over O (v

2

).

Acknowledgments

Jack Dongarra from University of T ennesse e gave us

the initial inspiration for PYRROS and Mel Ciment

from NSF the initial �nancial supp ort DMS-8706122

and encouragement to lo ok at parallel computing issues.

Partial supp ort has b een provided by the Air F orce Of-

�ce of Scienti�c Research and the O�ce of Nav al re-

search under grant N00014-90-J-4018. W e thank W ein-

ing W ang for developing the task graph language parser,

Milind Deshpande for the X window schedule displayer,

and the nCUBE corp oration for giving us free time on

the nCUBE-2 and also a b o oth at Sup ercomputing 91

to demonstrate PYRROS.

References

[1] S.H. Bokhari, Assignment Pr oblems in Par al lel and

Distribute d Computing, Kluwer Academic Pub-

lisher, 1990.

[2] D. Callahan, K. Kennedy

, Compiling pr o gr ams for

distribute d-memory multi-pr o c essors, The Journal

of Sup ercomputing, (2): 151-169, 1988.

[3] Ph. Chretienne, T ask Sche duling over Distribute d

Memory Machines, Pro c. of the International

W orkshop on Parallel and Distributed Algorithms,

(North Holland, Ed.), 1989.

[4] R. Das, R. Ponnusamy

, J. Saltz, and D. Mavriplis,

Distribute d Memory Compiler Metho ds for Irr e gu-

lar Pr oblems: Data Copy R euse and Runtime Par-

titioning, ICASE Rep ort No. 91-73, 1991.

[5] J. J. Dongarra, and D.C. Sorensen, SCHEDULE:

T o ols for Developing and Analyzing Par al lel F or-

tr an Pr o gr ams, in D.B. Gannon, L.H. Jamieson

and R.J. Douglass, editors, The Char acteristics of

Par al lel Algorithms, pp. 363-394. The MIT Press,

Cambridge, Massachusetts , 1987.

[6] J. J. Dongarra, J. Du Croz, I. Du� and S. Hammar-

ling, A Set of L evel 3 Basic Line ar Algebr a Subpr o-

gr ams, ACM T rans. on Math. Software, 16(1):1-17,

Mar. 1990.

[7] T.H. Dunigan, Performanc e of the INTEL

iPSC/860 and nCUBE 6400 Hyp er cub e, ORNL

TM-11790, Oak Ridge National Lab oratory

, Oak

Ridge, TN, Nov. 1991.

[8] H.El-Rewini and T.G. Lewis, Sche duling Par al lel

Pr o gr am T asks onto Arbitr ary T ar get Machines,

J. of parallel and Distributed Computing 9, 138-

153(1990).

[9] A. Gerasoulis and T. Y ang, On the Gr anularity

and Clustering of Dir e cte d A cyclic T ask Gr aphs,

LCSR-TR-153, Dept. of Computer Science, Rut-

gers Univ., 1990.

[10] A. Gerasoulis and T. Y ang, A Comp arison of Clus-

tering Heuristics for Sche duling DAGs on Multi-

pr o c essors , LCSR-TR-169, Dept. of Computer Sci-

ence, Rutgers Univ., 1991.

[11] A. Gerasoulis and T. Y ang, Compile-time sche dul-

ing and c o de gener ation for message-p assing ar chi-

te ctur es , Rep ort.

[12] A. George, , M.T. Heath, and J. Liu, Par al lel

Cholesky F actorization on a Shar e d Memory Pr o-

c essor, Lin. Algebra Appl., 77(1986), pp. 165-187.

[13] S. Hiranandani, K. Kennedy and C.W. Tseng,

Compiler Optimizations for F ortr an D on MIMD

Distribute d-Memory Machines, Sup ercomputing

91, pp. 86-100.

[14] C. Ko elb el and P

. Mehrotra, Compiling glob al

name-sp ac e p ar al lel lo ops for distribute d exe cution,

IEEE T rans. on parallel and Distributed Systems

2(4), 1991.

[15] S.J. Kim and J.C Browne, A Gener al Appr o ach to

Mapping of Par al lel Computation up on Multipr o-

c essor Ar chite ctur es, Int’l Conf. on Parallel Pro-

cessing, vol 3, pp. 1-8, 1988.

[16] J. Li and M. Chen, Compiling Communic ation-

E�c ent Pr o gr ams for Massively Par al lel Ma-

chines., May 1991, accepte d in IEEE T rans. on

Distributed and Parallel Computing.

[17] J.M. Ortega, Intr o duction to Par al lel and V e c-

tor Solution of Line ar Systems, New Y ork:Plenum,

1988.

[18] C. D. Polychronop oulos, M.B. Girk ar, M.

R.Haghighat, C.L. Lee, B.P

. Leung, and D.A.

