Metasystems: An Approach Combining Parallel Processing

and Heterogeneous Distributed Computing Systems

Andrew S. Grimshaw

Jon B. Weissman

Emily A. West

Ed C. Loyot Jr.

Abstract

A metasystem is a single computing resource composed of a heterogeneous group of autonom ous com-

puters linked together by a network. The interconnection network needed to construct large m etasystem s

will soon be in place. To fully exploit these new systems, software that is easy to use, supports large

degrees of parallelism, and hides the com plexity of the underlying physical architecture must be devel-

oped. In this paper we describe our m etasystem vision, our approach to constructing a metasystem testbed,

andearlyexperimentalresults.Ourapproach combinesfeaturesfromearlier work on both parallelprocess-

ing systems and heterogeneous distributed computing systems. Using the testbed we have found that data

coercion costs are not a serious obstacle to high perform ance, but that load imbalance induced by differing

processor capabilities can limit performance. We then present a mechanism to overcome load im balance

that utilizes user-provided callbacks. 1

Send correspondence to:

Andrew Grimshaw

Departm ent of C om puter Science

Olsson H all

University of Virginia

Charlottesville, VA 22903

804-982-2204

Fax: 804-982-2214

grimshaw@virginia.edu

1.Thisw orkpartiallyfundedbyNSFgrantsASC-9201822andCDA-8922545-01,NASAgrantNGT-50970,andNLMgrantLM04969.

1.0 Introduction

A metasystem is a distributed computing system composed of a heterogeneous group of autonomous

computers linked together by a hierarchical network. For example, consider a metasystem consisting of

computers at three different sites. The first site has an Intel Paragon, a SUN workstation cluster, and an

SGI w orkstation cluster connected by a LAN. The second site has an H Pworkstation cluster.The third site

has two Cray supercom puters connected by a high speed network. All of the sites are connected via the

Internet. Such a metasystem w ould have tremendous potential for high-performance com puting.

Unfortunately, writing software for such a system is difficult. First, the program mer must deal with all

the com plexities present in any parallel program ming system: managing communication and synchroniza-

tion, scheduling a potentially large number of independent tasks, and decom position and distribution of

data.Inaheterogeneoussystemthese tasksbecome evenm oredifficult,andthereistheadditionalproblem

of data conversion. What is needed is a software system that transparently m anages comm unication and

synchronization, performs data decomposition, distribution and coercion, and schedules all hardw are

resources across the different platform s. No such software currently exists.

Our approach to solving this metasystem problem is to combine ideas from both heterogeneous distrib-

uted computing and parallel processing. We are using Mentat [14] [15],an object-oriented parallel process-

ing system, as a testbed for our metasystem research. Mentat significantly simplifies parallel programming

because all communication and synchronization is m anaged by the compiler and run-tim e system. We

have constructed a m etasystems testbed by extending Mentat from a homogeneous system to a heteroge-

neous system, incorporating ideas from heterogeneous distributed com puting into the program ming lan-

guage and run-time system.

We have found that in a heterogeneous environm ent, scheduling, which includes both problem decom-

position and task placement, has a dramatic effect on a program ´s perform ance. An inappropriate problem

decomposition or task placement decision can result in poor perform ance due to load imbalance. Effective

scheduling in a heterogeneous environm ent is a difficult problem. We will show that this problem can be

overcom e using relatively simple heuristics if appropriate callbacks are provided by the application pro-

gramm er. Callbacks are user-defined functions that can be called by the run-time system w hile the pro-

gram is executing. These callbacks permit the scheduler to determine the computation and comm unication

complexity of data parallel computations. This inform ation is then used to decompose the problem and

scheduletheworkunitsina manner that provides good load balance,and thus good perform ance.An inter-

esting aspect of the callback mechanism is the flexibility it provides; it can be used to partition not only

regular, two-dim ensional array problems, but any problem for which a suitable callback can be con-

structed.

Webegin our presentation by providing am ore precise definition ofa metasystemandby describingour

vision of an ideal metasystem. We discuss our design goals and constraints, many of which are driven by

practical considerations, not by fundamental principles. We then describe our approach to solving the

metasystem problem , beginning with an introduction to Mentat, and a discussion of our heterogeneous testbed. Next, we present the performance results that motivated our investigation into automatic methods

for problem partitioning and decomposition. The results show two things. First, data coercion costs do not

significantly impact performance. This is im portant because it means that heterogeneous com puting can

achieve better performance than the alternative of not using heterogeneous resources. Second, if the work

in a data parallel com putation is distributed evenly between workers, a load imbalance will develop

because the fast processors will finish their computations before the slow processors. This leads to reduced

utilization and, hence, worse performance than a distribution that reflects processor speeds.

