lev el information ab out arra y op erations,

the analysis necessary to p erform these join op erations is simpler than

that required for scalar programs. In particular, w e sho w ho w data par-

allel programs written in the ZPL programming language are compiled

and optimized using the factor-join approac h, and w e sho w that a small

n um b er of factors are su�cien t to represen t ZPL programs.

1 In tro duction

Arra y languages suc h as F ortran 90 and ZPL in tro duce compilation issues not

encoun tered in the con text of scalar languages suc h as F ortran 77 or C. Cer-

tain problems v anish, others b ecome more complicated, and still others call for

tec hniques not previously a v ailable. This pap er sho ws ho w compilers can exploit

this new con text. Using the ZPL compiler as an example, w e describ e a new ap-

proac h to compiling arra y languages that is particularly useful when compiling

for parallel mac hines.

T o see ho w an arra y language can simplify the compilation pro cess, consider

the problem of generating explicit in terpro cessor comm unication from a scalar

language. One c hallenging problem in compiling scalar F ortran 77 co de is p er-

forming message ve ctorization [9 ]|the transmission of m ultiple v alues in a single

message rather than in separate messages. In scalar languages, the base unit of

computation is a single v alue, and comm unicatio n is generated p er-v alue, making

v ectorization an optimization task. But in arra y languages the unit of computa-

tion is a con tiguous sub-arra y , resulting in natural and automatic v ectorization,

as illustrated in Fig. 1.

T o illustrate ho w an arra y language's high-lev el concepts motiv ate new op-

timizations, consider ZPL's reduce op erators whic h com bine data elemen ts of
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an arra y using an asso ciativ e op erator suc h as plus, logical-and, or minim um .

The implemen tation of reduce requires lo cal computation, a global reduction,

and a broadcast. The comm unication comp onen ts of consecutiv e reduces can b e

merged to yield signi�can t p erformance impro v emen ts in m uc h the same w a y

that message v ectorization optimizes access to consecutiv e scalar v alues. This

optimization is illustrated in Fig. 2. In scalar languages, there is little c hance for

the compiler to optimize comm unication in this w a y . Ev en if the reduce concept

is abstracted to a pro cedure, it is di�cult for a compiler to recognize, m uc h less

realize, the opp ortunity to p erform the optimization.

do 10 j = 1,n

do 10 i = 1,m

10 A(i,j) = A(i,j+1)

processor k
allocation

processor k+1
allocation

(a) Scalar language.

[1..m,1..n] A := A@east;

processor k
allocation

processor k +1
allocation

(b) Arra y language.

Fig. 1. Message v ectorization in paralleli zed F ortran 77 and ZPL.

The ZPL compiler ac hiev es these sorts of optimizations with the factor-join

compilation strategy in whic h eac h arra y op eration is decomp osed in to basic

comp onen ts called factors . Eac h factor describ es an elemen tary computation

or data transfer op eration, and subsequen t analyses manipulate and join these

factors as optimizations. Though more basic than ZPL arra y op erations, the

minvel := min << V el;

maxvel := max << V el;

(a) ZPL source.

t = DBL MAX;

fo r (i=mylo w; i < myhi; i++)

t = min(t,V el[i]);

Glob Reduce( < t,min > );

Broadcast( < t,minvel > );

t = -DBL MAX;

fo r (i=mylo w; i < myhi; i++)

t = max(t,V el[i]);

Glob Reduce( < t,max > );

Broadcast( < t,maxvel > );

(b) Naiv e co de generation.

t1 = DBL MAX;

fo r (i=mylo w; i < myhi; i++)

t1 = min(t,V el[i]);

t2 = -DBL MAX;

fo r (i=mylo w; i < myhi; i++)

t2 = max(t2,V el[i]);

Glob Reduce( < t1,min > , < t2,max > );

Broadcast( < t1, minvel > , < t2, maxvel > );

(c) Optimized co de generation.

Fig. 2. Com bining the comm unication p ortions of reductions. Notice the reduce op er-

ators in the ZPL source (a): min << and max << .



factors preserv e the source co de's high-lev el seman tics. In con trast to this high

lev el approac h the IBM HPF compiler ma y lose seman tic information b ecause

it sc alarizes F ortran 90 arra y structures early in the compilation pro cess [12 ].

The ZPL compiler th us emplo ys standard compilation concepts and tec h-

niques, but extends them to exploit the language's abstractions and to treat

arra ys atomically . Our presen tation of the ZPL compiler will assume an under-

standing of scalar compilation and concen trate only on areas of di�erence. These

include the follo wing.

{ In ternal represen tations, particularly the AST

{ Run-time assumptions ab out the virtual mac hine

{ Phases of compilation

{ The factor-join tec hnique and its resulting optimizations

� lo op fusion and arra y con traction

� redundan t comm unication remo v al

� comm unicatio n pip elining and com bining

This pap er presen ts the �rst description of the ZPL compiler's in ternal w ork-

ings, and as suc h it concen trates on compilation strategy rather than p erfor-

mance. Previous w ork has sho wn that the generated co de's p erformance is com-

parable with C using explicit message-passing [21 ] and is generally sup erior to

the HPF compilers with whic h it has b een compared [19 , 22]. ZPL has also b een

successfully used for scien ti�c and engineering applications [8, 18, 24 ], and its

compiler is a v ailable on the W eb.

2

The remainder of this pap er is structured as follo ws. Section 2 brie
y in tro-

duces basic ZPL language concepts|more complete descriptions are a v ailable

elsewhere [27 , 20 ]. Section 3 describ es run time assumptions that are used in the

compilation pro cess. The compilation pro cess itself is describ ed in Sect. 4, with

an emphasis on its structure and use of the factor-join strategy . Section 5 dis-

cusses the details of joining, and the �nal t w o sections presen t related w ork and

conclusions.

