5 Conclusions

W e have prese nted our approach to N-b o dy simu-

lations using automatic mapping techniques. W e have

provided an analysis on the run-time execution p erfor-

mance of static schedule. Our exp eriments show that

the automatically scheduled task computation could

attain a go o d p erformance for irregular problems pro-

vided that su�cient task parallelism is av ailable. W e

have also exp erimented with sparse matrix factoriza-

tion. However the sp eedups achieved were mo derate

mainly due to insu�cient parallelism in the partition-

ing. On the other hand, Chong et al. [4] and Chong

and Schreib er [3] have rep orted very go o d sp eedups for

DSC scheduling algorithm of PYRROS, when used to

solve sparse triangular systems. They have develop ed

sp ecial communication libraries on CM-5 that resulted

in a reduction of communication cost and an increase

in granularity .

References

[1] S. Chakrabarti, A. Ranade, and K. Y elick, Randomized load

balancing for tree-structured computation. Pr o c. of 1994 Sc al-

able High-Performanc e Computing Confer enc e, 666-673.

[2] Y-C Chung and S. Rank a, Applications and p erformance anal-

ysis of a compile-time optimization application for list schedul-

ing algorithms on distribu ted memory multipro cessors, Sup er-

c omputing 92, pp. 512-521.

[3] F. T. Chong and Rob ert Schreib er, Parallel sparse triangu-

lar solution with partitioned inverses and prescheduled DAGs,

T ech Rep ort, MIT, 1994.

[4] F. T. Chong, Shamik D. Sharma, Eric A. Brewer and Jo el

Saltz, Multipro cessor Runtime Supp ort for Fine-Grained Ir-

regular DAGs, T o app ear in T owar d T er a op Computing and

New Gr and Chal lenge Applic ations. Eds. Ra jiv K. Kalia and

Priya V ashishta. Nov a Science Publishers, Inc. New Y ork. 1995.

[5] E.G. Co�man and R.L. Graham, Optimal scheduling for two-

pro cessors systems, A cta Informatic a, 3 (1972), 200-213.

[6] J.J. Dongarra and D. C. Sorensen, SCHEDULE: T o ols for De-

veloping and Analyzing Parallel F ortran Programs, in The

Char acteristics of Par al lel Algorithms, D.B. Gannon, L.H.

Jamieson and R.J. Douglass (Eds), MIT Press, 1987, pp363-

394.

[7] T.H. Dunigan, Performance of the INTEL iPSC/860 and

nCUBE 6400 hyp ercub e, ORNL/TM-11790, Oak Ridge Na-

tional Lab., TN, 1991.

[8] H. El-Rewini and T.G. Lewis, Scheduling parallel program

tasks onto arbitrary target machines, J. of Par al lel and Dis-

tribute d Computing, 9(1990), 138-153.

[9] A. George, , M.T. Heath, and J. Liu, Parallel Cholesky fac-

torization on a shared memory pro cessor, Lin. Algebr a Appl.,

77(1986), pp. 165-187.

[10] A. Gerasoulis and T. Y ang, On the granularity and clustering

of directed acyclic task graphs, IEEE T r ans. on Par al lel and

Distribute d Systems., V ol 4, No 6, June 1993 pp. 686-701.

[11] A. Gerasoulis and T. Y ang, A comparison of clustering heuris-

tics for scheduling DAGs on multip ro cessors, J. of Distribute d

and Par al lel Computing, V ol. 16, No. 4, pp. 276-291 (Dec.

1992).

[12] A. Gerasoulis, J. Jiao, and T. Y ang, A multistage approach to

scheduli ng task graphs. T o app ear in DIMACS Bo ok Series on

Parallel Pro cessing of Discrete Optimization Problems. AMS

publi sher. Edited by P

.M. Pardalos, K.G. Ramakrishnan, and

M.G.C. Resende.

[13] Leslie Greengard, The Rapid Ev aluation of Potential Fields in

Particle Systems Ph.D thesis, Y ale University

, 1987.