Having motivated the scheduling problem, we present a restricted system model, and a set of callbacks

and scheduling heuristics that can be used to dynamically distribute computations across heterogeneous

processors. The results from re-running the early experim ents using these heuristics are clear: significantly

better load-balance is achieved.

2.0 Metasystems

A metasystem is a distributed system composed of heterogeneous hosts (both parallel processors and

conventional architectures), possibly controlled by separate organizational entities, and connected by an

irregular interconnection network. The interconnection network consists of several different layers of net-

works, each with potentially different bandwidths and latencies. Some of the subnetworks may be regular,

i.e., they can be easily analyzed, w hile others m ay be irregular. For example, some subnetworks m ay be

hypercubes or meshes that will be dedicated to the use of the metasystem, while others will carry non-

metasystem traffic, e.g., the internet. Figure 1 shows four different possible types of successively larger

and m ore complex metasystems, department-w ide, campus-wide, enterprise-wide, and nationwide. Each is

constructed from one or more instances of the smaller system s, tied together by an interconnection net-

work. Note that even in the smallest, department-wide, metasystem of Figure 1 (a) that the network is het-

erogeneous and multilevel; typical MIMD parallel machines have their own internal network.

Medical

Academic Computer

Science

SDSC NCSA

National Backbone (Internet)

Collections of heterogeneous workstations

Parallel machines, e.g., hypercubes.

School

University of Virginia

Computing

Campus-wide metasystem

National Science Foundation

Enterprise-wide m etasystem

CTC PSC

(a) A department-wide metasystem consisting of

heterogeneous workstations and a single MIMD

parallel machine.

(b) A possible nationwide metasystem composed of

the University of Virginia campus-wide metasystem

and a possible NSF enterprise-wide metasystem.

Figure 1. Different types of metasystems.

A metasystem , though, is more than a collection of connected computers. A metasystem is a seamless

computational environment. The user´s view of an ideal metasystem is one of a very powerful monolithic

virtual machine that provides computational and data storage services. The user need not be concerned

with the details of machine and processor type, data representation and physical location of processors and

data,orthe existenceofother competing users.Theuserdoesnot seesystemboundaries,only objects,both

application objects, i.e. executables, and data objects, i.e. files. O bject location and representation are hid-

den.

Naturally, to achieve high performance, applications in an ideal metasystem are parallel, and often com-

posed of both task and data parallel com ponents. The components have both resource requirem ents (mem-

ory, bandwidth, etc.) and architectural affinities, i.e., certain types of architectures on which they perform

better. The parallel nature of the application is hidden.

In our vision of a metasystem user session, the user sits down at a terminal 1 and invokes an application

on a data set. It is then the responsibility of the metasystem to transparently schedule application compo-

nents on processors, manage data transfer and coercion, and manage communication and synchronization

in such a manner as to minimize 2 execution tim e via parallel execution of the application components. The

user-visible resources are applications, data, and specific I/O devices (the particular terminal). For each

visible resource, we mask out, or make transparent, aspects of the underlying system. We m ust provide

architecture/processor type transparency, network/communication transparency, parallelism transparency,

location transparency, replication transparency, and fault transparency.

That the construction of a m etasystem presents challenges is clear. Many of the difficulties are the result

of the component heterogeneity. There are two broad categories of heterogeneity, hardware and software.

Hardware heterogeneity has m any different facets. The obvious form s of heterogeneity are different pro-

cessor architectures, instruction sets, data representation formats, and data alignments. These can be

accommodated using techniques developed for heterogeneous distributed computing

[4] [5] [6] [13] [19] [28]. The prim ary question with respect to these techniques is cost: how much overhead

do they introduce, and will the overhead cancel out the gains from parallel computation?

Less obvious forms of heterogeneity are related to the configuration of the hosts. Even when two hosts

share the same processor architecture, they can differ in ways that can significantly affect both perfor-

mance and whether a com putation can even execute on the hosts. These configuration differences include

the clock frequency,the amount of physical memory, the amount of swap and /tmp space, whether the pro-

cessor has a floating point unit, and so on. All of these factors can influence the quality of a scheduling

decision.

A final form of host hardware heterogeneity is the model of computation supported by the hardware,

e.g., sequential, SIMD, vector, shared memory MIMD (both UMA and NUMA), and distributed memory

MIMD .Some codes willexecute muchm ore efficiently on one class ofmachines.On the otherhand,som e

1. We use terminal in its most liberal sense. Terminals may include any human I/O device, glass tty, X interfaces, or virtual re ality in-

terfaces such as head-mounted displays and data gloves.