2 ZPL Language Summary

ZPL is an implicitly parallel arra y language designed for scien ti�c computa-

tions [27 ]. It is an imp erativ e language, supp orting standard data t yp es ( integer ,


oat , cha r , etc.), standard op erators ( + , - , � , etc.), C-lik e assignmen t op erators

( += , � = , etc.), pro cedures with b y-v alue and b y-reference parameters, recursion,

a standard set of con trol constructs ( if , fo r , while , etc.), and C-lik e I/O.

In addition, ZPL pro vides a n um b er of abstractions and op erations designed

to simplify programming while promoting e�ciency . R e gions are a fundamen tal

concept, implicitly sp ecifying the parallelism in a ZPL program. A region is a

set of indices and can b e declared as follo ws. (An y text to the righ t of { { is a

commen t.)
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region R = [1..m, 1..n]; { { Decla re R= f (1,1), (1,2), : : : , (m,n) g

Regions are used to declare arra ys as follo ws.

va r A: [R] 
oat; { { A is an m � n a rra y of 
oats

R e gion sp e ci�ers pre�x statemen ts to de�ne the exten t of arra y op erations. A

statemen t whose arra ys are of rank r requires a region sp eci�er of rank r , and

the arra y indices for whic h the statemen t is executed are the indices in the

region sp eci�er. F or example, the follo wing statemen t assigns the v alue 1 to the

elemen ts of A for the indices R = f (1,1), (1,2), : : : , (m,n) g .

[R] A := 1;

Dynamically scop ed region sp eci�ers allo w a pro cedure either to supply region

sp eci�ers explicitly in its b o dy or to inherit them from the call site. Th us, pro ce-

dures can b e written in a region-indep enden t fashion and execute o v er di�eren t

regions with eac h call.

[east of R] A:=1[R] A:=1 [2,1..n] A:=0 [R] ... A@east ...[east in R] A:=0

(a)	 (b)	 (c)	 (d)	 (e)	 (f)

[R] A := A@east

Fig. 3. Sequence of region usage examples. Grey b o xes represen t the v alue 1 and white

represen ts 0. The hashed area in (e) represen ts the elemen ts referred to b y A@east .

Regions can b e expressed and manipulated in a v ariet y of w a ys. Figure 3

sho ws a sequence of op erations whic h use A , R and n as de�ned ab o v e, and east

= [0,1] . Arra y and region names are capitalized, while scalar v ariables are not.

In Fig. 3(a), an arra y assignmen t, as just describ ed, sets the R region of A , to

1. Next, an assignmen t o v er the region east in R sets the column in side the east

b order to 0. In 3(c), the region east of R causes the implicit allo cation of a new

column adjacen t to, but outside of, the east b order and sets it to 1. Dynamic

r e gions bind their indices at run time. The dynamic r e gion [2,1..n] in 3(d) sp eci�es

that the �rst n elemen ts of the second ro w b e set to 0. The @ -op erator translates

the sp eci�ed region, in this case R , b y adding the dir e ction to all indices in the

region, so Fig. 3(e) uses diagonal hashing to indicate the v alues referenced b y

A@east . In 3(f ), the hashed p ortion of the arra y is assigned in to A , shifting the

arra y . Notice that the v alues in the east of R region are unc hanged b ecause they

are outside of the applied region R .

ZPL supp orts a full set of reduce and scan (parallel pre�x) op erators. F or

example, the follo wing statemen t r e duc es A to the v alue of its largest elemen t

using the max reduction op erator ( max << ) and assigns the v alue to the scalar

biggest .



biggest := max << A; { { Find la rgest element

Other reduction op erations include min << , + << , � << , and & << . Scan is simi-

lar to reduce, but it pro duces an arra y of the same shap e and size as its op erand,

and eac h elemen t con tains the result of the reduction o v er all lo w er indexed el-

emen ts (in ro w-ma jor order).

Biggest so fa r := max jj A; { { Scan �nding p rogressively la rger items

ZPL also has partial reduces and scans that apply an op erator o v er a subset

of the arra y's dimensions (see Fig. 4). The dimensions in brac k ets indicate the

subset of dimensions to scan across.

1 1 1

1 1 1

1 1 1

A

1 2 3

1 2 3

1 2 3

+ jj [2]A

1 1 1

2 2 2

3 3 3

+ jj [1]A

1 2 3

4 5 6

7 8 9

+ jj A

Fig. 4. P artial scan op eration examples.

The concepts in tro duced up to this p oin t are su�cien t for understanding

the sample scien ti�c computation sho wn in Fig. 5. This co de tak es as input a

v ector con taining the sampled co ordinates of an ob ject at v arious times ( Sam-

pleT , SampleXP os , SampleYP os ). It assumes the ob ject w as at the origin at time

0 (lines 18-22) and computes the appro ximate v elo cit y of the ob ject for eac h

sampled in terv al (lines 23-28). It then applies reduction op erators to determine

the ob ject's minim um and maxim um v elo cities (lines 29-30). This program will

serv e as a running example throughout the pap er. A complete listing is pro vided

in App endix A.

In addition to the ab o v e op erations, ZPL con tains a n um b er of expressiv e

abstractions for arra y manipulation. Due to space limitations, w e only giv e a

brief surv ey b elo w, but complete information is a v ailable elsewhere [27 , 20 ].

{ Shatter e d c ontr ol 
ow { ZPL has sequen tial con trol 
o w as long as con trol

statemen ts in v olv e only scalars (e.g., if (scala r=1) then : : : ). Con trol 
o w can

also b e sp eci�ed using arra ys, (e.g., [R] if (Arra y=1) then : : : ), so that eac h

index in the region is giv en a concurren tly-executing thread of con trol.

{ Flo o ding { Arra ys can b e declared to b e 
o o dable , causing certain dimensions

to b e replicated for all indices (e.g., va r F:[1..m, � ] 
oat; ). The 
o o d op era-

tor ( >> [R] ) can b e used to assign ro ws or columns (indicated b y region R )

of an arra y to a 
o o dable arra y . F or example:

[1..m, � ] F := >> [1..m,4]A; { { Flo o d F with column 4 of A



. . .

