A

C

O

M

P AR

I

SO N ST

U

D

Y OF

H

EURISTICS FOR MAPPING P ARALLEL

ALGORITHMS TO MESSAGE-P ASSING MUL TIPROCESSORSM a

r i o s D

. Dikaiakos

A

nn

e

Rogers

Ken

S

teig lit

z Department of

Comp

uter SciencePrincetonUni versit

y

e m a i l : mdd

@

p ri n cet

on .edu

A b

s t r a ct T h i s p ap e

r prese n

ts ac

o mparison stu

d y of popular clustering and mapping heuristicswhich are

used to map task

- ow graphs to message-passing multiprocessors. To this end, we use task-graphs

which are representative of important scienti�c algorithms running on data-sets of practical interest.

The annotation which assigns weights to nodes and edges of the task-graphs is realistic.It re ects

current trends in processor, communication channel, and message-passing interface technology and

takes into consideration hardware characteristics of state-of-the-art multiprocessors.Our experi-

ments show that applying realistic models for task-graph annotation a�ects the e�ectiveness and

functionality of clustering and mapping techniques. Therefore, new heuristics are necessary that

will take into account more practical models of communication costs.We present modi�cations to

existing clustering and mapping algorithms which improve their e�ciency and running-time for the

practical models adopted.1

I

n t

r o d

u

ct

ion

I n t

h i s p

ap e

r we present ac

o mparison stu

d y of popular clustering and mapping heuristics which are

used to map task

- ow graphs to message-passing multiprocessors.

To this end, we use task-graphs

which are representative of two important algorithms for theN

- B o d y problem, running on data-sets of

practical interest. The annotation which assigns weights to the nodes and the edges of the task-graphs is

realistic. It re ects current trends in processor, communication channel, and message-passing interface

technology and takes into consideration hardware characteristics of state-of-the-art multiprocessors.Our

experiments show that applying realistic models for task-graph annotation a�ects the e�ectiveness and

functionality of clustering and mapping techniques. Therefore, new heuristics are necessary that will

take into account more practical models of communication costs.We present modi�cations to existing

clustering and mapping algorithms which improve their e�ciency and running-time with the practical

models adopted.

Task-graphs are derived withF

A ST, a software system that we built to evaluate the execution of

parallel scienti�c algorithms on message-passing systems[

D RS

9

3a, DRS94

]. These graphs are a special

case of the da ta de

penden

ceg

raph

s (DD

G

’s

) that are used frequently as abstract representations of

parallel programs [GV

Y9 0,

Pol88, SH8

6, YG92, Sar89, RSL93]. The nodes of DDG’s correspond to1

s i n g l e p r ogr a m ins tr u ctions or sets o f instructions , depending on t he DD G -granularit y desired . Their

arcs correspond to dependenc es, which enforce a partial order of e xecution on program statements.

A key issue that arises in systems employing data dependenc e graphs is the execution of these graphs

on the processors of a parallel computer. There are many approaches for addressing this pro blem, most

of which can be classi �ed as s t at i c or d y na mic. Static schemes apply in systems where the DDG ’s can be

constructed before program execution. In that case, the user-program or the compiler can take ad vantage

of information pertinent to the DDG for making decisions that will guide the assignment of graph-nodes

to di �erent processors, and the scheduling of tasks within each processor [aDA 9 1, YG9 2 ]. It is not always

possible, however, to create the DDG’s before the program execution. In that case, execution of DDG’s

is accomplished with dynamic schemes that are enforced through the operating system or the hardware.

In this paper we examine algorithms used in static schemes. Such algorithms assume for simplicity

that the processors of a parallel system form a cli que interconnection topology (fully-connected network ).

Mapping is usually accomplished in two phases [G VY9 0, S H 8 6, Sar89] :

1. The c l ust e rin g or internali zati on phase, seeks to minimi ze communication overhead and improve

parallel time by deciding that certain tasks must go together on the same processor, even if other

processors are available.

2. The ma pping or processor assignment phase, maps the groups of tasks formed by the clustering

phase to the processors of the parallel architecture at hand. At the same time, it seeks to preserve

a small parallel time.

In con junction with clustering and mapping, it is necessary to perform sc heduling of tasks that are

assigned to the same cluster.

The organization of this paper is as follows: in the next section we give the graph-theoretical frame-

work that we use to implement and evaluate clustering and mapping heuristics. In Sections 3 and 4

we describe the clustering and mapping heuristics studied and suggest modi�cations that will improve

their e�ectiveness and performance, given the practical annotation model adopted. Section 5 presents

simulation results and comparison-studies, and Section 6 gives our conclusions.