2. In general this is NP-hard. We really mean ^do a good job~ using a heuristic.

codes cannot exploit the capabilities of a certain type of host, e.g., non-vectorizable codes on a vector pro-

cessor.In anyevent,to fully utilize a metasystemcom prisedof heterogeneous model architecturesrequires

knowledge of both the architectures´ capabilities and of the software modules´ affinities.

The management of software heterogeneity presents a challenge in the m etasystem environment as well.

Even in a homogeneous hardware environment there may be software heterogeneity. Softw are heterogene-

ity includes differences in the host operating system (the services and interfaces provided), the process

support, interprocess communication, the compilers available (the languages and versions of languages

available, as well as the quality of the generated code), the file system, and the database system s available.

These differences m ust be masked.

2.1 Approach

We consider a metasystem to be an com bination of two different types of systems, parallel processing

system s (PPS) and heterogeneous distributed computing systems (HDCS) [1] [2][4] [5][6] [11][13] [22] [23]

[25] [26] [30] [31] [21]. Borrowing from the object-oriented lexicon, any solution to the m etasystem s prob-

lem will inherit attributes and behaviors from both areas ( Figure 2). While it is important that we inherit

many features from both PPS and HDCS, some features of these systems are at odds with one another. For

example, a goal of many HDCS´s is interoperability, allow ing services on different platform s to transpar-

ently operate with one another even if different data formats and comm unications protocolsare used by the

services. This is accomplished by m ultiple layers of translations to a common data form at and protocol,

often even if the services use the sam e formats and protocols. Multiple translations take time and increase

overhead. This negatively im pacts performance. A trade-off must be made between interoperability and

performance. In general, decisions about which features to inherit, and how to trade off conflicting goals,

are needed.

Parallel Processing Systems (PPS)

Heterogeneous Distributed Computing Systems (HDCS)

A Metasystem is a

Parallel Processing System

Heterogeneous Distributed Computing System

Objectives:

interoperability

fault-tolerance

sharing

Support different:

operating systems and file system s

scheduling m echanisms and policies

Objectives:

high perform ance

Key features:

parallel computation models

parallel languages/libraries

very sensitive to overhead

processor architectures scheduling is critical to performance

Figure 2. Metasystem s inherit objectives, features, problems, technology and techniques from both

heterogeneous distributed computing systems and parallel processing systems.

The ultimate objective of our w ork is to understand and develop metasystems. A ny long journey begins

with the first step, and ours is to attack the com putational side of the problem ,i.e., how to mask the hetero-

geneity of com putation and comm unication resources from the user. We have not at this stage addressed

fault tolerance, file systems, nam ing, or m any of the remaining difficult problems.

Our approach is evolutionary rather than revolutionary. To realize our vision of a seamless metasystem

we have chosen to begin by first constructing a metasystem testbed by extending Mentat, an existing

object-oriented parallel processing system. The testbed provides us with an ideal platform to rapidly proto-

type and try out ideas, forcing the details and hidden assumptions to be carefully examined, and exposing

flaws in the ideas or in the system components.We chose to extend an existing system rather than redesign

and re-implement from scratch primarily because doing so does not require that tremendous am ounts of

code be written before the first application can be executed. Further, we can incrementally add new capa-

bilities as each problem is tackled and its solution is incorporated. While using an existing system as a

starting point will constrain design choices and som ewhat limit innovation, it does provide a usable proto-

type with w hich to increase our understanding of the problem s involved in developing a metasystem.

2.2 The Mentat Metasystem Testbed

We have constructed a metasystem testbed using Mentat. Using the testbed we can m easure the perfor-

mance effects of system and language features on real applications already implemented using Mentat.

This is then be fed back into our design effort. We have chosen Gaussian elimination with partial pivoting

as a test application for our early work, although other applications are not precluded from executing on

the testbed. Gaussian elimination was chosen because it requires frequent communication and synchroni-

zation. We next examine the design objectives and constraints of the testbed effort, followed by a brief

introduction to Mentat and a description of the test application. For more information on Mentat see

[14] [15] [17].

2.2.1 Testbed design goals and constraints

We have distilled three design goals and two constraints for our metasystem testbed effort. Several of

the goals are very closely related.

1) High performance via parallelism. Performance is the raison d´etre for metasystems. The system

must support easy-to-use parallel processing w ith large degrees of parallelism. The system must support

both task and data parallelism. While it is true that many application component kernels are prim arily data

parallel, many applications consist of multiple comm unicating components. Further, because of the nature

of the interconnection network, the system must be latency tolerant, and be capable of managing hundreds

to thousands of processors. This implies that the underlying com putation model and programming para-

digms must be scalable.