3 direction p rev = [-1];

. . .

6 region R = [1..samplecount];

7 va r SampleT, SampleXP os, SampleYP os : [R] double;

8 DeltaT, DeltaXP os, DeltaYP os : [R] double;

9 XV el,YV el : [R] double;

10 V el : [R] double;

11 p ro cedure V elo cit yStats();

12 va r minvel,maxvel : double;

. . .

14 [R] b egin

. . .

18 [p rev of R] b egin

19 SampleT := 0.0;

20 SampleXP os := 0.0;

21 SampleYP os := 0.0;

22 end;

23 DeltaT := SampleT - SampleT@p rev;

24 DeltaXP os := SampleXP os - SampleXP os@p rev;

25 DeltaYP os := SampleYP os - SampleYP os@p rev;

26 XV el := DeltaXP os/DeltaT;

27 YV el := DeltaYP os/DeltaT;

28 V el := sqrt(XV el*XV el + YV el*YV el);

29 minvel := min << V el;

30 maxvel := max << V el;

. . .

33 end;

Fig. 5. Excerpt from running example in App endix A. This ZPL co de computes ap-

pro ximate minim um and maxim um v elo cities of a particle from a v ector of sampled

p ositions and times.

Since F is a 
o o d arra y , it has no sp eci�c n um b er of columns, and only a

single cop y of its de�ning v alues is stored at eac h pro cessor. This pro vides a

highly e�cien t w a y to refer to substructures of an arra y . F or example, after

column 4 of A has b een 
o o ded in to F (ab o v e), the statemen t [R] A:=A � F

has the e�ect of m ultiplying eac h column of A b y column 4.

{ R e
e ct/Wr ap { Op erations are pro vided to simplify the computation of

b oundary v alues. When in v ok ed in the con text of an of or in region sp eci�er,

re
ect and wrap cause the arra y's v alues in that region to b e �lled with those

mirrored across the b order (re
ect) or from the opp osite side of the arra y

(wrap).

{ Sc alars/A rr ays/Indexe d A rr ays { Scalars are replicated and redundan tly

computed. ZPL has t w o kinds of arra ys: parallel arra ys (also referred to

simply as \arra ys") for whic h indexing is not needed, and indexed arra ys

for whic h indexing is required. P arallel arra ys are distributed across all pro-

cessors, while indexed arra ys are replicated in the same manner as scalars.

Indexed arra ys are commonly used as elemen ts of parallel arra ys.

This concludes our in tro duction to ZPL. W e note that the language's op er-

ators, though v ery regular and structured, can b e com bined in non-trivial w a ys



to implemen t man y scien ti�c applications. The language is not ideally suited for

certain applications, particularly highly irregular co des. These are handled b y

ZPL's more general paren t language, A dvanc e d ZPL [26 ].

3 The ZPL Run time

Before describing the ZPL compiler, w e state a few assumptions ab out ZPL's

run time en vironmen t. In ZPL, the region is the basis for a program's implied

parallelism. In the curren t implemen tation, the union of all regions' index sets

is blo c k distributed across a t w o dimensional pro cessor mesh. Eac h arra y is

allo cated based on this blo c k distribution, so all arra y elemen ts with the same

indices are allo cated to the same pro cessor.

This assumption leads to the trivial iden ti�cation of comm unication| b oth

for the compiler and the user. F or example, line 28 of the running example ( V el :=

sqrt(XV el*XV el + YV el*YV el); ) can b e executed in parallel b ecause corresp ond-

ing elemen ts of arra ys V el , XV el , and YV el are kno wn to reside on the same pro ces-

sor. The shifted arra y reference in Line 23 ( DeltaT := SampleT - SampleT@p rev; )

will require p oin t-to-p oin t comm unicati on to transfer non-lo cal v alues of Sam-

pleT to adjacen t pro cessors. As a �nal example, line 29 ( minvel := min << V el; )

computes the minim um -reduction using collectiv e comm unication in v olving all

pro cessors. This iden ti�cation of necessary comm uni cation is crucial to the com-

piler's factor-join sc heme, as will b e seen in Sect. 4.

Although arbitrary alignmen t is not supp orted, certain optimizations, suc h as

aligning only in teracting arra ys, are straigh tforw ard extensions. Ho w ev er, in the

common case, a single global distribution sc heme has pro v en v ery e�ectiv e. The

use of a t w o-dimensional blo c k distribution of higher-dimensional regions w as

a decision of con v enience that results in e�ectiv e compilation for the common

case. Higher-dimensional and alternativ e (e.g., cyclic, blo c k-cyclic) distributions

are a relativ ely straigh tforw ard extension to the existing compiler.

4 Compiler Ov erview

This section describ es ho w the ZPL compiler transforms ZPL source co de in to

a lo osely sync hronous SPMD C program that can then b e compiled and run on

an y target mac hine. The bulk of the w ork is in compiling arra y op erations in to an

e�cien t distributed scalar implemen tatio n. Since source-lev el scalar op erations

are replicated on eac h pro cessor, their compilation is straigh tforw ard and will

receiv e little atten tion here.

The ZPL compiler �rst parses the ZPL source in to an abstract syn tax tree

(AST). The compiler preserv es the source program's high-lev el arra y op erations,

rather than sc alarizing them, to allo w the compiler to p erform optimizations at

the arra y lev el. The AST is not transformed in to scalar co de un til the generation

of the ANSI C output. Additional AST no des are in tro duced during the compi-

lation pro cess, for example to explicitly represen t data transfer that is implicitly

sp eci�ed b y the source program.



After parsing, the compiler normalizes the AST to pro duce a more uniform

AST and to eliminate complex in teractions b et w een the di�eren t t yp es of arra y

op erations. Normalization breaks heterogeneous arra y statemen ts (i.e., state-

men ts con taining di�eren t v arieties of arra y op erations) in to a n um b er of simpler

arra y statemen ts b y inserting temp orary scalars or arra ys.