Schouten, The Structur e of Par afr ase-2: an A d-

vanc e d Par al lelizing Compiler for C and F ortr an,

in D. Gelernter, A. Nicolau and D. Padua (Eds.),

L anguages and Compilers for Par al lel Computing,

1990.

[19] A. Rogers, K. Pingali, Pr o c ess De c omp osition

Thr ough L o c ality of R efer enc e, SIGPLAN 1989, pp.

69-80.

[20] Y. Saad, Gaussian Elimination on Hyp er cub es,

Parallel Algorithms and Architectur es , Cosnard,

M. et al. Eds., Elsevier Science Publishers, North-

Holland, 1986.

[21] Y. Saad and M. H. Schultz, Data Communic a-

tion in Hyp er cub es, DCS/RR-428, Research Re-

p ort, Y ale Uiverstiy

, 1985.

[22] V. Sark ar, Partitioning and Sche duling Par al lel

Pr o gr ams for Exe cution on Multipr o c essors, The

MIT Press, 1989.

[23] V. Sark ar, Determining Aver age Pr o gr am Exe cu-

tion Times and their V arianc e, SIGPLAN 1989,

pp. 298-312.

[24] Min-Y ou W u and D. Ga jski, A Pr o gr amming Aid

for Hyp er cub e Ar chite ctur es, The Journal of Sup er-

computing, vol. 2, pp. 349-372, 1988.

[25] T. Y ang and A. Gerasoulis, A F ast Sche duling Algo-

rithm for DAGs on an Unb ounde d Numb er of Pr o-

c essors, The Pro ceeding of IEEE Sup ercomputing

91, pp. 633-642.

[26] T. Y ang and A. Gerasoulis, List Sche duling with

and without Communic ation Delay, Rep ort.

10 let n

2 rece ive this message, pro cess or 001 would have to

receive this message from pro cess or 000 and forward this

message to pro cessor 011. However, b efore doing that,

pro cessor 001 could b e p erforming the message receiving

for n

3 and must wait for the message pro duced by n

2

at pro cessor 011. This gives rise to a deadlo ck.

In order to resolve the con ict in message waiting

and forwarding, we use an asynchronous communica-

tion scheme to allow each pro cessor to receive any arbi-

trary message that arrives at the message bu�er of this

pro cessor, to store this message if it is useful and to for-

ward this message if necessary

. The routing direction

of the message forwarding is recognized according to a

communication proto col describ ed b elow.

F or each message, there is a control head indicating

the follo wing information: the typ e of message passing

routing, all additional information needed for this rout-

ing pro cedure, the message identi�cation and the mes-

sage size. The typ e of message passing could b e one-

to-one, one-to-al l tr e e br o adc asting, one-to-some line ar

p ath br o adc asting, and one-to-some sub cub e br o adc ast-

ing. After recognizing that information, a message could

b e routed accordingly .

F or the sub cub e broadcasting, the following message

routing metho d is then used:

Let my node b e the current pro cessor numb er and

m b e the received sub cub e mask.

WHILE m > 0 DO

Let j b e the right most bit of one in the binary

co de of m.

F orward the message to no de E O R(my node; 2 j �1

)

with sub cub e mask E O R(m; 2 j �1

) .

Reset m = E O R(m; 2 j �1

).

ENDWHILE

Example: In Figure 10, task n

1 in pro cessor 000

broadcasts a message in the sub cub e with mask 011.

The routing tree is depicted in Figure 11.

000 001^{011010}

Figure 11: Sub cub e broadcasting with sub cub e

mask=011.

or linear path broadcasting, the forwis ter-

minated the end p oint of this linear path is reached

followirouting metho d is used:

Let s b the no de in this my node b e

the curren t no numb er and j b e the leftmost bit

one in the binary co de of O R(s; my node).

orward the to no de O R(my node; 2

�1

).

7 P erformance Results

e rep ort our exp eriments on the BLAS-3 GJ al-

gorithm. The ABLAS-3 programs are

widely used b enchmarking architecture s, see

Dongarra et. al. [6]. The task de�nition is sim-

ilar to the one de�ned for the regular in

Figure 4.

e have also manuallwritten a program that uses

natural clustering mapping along the gray

co ring, following the approacby Saad [20]. The

sequential time is seconds 1000 � 1000 linear

algebraic system on nCUBE-2.

In the following table we compare the p erformance

of automatically-generated co de by PYRRwith

the hand-written manual program when n = 1000.

PYRROS �rst simulates the execution on the us-

the nCUBE-2 (! = 2:38�s, = 160�s

and � = 2:4�s p er wfor single precision arithmetic)

and gives predicted p erformance. The predicted p er-

formance bPYRROS very close to the real p erfor-

mance nCUBE-2. Moreover, the p the

automatically-generated co de is with that

of our hand-written version. The sp eedup encom-

puted bthe sequential (1150 seconds) by

the actual PYRRco de time.