2) Easy to use. The system m ust be easy to use or it won´t be used except by the most dedicated users.

The system must m ask the complexity of the hardware environment (heterogeneity, interconnection, etc.),

and the complexity of com munication and synchronization of parallel processing. Further, the system

should provide the user and program mer with a uniform interface to services. Otherwise the user may be overwhelmed with the different choices and mechanisms needed to accom plish applications tasks. These

requirem ents argue for a high-level language interface. The features and capabilities of the system m ust be

accessible via a high-level language, rather than via a set of library routines available to the user. We feel

that to ask programm ers to write applications in such a complicated environment using low-level con-

structs such as send and receive is asking for trouble. It will be far too complex for all but the best of pro-

gramm ers. Even for those, there will be many opportunities that a hum an will forgo in order to maintain

simplicity. Therefore, as m uch as possible, compilers, acting in concert with run-time facilities, m ust man-

age the environment for the user.

3) Exploit heterogeneity for high-performance. The system must be able to exploit the hardware and

data resources available in a metasystem, executing sub-tasks of large applications on different heteroge-

neous processors, and using heterogeneous data sources. Som e architectures are better than others at exe-

cuting particular kinds of code, e.g., vectorizable codes. These affinities, and the costs of exploiting them,

must be factored into scheduling decisions and policies.

In addition to the above design goals, our design is restricted by two constraints.

1) We cannot replace host operating systems. This restriction is required for two reasons. First, organi-

zations will not permit their machines to be used if their operating systems must be replaced. Operating

system replacement w ould require them to rewrite many of their applications, retrain many of their users,

and possibly make them incompatible with other systems in their organization. Our experience with Men-

tat indicates that it is sufficient to layer a system on top of an existing host operating system .

2) Performance cannot be sacrificed. If performance is sacrificed, then one of the prime m otivations for

metasystem s is lost.

The reader m ay note one design constraint that is not in our list: support for existing applications and

native operating system services. This is a design goal of many heterogeneous distributed computing

projects that we have chosen not to incorporate. We believe that a requirement of supporting existing

applications and services is fundamentally at odds with our high-performance objectives. Therefore, we

have decided to sacrifice upward compatibility.

2.2.2 Mentat

Mentat is a portable, object-oriented parallel processing system that provides easy-to-use parallelism,

high performance via parallel execution, and applications portability across a wide range of platforms. The

premise underlyingMentatis thatwriting programsforparallelmachinesdoesnothaveto behard.Instead,

it is the lack of appropriate abstractions that has kept parallel architectures difficult to program, and hence

inaccessible to mainstream, production system program mers.

There are two primary components of Mentat: the Mentat Programming Language (MPL) and the Men-

tat run-time system (R TS). The MPL is an object-oriented programming language based onC++ [27] that

masks the complexity of the parallel environm ent from the programmer. The program mer uses application

domain knowledge to specify those object classes that are of sufficient com putational complexity to war-

rant parallel execution. These classes are called Mentat classes. The granule of com putation is the Mentat class member function. Data and control dependencies between Mentat class instances are automatically

detected and managed by the com piler and run-time system without program mer intervention.

The Mentat run-time system supports portable parallelism using a classic layered virtual machine

model. The virtual machine provides support routines that perform run-time data dependence detection,

program graph construction, program graph execution, scheduling, com munication, and synchronization.

The compiler generates code that communicates with the run-time system to correctly manage program

execution [17]. The virtual machine model permits the rapid transfer of Mentat to new architectural plat-

forms. Only the m achine-specific com ponents need to be modified. B ecause the com piler uses a virtual

machine model, porting applications to a new architecture does not require any user source-level changes.

Once the virtual machine has been ported, user applications are re-compiled and can execute imm ediately.

The virtual machine design also sim plifies the construction of metasystems. There are two advantages

the model provides over manual system s. First, a user of an object is not aware of where an object is

located (location transparency). All comm unication is carried out under the control of the run-time system.

The run-time system knows the types of machines involved and the class (type) of the data being trans-

ported. It is in the perfect position to selectively and transparently coerce data between representations as

required. Second, the run-time system, not the user, is responsible for scheduling [16]. The run-time sys-

tem selects the best host on which to instantiate an object at run-tim e depending on current system load. It

selects the best instance of a particular host type, e.g., hypercube one or hypercube two.