The compiler then p erforms optimizations using the factor-join strategy . Eac h

normalized statemen t is decomp osed in to factors, where eac h factor represen ts

an elemen tary arra y op eration in v olving either lo cal computation ( C-factors )

or in terpro cessor data transfer ( T-factors ). Because eac h factor represen ts a

particular comm unication or computation structure, factors of the same t yp e

can alw a ys b e joined. The joining of the v arious t yp es of factors is discussed

in Sect. 5. Figure 6 summarizes the factorization of the di�eren t t yp es of ZPL

arra y statemen ts.

1 S

arr ay

! T

�

pp

� C

2 S

wr ap

! T

pp

3 S

r e
e ct

! T

pp

4 S

r e duc e

! C � T

gr

� T

b c

5 S

sc an

! C � T

gs

� ( C � T

gs

)

�

�

( C � T

b c

� C )

�

� C

6 S


o o d

! T

b c

Key

C : Computation

T : T ransfer

pp : p oin t-to-p oin t

b c : broadcast

gr : global reduce

gs : global scan

�

: zero or more

Fig. 6. Rules for factoring the di�eren t t yp es of arra y statemen ts.

As an example of factorization, the compiler classi�es line 28 ( V el:=sqrt(XV el*

XV el+YV el*YV el); ) of the running example (Fig. 5) as an elemen t-wise arra y

statemen t ( S

arr ay

) and factors it using rule 1 (Fig. 6). This statemen t requires

no data transfer b ecause no comm unicati on-inducing op erators are used. Th us,

the compiler expands the statemen t in to a single C-factor and no T-factors.

The corresp ondence b et w een C-factors and lo cal computation simpli�es sub-

sequen t analysis. Eac h C-factor is represen ted b y a multi-lo op (or m-lo op ) no de

that encapsulates all information needed to generate ob ject co de, including the

region o v er whic h the statemen t is executed and the co de that forms the lo op

b o dy . The AST no de that is generated for this example is sho wn in Fig. 7(a).

As another example, consider line 23 ( Delta:=SampleT-SampleT@p rev; ) of the

running example. This statemen t is also classi�ed as an arra y statemen t but

requires comm unication b ecause it uses the @ -op erator, so a m ulti-part T-factor

represen ting p oin t-to-p oin t comm unication ( T

pp

) is inserted prior to its C-factor.

This T-factor is represen ted in the AST using Send and Receiv e no des

3

that

3

The ZPL compiler actually uses the Ir onman comm unication in terface whic h is

more hardw are indep enden t than a send/receiv e in terface [7]. By using mac hine-

dep enden t libraries and an unassuming in terface, Ir onman allo ws the same ZPL

ob ject co de to exploit eac h mac hine's customized in terpro cessor comm unication fea-

tures. This do cumen t uses send/receiv e for simplicit y .



M-Loop
region: R

body: Vel := sqrt(XVel*XVel + YVel*YVel);
Vel := sqrt(XVel*XVel + YVel*YVel);

(a)

M-Loop
region: 	 R

body: 	DeltaT:=SampleT-SampleT@prev;

Receive

region: 	 R

direction: 	prev

array: 	 SampleT

Send

region: 	 R

direction: 	prev

array: 	 SampleT

DeltaT := SampleT-SampleT@prev;

(b)

Broadcast
value: 	 temp

target: 	minvel

Global-
Reduce

region: 	 R

value: 	 temp

operation: 	 min
minvel := min<<Vel;

M-Loop
region: 	R

body: 	 temp := min(temp,Vel);

(c)

Fig. 7. ZPL source co de and the corresp onding factored AST. Note that the v arious

no de prop erties (e.g., r e gion , dir e ction , b o dy ) are actually p oin ters to sym b ol table

en tries or other parts of the AST.

describ e the region, arra y , and direction of data transfer (Fig. 7(b)).

Some op erators are translated in to m ultiple factors. F or example, the reduc-

tion in line 29 ( minvel:=min << V el; ) of the running example is factored (b y rule

4, Fig. 6) in to a C-factor that computes the lo cal result for eac h pro cessor and

t w o T-factors: one to com bine the lo cal results in to a global result ( T

gr

) and

a second to broadcast the global result to all pro cessors ( T

b c

). AST no des are

inserted for eac h of these factors, as sho wn in Fig. 7(c).

5 Joining F actors

This section describ es ho w the ZPL compiler p erforms optimizations b y manip-

ulating C-factors and T-factors. The optimization pro cess is simpli�ed b ecause

only a small n um b er of C- and T-factors are needed to represen t an y arra y op er-

ation, and b ecause in ter-statemen t optimizations can tak e place without ha ving

to consider ho w the man y di�eren t t yp es of arra y statemen ts ma y in teract.

5.1 Lo cal Computation: M-Lo ops

As the only t yp e of C-factor (i.e., the only w a y to iterate o v er arra ys), m-lo ops

represen t the lo cal p ortions of an y arra y statemen t, including elemen t-wise as-



signmen t, reductions, scans, etc. Th us, optimizing this single factor can yield

substan tial p erformance impro v emen t. In the �nal compilation step, an m-lo op

is translated in to a lo op nest that executes on eac h pro cessor and iterates o v er

that pro cessor's p ortion of the applicable region.

When a lo op nest is generated from an m-lo op, the compiler determines the

nest depth, determined b y the rank of the region, and iteration direction of eac h

generated lo op, as constrained b y the b o dy of the m-lo op. These constrain ts

arise from data dep endences and seman tic restrictions. Sp eci�cally , m-lo ops in-

tro duced b y arra y statemen ts are initially only seman tically constrained, i.e., the

righ t-hand side expression is ev aulated b efore the left-hand side. (It is precisely

this prop ert y that allo ws these op erations to b e directly parallelized.) M-lo ops

in tro duced b y reduce and scan op erators induce a pseudo dep endence due to

the accum ulation via an asso ciativ e op erator. The joining of factors in tro duces

additional constrain ts, b ecause additional dep endences m ust b e preserv ed.