2 M o d e l i n g p a rallel e xe c u tion s

The task-graphs used in our study are called paral lel -e xecution graphs and follow the Macro- Data o w

model of computation [Sar89]. In this model, each task starts executing upon receipt of all incoming

messages and continues to completion without interruption. Upon completion, it forwards its results

to adjacent tasks. Each node in a parallel-execution graph is assigned the computation time of the

corresponding task and each edge is assigned the latency of the respec tive message. A parallel-execution

graph is an abstraction of the parallel execution, which enables us to estimate parallel time and available

parallelism easily, and study the mapping of the parallel computation onto some realistic message-passing

multiprocessor. Parallel-execution graphs are formally de�ned as follows:

G p e = G( V ; Epe; p r o c; T ; D)

where:

1 . V i s t h e set o f t as ks.

2. E p e = E [ E s c h is the set of e d ges. Edges i n E co rres pond to e xp licit messages , and represent

program -determined dependences bet ween tasks. E sch is a set of edges introd uced in the graph to

de �ne the order of execution among tasks mapped on the same processor and with no program-

determined dependence s between them.

3. p r o c : A mapping from the set of task nodes V to the set of processors P : 8 v 2 V ; proc (v ) gi ves

the processor in P that executes task v.

4. T (v); v 2 V is the time it takes processor proc(v) to perform v ’s computations.

5. D( e); e = ( u; v) 2 E is the weight assigned to edge e. D(e) denotes the time-interval between the

time that task u �nishes its execution and the time that task v gains access to the data carried b y

edge e. If u and v are mapped onto di �erent processors, D(e) is e quivalent to the interval between

the time when proc(u) has �nished executing task u, and the time when message e has been loaded

into the bu�ers of the destination processor’s proc(v) network interface. For a single-hop message,

it is:

D(e) = t de l a y

(e) + S o v (e) + W (e) = B + t co n ges t ion

(e) + R ov (e)

where: tdelay (e) is the delay between the time the sending processor issues the S e n d instruction

initiating message e, and the time that this processor starts loading the message body to the

bu�ers of its network interface. Sov (e) is the time it takes the sending processor to load its

network interface’s output bu�ers with the contents of message e and with control information

(setup cost). W (e) is the number of bytes carried by message e, B is the bandwidth of the

communication links (in bytes per second), tcongestion(e) is the time e spends waiting in busy

queues of the interconnection network, and Rov (e) is the time it takes a message to be loaded in

the input bu�ers of the receiving processor’s network interface. Additionally, we use � (e) to denote

the time it takes the message to propagate through the communication channels and then to be

loaded into the input bu�ers of its destination’s network interface. For one-hop messages this is

equal to : W (e)=B + tcongestion(e) + Rov (e).

On the parallel-execution graph we can now de�ne the P a ra l lel T i me as the weight of its critical path,

i.e, of the path with the largest sum of node and edge weights.

M e ss a ge - Pass i ng In te r fa ce Pri miti ves

Point-to-point communications in parallel systems are implemented with Send and Re cei ve primitives

issued by parallel tasks. These primitives can be characteri zed as bl oc kin g or non -blocking, and as

s ync hrono us or asynchronous [ Cyp 93 ]. Such characterizations determine the point in time when a com-

munication primitive returns control to the task that called it. Also, they de�ne the semantics of commu-

nication, and a�ect its performance. In the Macro- Data ow model of computation edges in E represent

pairs of Send and Receive primitives. Send’s can be either blocking or non-blocking, and synchronous

or asynchronous. Receive’s must be blocking because of the de�nition of Macro-Data ow. According

to the non-blocking communication paradigm, messages are dispatched simul taneously at the end of the

Fi gur e1:

Blo c ki ng v s .Non

-blocking

Se nd’s.

execu

tion of a task.

In contrast, according to t he blockingparadig m, messages are transmittedse r ia ll y from tasks

with no overlap between the loading of a bu�er and the subse quent message-dispatches or computation

(see Figure 1

).Therefore, the choice of message-passing interface primitive a�ects the annotation of task-graph edges and, hence, the clustering and mapping steps taken.

3C luster i ngClustering speci�es the sequential units of computation in a parallel program by mapping tasks to clusters.

A cluster is a set of tasks that execute sequentially on the same processor. The principle goal of clustering is to achieve the minimum parallel time for a given task graph on a clique architecture, with as many processors as tasks (\abundant

" clique). If communication overhead werezero, the trivial solution to clustering would assign each task to a di�erent processor of an \abundant" clique. In the realistic case, however, a parallel execution that assigns every node of a task-graph to a di�erent processor of an

\abundant" clique might not achieve minimum completion time because of communication delays and overhead. For example, in Figure2 (left), each task is assigned to a di�erent processor and the parallel time of the execution graph is 24. In contrast, in Figure 2 (right), nodes

A,

B, andD are clustered within the same processor and the parallel time is only 16. This is because clustering eliminates the communication cost of messages (A; B) and (B; D).

Formally ,cl

ustering is the problem of partitioning the nodes of a parallel-execution graph

G pe into clusters, and deriving the clustered parallel-execution graph with the sh

ortest parallel time among all possible clustered graphs Gc pe mapped on \abundant" cliques. It has been proven that �nding the optimal clustering of a directed acyclic graph that follows theMacro-

Data ow model of computation is 4

Figure 3: Sche duling edges. The bold arro ws denote the se quential paths o f e xecution in the clusters.