Pyrros(auto) Hand sp eedup

predicted nCUBE

p=4 299.0 283.4 288.7 4.0

p=8 155.7 150.5 150.4 7.6

p=16 84.5 81.0 81.4 14.1

p=32 50.0 48.7 47.4 24.3

p=64 33.0 31.8 32.8 35.1

8 Related W ork

There several systems related PYRROS.

ARAFRASE-2 [18] bPolychronop oulos et. al., is a

parallelizingcompiler system that p erforms dep enden ce

analysis, program partitioning and schedul-

ing on shared machines. SCHEDULER by

Dongarra and Sorensen [5uses centralized dynamic

scheduling for the shared memory mo del computa-

tion. The system by Ko elb and [14]

parallel co de generation and is currently tar-

geted at DOALL parallelism.Kennedy’s [13is

also won co de generation for FTRAN D on

distributed-memory machines. The TI system by

Saltz’s group [4fo cuses on irregular dep endence graphs

determined run-time and the p erformance

by precomputing the accessing pattern. The cur-

rent FD system, TI do not

address program scheduling the mapping

of and and the ordering of co de execution.

TOOL by u and [24] uses same

mo del of and pro duces co des the hyp er-

cub e simulator SIMON. ASKby El-Rewini

and Lewis [8schedules task but do es gen-

erate co des. The complexity of the twsystems is

9 broadcasting conducted, following pro cedure is

p erformed:

Let

h = O R(s; p

1

; p

2

; � � � ; p

k

)

where O R is the bitexclusive function

with k + 1 arguments, i.e. the i-th bit of h is one

there di�erent v the bits of

those k 1 arguments.

called a sub cub e mask. The numb er non-zero

bits the sub cub e is the sub cub e dimension.

Example: Figure shows a part of DAG mapp ed

onto a hyp ercub e of dimension 3. ask n

1 broadcasts a

data message to n

2

, n

4 and n

5

. This commcan

b e accomplished using sub cub e broadcasting within the

cub comp osed pro cessor 000, 001, 011 and where

the sub cub e mask is h = 011. The broadcasting from

n

2 to n

3

, n

6 and n

7 can b e implemented a linear-path

communication along pro cessor path 011, 001 and 101.

n

1 n 2^n 3 n 4 n

6^{7 n000 001010 011100 101 111}

10: Part a DAmapp ed a hyp ercub e with

8 no des.

6.4.2 Redundantcommunication elimination

naive approacfor generating program shown in

Figure strictly ensures b efore execution a

task, messages needs b e received. After the

completion of this task, will send the messages pro-

duces the that need them. Some redundant

commmight b e generated by this approach.

or instance, Figure assume n

2 sends the

same message to n

6 and n

7

. In the site, n

2 only

needs send message once since n

6 n

7 are

scthe same pro cess or 101. In the receiving

one receiving op is needed b e p er-

formed in pro cess or 101. Once pro cess or rece ives the

same data message, another get item

from the lo . urthermore, the redundant

receiving conducted no message corre-

sp onds this receiving, a de lo ck is created.

Since the commop eration is inserted with

resp ect to each task, is easy for sites avoid

the redundant sending b ecause the pro duced messages

can b e sent resp ec t the pro cessors need

them instead tasks. In the site, however, we

need inform the av ailabilitof items the lo cal

to lo cal tasks whose data items have

already b een received by a previously executed task.

e p erform data ow informaticomputa-

tion to determine whether insertion of receiving op-

eration is necess ary b a task execution. Assume

that for pro cessor i, the ordered execution is

T ask s(i) (n

1

; n

2

; � � �; n

k

). De�ne M sg xist(n

j

) to

b e set messages are av ailain the lo mem-

ory pro cessor b efore pro cess ing task n

j

. Then

M sg xist(n

1

) = ;

FOR j = 2 TO k DO

O utM sg 1(n

j �1

) F ir et(O utM sg (n

�1

)) i.

M sg D ef (n

j �1

) = InM sg (n

j �1

) O utM sg 1(n

j �1

)

[O utM sg 1(n

j �1

).

M sg xist(n

j

) = (M sg xist(n

j �1

) M sg D ef (n

j �1

))

[M sg D ef (n

j �1

).

ENDFOR

where op erator is de�ned as:

X Y = fmsg msg X ^ f st(ms g ) =

2 F ir et(Y )g

and op erator � is de�ned as:

fm

1

; � ; m

k g � s = f(m

1

; s); � � �; (m

k

; s)g.

Thus, for each data message InM sg (n

j

), samsg ,

that message already the lo memory if msg 2

M sg xist(n

j

). As a result, rece iving op eration can

b e eliminated.

Example: e show the ab ovdata ow computation

for pro cess or Figure 8:

M sg xist

T

4

1

;

T

4

2

f(1; host)(4; 1)g

T

5

1

f(1; host)(2; 0); (41)g

T

5

2

f(1; host)(2; 0); (41); (5; 1)g

T

5

3

f(1; host)(2; 0); (41); (5; 1)g

e can eliminate receiving item 2 from pro-

cessor for T

5

2 since item is already in set

M sg xist(T

5

2

).