Joining M-lo ops. The joining of m-lo op factors has the e�ect of fusing lo ops

in the ob ject C co de. Determining whether t w o m-lo ops ma y b e legally joined

is similar to the data dep endence analysis required to fuse t w o lo op nests [28 ]:

(1) b oth m-lo ops m ust iterate o v er the same region, and (2) for the joined m-lo op

there m ust exist a lo op nest that preserv es the unjoined data dep endences and

resp ects seman tic restrictions. This join transformation di�ers from traditional

lo op fusion in that the structure of the candidate lo op nests is not �xed when the

joining decision is made. There are a n um b er of b ene�ts to joining m-lo ops. Some

are traditional, e.g., impro v ed cac he lo calit y [6] and reduced lo op o v erhead, and

others are unique to the arra y language con text, e.g., joining enables c ontr action

of an arra y to a scalar when the arra y's de�nition only reac hes uses in the same

iteration.

Arra y Con traction. Arra y con traction is a w ell-kno wn tec hnique for scalar

languages [28 ], but it is more imp ortan t for arra y languages b ecause the pro-

grammer has no con trol o v er the structure of the compiler-generated lo ops. This

leads to a p oten tial p erformance problem since the programmer cannot cac he an

arra y v alue in a sc alar for later use in the same iteration of a lo op, a common

tec hnique emplo y ed in scalar languages. Instead, the arra y language programmer

m ust use whole arra ys as temp oraries (e.g., arra y V el in the running example),

whic h w aste memory , induce con ten tion in the data cac he, and ultimately slo w

execution of the program. F or the programmer, the only alternativ e to these

in termediate arra ys is to in tro duce redundan t computation.

Consider the co de fragmen t in Fig. 8(a). Figure 8(b) sho ws the naiv e co de

that is generated when factors are not joined. Notice that arra ys XV el , YV el

and V el are used to cac he computed v alues. If the de�nitions and uses of these

v ariables can b e joined in to a single m-lo op, then scalars can hold these v alues

(Fig. 8(c)), as they are not liv e outside of the iteration. Since m-lo ops induced

b y reductions are no di�eren t from m-lo ops induced b y elemen t-wise assignmen t



26 XV el := DeltaXP os/DeltaT;

27 YV el := DeltaYP os/DeltaT;

28 V el := sqrt(XV el*XV el + YV el*YV el);

29 minvel := min << V el;

30 maxvel := max << V el;

(a) ZPL source.

fo r (i=mylo w; i < myhi; i++)

XV el[i] = DeltaXP os[i] / DeltaT[i];

fo r (i=mylo w; i < myhi; i++)

YV el[i] = DeltaYP os[i] / DeltaT[i];

fo r (i=mylo w; i < myhi; i++)

V el[i] = sqrt(XV el[i]*XV el[i ]+YV el[i ]*YV el [i]) ;

temp = DBL MAX;

fo r (i=mylo w; i < myhi; i++)

temp = min(temp, V el[i]) ;

< . . . data transfer co de here . . . >

< . . . assignment to minvel . . . >

temp = -DBL MAX;

fo r (i=mylo w; i < myhi; i++)

temp = max(temp, V el[i]);

< . . . data transfer co de here . . . >

< . . . assignment to maxvel . . . >

(b) Naiv e lo op generation.

fo r (i=mylo w; i < myhi; i++) f

xvel = DeltaXP os[i] / DeltaT[i];

yvel = DeltaYP os[i] / DeltaT[i];

V el[i] = sqrt(xvel*xvel+yvel*yvel);

g

temp = DBL MAX;

fo r (i=mylo w; i < myhi; i++)

temp = min(temp, V el[i]);

< . . . data transfer . . . >

< . . . assignment to minvel . . . >

temp = -DBL MAX;

fo r (i=mylo w; i < myhi; i++)

temp = max(temp, V el[i]);

< . . . data transfer co de here . . . >

< . . . assignment to maxvel . . . >

(c) P artially optimized lo op generation.

temp1 = DBL MAX;

temp2 = -DBL MAX;

fo r (i=mylo w; i < myhi; i++) f

xvel = DeltaXP os[i] / DeltaT[i];

yvel = DeltaYP os[i] / DeltaT[i];

vel = sqrt(xvel*xvel+yvel*yvel);

temp1 = min(temp1, vel);

temp2 = max(temp2, vel);

g

< . . . data transfer . . . >

< . . . assignment to minvel . . . >

< . . . assignment to maxvel . . . >

(d) F ully optimized lo op generation.

Fig. 8. E�ects of joining and con traction on an excerpt from the running example. A

n um b er of the arra y references in the b old statemen ts b ecome scalar references. Arra ys

DeltaXP os , DeltaYP os , DeltaT in the running example ma y b e similarly con tracted.

statemen ts, arra y V el ma y also b e con tracted as in Fig. 8(d). In fact, for the run-

ning example, all but the Sample arra ys are eliminated b y this arra y con traction.

W e cannot indep enden tly join m-lo ops and p erform con traction if w e exp ect

to maxim ize con traction. The compiler therefore joins m-lo ops with the goal of

enabling maxim al arra y con traction. Using a heuristic ordering of the candidate

arra ys, all m-lo ops con taining a candidate arra y are joined if the joining enables

con traction of the candidate arra y . This simple greedy strategy pro duces v ery

high qualit y co de [17 ].

Our approac h not only con tracts arra ys that a clev er scalar language pro-

grammer w ould, it often succeeds in non-ob vious cases. There are cases when

a group of m-lo ops ma y not legally b e joined b ecause they o v er-constrain the

resulting lo op nest, but simple transformations eliminate the constrain ts and en-



able the joining and con traction. The tric k of eliminating the constrain t is often

suitably a wkw ard that programmers are un willing or unable to do this b y hand.