N P -hard in the strong sense , if the cost function is the minimi zation of parallel time of the graph on an

\abundant " clique architecture [Sar 8 9 ]. A number of heuristics ha ve been developed to cope with the clustering problem [

E R L9 0, K B88, Sar89, Y G9 1].

Clustering heuristics applied to G p e will update its p r o c information to re ect the formation of clusters.

If, for instance, nodes u and v are clustered within the same cluster L, then proc (u ) = proc(v) = L. Furthermore, clustering alters

E, the set of edges of Gpe, b y introducing new \scheduling" edges that express the scheduling priorities among nodes belonging to the same cluster. For example, in

Figure 3, cluster L merges with node

D. If tas k D is scheduled to run after task A and before task B, the edges (A

; D) and (D; B) are inserted in the clustered graph to determine the new schedule.

Finally, clustering heuristics change the weights assigned to the edges of Gpe. For example, we consider a node u

2 V that sends n + 1 messages to nodes w 1, w 2, : : : ,w k, v, wk +1,: : : , w n, in that order (see Figure

4). Assume that proc(w i) 6= proc(w j ) 6= proc(u) 6= proc(v), 8 i 6= j. If the clustering heuristic assigns nodes u and v to the same cluster, the weights of the outgoing edges (u; w1),: : : , (u; wk) of u will

5

Fi g u r e

4 : E dge weig h t s( b lo c king

Sen d’s)

.

remain the same.The weight of (u;v) will be changed from:D(u;

v)= ( kX i = 1 So v(u;wi))+ Sov (u; v) +�(u; v):

to: D

c(u; v) =n Xi=1 Sov (u; wi)

(see Figure 4). The weights of edges (u; wk+1),: : : ,(u; wn) will be reduced to

Dc(u; wi) = D(u; wi)

� Sov (u; v);i = k +1; : : : ;

n: These formulas corres

pond to the case where the message-passing interface of the

\abundant

" cli que provides a

b l o c kin g Send communication primitive.Most clustering heuristics, however, have been designed with the assumption that, after clustering, Dc(u; v) will be equal tozero and Dc(u; wi) will be the same as D(u; wi).

4C lu st eri ng

Heuristi cs

The clustering heuristics examined here perform a number of re�nement steps on the input parallelexecution graph. Each step performs a re�nement on the output of the previous clustering step by merging two clusters, and scheduling their tasks within the newly formed clusters.In the initial parallelexecution graph, each task-node is a cluster by itself. The heuristics complete and report a �nal clustering when an end-condition is satis�ed.6

W e foc u s one dgezero ingheuristics with noba cktracking

.These a lgorith ms procee db y merging connected nodes of the parallel-e

xecution graph.Assigning two connected nodes to the same cluster eliminates the message that corresponds to the edge connecting them. After clustering, the message will be carried out through local memoryWrite

’s and

Read’s at the memory of the processor that executes the cluster. There is no backtracking, that is, once a cluster has been formed at one step of the heuristic, it cannot be split at a later step.Various algorithms belonging to this class of clustering methods can be characterized with respect to:1. The method for choosing which edge to eliminate.2.

The end-condition of the heuristic.

3. The scheduling heuristic employed when merging two clusters into a sequential thread of execution.

The choice of scheduling heuristic is orthogonal to the method for zeroing edges and to the end-condition.Here we gi ve concise presentations of a number of clustering heuristics. A comprehensive discussion on clustering can be found in[

GY

92].

4.

1Sa r kar’s

Cl us ter i ng

Alg orith m

Sarkar’s heuristic clusters a parallel-execution graph in a number of steps described below [Sar89]:

1. Sort the edges

e 2E of the graph in descending order of their weightsD

(e). 2.

Merge the two clusters that include the head and tail node of the edge with the greatest weight, if this change does not increase parallel time. 3. Repeat step 2 until all edges are scanned.It is not di

�cult to see that the complexity of Sarkar’s heuristic isO( jEj� (j

V j+ jEj)). This results in very high execution times for large graphs. Therefore, we also implemented a variation of Sarkar’s method that sorts the edges in descending order of their weights and examines only a percentage of them, starting from the one with the largest weight. 4.

2Kim an dBro wne’s AlgorithmKim and

Browne’s method takes a di�erent approach to clustering [KB88]:

1. Mark all edges in the parallel-execution graph as une xamined. 2.Find the critica

lpat h in the graph composed of unexamined edges only. This is the path with the longest cumulative weight in the graph. The cumulative weight of a path (u

1; u

2); (u2; u3);: : : ; (u

n

�1; un) is equal to

Pn�1 i

=1�

T (ui) + D(ui; ui+1)� + T (un).

3. Merge in the same cluster the nodes belonging to the critical path and mark all edges incident to nodes of the critical path as examined.7

4.