[14] J. J. Hwang, Y. C. Chow, F. D. Anger, and C. Y. Lee, Schedul-

ing precedence graphs in systems with interpro cessor commu-

nication times, SIAM J. Comput., pp. 244-257, 1989.

[15] S.J. Kim and J.C Browne, A general approach to mapping of

parallel computation up on multipro cessor architectures, Pr o c.

of Int’l Conf. on Par al lel Pr o c essing, vol 3, pp. 1-8, 1988.

[16] C.L. McCreary and D.H. Gill, Automatic determination of

grain size for e�cient parallel pro cessing, Communic ations of

ACM, 1073-1078, Sept., 1989.

[17] S. Pande, D. Agrawal and Jon Mauney Compiling functional

parallelism on distribu ted-memory systems. IEEE Par al lel

and Distribute d T e chnolo gy: Systems & Applic ations, Spring

1994, pp.64-76.

[18] C. D. Polychronop oulos, Par al lel Pr o gr amming and Compil-

ers, Kluwer Academic Publish ers, 1988.

[19] R. Ponnusamy

, Y.-S. Hwang, J. Saltz, A. Choudhary

, G. F ox.

Supp orting Irregular Distributions in FOR

TRAN 90D/HPF

Compilers, Univ. of Maryland, CS-TR-3268, 1994.

[20] R. Pozo, Performance mo deling of sparse matrix metho ds for

distribu ted memory architectures, in L e ctur e Notes in Com-

puter Scienc e, No. 634, , Springer-V arlag, 1992, 677-688.

[21] Saltz, J., Crowley

, K., Mirchandaney

, R. and Berryman,H.,

Run-tim e scheduling and execution of lo ops on message passing

machines, J. of Par al lel and Distribute d Computing, V ol. 8,

1990, pp. 303-312.

[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] M. Y. W u and D. Ga jski, Hyp erto ol: A programming aid for

message-passing systems, IEEE T r ans. on Par al lel and Dis-

tribute d Systems, vol. 1, no. 3, pp.330-343, 1990.

[24] T. Y ang and A. Gerasoulis, PYRROS: Static task schedul-

ing and co de generation for message-passing multipro cessors,

Pr o c. of 6th ACM Inter. Conf. on Sup er c omputing, W ashing-

ton D.C., July

, 1992, pp. 428-437.

[25] T. Y ang and A. Gerasoulis, List scheduling with and without

communication delay

, Par al lel Computing, V ol 19, 1993, pp.

1321-1344.

[26] T. Y ang and A. Gerasoulis, DSC: Scheduli ng parallel tasks on

an unb ounded numb er of pro cessors, IEEE T r ans. on Par al lel

and Distribute d Systems., V ol. 5, No. 9, 951-967, 1994.

8

#pro c Time(ms) PYRROS-run PYRROS-compile

p=4 105542 3.94 3.97

p=8 53663 7.76 7.83

p=16 28270 14.7 15.1

p=32 16648 25.0 28.0

p=64 10458 40.0 45.4

T able 3: The sp eedup of the adaptive FMM on

nCUBE-2s.

generated by �rst creating di�erent lists for each b ox.

These lists are classi�ed as neighb ors, far-away b oxes

of the same size, smaller size, and bigger size. W e then

generate tasks and communication edges using these

lists.

Performance results: Due to the irregular struc-

ture, it is necess ary to use an automatic scheduling

to ol to schedule such task graphs. Our example is a

non-uniform galaxy distribution with 40000 particles.

This distribution results in a highly unbalanced tree,

with the maximum depth of the leaves b eing as large

as 9, and the minim um depth of the leaves b eing only

1. Such kind of distribution is very di�cult to paral-

lelize. Nevertheless , PYRROS is able to achieve go o d

p erformance with sp eedup of 40 using 64 pro cess ors,

as shown in T able 3.

4.3 Static scheduling p erformance for it-

erative execution

The N-b o dy problem is a dynamic problem, in the

sense that particles are moving, and their p ositions are

up dated during each time step. So they could move

from one b ox to another, resulting in changes in the

task graph. Notice that in the non-adaptive algorithm,

only task weights are changing due to particle move-

ment, However in the adaptive case, the task graph

structure could also b e changing if the space is repar-

titioned .