6.4.3 Deadlo ck free commproto col

Without incorp orating the e�cient commpro-

cedures, execution is purely and no

deadlo ck could b e caused. But by sp ecialized com-

munication pro cedure s, eacpro cessor ex-

ecute tasks but b e involvin the message

routing. As result, entire multipro cessor system no

longer is executing an graph. A deadlo ck could

b caused when there a cycle message wand

forwarding.

or example in Figure 10 pro cess or broadcasts

a message pro duced bn

1 to n

4

; n

5 and n

2

. In order to

8

6.3 Program generation

Program generation includes arithmetic computation

generation commgeneration. The sched-

ule derived to the DAprecede nce ensures the correctnes s of the ordering. In order

to execute each task prop , we need make sure

that each data referre d bthis task is av ailin

the lo memory of its pro cessor b execution.

After the of its each new data

item pro duced bthis task b e sent appropriate

pro cessors whose tasks need data for further

computation.

A naivapproach for the program generation for the

macro data omo del is to use co de Figure for

each pro cess or i.

FOR each task in T ask s(i) scanned in the execution

order DO

FOR each message in InM sg (x) DO

scnd(m6= i THEN

allo some space necessary and receivthis

message.

ENDIF

ENDFOR

Execute pr ocedur e(x).

Feach message in O utM sg (x) DO

scnd(m6= i THEN

send message pro cessor scnd(m).

ENDIF

ENDFOR

ENDFOR

Figure 9: A naivapproach to generation.

There two problems that we must address im-

prove the co de qualit.� Communication optimization

A task send same messages to mantasks

in the same pro cessor. Thus wneed eliminate

the unnecessary communication op erations. ur-

thermore, one could b e sento manpro-

cessors . Using message rep eat-

edly creates netwcontention. Thus, broadcast

algorithm is needed takes adv anof the net-

work top .

� Memory improvementSince the size a lo cal is still limited,

we need reuse space. Thus some

data items are no used certain execu-

tion p oint, the space should b e p erformed

so that the memory can b e improved.

In the next subsection, we discuss hoPYRROS ad-

dresses �rst problem. The memory optimizatiowill

not b e presente d here.

6.4 Communication optimization

6.4.1 Communication pro cedure selection

The selection commpro cedure s dep ends

on the top of the machine. Li and

Chen [16have discussed approach recogniz-

some communication patterns such one-to-all

all-to-one-reduce a�ne-

transform. They have however, addressed the opti-

mization and implemenof a sp eci�c communica-

tion pro cedure .

Here, we fo cus on the selection and optimization

of message on hyp er cub e architecture.

The for spanning tree broadcast-

ing on a hyp ercub e b een develop by Saad and

Sch[21]. This requires pro cessors to

in the message which is not appro-

when manpro cessors do not need this message.

Thus, wneed one-to-some mscheme to

numb er unnecess ary pro cess ors involved

message forwto the communication

contention.

PYRROS uses static scheme reduce

the range the entire hyp ercub e to

several small subgraphs whicsu�ciently covdes-

tinations. The space ovfor storing a subgraph

informatioin a commpacket is O (1). Two

typ es basic subgraph broadcasting are used:

� Line ar p ath br o adc asting

no des b to a shortest b etween the

no de the receiving no de

then the message is broadcasted this linear

path. The adv anof this commis its

simplicit. The disadv anis there few

which a path covers destinations.

� Sub cub e br o adc asting

A more broadcasting to use span-

ning tree a sub cub e. The adv anis it

can reach scattered no a more e�cient man-

a smaller broadcasting scop e comparing

with the enhyp ercub e broadcasting. The rep-

resentation determination a sub cub e will b e

describ ed b elow.

PYRROS partitions the into several sub-

sets sucthat each subset covered by path a sub-

cub e. The partitioning metho d not b e discussed

here.

Assume that the source pro cessor is s and the desti-

nation pro cessors are p

1

; p

2

; � � �p

k

. One p ossible linear

path for covering these pro cessors b e explored by

checking whether p

i is the from s

to the farthest receiving pro cessor. The no des this

path can b e by reversing bits of no de bi-

nary co de numb ers right to left (or from left to

right). o determine sub cub e where one-to-some

7

� r e c eive(m,i) and r e c eive(m)

By executing the pro cedure a pro cessor will

wait until a message pro cessor arrives at this

pro cessor. It is a blo creceive. or the second

\receive" a pro cessor will wait until any

message received by this pro cess or.

e numb er pro cessors as 0; 1; 2; � �; p � 1. There is

a sp ecial function my node returns pro cess or

numb er where resides. There a sp ecial

host no de, host where PYRRhost pro-

gram is executed. The host p erforms the follo wing func-

tions: (1) allo cates the required numb pro cess ors,

(2) loads no de (3) sends initial data to

no (4) collects �nal result no des.