App ly s teps2 a nd

3 to t he s ub g raphs formed by nodes and unexamined edges

, until all edges are examined. The

complexity of

Kim andBro wne

’s heuristic isO

(

jV j� (jV j

+ j

Ej)), since there are at most jV j connected components in a graph and it takes O(jV j + jEj) time to�nd the critical path in each component.

4.3Gree d yD o min an tSe q uence

A l gorit hm The clustering algorithm by

Yang andGerasoulis[YG9

1], identi�es at e very step the critical path of the graph, named the

D o minan tSe quence (DS). The heuristic chooses one edge belonging to theD

S and merges the clusters of its adjacent nodes, if this decision leads to a shorter parallel time. After the clustering, the algorithm computes the new DS. The complexity of Yang and Gerasoulis’ heuristic is O((jEj + jV j) �l

ogjV j).

We implemented a simpler, greedy version of this algorithm, which we callG

reed y Dominant Sequence (GDS) algorithm:

1.Identify the Dominant Sequence of the graph.

2.

Choose the edge of the Dominant Sequence whose elimination results in the largest decrease of parallel time.Merge the clusters of the nodes adjacent to the selected edge. 3. Repeat Steps 1 and 2 until there is no edge in the DS whose elimination can decrease parallel time.

Identifying the Dominant Sequence requires a depth-�rst search of the graph which takes O(jEj + jV j) time. Choosing which edge of the Dominant Sequence to eliminate takes time proportional to the number of edges in the Dominant Sequence, that is, O(jV j). The algorithm will perform O(jV j) clusterings and, therefore, the total complexity of the Greedy Dominant Sequence is O(jV j � (jEj + jV j)).

4.4 Greedy

-Linear Algorithm

Kim and Browne’s heuristic improves parallel time in the case where a simple scheme is used to assign weights to edges, and\elimination

" of an edge results inzeroing its weight.Under the more realistic scheme employed in our study, however, Kim and Browne’s heuristic may result in clustered graphs with larger parallel times than the unclustered ones. With this consideration in mind, we modi�ed this heuristic and introduced a version that we call Greedy-

Linear. This algorithm is called \linear" because, as in Kim and Browne’s method, it outputs clusters that are linear chains of task-nodes. The heuristic works as follows:

1. Mark all edges in the parallel-execution graph as une xamined. 2.

Find the critical path in the graph composed of unexamined edges only.

3. For every edge of the critical path, cluster its adjacent nodes only if this does not result in a larger parallel time. Mark all the edges incident to nodes of the critical path as examined.

4. Apply steps 2 and 3 to the subgraphs formed by nodes and unexamined edges, until all edges are examined. 8

Te s t in gw hethe r the cl ustering o fan e dge results in a largerparallel ti me canbe accomplished in constant time, without ha

ving to recompute the parallel time of the graph

. Therefore, the complexit y of this algorithm is

O( jV j

� (jV j+ j

Ej)) as well.5

Ma pp i n g

Clustering produces a clustered parallel

-execution graph with a number of clusters usually much larger than the number of available processors of the target architecture.

Op ti ma lMappi n g is the problem of�nding an assignment of clusters to processors, leading to a parallel time shorter than the times derived by all other assignments, for the given number of processors[

NT9

3]. The

Optimal

Mapping problem of a clustered directed acyclic graph has been proven to be NP-Complete [

Sar89].

In this section, we present a number of heuristics used to map parallel-execution graphs following the Macro-Data ow model, to a given set of processors.

5.

1S a r kar’ s

Al g orit h mSa

r kar’ s heuristic is a modi�ed version of the PriorityList Scheduling algorithm [S

H8

6]. It uses a list,p

b loc k, of size

P , where P is the number of available processors. pblock entries are initially empty.When the algorithm completes, pblock[i] contains the tas ks assigned to processor i, for i

=1,

: : : ,P .

The algorithm creates a priority list of task-nodes, according to a topological-sort ordering of the graph.

Then, at each step, it processes the next nodeT in the priority list. If T has not already been assigned to a processor, the algorithm performs the following tasks:

1. Choose a processor i, such that, the merging of clusters procc(T ) and pblock[i] will result in a parallel time shorter than the one derived from the merging of proc(T ) with any other cluster pblock[ j].

2. Merge clusters procc(T ) and pblock[i], and assign the result to pblock[i]. 3.

Assign all task-nodes of cluster proc[T ] to processor i.4.

Reduce the number of clusters by one.

The algorithm completes when the total number of clusters in the graph becomes equal to P . It is not di

�cult to see that its computational complexity is O

�P � jprocj � (jV j + jEj)�, where jprocj is the initial number of clusters. 5.

2 SN

C

Heuristi c Sarkar

’s mapping algorithm is slow because of the large constants involved in its complexity. We implemented a modi�ed version to improve its running time, although without achieving a better asymptotic complexity. This version follows exactly the same steps as the original heuristic. It does not, however, take into consideration communication costs when calculating parallel time. We call it SN

C, that is,

Sarkar’s algorit

hmwith No Comm unication Costs. 9

5.