Here we investigate the e�ect of iterative execution

on the p erformance if we reuse the initial schedule.

W e b elieve that a static scheduling to ol could b e use-

ful even for such dynamic applications. This is b e-

cause the movement of particles is small during each

time step. Even if the particles have high velo city

, the

time step � t has to b e chosen small enough to ensure pro cessors slow-down(%)

p=8 4.0

p=16 4.9

p=32 6.1

p=64 7.5

T able 4: The increase in parallel time after 100 itera-

tions.

stability

. Since PYRROS scheduler for coarse grain

graphs do es not need precise weight information, we

exp ect that small p erturbations should not lead to sig-

ni�cant deterioration in p erformance, as we saw in sec-

tion 3. Thus a schedule can b e reused for many steps,

until its p erformance deteriorates to the p oint where

rescheduling b ecomes b ene�cial. The interesting ques-

tion is how frequent we need to reschedule, since this

will determine the overall p erformance of PYRROS

for the N-b o dy problem. W e investigate this next.

Using a uniform distribution of 10000 particles, we

cho ose � t = 0:001 which for this case is large enough

to get sizable movement of particles in each step, but

small enough to ensure stability

. Our exp eriment runs

iteratively on 8-64 pro cessors . The same initial sched-

ule is used for all iterations. W e calculate the deterio-

ration of the p erformance: i.e.

P T

100

�P T

1

P T

1

, where P T

1

is the parallel time for the �rst iteration and P T

100

is the parallel time for the 100th iteration. W e call

this v alue the \slow-down". The results are shown in

T able 4.

Note that the slow-down in parallel time is only

7.5% for 64 pro cessors. Of course, these data are only

for this particular uniform distribution. But in gen-

eral, if the change of the task graph happ ens slowly

and gradually

, we could say that an initial sched-

ule can b e reused for a substantial numb er of steps

with reasonable p erformance. Combined with run-

time resche dule to correct the imbalance when it gets

to o large, this approach could b e useful in many real

world applications, not just N-b o dy . W e plan to in-

vestigate this approach further.

7 pro c Time(ms) PYRROS-run PYRROS-compile

p=4 320017 3.96 3.98

p=8 160320 7.90 7.95

p=16 81258 15.6 15.7

p=32 41638 30.4 31.0

p=64 21463 59.0 61.0

T able 2: The sp eedup of the non-adaptive FMM on

nCUBE-2s. PYRROS-run is the real sp eed up, while

PYRROS compile is the prediction of the scheduler.

The weights of the tasks dep end on the input and

are irregular, so we only descr ib e the order of the

weights in terms of numb er of particles in a leaf b ox s

and numb er of terms in the expansion p. F or simplic-

ity we use s as upp er b ound to the numb er of particles

in each leaf b ox. numb er would v ary from b ox to b ox

but not to o much. The weights are O (p � s) for leaf

no des in the upward pass, O (s

2

) for the leaf no des in

downward pass, and O (p) for all non-leaf no des.

Granularity: The graph is �ne grain near the ro ot

but coarse grain at the leaf level where high degree of

parallelism exists. So the sp eedup is exp ected to b e

very high.

Performance results: W e use an example of

80000 randomly distribution particles, with a 5-level

(32*32) sub division. This graph has ab out 2700 no des

and 30000 edges. PYRROS scheduler can handle

graph with such size quite rapidly

. The sp eedup for

the initial iteration is almost linear, shown in T able

2. W e will discuss the issue of the iterative execution

later.

The largest problem we were able to run on a 16MB

memory p er pro cessor, 128-pro cessor nCUBE-2s ma-

chine is a problem with 8 � 10

5

particles, demonstrating

that our system is capable of handling large real world

problems.