By using Mentat as our starting point we can satisfy two of our three design objectives imm ediately,

high-performance and ease of use. We have a compiler for a high-level parallel language (MPL) that can

be m odified to support features needed in a heterogeneous environm ent. Further, w e have an extensible

run-time system that is known to be portable, and is w ell suited to accomm odate additional machinery to

support heterogeneity.

2.2.3 Gaussian elimination with partial pivoting

The problem is to solve for x in Ax=b , given A , an NxN m atrix, and b , a vector of size N. Our solution

consists of a master object and k workers. We partition A and b into equal size pieces by row, giving each

worker the same number of rows.The solver has two phases,reducing the system to upper triangular form,

and back substitution. The bulk of the work is in reducing the system to upper triangular form. There are N

outer iterations in the reduction. In each iteration each worker is given the pivot row. They reduce their

portion of the m atrix by the pivot row and return a candidate pivot row for the next iteration. The master

selectsfromall candidate pivotrow sthe row withthelargestabsolute value inthecurrent colum nposition.

This row becomes the pivot row for the next iteration.

Efficient execution of Gaussian elimination in a metasystem environm ent poses a num ber of challenges

that are unique to the heterogeneous computing environment. They are the topic of the next section.

3.0 Obstacles to High Performance

Gaussian elimination highlights two important obstacles to achieving high-perform ance in a metasys-

tem , coercion and scheduling. One property of this application is that it requires frequent comm unication and synchronization. Com munication between workers on nodes of different architecture type may require

frequent data coercions. The overhead due to data coercion m ust not dominate the performance gains

achieved by using heterogeneous parallel processing.

Another problem experienced in Gaussian elimination is the need for effective scheduling. In particular,

data decomposition (or partitioning) is critical to the performance of this application. Recall that the prob-

lem is decomposed into a set of workers. In many existing parallel processing systems, the programmer

mustspecifythe num berof workerstoapplytotheproblem,i.e.choose thegranularity.However,different

granularities are appropriate for different architectures. Additionally, the data decomposition needed to

achieve the best overall load balance depends on the processing power of the nodes used. An equal parti-

tion of work will lead to good load balance in a homogeneous environment, but will likely lead to a load

imbalance in a heterogeneous environm ent.

For metasystems to be successful, both of these problems must be overcome. In the next section w e dis-

cuss the problems of coercion and scheduling in more detail, and present solutions for a class of data paral-

lel problems. Our experiments indicate that coercion costs are quite manageable, and while scheduling in

metasystem s is an open research problem , effective heuristics can be developed for a class of data parallel

problems.

3.1 Overcoming the Obstacles

3.1.1 D ata C oercion

The need for data coercion is driven by hardware diversity. D ifferent architectures may have different

datarepresentations.Fortunately,there hasbeen extensiveexperience withthisproblemin theHD CScom-

munity, and there are several well-known solutions [19] [25] [26].

In the testbed,data coercion is handled by class-specific coercion functionsthat transformdata fromone

representation to another.Herethe structure of the Mentat run-time system simplifies the problem .Aset of

low -level routines move data in and out of Mentat objects. The MPL compiler generates code to call these

functions. The MPL com piler can determine the class of all data structures that will be communicated, and

can set up pointers to the appropriate coercion functions. We have extended the data m ovement functions

to include pointers to the coercion functions. Local copies of the R TS store the type of processor on which

they are executing. Incoming data is tagged with a source-architecture tag field. If the local architecture

and tag field are different, the RTS invokes the appropriate coercion function. Otherwise, it passes the data

through unchanged. Another possibility is to coerce the data before it is sent using the same m echanism. In

either case, this process can be visualized as a set of filter objects placed along the edges of the program graph (Figure 3) that coerce data if needed, and otherwise pass it through unchanged.

Currently, the coercion functions are generated by hand. Ultimately, they will be generated by the com-

piler. We chose to hand-generate the coercion functions so that we could experim ent with different coer-

cion function costs and measure the effect on performance before expending the effort to m odify the

compiler.

We constructed coercion functions with which we could easily simulate a range of coercion costs. We

then sim ulated a network consisting of one, two, and four different processor types using four Sun IPC´s in

the testbed.EachIPCwaslabeledw ith apseudo-architecturetype.If amessage arrived from a processorof

a different type, the message was coerced. As the number of architecture types is increased, the probability

that any given m essage will require coercion approaches one. For example, if the num ber of pseudo-archi-

tectures is four, then every message from another host will be coerced. We also varied the coercion cost

function: coercion function 1 perform s a bit-wise XOR for each byte of each word of the data portion of

the message,coercionfunction2 doesthe coercionfunction1operationtwice,and coercion function3per-

forms an endian conversion using byte swapping. We believe that the synthetic coercion functions repre-

sent an upper-bound on the most comm on types of coercion that will be needed.