Indexed Arra ys. While the use of m-lo ops nicely encapsulates the lo cal com-

putation that results from arra y statemen ts, the distinction b et w een m-lo ops

and source-lev el lo ops can pro duce a run time p erformance p enalt y when these

t w o t yp es of lo ops in teract. Consider the ZPL co de fragmen t in Fig. 9(a), whic h

uses a parallel arra y of indexed arra ys. An m-lo op will b e used to iterate o v er the

parallel arra y , while a source-lev el lo op iterates o v er eac h elemen t of the indexed

arra y (Fig. 9(b)). The problem is that the generated co de will exhibit p o or cac he

b eha vior unless the source-lev el lo op is mo v ed inside the compiler generated lo op,

as in Fig. 9(c). A source-lev el lo op is a candidate for this transformation when it

iterates o v er an indexed arra y that is an elemen t of a parallel arra y . The trans-

formation is p erformed when all m-lo ops that con tain the in v olv ed arra y ma y b e

joined.

region R = [1..n];

va r A : [R] a rra y [1..m] of integer;

. . .

[R] fo r i := 1 to m do

A[i] := 1;

end;

(a)

fo r (i=1; i < = m; i++)

fo r (j=mylo w; j < myhi; j++)

A[j][i] = 1;

(b)

fo r (j=mylo w; j < myhi; j++)

fo r (i=1; i < = m; i++)

A[j][i] = 1;

(c)

Fig. 9. The in teraction of source-lev el lo ops and compiler generated lo ops. The ZPL

source (a) will naiv ely b e compiled in to the co de in (b). Bringing the source-lev el lo op

inside the compiler generated lo op (c) will impro v e cac he lo calit y .

5.2 Data T ransfer

There are sev eral t yp es of T-factors. P oin t-to-p oin t T-factors are implied b y the

wrap statemen t, the re
ect statemen t, and the @ op erator, while the remaining

T-factors represen t collectiv e comm unication in op erations suc h as scan, reduce

and 
o o d. A p oin t-to-p oin t T-factor is m ulti-part (send and receiv e), while a

single T-factor can represen t eac h v ariet y of collectiv e comm unication. This sec-

tion discusses the optimization of data transfer through the manipulatio n of

T-factors.

Data transfer can b e optimized in three w a ys. First, redundan t T-factors ma y

b e remo v ed. A T-factor is redundan t if and only if the data transfer p erformed

b y the T-factor is preceded b y a T-factor that satis�es the requested data trans-

fer. Next, T-factors in v olving the same source and destination pro cessors ma y

b e com bined. Finally , the comp onen ts of m ulti-part T-factors ma y b e pushed

apart to pip eline and o v erlap data transfer and computation. Recall that com-

m unication in arra y languages is naturally v ectorized, so the compiler do es not



p erform explicit message v ectorization. The remo v al of redundan t T-factors and

the com bining of T-factors are exact instances of the join op eration, while the

pip elining of T-factors enables additional joins to o ccur. F or con v enience, w e

will refer to eac h optimization in isolation, though the actual implemen tation

considers all three optimizations sim ultaneously .

P oin t-t o-P oin t Comm unication. P oin t-to-p oin t T-factors can b e optimized

b y all three tec hniques. These optimizations require information ab out the uses

and mo di�cations of the arra y v ariables b eing transferred. This information is

main tained in the form of def/use-sets on a p er statement basis. Since arra ys are

nev er indexed, the compiler treats them atomically , m uc h lik e scalars. Unlik e

languages suc h as F ortran 77, no index functions or lo op b ounds information

need b e examined. Rather, the region and direction indicate the slice of an arra y

to b e transferred. The compiler could p erform sym b olic analysis on the regions

to obtain more precise def/use-sets, but this is generally not necessary as most

data parallel computations use a small set of regions.

Figure 10 sho ws a sample co de fragmen t that requires data transfer, along

with unoptimized and optimized co de generated for it. F or simplicit y , w e again

assume that the compiler generates message passing co de (send and receiv e calls).

T o generate the unoptimized co de in Fig. 10(b), the compiler need only generate

a library call for eac h @ induced T-factor. The co de generated in Fig. 10(c)-(e)

illustrate the three data transfer optimizations p erformed b y the compiler, whic h

are no w discussed in turn.

R emoving r e dundant T-factors. If the T-factor due to a statemen t (Fig. 10, state-

men t 4) is preceded b y a T-factor that has already satis�ed that data trans-

fer (statemen t 3) and there are no in terv ening mo di�cations to the transferred

data, the T-factor for the original statemen t is redundan t and can b e eliminated

(Fig. 10(c)).

Combining T-factors. If sev eral T-factors p erform data transfer on di�eren t v ari-

ables in the same direction (statemen t 3), these T-factors m y b e com bined (see

Fig. 10(d)). T-factors from the same (as in this example) or di�eren t statemen ts

ma y b e com bined in this w a y .

Pip elining T-factors. The send p ortion of a T-factor ma y b e pushed up to the

last statemen t that de�nes the v ariable in v olv ed in the data transfer. This o v er-

laps comm unication and computation. Statemen t 2 is the most recen t mo di�-

cation of A or C b efore the use of A in statemen t 3. Therefore the pip elined

T-factor can b e started immedia tely after statemen t 2 (see Fig. 10(e)).

App endix B (lines 20{23) sho ws the result of data transfer optimizations

in the running example. Notice that the initialization of the iden tit y elemen ts

for the reductions ha v e b een mo v ed b et w een the send and receiv e due to lo cal

joining op erations. Though this is a small amoun t of computation, in general

the separation of the send and receiv e ma y b e large.



1 C := D;

2 A := B;

. . .

3 E := A@p rev+C@p rev;

4 F := A@p rev;

(a) Original ZPL co de.

< . . . assign C . . . >

< . . . assign A . . . >

. . .