4.2 Scheduling for the adaptive FMM al-

gorithm

Although the non-adaptive algorithm has very go o d

p erformance for uniform distributions of particles, it

cannot handle highly non-uniform distributions en-

countered in some applications, such as galaxy simulations. Adaptive sub division must b e used for such

distributions. Figure 5 illustrates an example of

an adaptive sub division and the corresp onding un-

balanced tree for this partition. The real task graph

consists of the concatenation of this in-tree with the

symmetric out-tree and edges b etween the two parts.

Figure 5: An adaptive sub division

Graph structure: The task graph structure is

similar to that of the non-adaptive case in the sense

that it still has an upward pass (in-tree) and a down-

ward pass (out-tree). But the tree is unbalanced, and

the height is larger for the places with higher particle

density

. So the tree structure v aries, dep ending on the

input distribution. F or galaxy distributions, the tree

is highly unstructur ed.

The function of the no des are basically the same

as in the non-adaptive algorithm, with the follo wing

complications (see pp.28-38 in Greengard’s thesis for

detailed explanations.) :

(a.) Neighb oring leaf b oxes could b e of di�erent

sizes b ecause they may not b e in the same level of the

tree.

( b.) Since multip ole expansions cannot b e translated

b etween b oxes of di�erent sizes, we need to deal with

\far-away" interactions b etween b oxes in di�erent lev-

els of the tree in some sp ecial way .

With these extra cases in mind, a task graph can b e

6

(1) Non-adaptive: all b oxes are of the same size.

This is applied to uniform distributions.

(2) Adaptive: b oxes are sub divided further in

the regions of higher particle density

. This is used

for highly-non-uniform distributions. F or details see

Greengard’s thesis, [13].

W e consider b oth non-adaptive and adaptive FMM

algorithms. T o intro duce the metho d we consider the

non-adaptive algorithm �rst.

4.1 Scheduling for the non-adaptive

FMM algorithm

Graph Structure: Figure 2 is a 2-level regu-

lar sub division and its corresp onding quadtree. The

structure of this tree is regular but the task weight

distribution is irregular.

Figure 2: A 2-level non-adaptive sub division

Figure 3: T ask graph for a 2-level sub division. The

order of task weights are also shown. Only communi-

cation from one leave of the upward pass tree to the

leaves of the downward pass tree is shown. The others

are deleted for simplicity of prese ntation.

The basic structur e of the task graph is a concatenation of this in-tree with an out-tree which is its re-

verse. Because of the regular sub divisions, the tree is a

complete quad-tree. The leaves of the tree corresp ond

to the b oxes at the �nest level, and the internal no des

corresp ond to the b oxes at higher levels. F ollo wing

the thesis of Greengard, we call the in-tree \upward

pass", and the out-tree \downward pass." There are

additional edges b etween the two parts of the graph,

which represe nt interactions b etween b oxes. Figure 3

is an example of the task graph for a 2-level sub di-

vision. F or clarity we only draw the communication

edges for one leaf no de.

Note that although in this graph, every leaf com-

municates with all the other leaves, this is not true for

divisions of higher levels. A leaf communicates with

its neighb ors and \interaction list", which is esse n-

tially the list of all second near neighb ors, see �gure

4 . The numb er of b oxes in each of the lists is b ounded

by a constant, so the graph has O (4 l

) edges, l b eing the

sub division level. It’s not easy to draw these graphs

clearly

, but from the follo wing description it should b e

easy to understand their structure .

Figure 4: A 3-level non-adaptive sub division. X are

the b oxes in the interaction list of b ox O. Any b ox

has most 27 b oxes in its interaction list, and at most

8 neighb ors.

There are four kinds of no des in the graph: leaf

no des in the upward pass, non-leaf no des in the up-

ward pass, non-leaf no des in the downward pass, and

leaf no des in the downward pass. Each group of no des

has similar functionality . W e are not giving the details

of the functions they p erform here. Roughly sp eaking,

the multip ole expansions are generated in the upward

leaf no des, sent up toward the tree ro ot, and \trans-

lated" to the non-leaf no des in the downward pass

which lie in the interaction list. The expansions are

then converted into \lo cal expansions" and sent down

the downward tree, and the leaf no des in the down-

ward tree p erform the ma jor computation, see [13]

for more details.