6.2 Program and data distri-

bution

The scpart of PYRROS determines the pro-

cessor assignmenfor each task. e de�ne

� P r oc(x) { the pro cess or assignmentask x.

� T ask s(i) the ordered set tasks executed in pro-

cessor i.

the DAinformatiowe de�ne following

sets each task x:

� InM sg (x) the items that task must use

to p erform computation. It is expressed by set

of message-to-source pairs:

InM sg (x) = f(t

1

; s

1

) � � (t

k

; s

k

)g

where each (t

i

; s

i

) indicates a message t

i sent

from pro cess or s

i

.

� P r ocedur e(x) { the op erational sp eci�cation of

task x.

� O utM sg (x) { the items pro duced bx and

sensome succes sor tasks. It is expresse d by a

set message-destination pairs:

O utM sg (x) = f(t

1

; s

1

) � � (t

k

; s

k

)g

where each (t

i

; s

i

) indicates a message t

i sent

pro cessor s

i

.

also de�ne

� f st((t; s)) t, the �rst of a pair.

� scnd(t; s)) = s, the second of pair.

� F ir et(f(t

1

; s

1

); � � ; (t

k

; s

k

)g) = ft

1

; � � ; t

k g, the

set comp the elements the message

items.

The program distributed pro cessor i determined

by T ask s(i). The initialused pro cess or i is

distributed by the host as:

InitD ata(i) =

[

x2T ask s(i);m2nMsg (x) f st(m)jscnd(m= host:

The data used pro cessor are

D ata(i) =

[

x2T ask s(i);m2nMsg (x) f st(m)jscnd(m6= i:

The �nal result pro cessor to send bacto the

host is

Resul t(i) =

[

x2T ask s(i);m2O utMsg (x) f st(m)jscnd(m= host:

Thus the collect the followingresult from

the architecture:

Resul t(host) =

[

0�i�p�1

Resul t(i):

T^{1 2 T 1 3 T 1 4}

5 2 T 3 2 T 4 2 T 5 3

5

T

3

T

4

5^2 2 3

4 3 3^4 5 5^{2 1,4,5 1,2,35}

Host

Figure 8: The DAG with n mapp ed on2

pro cessors .

Figure depicts the of GJ DAG

of Figure 3 = 4 ontwo pro cessors . Preceden ce

edges are markwith the items to b e

communicated. The dashed arroeach pro ces-

sor the intra-pro cessor communication. The

follo wing table givexamples of InM sg O utM sg

sets:

InM sg

O utM sg

T

4

1

f(1; host)(4; host)g

f(4; 1)g

T

4

2

f(2; 0)(4; 1)g

f(4; 0)g

The followingtable summarizes the information

data and distribution this DAG:

pro cessor 0

pro 1

T ask s

(T

2

1

; T

3

1

; T

3

2

; T

4

3

; T

5

4

)

(T

4

1

; T

4

2

; T

5

1

; T

5

2

; T

5

3

)

D ata

f1; 23; 4; 5g

f12; 3; 45g

InitD ata

f1; 23g

f1; 4; 5g

Resul t

f5g

;

6

T 1 2 T 1 3 T 1 4

5^2

T^{3 2 T 4 2 T 5} 3 5 T 3 T 4 5_{2 V 3}

V_{1 V 3 V 4 V 3 6 9} 2^{V 1 V 2 V 3 V 4 V} 1 V

2

V 3 V

4

V

(c)

(d)

Figure 6: An of phmapping. Each

nonzero cost 3 time units.

Figure 6(c) wshow one physical to a 4-

no de hyp ercub e F (CC= 24 and another mapping

shown (d) with F (CC= 21.

Determining an physical is very

hard. Currently PYRRuses heuristic algorithm

due [1]. This algorithmstarts an ini-

tial assignment, then p erforms a series pairwise in-

terchanges that the F (CCis reduce d .

The complexitis O (p

3

).

5.2.3 ask ordering

After the phhas b een the inter-

pro cessor communication delay b etween can b e

determined. e need order the execution of

tasks each pro cess or sucthat the paral-

lel time minimized. , this is

NP-complete.

PYRROS uses the R(ready path) algo-

with complexity O (v v e). One dif-

b etween Rand the critical path al-

gorithm is that maintaia r e ady list instead

of a fr e e task list

2

. Our exp eriments havveri�ed the

adv antages of the ready scheduling. A anal-

ysis the task problem given in and

[26The RCP is b elow.

2

is if the predecesof task havcompleted

their executions and a task is readythe items senfrom

predecehave arrived at the lo .

1. Adjust the commedges the DAG

using the of task pro cessor assignment

and pro cess or phdistances.

2. Compute the levpriority for each task the

DAwhich is the length the path from

to exit no de, b oth and

nonzero commcosts that path.