3Y an g and

Ge ras ou lis

’Algori thm

In[

YG

92

], Y ang an d Ge ras ou lis in trodu ced a fastheuristic for mapping a clustered graph to the proces

- sors of a parallel system

.This algorithm see ks to optimi ze the loadbalancing of the a vailable processors.

It is comprised of four steps:

1.Estimate the average processing time,

A, of the processors, as the sum of the processing times of all clusters, over the numberP of processors.

2.Sort the clusters in an increasing order of their loads.

3.Assign each cluster with a processing time higher than the average A to a di�erent processor.4.Use a wrap mapping for the remaining clusters, that is, number these clusters from 1 to their total number

; then, assign each of them on the processor whose number is equal to the number of the cluster modulo P .

The comple

xity of this method isO

( j V j� log jV j+ j

Ej).

5.4Priorit yListS cheduling

Heuristics

We also implemented two versions of

Pr i ori t y

Li st

Sche d ulin g [Cof7

6], which apply directly to non

- clustered graphs. InPriority

List Scheduling, each task is assigned a priority. The tasks are inserted in a priority list according to the descending order of their priorities. Subsequently, they are assigned to processors following the order de�ned by the priority list.Before presenting the scheduling heuristics implemented, we introduce some useful notation. Given a directed-acyclic graphG

= G(V; E), we denote by V

i the set of\input

" nodes, that is, nodes in V with no incoming edges. With Vo, we denote the set of \exit" nodes, that is, nodes in V with no outgoing edges. We de�nepti me(u

) as the total weight of the longest path from nodeu to the nodes of Vo. Similarly, we de�ne stime(u) as the total weight of the longest path, among all possible paths going from the nodes of Vi to u, not includingT (u).

Finally, we de�ne the level of a node in the graph as follows:le

vel(u) = max�

2 �(

V i ;u ) jj

�jj; where

�(Vi; u) represents the set of all possible paths in G from the nodes in Vi to node u, and jj�jj represents the number of edges in path �, that is, the length of �.

The �rst heuristic orders nodes of the graph according to theTopological Sort

/ Earliest Task

First (TS/ETF) approach [MT91]. It performs a topological sort of the parallel-execution graph and assigns level values to its nodes. If node u precedes node v in the topological-sort order, that is, level(u)< level(v), then u will be assigned a higher priority than v. If, however, level(u) equals level(v), then

TS/ETF assigns a higher priority to the node with the smaller stime value. The relative priorities of nodes with equal level and stime values, is assigned by TS/ETF randomly.

The second heuristic implements theCP/

MISF principle [

KN

84]. It uses topological sort and criticalpath information to construct a priority list of nodes. Nodes are introduced in the priority list according to the descending order of their ptime values. For nodes with the same ptime value, CP/MISF assigns a higher priority to the ones with the larger number of immediate successors, that is, with the larger number of outgoing edges. 1

0

Af te rc on struct ing t hepriorit ylists

, the heuristics tra verse them and map each tas k to the processor thatwill start e

xecuting it at the earliest possible time

.

6S c he du li ng

The scheduling problem arises during the merging of two clusters, when their tasks have to be ordered according to some sequential order of execution. A scheduling algorithm should specify an ordering of tasks that achieves the shortest parallel time and, at the same time, complies to existing precedence constraints.

For general directed

-acyclic parallel-execution graphs, the problem of�nding the optimal task sequences that minimi

ze overall parallel time isN

P-Complete

[ SH

86

]. Consequently, for our experiments, we implemented the

CP

/M

IS

F scheduling heuristic, which is based on the principles of PriorityList

Scheduling. The results do not change when usingTS/ETF.

7E xpe rimen tal

Re sultsIn this section we present experimental results using the clustering, scheduling, and mapping presented in the previous sections.We give data derived when using these heuristics on parallel-execution graphs representative of two algorithms solving theN

-B ody problem. The �rst graph has

144

5 task-nodes and 12

; 860 message-edges. It corresponds to the parallel computation of one time-step of the F a s t Mu

lt ipol e Method

(FMM

) on 1000 bodies [GG8

7,D

RS9

3b]. The second graph has 2532 task-nodes and

12,918 message-edges. It represents the parallel computation of one time-step of the Bar nes-Hut (

BH) algorithm on 1000 bodies [BH86, DRS93b]. Further experiments, performed on task-graphs representing other instances of the two algorithms, corroborate the results presented in the following sections.

The clustering algorithms used the CP/MISF heuristic for scheduling. For the annotation of the task-graphs we used values representative of Intel’s

iP

SC

=860 multiprocessor, which has very high S ov and

Rov values (see Table 1).

Machine Sov Rov Bandwidth

(in�se c) (in �sec)

iP

SC

/8

60 (in Bytes per �sec)

msg

< 100bytes 37.25 37.25 2.3

> 100bytes 85.99 85.99 2.52

Table 1: Hardware parameters used in our experiments.