5

� (1 + f

�

2

)(1 +

1

g (G r

)

)

X

P (G

s

)

(�

i

+ c

i;i+1

) �

� (1 + f

�

2

)(1 +

1

g (G r

)

)

X

C P (G

s

)

(�

i

+ c

i;i+1

) =

(1 + f

�

2

)(1 +

1

g (G r

)

)P T (G):

F or the lower b ound assume again that the schedule

S = r opt is optimum for G r

and P T

�

(G) is the cor-

resp onding parallel time when r opt is applied to G.

Then we use the facts that P T

opt

(G) � P T

�

(G) and

c

i;i+1

�

�

i

g (G) to show that

(1 � f

�

1

)

P T

opt

(G)

1 +

1

g (G)

� (1 � f

�

1

)

X

C P (G

r opt

)

�

i

+ c

i;i+1

1 +

1

g (G)

�

X

P (G r

r opt

)

� r

i

�

X

P (G r

r opt

)

� r

i

+ c r

i;i+1

�

X

C P (G r

r opt

)

� r

i

+ c r

i;i+1

= P T

opt

(G r

):

Combining the lower and upp er b ounds we prove the

prop erty . 2

This prop erty implies that the run-time p erfor-

mance dep ends on how go o d the compile time sched-

ule is and how small the v ariations of the weights at

run-time are. It should b e mentioned that for coarse

grain task graphs it is easier to pro duce go o d sched-

ules. As a matter of fact for a completely connecte d

architecture with unb ounded numb er of pro cessors we

can always pro duce a schedule, see [10], such that

P T (G)

P T

opt

(G)

� 1 +

1

g (G)

:

This implies that B = 1 + 1=g (G) tends to 1 as the

grain of graph b ecomes coarser. Also for coarse grain

task graphs we can estimate the computation and

communication weights much more accurately as long

as there is no resource contention.

W e have an exp erimental veri�cation of the ab ove

analysis. In section 4, we consider the execution of

static schedules for irregular N-b o dy graphs. F or a

test case with 10000 particles, we schedule and execute

the computation, and record the actual parallel time

in nCUBE-2. After that we p erturb the task and com-

putation weights randomly so that the schedule is pro-

duced using inaccurate weights. W e then compare the

run-time p erformance of the schedule using accurate

weights with the one using inaccurate weights, record-

ing the slow-down p ercentage. The ratio of weight pro cessors slow-down(%)

p=8 0.4%

p=16 5.1%

p=32 7.4%

p=64 6.3%

T able 1: The increase in parallel time after ran-

dom weight p erturbation of the N-b o dy simulation on

nCUBE-2.

p erturbation is b etween -20% and +20% and the p er-

formance degradation in terms of parallel time due

to p erturbation is listed in T able 1. W e observe that

p erformance v ariation is virtually none for small num-

b er of pro cessors and very mo dest for larger numb er

of pro cess ors. W e also have veri�ed other cases and

the exp eriments give a strong evidence that a static

scheduling is insensitive to weight p erturbation as long

as the p erturbation is not excess ive.

4 Sc heduling and executing N-b o dy

sim ulations

N-b o dy simulations are required in many scienti�c

computation applications. Given a distribution of n

particles in space, and a rule governing their interac-

tions, e.g. gravitational force, the problem is to com-

pute the movement of the particles. This movement

can b e discretize d in time steps, during each of which

we compute the force applied on each particle, and up-

date the particle p ositions. F or example, in 2-D space,

the force applied to a particle lo cated at p osition z

j

,

represe nted by a complex numb er, is:

F

j

= n

X

i=1;i6=j

A

i

z

i

� z

j

where A

i is the charge of particle i lo cated at z

i

.

W e use PYRROS to map the 2-D F ast Multip ole

Metho d (FMM). The basic idea of the algorithm is

to sub divide the space into b oxes. The ev aluation of

particle interactions b etween far-away b oxes can b e

approximated by series of expansions. The co e�cients

of the series are computed once and used by all \far-

away" b oxes. Dep ending on the input distribution,

the algorithm comes in two avors:

4

T asklist = ordered tasks assigned to pro cessor i

based on the static schedule.