Send(R, < A,p rev > );

Recv(R, < A,p rev > );

Send(R, < C,p rev > );

Recv(R, < C,p rev > );

< . . . assign E . . . >

Send(R, < A,p rev > );

Recv(R, < A,p rev > );

< . . . assign F . . . >

(b) Unoptimized co de.

< . . . assign C . . . >

< . . . assign A . . . >

. . .

Send(R, < A,p rev > );

Recv(R, < A,p rev > );

Send(R, < C,p rev > );

Recv(R, < C,p rev > );

< . . . assign E . . . >

< . . . assign F . . . >

(c) Redundan t T-factors

remo v ed.

< . . . assign C . . . >

< . . . assign A . . . >

. . .

Send(R, < A,p rev > , < C,p rev > );

Recv(R, < A,p rev > , < C,p rev > );

< . . . assign E . . . >

< . . . assign F . . . >

(d) Com bined T-factors.

< . . . assign C . . . >

< . . . assign A . . . >

Send(R, < A,p rev > , < C,p rev > );

. . .

Recv(R, < A,p rev > , < C,p rev > );

< . . . assign E . . . >

< . . . assign F . . . >

(e) Pip elined T-factors.

Fig. 10. Example transformations on T-factors.

Collectiv e Comm unication . Just as in the p oin t-to-p oin t case, collectiv e com-

m unication T-factors of the same t yp e are optimized b y one or more of the ab o v e

tec hniques. An y redundan t T-factors ma y b e remo v ed, and all t yp es of collec-

tiv e comm unication T-factors ma y b e com bined with other T-factors of the same

t yp e (see Fig. 2). The k ey to the optimization is that the comm unicatio n pat-

terns (eac h factor represen ts a di�eren t pattern) are exp osed to the compiler.

Library approac hes cannot b e optimized in this w a y , for the compiler is una w are

of the libraries' con ten ts.

Despite this �xed collectiv e comm unication in terface, ZPL do es not lose the

adv an tages of library supp ort. The com bined comm unication compiles to pro ce-

dure calls in the ZPL run time library . These pro cedures are optimized for the

particular platform's strengths [7 ]. F or example, on the SP2, the pro cedure calls

are mapp ed to MPI library routines, while our T3D implemen tati on uses the

nativ e SHMEM library routines [2 ]. In this w a y , a single cop y of optimized co de

exploits the strengths of all target platform.

Though w e ha v e in tro duced collectiv e comm unicatio n op erations as eac h pro-

ducing a single T-factor, w e often use m ulti-part T-factors for these op erations.

These m ulti-part factors allo w for b etter comm unicatio n hiding when implemen t-

ing non-hardw are supp orted op erations (suc h as column broadcasts or reduces).



6 Related W ork

ZPL w as designed from �rst principles to execute e�cien tly across MIMD com-

puters. There exist a n um b er of compilation e�orts that are similar in nature to

that of ZPL. Sev eral are summarized b elo w.

The APL language supp orts the atomic manipulatio n of and computation on

whole arra ys [15 ]. APL w as not designed with parallelism in mind, th us it encour-

ages the use of lo calit y insensitiv e op erations. Greenla w and Sn yder demonstrate

that the second most common data mo v emen t op eration in APL (an arra y sub-

scripted arra y) is v ery exp ensiv e on parallel mac hines [10 ]. Budd describ es an

APL compiler that decomp oses arra y op erations in to v ector op erations for ex-

ecution on a v ector pro cessor [5 ]. This �ne grained approac h do es not extend

to distributed memory or MIMD mac hines. Ju et al. describ e a classi�cation

and fusion sc heme for arra y language primitiv es (in APL, F ortran 90, etc.) [16].

Their fusion concept di�ers from our join transformation in that it only striv es to

eliminate in termediate storage. In addition, they assume a shared memory mo del

and th us do not consider explicit comm unication. W e optimize computation and

comm unicati on separately .

NESL is a data-parallel programming language that emphasizes nested par-

allelism [4]. NESL source co de is compiled to an in termediate v ector-based co de,

called Vco de, whic h is either in terpreted or compiled [3 ]. The Vco de in termediate

form is w ell suited for v ector and lo w-latency shared memory mac hines but not

for distributed memory mac hines. The primary MIMD compilation e�ort is in

increasing the gran ularit y of parallelism and reducing sync hronization o v erhead.

C � and its descendan t Dataparallel C are deriv ativ es of C with supp ort for

data parallel programming [25 ]. The Dataparallel C domain and the ZPL r e gion

b oth serv e as bases for parallelism; they are used to de�ne distributed arra ys

and to distribute computation. Despite this similarit y , the tec hniques for com-

piling these languages greatly di�er. In particular, the primary Dataparallel C

compilation e�ort is in o v ercoming ine�ciencies due to the sequen tial nature of

the paren t language (C) and the SIMD nature of the language itself [13 ]. As an

example of the former, a Dataparallel C program ma y con tain arbitrary C co de,

whic h resists static analysis due to p oin ter arithmetic and w eak t yping.

High P erformance F ortran (HPF) is a language that requires the user sp ec-

i�cation of parallelism, distribution and alignmen t via directiv es in sequen tial

F ortran 77 and F ortran 90 programs [14 ]. The primary compilation e�ort is in

o v ercoming the sequen tial nature of the paren t language. Arra ys are manipu-

lated at the elemen t lev el, th us optimizations m ust b e p erformed to v ectorize

comm unicati on and hoist it from inner lo ops. HPF and ZPL are similar in the

t yp es of parallel op erations that they supp ort, though ZPL mak es clear to the

programmer the execution cost of eac h op eration [22 ].

Considerable researc h has b een dev oted to automatically parallelizing F or-

tran 77 programs [1 , 23, 11 ]. In con trast to the ZPL approac h in whic h the lan-

guage w as designed to facilitate the recognition and exploitation of parallelism,

the primary e�ort for automatically parallelizing compilers is in recognizing, ex-

p osing and e�cien tly exploiting the parallelism hidden in a sequen tial program.