7 .1

Cl us ter in g Figure 5 shows the ratio of the parallel time of the clustered parallel-execution graphs over the parallel time of the unclustered graphs, for a number of di�erent clustering techniques and for two messagepassing interface paradigms (blocking or non-blocking Send’s): Sarkar’s method; Greedy-Linear algorithm (

GL);

Kim and Browne’s method (K

&B); running Greedy-Linear on the graph and then applying 11

SARKAR

GL

K&B

GL&S-20%

GDS

Clustering Heuristic

0.0

0.5

1.0

PT(Before Clustering) / PT(After Clustering)

Fast Multipole Method task-graphs.

Blocking Send’s/Blocking Receive’s Non-blocking Send’s/Blocking Receive’s

Clustering Heuristic

0.0

0.5

1.0

1.5

Modified Barnes-Hut task-graphs.

Blocking Send’s/Blocking Receive’s

Non-blocking Send’s/Blocking Receive’s

F i g u r e 5 : E �e c t s o f c lusteri ng to p arallel ti me .

Sar kar ’s heuristic for onl y the 2 0 % of the e dges ( G L & S - 2 0 % ) , and Greedy Dominant Se quence approach.

In most cases, the clustering heuristics do not impro ve the parallel time of the clustered graph with re - spect to the parallel time of the unclustered graph.

Only when applying G DS and Sarkar’s heuristics to the task-graph of the

Barnes- Hut algorithm, do we get improvements larger than 20% and 50%

(respectively).

This remark holds for both message-passing interface paradigms adopted (blocking or non-blocking S

e n d’s).

The diagrams in Figure

6 present the numbers of the clusters produced by the di�erent clustering heuristics. This is an interesting metric, since the performance of mapping algorithms depends on the number of clusters generated by the clustering heuristics which precede mapping

; clearly, mapping is faster for clustered graphs with fewer clusters.

As e xpected, applying Sarkar’s heuristic results in the smallest number of tasks. The reason is that the algorithm considers all the edges in the graph for

\ zeroing. "

In contrast, the Greedy Dominant Sequence method results in a number of clusters almost identical to the initial number of tasks. GDS eliminates only edges belonging to the Dominant Sequence (that is, the critical path of the parallel-execution graph) and, thus, clusters few of the tasks belonging to the DS.

Under the realistic model used here, however, clustering these tasks does not necessarily alter the

DS. Hence, the algorithm can complete without further clustering.

The Greedy-

Linear (GL) and Kim &Browne’s heuristics do not check the Dominant Sequence only.

Instead, after performing clustering on the DS, they proceed by clustering tasks belonging to the critical paths of the subgraphs formed when deleting edges ad

jacent to the initial DS. The GL method results in a larger number of clusters in the case of blocking Send’s than in the case of non-blocking Send’s. This is due to the fact that \zeroing" an edge on the critical path of a parallel-execution graph, will always result in a smaller cumulative weight for this path, if the message-passing interface paradigm provides for non-blocking Send’s. This is not always the case with blocking Send’s and, thus, there are fewer

12

Before Clustering

SARKARGLK&B

GL&S-20%GDS

Clustering Heuristic

0

500

1000

1500

Number of Clusters

Fast Multipole Method task-graphs.

Blocking Send’s/Blocking Receive’s

Non-Blocking Send’s/Blocking Receive’s

Before Clustering SARKARGLK&B GL&S-20%GDS

Clustering Heuristic

0

500

1000

1500

2000

2500

Number of Clusters

Modified Barnes-Hut task-graphs.

Blocking Send’s/Blocking Receive’s

Non-blocking Send’s/Blocking Receive’s

Fi

gu

re

6:

Num

ber

o

fc

lus

ters

.

opportu

nities for the clustering heuristic to perform e

�ecti ve clusterings.

Kim

an

dBro

wne’s method performs the clustering of linear chains of tasks

, even if such an alteration results in a larger parallel time.Therefore, the cluster

-numbers reported for this algorithm are relatively small, both for the blocking and the non-blocking paradigms.

Finally,

GL

&S

-

20% reports cluster numbers which are proportional to the numbers reported bySarkar’s algorithm. This is e

xpected since, in its�rst pass, the method applies GL to the graph. This does not decrease the number of clusters substantially. The second pass applies Sarkar’s heuristic, but only for the2

0% heaviest edges.

In Figure7, we present a plot of execution-time measurements for the various clustering heuristics examined. The execution times represent measurements on FAST simulations of the F

MM running on a

D

EC-Alpha workstation. As expected, Sarkar’s algorithm is substantially slower than the other heuristics.