While T asklist is not empty Do

Remove the �rst task T

x in the list,

Examine the incoming edges of this task T

x

.

If data items it needs are not in the lo cal memory ,

issue a message-receiving to fetch desired

data items from the communication bu�er.

Perform the task computation.

Send out the pro duced data items to

the pro cessors that need these data items.

ENDWHILE

Figure 1: The run-time execution of a static schedule.

p erformance on the v ariation of task communication

and computation weights. Let G b e the graph for

which the scheduling algorithm pro duces a schedule S .

At run-time, the weights of this graph change, we call

the new graph as G r

. W e examine the p erformance of

schedule S when used to execute G r

:

In [10], we de�ne the grain of a task T

x as

g

x

= min( min

T

k

2P RE D (T

x

)

�

k

max

T

k

2P RE D (T

x

) c

k ;x

;

min

T

k

2S U C C (T

x

)

�

k

max

T

k

2S U C C (T

x

) c

x;k

)

and the gr anularity of a DAG G as

g (G) = min

x=1:v fg

x g:

W e assume that at run-time, each communication

weight c

i;j is changed to c r

i;j and the computation

weight to � r

i

. They satisfy

(1�f c

1

)c

i;j

� c r

i;j

� (1+f c

2

)c

i;j

; (1�f

�

1

)�

i

� � r

i

� (1+f

�

2

)�

i

where f

1

= max(f c

1

; f

�

1

) and f

2

= max(f c

2

; f

�

2

): The

lower and upp er b ounds in the inequalities ab ove are

chosen to b e sharp.

Let the length of the schedule S for G b e P T (G).

The run-time metho d in Fig. 1 uses the mapping and

task ordering of S to execute graph G r

, pro ducing a

parallel time P T (G r

).

Let us assume that P T (G) � B � P T

opt

(G) where

P T

opt

(G) is the optimal schedule length for G where

the minimum is taken over all p ossible schedules

S . Similarly

, let P T

opt

(G r

) b e the optimal schedule

length for G r

. If B is close to 1 then the scheduler, say for example the PYRROS static scheduler, pro-

duces close to the optimum schedules. What happ ens

to the actual run-time execution of this schedule is

describ ed by the follo wing prop erty:

Prop ert y 1 Assume that P T (G; S ) � B �

P T

opt

(G), then

P T (G r

)

P T

opt

(G r

)

� min ( F

1

; F

2

(1 +

1

g (G r

)

)(1 +

1

g (G)

) )B

where F

1

=

1+f

2

1�f

1

; F

2

=

1+f

�

2

1�f

�

1

.

Pro of: Given a schedule S of G which de�nes the

mapping and ordering of task to pro cess ors. By adding

an edge from T

x to T

y if T

x is executed immediately

b efore T

y in the same pro cess or and T

x and T

y are

indep endent, then we obtain the execution graph G

s

for G under schedule S . The graph structure of G

s is

identical to G r

s

, the graphs di�ering only in the v alues

for communication and computation weights. W e set

P T (G r

), the length of the run-time schedule for the

metho d in Figure 1 when using schedule S . W e have

that

P T (G r

) =

X

C P (G r

s

)

(� r

i

+ c r

i;i+1

) � (1 + f

2

)

X

P (G

s

)

(�

i

+ c

i;i+1

)

� (1 + f

2

)P T (G).

where C P (G r

s

) is the critical path in G r

s and P (G

s

)

is the same path in G

s which might not b e a criti-

cal path in G

s b ecause of the change in the weights.

The summations are taken over all no des in the cor-

resp onding paths in the graph.