We measured the wall clock tim es of Gaussian elim ination for a 512x512 problem with four workers,

and com pared the perform ance using the two synthetic coercion functions and the endian conversion. The

results are shown in Table 1. Speed-up is relative to an equivalent C program 3 . The results show that,

Table 1: Effect of Coercion Costs

Number of

pseudo-

architectures

Time with

coercion

function 1

(msec)

Time with

coercion

function 2

(msec)

Time with

coercion

function 3

(msec)

Speed-up

(function 1,

function 2,

function 3)

1 27562 27562 27562 3.04, 3.04, 3.04

2 27949 28131 27881 2.99, 2.98, 3.01

4 28059 28273 27922 2.99, 2.96, 3.00

Figure3.Datacoercionfilters.Thecirclesarecomputations.Theedgesrepresentdatadependencies

in the program. Data flows in m essages along the edges. The filters coerce the data as necessary.

Filters while there is a negative performance impact, it is not significant. One m ight question the impact of coer-

cion overhead as the system is scaled. If the number of processors is increased, the percentage of commu-

nication overhead due to coercion may decrease. As more processors are added for a fixed problem size,

the size of individual messages will either decrease or remain the same, and the per-m essage coercion cost

is a function only of the message size. The num ber of messages will likely increase as the num ber of pro-

cessors is increased, but m essage coercion will often occur in parallel ( Figure 3), thus introducing no addi-

tional overhead. Furthermore, as the number of processors is increased, communication overhead will

likely increase due to increased contention, and coercion will become an even sm aller part of the overall

communication overhead.

3.1.2 Scheduling

Effective scheduling of program components is critical to the high-perform ance objective of the meta-

system . The general scheduling problem consists of two parts, problem partitioning and placement. Prob-

lem partitioning is driven by two criteria: granularity considerations and load balance. The granularity of

each scheduled program com ponent must be sufficient for the processor upon which it will run. In general,

it is better to constrain parallelism and choose larger grains than to schedule program components that are

too fine-grained. Furthermore, the load across all processors should be as balanced as possible. Achieving

both of these objectives will lead to reduced completion time.

The second part of the scheduling problem is placement, m atching the program com ponent to the ^best~

available processor. This decision may include granularity, i.e., that the granularity of the component best

matches the capabilities of a given processor. It m ay also include other affinities. For example, the best

place to schedule a vectorizable component is on a vector processor, assuming such a processor is avail-

able. A data parallel nearest-neighbor two-dimensional grid component might best be placed on a mesh.

The Mentat scheduler [16] im plem ents a dynamic load-sharing policy that is targeted tow ard hom oge-

neous system s. It places Mentat objects on processors when it receives instantiation requests. The sched-

uler handles task parallelism very well, although it does not consider object-processor affinity during

placem ent 4 .In the case ofdata parallel objects,the programmeris responsible for problem partitioning and

data decomposition. The scheduler places the objects, but does not assist in deciding how m any objects to

create or how to decompose the data to the objects. The result is that most data parallel objects in Mentat

take the num ber of workers to create as a parameter, and then evenly distribute the workload. This leads to

inferior partitions and load imbalance in a metasystem. Testbed results confirm this problem.

To measure the effect of the load im balance, we executed Gaussian elimination on a m etasystem con-

sisting of two Sun 4/40 IPC´s, and two Silicon Graphics Iris (SGI) workstations. The SG I and Sun IPC use

the same data format, so no explicit coercion was required. The SGI´s are almost twice as fast (1.84 times,

3. The equivalent C program uses the same algorithm as the Mentat version. It is not a Mentat program run-

ning on one processor. Both the C program and the Mentat program have the same inner loop, and have had

the same level of compiler optimization applied.

4. We will not discuss scheduling tasks because the scheduler manages it well. A complete discussion is be-

yond the scope of this paper.

floating point) astheSun IPC´s.We conducted tw oexperiments.In thefirst experiment,we partitionedthe

work equally am ong four workers, with one worker on each of the four processors. In the second experi-

ment, we created six workers each with equal work, and scheduled two workers on each of the two SGI´s

to balance the load. The results are shown in Table 2 for a problem of size 1024x1024. The effect of the

four-worker schedule is that the two SGI´s are not fully utilized.

In the six-worker case we have better utilization, and hence, better performance. The problem with this

approach, breaking the problem into more Mentat objects and placing more objects on faster processors, is

thatoverhead is linearwith thenumberofobjects.This is aserious problem .In order to getacceptable load

balance with an unknown number of variable-power processors, the programmer would need to partition

the problem into many relatively fine-grained pieces and let the scheduler place them on processors.