Each pro cess or maina ready priority of

tasks. The task with the priority is

executed so on as the pro cessor where task is

assigned b ecomes av ailable.

Consider example Figure where tasks

have b een assigned two pro cessors . If the execution

ordering fn

4 n

3 g pro cessor 0 and is fn

2

; n

1

; n

5

; n

6 g

on pro cess or then PT is as shown in Figure 7(c).

schedule pro duced bRCP is shown in Figure 7(b)

with PT=7. ask n

4 has levpriority 4 and n

3 has

level priority 3. At time 1, n

4 n

3 are b oth free

not ready pro cess or 0. At time 2, n

3 is

, thus it is scheduled execution pro cessor 0.

At time n

4 is ready it is scheduled. If n

4 had

b scheduled b efore n

3 n

4 wfree higher

priorit, an idle gap would have b een created time

1 to 3 on pro cessor This b ecause n

4 could not b e

executed until time 3.

n

1 n 3 n 2 n 4 n

6 (b) PT=7 by RCP.

Proc 0^{Proc 1 n 1 n 3 n 2} n 5

n 6

(c) PT=12.^{Proc 0 Proc 1n 1n} 2 n 4 n 5 1 1 1 1 n 1^1 4 2 2 Proc 0^{Proc 1(a) Processor assignment.}

Figure An of task execution ordering.

6 de Generation

In order to execute in target macwe need

to generate co de based on the previous

scresult. The complexity of the algorithmde-

scrib ed this section O ((v elog p).

6.1 Machine mo del

target machines are MIMD message passing lo-

memory architecture s. Each pro cess or unique

identi�cation and can execute di�erenon dif-

ferent data. Data command synchronization

are implemented by message exchange. The message

passing primitiv es are the following:

� send(m,i)

The message sent pro cessor i. Sending is

nonblo cin the sense that pro cedure do es

not havto wfor the receiving pro cess or get

message.

5 n

1

; n

2

; n

3

; n

5

> is shown Figure 5(c) PT=8, so

this is accepted. Since the unexamined

DS (n

3

; n

5

) edge picked up zeroing

in the next step the time the cluster-

shown Figure is PT=7. In the step

(n

1

; n

2

) chosen zeroing, this zeroing cannot

b e accepte d the parallel time increases 8.

A detailed description the is in

ang and Gerasoulis [25]. DSC has b een shoto b e

sup erior several clustering algorithms from the

literature in the followisense:

� DSC has an linear" complexit,

O ((v e) log v )) complexitand O (v e)

space complexit. The key idea keep the com-

plexitlois to the no des incrementally

from one step the next O (log v ) time. Most

of the in the havcomplexity

higher O (v

2

) whicmakes them impractical

for large task graphs. or the GJ DAv = n

2

where n the size the matrix. Using an O (v

2

)

will result O (n

4

) complexitwhich is

higher than O (n

3

) sequential complexitof GJ.

� Exp erimental results using graphs nu-

merical computation DAGs show that out-

p erforms several complexity algorithms from

the literature [1522, 24] in terms parallel time.

� The problem of �nding the optimclus-

tering is NP-complete. However there few

classes task graphs such fork and coarse

grain tree which the optimalare

tractable a p olynomialcomplexit. DSC

is the only general clustering which �nds

the optimfor these graphs. When graph

structure s b ecome slightly more such

as concatenated and �ne grain

time complexitof scheduling

jumps to NP-complete, Chretienne [3]. This indi-

cates has reached degree, terms

of parallel time optimalitythat p olynomial-time

complexity can attain.

5.2 Scheduling a graph p pro-

cessors

us assume the numb of clusters u and

the numb er av ailpro cess ors p. e schedule the

clusters p pro cessors the following three stages:

1. the clusters inp completely connecte d

virtual pro cessors if > p.

2. Map the virtual pro cessors into p physical pro-

cessors .

3. Order the of tasks each pro cessor.

Sark ar [22has prop osed incremental scheduling

metho d that combines three stages bp erforming v iterations. Each of the Sark se-

task assigns this with other tasks

the same cluster, to the one p pro cessors gives

minimumtime increase the previous it-

eration. The cost his algorithmO (v p(v + e)) where

O (v e) from the cost the paral-

time at each iteration. This complexitis to o high

for large graphs. Next wdescrib e low complexity

algorithm used PYRROS.

5.2.1 Cluster merging

PYRROS uses work pr o�ling metho d, George et. al.

[12] for cluster merging. This metho d simple, low

complexity and has b een shoto wwell in practice,

e.g. Saad [20], and Ortega [17].

1. Compute the load LM

j for each clus-

ter.

2. Sort the clusters in an increasing order their

loads.