7

.2

M

a

pp

i

n

g To compare the mapping algorithms implemented in F AST, we applied them to the clustered parallelexecution graphs derived from the examples of the previous section, and mapped the clusters to16 processors connected in a cli

que topology. Experiments with di�erent numbers of processors resulted in similar conclusions. In Figure8, we present speedups for twelve di�erent combinations of clustering and mapping algorithms. The speedup is de�ned as the ratio of the sequential time of the task-graph, that is, the sum of the weights of all the tasks, over its parallel-time. It represents a measure of the e�ciency of the parallel computation described by the parallel-execution graph. Therefore, it can be used as a metric for the e�ectiveness of the mapping techniques applied.1

3

Clustering Heuristic

0

500 1000

1500

2000

Execution Time (in secs)

Clustering/Mapping Heuristics

0

5

10

15

Fast Multipole Method task-graphs

Blocking Send’s/Blocking Receive’s

Non-blocking Send’s/Blocking Receive’s

S/S GDS/S GL/S S/YG GDS/YG GL/YG S/SNC GDS/SNC GL/SNC SNC CP/MISF TS/ETF Ad-hoc

Clustering/Mapping Heuristics

0

5

10

15

ST / PT(After Mapping)

Modified Barnes-Hut task-graphs

Blocking Send’s/Blocking Receive’s Non-blocking Send’s/Blocking Receive’s

Figure 8: S pee dups for di �erent clustering -m apping strategies ( 1 6 processors ).

1 4

N o t at io n C l u st e rin g Algorit h m Ma pping Algorithm

S /S Sar kar ’s Sarkar’s

G DS/S Gree d y Dominant Se quen ce Sarkar’s

G L/S Greedy

- Linear Sarkar’s

S/ YG Sarkar’s

Yang &Gerasoulis

GDS/YG Greedy Dominant Sequence Yang&Gerasoulis

GL/YG Greedy-Linear Yang&Gerasoulis

S/S N C Sarkar’s Sarkar’s - No Communication Cost

GDS/SNC Greedy Dominant Sequence Sarkar’s - No Communication Cost

GL/SNC Greedy-Linear Sarkar’s - No Communication Cost

SNC none SNC

C P/M IS F none Priority List Scheduling

, CP/MISF

TS/ ETF none Priority List Scheduling, TS/ETF

A d - h o c none none

T a b l e 2 : Cl u s te r i n g an d Ma pping alg orit h ms ’ notation .

Table 2 e xplains the notation used in the plot o f Figure 8. In addition to the results corresponding to combinations of clustering and mapping heuristics

, we present speedups obtained with an ad -hoc approach for partitioning and paralleli

zing the problems under consideration. From Figure 8, we can see that the

various combinations of heuristics perform di �erentl y for the two tas k-graphs examined. This di�erence is due to the di�erent characteristics of the task-graphs: the computation-to-communication ratio

(average task execution time over the average message delay ) is much higher in the task-graph that corresponds to the Fast Multipole Method than in the task-graph corresponding to the

Barnes- Hut algorithm. In the case of the task-graph representing a parallel execution of an instance of the Fast Multipole

Method (Figure 8, left) the measured speedup depends primarily on the choice of the mapping heuristic.

More speci

�cally, Sarkar’s mapping method achieves the best results regardless of the clustering heuristic adopted. The

S N C approach performs almost as well as Sarkar’s method, although it disregards communication costs in the parallel-execution graph. Therefore, the reason that the measured speedups are lower than the ideal linear speedups is not communication overhead but lack of load-balancing and the data-dependences in the task-graph that result in almost se

quential portions of the execution. The

Yang and Gerasoulis mapping algorithm reports smaller speedups, which are on the average less than

1 5 % below the speedups reported by Sarkar’s method. Using SNC on the parallel-execution graph of our example, with no prior clustering, gives speedups comparable to those derived when running SNC on the clustered graph. The

Priority List Scheduling algorithms with no clustering (C P / M IS F and TS/ ETF) report the lowest speedups.

In the case of the task-graph representing an instance of the modi�ed Barnes-Hut algorithm, our experiments show that the speedups depend more on the choice of the clustering than on the mapping heuristic. More speci�cally, speedups derived from mapping the graph clustered with Sarkar’s heuristic, are higher than speedups derived from mapping graphs clustered with other heuristics. (see Figure 8, right). Moreover, Priority List Scheduling with no clustering performs poorly.

Another observation that can be drawn from Figure 8, is that the speedups reported from simulations of the non-blocking S

e n d /blocking Re ce i ve primitives are 2 0% to 50% higher than the speedups reported

15

S/S GL/S GDS/S S/SNC GL/SNC GDS/SNC

S/YG GL/YG GDS/YG SNC

Mapping/Scheduling Heuristics

0

500

1000

1500

2000

2500

Execution Time (in secs)

F i g u r e 9 : E xe cu ti o n ti me s for t he M a pping heuristics .

for b loc king S e n d /blocking Re ce i ve primiti ves. This is expecte d since the non -blocking Send ’s incur smaller communication overhead to the processors of a parallel s

ystem. The speedup improvement is higher in the case of

Barnes- Hut task-graphs than in the case of Fast Multipole Method graphs , since the former have a lo

wer computation-to-communication ratio.

In Figure 9, we present a diagram of execution time measurements for the various mapping algorithms. These measurements were extracted from F

A ST simulations of the Fast Multipole Method.