F urthermore, optimal sequen tial and parallel solutions to the same problem of-

ten require di�eren t algorithms, th us it seems unlik ely that a compiler will b e

able (in general) to transform one to the other.

7 Conclusions

W e ha v e argued that when compiling for parallelism, arra y languages presen t

compilers with new opp ortunities and c hallenges for optimization. The arra y op-

erations of these languages mak e some standard optimizations (suc h as message

v ectorization) disapp ear, mak e new opp ortunities (suc h as com bining reduction

op erations) app ear, and add imp ortance to other optimizations (suc h as arra y

con traction).

W e ha v e describ ed the factor-join approac h to compiling arra y languages and

sho wn ho w it is used to compile ZPL programs. This approac h �rst decomp oses

arra y language constructs in to a series of factors, and then joins these factors

to p erform v arious optimizations. Eac h factor represen ts a unique comm unica-

tion or computation structure, and only a small n um b er of di�eren t factors are

needed to describ e ZPL programs. These factors cleanly separate the treatmen t

of comm unication and computation. F or example, C-factors represen t the purely

computational asp ects of all op erations (e.g., elemen t-wise arra y assignmen ts,

reductions, scans, etc.), so optimizing C-factors sim ultaneously optimizes all in-

ner lo ops that the compiler generates for arra y constructs. This factorization

also simpli�es the mo v emen t and joining of the data-transfer factors (T-factors).

This approac h pro vides a framew ork for optimizations that includes redundan t

comm unication eliminatio n, message com bining, and comm unicatio n pip elining;

and the use of factors abstracts common features of di�eren t optimizations. F or

example, the com bining of collectiv e comm unicatio n op erations and the com bin-

ing of p oin t-to-p oin t comm unicatio n use the same algorithm applied to di�eren t

T-factors.
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A Sample ZPL Source Co de

1 /* V elo cit yStats - compute app ro ximate minimum and

maximum velo cit y of pa rticle from sample p ositions */

2 p rogram V elo cit yStats;

3 direction p rev = [-1];

4 con�g va r samplecount : integer=10;

5 data�le : string=\samples.dat";

6 region R = [1..samplecount];

7 va r SampleT, SampleXP os, SampleYP os : [R] double; - - samples of lo cation (so rted b y t)

8 DeltaT, DeltaXP os, DeltaYP os : [R] double; - - delta from one sample to next

9 XV el,YV el : [R] double; - - X- and Y-comp onents of velo cit y

10 V el : [R] double; - - velo cit y

11 p ro cedure V elo cit yStats();

12 va r minvel,maxvel : double; - - min/max velo cities

13 in�le : �le;

14 [R] b egin

15 in�le := op en(data�le,\r");

16 read(in�le,SampleT,SampleXP os,SampleYP os);

17 close(in�le);

18 [p rev of R] b egin

19 SampleT := 0.0;

20 SampleXP os := 0.0;

21 SampleYP os := 0.0;

22 end;

23 DeltaT := SampleT - SampleT@p rev;

24 DeltaXP os := SampleXP os - SampleXP os@p rev;

25 DeltaYP os := SampleYP os - SampleYP os@p rev;

26 XV el := DeltaXP os/DeltaT;

27 YV el := DeltaYP os/DeltaT;

28 V el := sqrt(XV el*XV el + YV el*YV el);

29 minvel := min << V el;

30 maxvel := max << V el;

31 writeln(\Minimum velo cit y w as: ", minvel);

32 writeln(\Maximum velo cit y w as: ", maxvel);

33 end;



B Resulting Pseudo-C Co de

1 integer samplecount = 10;

2 cha r * data�le = \samples.dat";

3 region R, p rev of R;

4 double *SampleT, *SampleXP os, *SampleYP os;

5 double deltat, deltaxp os, delta yp os;

6 double xvel, yvel, vel;

7 void V elo cit yStats(void) f

8 double minvel, maxvel;

9 FILE * in�le;

10 double temp1,temp2;

11 in�le = fop en(data�le,\r");

12 FScanP a rallelArra y(in�le, < R,SampleT > , < R,Samp leXP os > ,

< R,SampleYP os > );

13 fclose(in�le);

14 fo r (i = p rev of R.mylo; i < = p rev of R.myhi; i++)

15 SampleT[i] = 0.0;

16 fo r (i = p rev of R.mylo; i < = p rev of R.myhi; i++)

17 SampleXP os[i] = 0.0;

18 fo r (i = p rev of R.mylo; i < = p rev of R.myhi; i++)

19 SampleYP os[i] = 0.0;

20 Send(R, < SampleT,p rev > , < SampleXP os,p rev > ,

< SampleYP os,p rev > );

21 temp1 = DBL MAX;

22 temp2 = -DBL MAX;

23 Receive(R, < SampleT,p rev > , < SampleXP os,p rev > ,

< SampleYP os,p rev > );

24 fo r (i = R.mylo; i < = R.myhi; i++) f

25 deltat = SampleT[i] - SampleT[i-1];

26 deltaxp os = SampleXP os[i] - SampleXP os[i-1];

27 delta yp os = SampleYP os[i] - SampleYP os[i-1];

28 xvel = deltaxp os/deltat;

29 yvel = delta yp os/deltat;

30 vel = sqrt(xvel*xvel + yvel*yvel);

31 temp1 = min(temp1,vel);

32 temp2 = max(temp2,vel);

33 g

34 Glob Reduce(R, < temp1,min > , < temp2,max > );

35 Broadcast( < temp1,minvel > , < temp2,maxvel > );

36 p rintf(\Minimum velo cit y w as: %f n n",minvel);

37 p rintf(\Maximum velo cit y w as: %f n n",maxvel);

38 g

39 void main(int a rgc,cha r * a rgv[]) f

40 DistributeRegions( < R,1,m > , < p rev of R,0,0 > );

41 Allo cateArra ys( < R,SampleT > , < R,SampleXP os > ,

< R,SampleYP os > );

42 V elo cit yStats();

43 g