3. Use a balancing to u clusters

to p pro cess ors that every pro cess or has

approximately the load.

example, assume there four clusters de-

picted in Figure 6(a) and each task weigh1. First

the clusters ordered terms of their loads:

M

1 fT

3

1 g; M

2

= fT

4

1

; T

4

2 g;

M

3

= fT

5

1

; T

5

2

5

3 g; M

4

= fT

2

1

; T

3

2

; T

4

3

; T

5

4 g:

Then M

1 merged M

4

, M

2 is merged M

3

and the arithmetic is balanced.

5.2.2 Physical mapping

At this stage, whave p pro cess ors clus-

ters) physical pro cessors. Since physical pro ces-

are completely connected, whavto take the

pro cessor distance inaccount. Let T C

i;j b e the to-

tal communication which is summation costs of

edges b etween virtual pro cessor and . And Let

CC fT C

i;j jT C

i;j

6= 0g and = jCCj. In general we

exp ect << e.

The of the phmapping is to determine the

phpro cessor numb P (V

i

) for each pro-

V

i minimizes the followingfunction:

F (CC) =

X

T C

i;j

2C distance(P (V

i

); (V

j

T C

i;j

:

Figure 6 a sp ecial case the GJ DAwhen n =

4. A clustering this DAG is Figure and each

cluster onds a pro cessor. Assuming

that the edge cost equal to time units then the

total commb etween four pro cess ors is

shoFigure 6(b).

4 tion. ask T j

k has weighn! and receives column k

and j from T k

k �1 and T j

k �1 resp ectively if k 1; other-

wise receives the host. The update is an

external C which de�nes the T j

k

. After the

update is executed, k n this task sends col-

j to T j

k +1 and also p erforms a broadcast other

tasks k = j 1. When k n, it sends the solution

column k + the host.

k=1 to n

for = k+1 to n+1

task T(k,j)

weighn*w

receive if(k>column[k] weight al-

pha+b eta*n

weight alpha+b eta*n

else

column[k] host weighalpha+b eta*n

column[j] host weight alpha+b eta*n

endif

p erform up date(k,j)

send (k<n)

if (k != j-1)

column[j] weight

alpha+b eta*n

else

for b j+1 to n+1

column[j] T(k+1,b) weight

alpha+b eta*n

endfor

endif

else

column[k+1] host weight alpha+b eta*n

endif

endtask

endfor

endfor

Figure 4: PYRROS task sp eci�cation the GJ DAG.

PYRRread program p erform lexical

and semantics to generate inrepre-

sentation the DAThen the X-windoDAG

displayer we vwhether the of the task

correc t.

5 Sc heduling PYRR OS

PYRROS uses the twmetho d for scheduling:

1. Clustering an unb ounded numb er pro cessors a completely connected architecture .

2. Scheduling the clusters a numb er p pro-

cessors of the pharchitecture.

e have chosen metho for several reasons.

First of it has b een shoto b e go o d approach

to scheduling, particularly for coarse parallelism,

Kim and Browne [15Sark

[22], Ortega [17]. Sec-

ond we can devise low complexity without

p erformance.

5.1 Clustering

Clustering is de�ned as mapping of tasks onclus-

ters. This is an imp ortant part in scheduling, since once

tasks are in a cluster they execute the same

pro cessor the actual architecture. Sark ar [22was

one the to recognize the imp cluster-

which he internalization pre-pass. A detailed

discussion of the problem is Gerasoulis and

ang [10].

PYRROS uses DominanSequence Algorithm

to automaticalldetermine clustering for

task graphs. It p erforms a sequence of clustering re�ne-

ment steps at each re�nement step, tries zero

an edge reduce the time (PT). The parallel

time is determined bthe longest in the scheduled

e call this path the Dominant Se quenc

(DS).

n

1

n

2

n

3

n

4

n

2

2

2

1

2

1

2

1

0

0

1

n

2

n

3

n

4

n

5

1

2

1

1

2

0

0

0

0_{n 1}

n^3 n 4 n 5^{1 2 2 2} 1 2 1^{6 4 n 1 n 2 n} 4 n 5^{1 2 2 2 1 2 1}

4^{0 (b) PT=10}

(c) PT=8

(d) PT=7

Figure The clustering re�nements Figure 5 (c) three clusters given, f n

; n

; n

gf n

g f n

g. If this clustered is sculed then an execution b etween indep dent n

and n

must b e determined. If we n

b efore n

then is determined bthe dominanquence =n

; n

; n

; n

>. The algorithmb elo

Initially each task is Compute the initialMark edges unexamine dWHILE there is an edge Zero an edge in DS PT do es not this edge examine da new ENDor example, Figure is the initial clustering. DS is shown b old face arroand PT=11. The edge DS is zero ed and PT reduced 10, shoalong with the new DS=< n

; n

; n

>A zeroing accepted as do es not the step. Thus this zeroing the edge (n

; n

) is zero ed the DS=3 in p ar lel. It then execute s inimmediately after it sends the succes in p ar lele do allow task duplic in separate pro cess ors since results an increase the space complexit. This mo can ovcommcation with which is extremely imp ortanmessage passing architectures 3 System Organization PYRR