Now, let P T

opt

(G r

) b e the length of the optimal

schedule S = r opt for G r

. Let P T

�

(G), b e the parallel

time of this optimum schedule applied to G. W e have

that

(1 � f

1

)P T

opt

(G) � (1 � f

1

)P T

�

(G) =

X

C P (G

r opt

)

((1 � f

1

)�

i

+ (1 � f

1

)c

i;i+1

) �

�

X

P (G r

r opt

)

(� r

i

+c r

i;i+1

) �

X

C P (G r

r opt

)

(� r

i

+c r

i;i+1

) = P T

opt

(G r

r opt

):

The pro of of the �rst b ound is obvious.

T o prove the second b ound we use the de�nition of

granularity to derive another upp er b ound for run-

time communication with resp ect to computation:

c r

i;i+1

�

� r

i

g (G r

)

. W e have that

P T (G r

) =

X

C P (G r

s

)

(� r

i

+ c r

i;i+1

) � (1 +

1

g (G r

)

)

X

C P (G r

s

)

� r

i

�

3

2 T ask computation mo del and

sc heduling

A task graph is a directed acyclic task graph (DAG)

de�ned by a tuple G = (V ; E ; C ; T ) where V is the set

of task no des and v = jV j is the numb er of no des,

E is the set of communication edges and e = jE j is

the numb er of edges, C is the set of edge communica-

tion costs and T is the set of no de computation costs.

The v alue c

i;j

2 C is the communication cost incurred

along the edge e

i;j

= (n

i

; n

j

) 2 E , which is zero if

b oth no des are mapp ed in the same pro cess or. The

v alue �

i

2 T is the execution time of no de n

i

2 V .

P RE D (n

x

) is the set of immediate predeces sors of

n

x and S U C C (n

x

) is the set of immediate succe ssors

of n

x

. W e use the macr o-data ow task mo del of ex-

ecution. A task receives all input in parallel b efore

starting execution, executes to completion without in-

terruption, and immediately sends the output to all

succes sor tasks in parallel.

Scheduling parallel tasks with precedenc e relations

over distributed memory multipro cessors has b een

found to b e much more di�cult than the classical

scheduling problem [5]. This is b ecause data trans-

ferring b etween pro cessors requires substantial trans-

mission delays. Without imp osing a limitation on the

numb er of pro cessors , the scheduling problem that ig-

nores communication overhead is solv able in p olyno-

mial time. When communication overhead is present,

however, the problem b ecomes NP-complete [22]. Sev-

eral scheduling algorithms have b een prop osed in the

literature, e.g. [2, 8, 16, 15, 22, 23]. The algo-

rithm needs to take into account the following trade-

o�: Placing two tasks in di�erent pro cess ors p ar al-

lelizes the computation pro cess but also could induce

higher communication cost. On the other hand, plac-

ing tasks in one pro cessor eliminates communication

cost but also se quentializes the computation pro cess .

W e have develop ed e�cient scheduling algorithms

and a system called PYRROS [24] that integrates

scheduling with co de generation techniques. The in-

put to PYRROS is a weighted task graph and the

asso ciated sequential C or F ortran co de. The output

is a static schedule and parallel co de for a given ar-

chitecture. PYRROS p erforms scheduling and co de

generation as follows:

1) Clustering. The goal of clustering is to identify

\useful" parallelism and eliminate unnecess ary com-

munication. PYRROS uses the Dominant Sequence

Algorithm (DSC) and we have shown that DSC p er-

forms well for general DAGs and also pro duces the

optimal solutions for fork, join and coarse grain tree

DAGs, [26].

2) Mapping clusters to pro cessors. After �nd-

ing the clusters , PYRROS uses a v ariation of work

pr o�ling metho d [9] for cluster merging in order to

balance the load of computation. Then PYRROS uses

a heuristic algorithm to map p virtual clusters onto p

physical pro cessors of a given interconnection archi-

tecture so that the overall communication volume is

minimized, [12].

3) T ask ordering. Once the physical mapping

is �xed, interpro cess or communication delay b etween

tasks can b e determined accurately . W e need to order

the execution of tasks within each pro cess or Finding a

task ordering that minimizes the parallel time is NP-

hard. W e have prop osed a heuristic algorithm RCP

and have shown that RCP is optimal for fork and join

DAGs, [25].