Unfortunately, this will lead to increased overhead and poor performance.

What is needed is a m echanism for partitioning the problem into appropriate-sized pieces and distribut-

ing the pieces to workers on different processors. If all problems were based on regular two dimensional

arrays in which computational effort was linearly dependent on the num ber of array elem ents received, a

single ^hard-wired~ mechanism would be adequate. H owever, not all problem s have a regular two dimen-

sional array structure. The mechanism must be extensible in order to support problem-specific decomposi-

tions and must automatically partition the problem according to the decomposition. O nce the problem is

partitioned, the workers must be assigned to processors. Providing such a m echanism is the topic of our

next section. We return to the Gaussian elim ination example, and show how our approach can be used to

get significantly better load balance at lower cost.

3.1.3 Partitioning Data Parallel C omponents

We have identified three stages in partitioning data parallel components: load selection, data decompo-

sition, and data distribution. The stages are shown in Figure 4. In load selection, we compute how many

workers will be applied to the problem, their placement, and the percentage of work that will be allocated

to each worker. In our model, each worker is assigned to a separate processor. The load selection phase is

driven by granularity and load balance considerations, given information about the computation and com-

Table 2: Effect of unbalanced load, P=1024.

Number of

Workers

Parallel

execution

time

(seconds)

Speedup

relative to

IPC time

Speedup

relative to

SGI tim e

SG I

sequentialtime

(seconds)

IPC

sequential

tim e

(seconds)

4 173 3.87 2.1 368 672

6 131 5.1 2.8 368 672 munication structure of the data parallel component.

Once a set of workers and a partition of the problem have been determined by the load selection phase,

the data domain is then decomposed into work units of the specified size and distributed to the workers.

This process is complicated by the fact that not all problems decompose the same way.

To solve each stage of the partitioning problem we have extended the Mentat philosophy of exploiting

the strengths of both program mers and computers. The problem is that it is difficult for the compiler to

determine the com putation granularity for arbitrary problems. It is also difficult for the compiler to deter-

mine how to decompose and distribute arbitrary data structures. The programmer, on the other hand,

knowstheapplication and canfairlyeasily provideinformation abouttheapplicationsuchasthe am ountof

computation required for a given problem size 5 . Further, the programm er can most easily specify the way

in which the data dom ain is to be decomposed and distributed. What the programmer cannot do is make

good granularity and placement decisions without a great deal of system state inform ation. The run-tim e

system , however, can quickly and accurately determine the num ber and type of processors to use, and how

much w ork to assign to each, if granularity information can be acquired.

Our solution involves the use of programm er-written functions called callbacks that the run-time system

invokes to determine computation and com munication requirements, decompose problems into variable

sizepartitions,anddistributethe partitions to the workers.In the following two sections these callbacks are

motivated and described. In order to reduce the num ber of parameters that must be managed we have

restricted the metasystem structure and the application domain. These restrictions are for a proof-of-con-

cept. We plan to relax them later, and extend our approach to encompass both a more complex metasys-

tem , and applications with varying degrees and types of parallelism.

3.2 Load Selection via Callbacks

Load selection is the first and most com plex stage in data parallel program partitioning. Recall that the

problem is to determine the number of workers, and what percentage of the w ork will be allocated to each

worker. Our approach to load selection is dynamic, and managed by the run-time system (RTS). This is a

major improvement over many existing systems in w hich both of these are done by the program mer. To

solve the partitioning problem in the testbed w e have made a number of sim plifying assumptions.

3.2.1 The Restricted Model

First,while them achinesonthe heterogeneousnetwork areshared,and in generaltheirload maychange

unpredictably, w e make the assumption that load fluctuation due to other users during program execution

is minimal. This assumption allows us to make an initial placement decision based on m achine load with-

5. For some regular problems, compilers may be able to automatically determine this information.

Figure 4. Three-stage data parallel partitioning.

Load

Selection

Data

Decomposition

Data

Distribution number of workers

% work for each partitioned data structures out rebalancing during the computation. Second, we assum e the simplest heterogeneous netw ork, a single-

layer network of single-CPU machines of differing computation power ( Figure 5). This assumption allows

us to ignore application communication topology w hen making placement decisions. Third, we assume

that the cost of moving data between any of these machines is uniform and depends only upon the inter-

connection network (IN). We also assume that a set of message cost equations that describe the communi-

cation cost of the underlying m essage delivery system on this IN are known to the RTS. These cost

equations are of the form: T (b bytes, k processors) = T

s

(k) + bT (1, k). The dependence of T on the num -

ber of comm unicating processors k is one way to modelthe effectof contention.The term T

s is the start-up

time or latency also in usec. Fourth, the num ber of distinct architecture classes C

1

, C

2

, ... C

m is known to

the RTS a priori , as are the following machine parameters:

W

i

, a weighting factor that characterizes the relative processor speed of C

i

S

i

, a cost function that defines the cost of instruction execution on processors of class C

i in usec

The communication cost functions T, W

i and S

i are determined by benchmarking.