Sarkar’s algorithm is the slowest. S

N C, which performs the mapping without taking into consideration communication delays and overhead, has a moderate execution time. Therefore, the high running-time of

Sarkar’s approach is partly a result of the overhead for estimating communication costs while testing the di

�erent mapping choices at each step of the method. For the cases where Sarkar’s clustering algorithm was used before the mapping, the running-time of the mapping was smaller. This is because Sarkar’s clustering heuristic results in low numbers of clusters.

8 C o n c l u s ions

In this paper we examined popular clustering and mapping heuristics used for assigning task-graphs to message-passing multiprocessors.

We used task-graphs representative of the two most popular algorithms for the

N-Body problem and employed a realistic scheme for annotating these graphs and accurately modeling task-processing time and communication delay.

Our experiments reveal interesting aspects of the e�ectiveness of clustering heuristics. We conclude that for graphs of coarse-granularity

(Fast Multipole Method graphs ), with a high ratio of average task execution time to average message delay, clustering does not improve the parallel time of the graph substantially. In contrast, for graphs with average task execution time comparable to the average message delay

(Barnes-Hut graphs), clustering does improve the parallel time of the task-graph. The greatest improvement is achieved with Sarkar’s algorithm (more than

5 0 % for both blocking and non-blocking Send’s).

1 6

[ C y p 9 3 ] R o b e r t Cyp her . Me ss a ge - Pass i ng Mo de ls for Blo c king and Nonblocking Co mm unication. In D I M A C S

W o r k s ho p o n Mo d e ls , Ar ch i tect ures, and Technolo gies for Parallel Co mputation, Technical Report

9 3 - 8 7. DIM AC S Center , Rutgers Uni versity, September 1993.

[DRS93a] M. Dikaiakos, A. Rogers, and

K. Steiglit z. Functional algorithm simulation : A ne w approach for modeling the parallel e

xecution of scienti �c applications. In DIMACS Workshop on Models, Architectures, and Technologies for Parallel Computation, Technical Report 93-87. DIMACS Center, Rutgers

University, September 1993.

[DRS93b] M. Dikaiakos, A. Rogers, and K. Steiglitz. Functional algorithm simulation: Implementation and experiments.

Technical Report TR- 4 29-93, Department of Computer Science, Princeton University,

June 1993.

[DRS94] M.D. Dikaiakos, A. Rogers, and K. Steiglitz. F AST: A Functional Algorithm Simulation Testbed. In

International Workshop on Modeling, Anal

ysis and Simulation of Computer and Telecommunications

Systems - MASC

OTS ’9 4. I EEE-Press, 1994. [ER

L9 0] H. El-Rewini and T. G. Lewis. Scheduling Parallel Program Tasks onto Arbitrary Target Machines.

Journal of Parallel and Distri buted Computing, (9 ):13 8 {1 53, 1990.

[GG8

7] L. Greengard and W. Gropp. A Parallel Version of the Fast Multipole Method. In Garry Rodrigue, editor, Parallel Processing for Scienti

�c Computing, pages 213{222. SIAM, 1987. [GV

Y90] A. Gerasoulis, S. Venugopal, and T. Yang. Clustering Task Graphs for Message Passing Architectures. In

199 0 International Conference on Supercomputing, pages 447{457, 1990.

[GY92] A. Gerasoulis and T. Yang. A Comparison of Clustering Heuristics for Scheduling DAGs on Multiprocessors. Journal of Parallel and Distributed Computing, 1

6:276{291, 1992.

[KB88] S.J. Kim and J.C. Browne. A General Approach to Mapping of Parallel Computations upon Multiprocessor Architectures. In International Conference on Parallel Processing, volume 3, pages 1{8,

1988.

[KN84] H. Kasahara and S. Narita. Practical Multi-processor Scheduling. I

EEE Transactions on Computers,

C-33:1023{1029, 1984.

[MT91] S. Manoharan and P. Tranish. Assigning Dependency Graphs onto Processor Networks. Parallel

Computing, 17:63{73, 1991.

[NT93] M.G. Norman and P. Thanisch. Mapping in Multicomputers. ACM Computing Sur

veys, 25(3):264{

302, September 1993.

[Pol88] C. Polychronopoulos. Parallel Programming and Compilers. Kluwer Academic Publishers, 1988.

[RSL93] M. Rinard, D. Scales, and M. Lam. Jade: A High-Level Machine-Independent Language for Parallel

Processing. Computer, 26(6):28{38, June 1993.

[Sar89] V. Sarkar. Partitioning and Scheduling Parallel Programs for Multiprocessors. MIT Press, 1989.

[SH86] V. Sarkar and J. Hennessy. Compile-time partitioning and scheduling of parallel programs. SI GP LA N

Notices, 21(7):17{26, July 1986.

[YG91] T. Yang and A. Gerasoulis. A Fast Static Scheduling Algorithm for DAGs on an Unbounded Number of Processors. In Supercomputing 91, 1991.

[YG92] T. Yang and A. Gerasoulis. PYRR

OS: Static scheduling and code generation for message passing multiprocessors. In

6th ACM International Conference on Supercomputing, pages 428{437, July 1992.

1 8