The total complexity of our scheduling stages is

O ((v + e) log v + p

3

). In [12], we have compared

this multi-stage metho d with the one-stage ETF

metho d [14] using randomly generated graphs, and

found that our algorithm has lower complexity and

pro duces comp etitive or even b etter solutions.

3 Executing static sc hedules

Once a schedule is determined, this schedule must

b e execute d on a real architecture. F or message-

passing architecture s, the basic mo del of PYRROS in

executing a static schedule at pro cessor i is describ ed

in Fig. 1.

Parallel machines are complex systems and accu-

rate estimation of communication and computation

weight at compile time is very di�cult. Therefore,

it is imp ortant to know the sensitivity of the sched-

ule executor on inaccurate weight estimation and also

other run time weight v ariations.

W e now address the sensitivity of the scheduling

2

Exp erience with Graph Sc heduling for Mapping Irregular Scien ti�c

Computation

�

Ap ostolos Gerasoulis, Jia Jiao

Department of Computer Science

Rutgers University

New Brunswick, NJ 08903

fgerasoulis, jjiaog@cs.rutgers.edu

T ao Y ang

Department of Computer Science

University of California

Santa Barbara, CA 93106

tyang@cs.ucsb.edu

Abstract

Parallelizing irregular scienti�c computation e�-

ciently is a challenging op en research area. In this pa-

p er we investigate the applicability of graph schedul-

ing techniques in solving irregular problems on dis-

tributed memory machines. Our approach is to ex-

press irregular computation in terms of a macro-

data ow task mo del and use an automatic scheduling

system to map task graphs and also generate parallel

co de based on the scheduling result. Our preliminary

exp eriments in nCUBE-2 have pro duced promising re-

sults with regards to the practicality of scheduling.

1 In tro duction

The need to solve irregular problems, where the

patterns of computation and communication are un-

structure d and/or changing dynamically

, arises in

many scienti�c computation applications. Automatic

scheduling techniques are useful in exploring paral-

lelism of unstructur ed computation. Self scheduling

and randomized load balancing techniques have b een

prop osed for mapping dynamic indep endent and tree-

structure d tasks [1, 18]. F or iterative irregular com-

putation, the CHAOS system [21] uses the insp ector

and executor approach and recently there has b een

�

The work presented here was in part supp orted by ARP A

contract DABT-63-93-C-0064 under \Hyp ercomputing and De-

sign" pro ject, by the O�ce of Nav al Research under grant

N00014-93-1-0944, by NSF RIA CCR-9409695. The content

of the information herein do es not necessarily re ect the p osi-

tion of the government and o�cial endorsement should not b e

inferred.

an attempt to extend HPF compilers to handle irreg-

ular computation [19]. In this pap er, we discuss how

static graph scheduling techniques can guide the map-

ping of irregular computations on multipro cessors and

e�ectively utilize parallelism hidden in complex data

dep endenc e structur es.

T ask scheduling theory and algorithms have b een of

long-standing research interest b ecause of the promise

that such approach could b etter utilize the p ower of

multicomputers. Finding optimal schedules is di�-

cult, and many scheduling heuristic algorithms have

b een develop ed, [8, 11, 15, 22, 23, 2, 17]. F urthermore,

scheduling systems that predict the p erformance of

task graph computation have b een built [8, 23, 24].

An application of scheduling is in the sparse matrix

computation area [4, 3, 20].

In section 2, we will �rst brie y discuss task graph

scheduling techniques and the execution of a sched-

ule. Static scheduling relies on task and communica-

tion edge weights, but there is always a discrepancy

b etween static weight estimation and actual run-time

p erformance. Thus it is of interest to know that small

estimation errors will not dramatically alter the run-

time p erformance b ehavior. In section 3, we will pro-

vide an analysis on the discrepancy b etween the static

p erformance predicted by the scheduler at compile-

time and the actual run-time p erformance. In section

4, we present our exp erienc e with graph scheduling for

irregular N-b o dy simulations.

1