DAG program

Scheduling

1. Clustering

2. Mapping to P-processors

Task graph language

Syntax/semantic analysis

X-window^{DAG displayerIntel iPSC/2}

1.Data/program mapping

2.Comm/Mem optimization

3.Synchronization

Intel code

nCUBE code

nCUBE-1

nCUBE-2DAG^{scheduleX-window/Sunviewschedule displayer}

Figure The system of PYRRThe of PYRROS is shown in Figure The current to has the followingcomp onents: a graph with an interface to C, allowide�ne programs and data. A scing system clustering, load and phcal mapping,and communication/computatiA displayer displatask graphs scheduling results. A co de generator inserts chronization primitivand p erforms co de the INTEL simulator and the nCUBE-2 hyp ercub e mac4 Program and P ing PYRR

Program and data are givas an put PYRRLet us consider an the k without pivof the Gauss-Jordan (GJ) rithm with interior lo partitioning shown in Figure The de�ned Figure 2 uses k mo column j of the A. The coarse dep endenc e is givin Figure 3. ask is functional task with input b eing k and and output column . ask k is a ing no de, the column k 1 to k k 2 n + 1. The units are the columns matrix on whicthe op = 1 for j + 1 to n + : f a

k = a

k =a

k for = : n and i 6= a

= a

a

a

k endFigure 2: The k i for Gauss-Jordan and interior lo task command weights are as follows. e can either symb olically the that takes execute and communicate data for each task p erform an average case tion, Sark ar [23or there ab out n! op each where ! the that it takes for eacop eration, a

= a

� a

� a

k . or the commcost we use mo del � + n� time to transfer vector of size b etween two neighb ors pro cess ors, � the start time and � the These command computation parameters b found in [7]. or example, for the hyp ercub e, 2:38�s, = 160�s � 2:4�s p wtransfer for precision

1

2

T_{1 4 T T n+1 n- 1 T n}

4 T^{2 3 T} n

n+1

T_{1 3}

n+1_T 2 T n+1 n+1 T 3 4 T

. . .

.

.

.

. . .

Figure 3: The Gauss-Jordan DAG. The no cost = n! edge commcost c = � + 4.1 ask graph The PYRROS system uses language de�ning task graphs. The program co de Figure 4 description the DAG shown in Figure 2 and The kwords b oldfaced. The semantics the lo is the as Figure The inlo op b o dy tains the dep ende nce and weight task with the sp eci�cation task 2

PYRR

OS: T ask Sc and de for P assing ao ang and Ap ostolos Departmenof Computer ScienceUniversit

New BrunswicNJ Email: tyang or gerasoulis@cs.rutgersdescrib a p ar pr o gr amming to ol for sche ing task gr and gener ating appr tar get c o de message p assing ar chite ctur

The c omputational c omplexity the system line ar to the size of the task gr aph and pr p show p erformanc e c omp ar able to the \b hand-written pr o gr 1 In

In this pap er, we consider scheduling co generation for message architectures . There generally three wain addressing ming di�culties for distributed memory arcThe �rst approach considers problem and scheduling sequenprograms. The has b een the developmencompilers software to that assist ming parallel architecture s [21618, 19]. Since passing architecture s coarse b e e�cient, one di�cultis the idenof esp ec ially at the pro cedural levand scheduling syncThe second approach emphasizes the development with constructs such KALI [14and FD [13]. Most those havnot addressed the scThe third approach uses sequential guages, with the of commfunctions, distribute the and programs, scexecution manuall.approacb succes sful with resp ect message architecture As far as we know no exists can pro duce co de message machines which is comp etitive manco de. This is b ecause of the di�culties precise dep dence analysis and scheduling. However, manuallgramming is tedious debugging programs very Here, we describ e a software system PYRROS for automatic scheduling and co de ation. PYRROS takes as an input tasks with precedenc e constrainand pro duces co for message passing architectures such nCUBE-2 pap er is as folloSection macro-data omo del task graph used to represencomputation. Section descr ib es the of PYRRSection 4 discusses the data for PYRROS with an Section presents two-step metho for sctask graph. Section 6 describ es co de optimization for the target co de generation. Section presensome exp eriments. Section 8 discusses lated w2 Macro Data o T ask A directed task (DAG) is de�ned btuple = (; ; ; T ) where V is the set tasks v jV j is the numb er tasks, E is the set commedges e = jis the numb edges, C is set edge commcosts T is the set computation costs. The v c

C the commcost incurred along the edge e

= (n

; n

) which b ecomes zero if b oth n

and n

are mapp onto the same pro cessor. The v �

T is the of task n

2 The macro-data ow mo of execution works lows, e.g. u and [24], Sark

[22]. The ow go es the and triggers the tasks. A task receives data its predeces The PYRROS from PYRRHUS legendaryking of 1