Fifth, since we are looking at data parallel components, we assume the application programmer can

determine how to decompose the underlying data structures into regions of the appropriate size. This is

best illustrated by regular data parallel problems with uniform com putation. For example, a 5-point stencil

problem based on a two-dimensional grid can be decomposed by row, colum n, or block. Consider a row

decomposition.The grid isdecomposed into some num berofadjacentrowsgiventoeach worker.Werefer

to the smallest unit of decom position as a minimal w ork unit . In the 5-point stencil problem, the minimal

work unit is a row . The data domain is decomposed into multiples of the minimal work unit. We refer to

this partition as a work region . The size of a work region is the num ber of m inimal work unit s that it con-

tains.

3.2.2 G ranularity Callbacks

In orderto determine the numberofworkers and apartitionof thedata domain,the applicationprogram -

mer provides two callback functions that describe the computation and com munication structure of the

problem:

f (r

) returns the number of instructions that are executed for a work region of size r between

successive communications

g (r) returns a tuple (number of bytes communicated/region r, number of comm unications/r)

IN

C

2

C

1

C

3

Figure 5. Sim ple one-layer heterogeneous network.

For example, consider an NxN 5-point stencil problem with row distribution and the workers com muni-

cating in a 1D topology to exchange boundary rows. To keep things sim ple, suppose that the computation

consists primarily of floating point operations, and the stencil grid contains single-precision (4-byte) float-

ing-point values. The callback functions are:

f (r)

= r*5*N

g (r)

= (4*N, 2)

For f (r)

, there are five floating point operations or instructions per row element with 5*N operations

total per row, which yields r*5*N for a work region of size r (i.e., r rows). For g (r

), each comm unication

consists of a single border row w hich contains 4*N bytes with two comm unications required per worker in

a 1D (north-south) topology.

These functions are used in a heuristic decision process. The output of the decision process is a parti-

tion vector. Each elem ent of the partition vector contains the name of a w orker, and the number of mini-

mal work units assigned to that worker. The name of the worker includes the processor id. The num ber of

workers selected determines the length of the vector. The decision process is described below.

3.2.3 The Decision Heuristic

Given our simplified m odel, we now describe the run-time partitioning heuristic for data parallel prob-

lem s. Since placement is not an issue with respect to communication costs,we can ignore it.Since w orkers

are mapped one-to-one to processors, choosing the number of processors is equivalent to choosing the

number ofworkers.The algorithmwe describe here determines the numberand type of processors to apply

to the problem with a single worker placed on each processor selected. Some notation:

p = smallest unit of decomposition for the problem, a minimal work unit

P = total number of minimal work units that must be assigned to processors, e.g. for a 2D row

decomposition, P = # of rows

h = the degree of f(r). For the stencil problem h =1, if f(r) is O(r 2 ) then h=2

m = number of architecture classes

M

i

= number of processors of class C

i that will be applied to the problem

n

i

= number of available processors of class C

i

A

i

= size of the work region in m ultiples of p assigned to each processor in C

i

There are two parts to the load selection problem: 1) determining the M

i for each architecture class C

i

,

and 2) determining the A

i

, the sizes of the work regions that will be assigned to the workers on each of the

M

i processors within each class C

i

. For a balanced load decomposition, we will assign the same size work

region to each processor (i.e., worker) within a class C

i

. Thus, a single A

i is computed per class C

i

.

We are experimenting with several heuristic algorithms for load selection to com pute the partition vec-

tor. Because load selection is a run-tim e process, efficient algorithms are of particular interest. The general

form of the load selection algorithm s is described shortly. The algorithms begin by computing the M

i for

each architecture class, i.e., the number of w orkers. Once M

i is determined, computing the A

i associated with each architecture class follows naturally from our load balance objective. A

i is a function of the pro-

cessor power, W

i

, the number of processors used, M

i

, and the com putation complexity , f () . Since we

have assum ed uniform communication cost, A

i does not depend on g() directly. The expression for A

i is

given below:

This heuristic for A

i has the follow ing two properties: it yields a load balanced partition of the data

domain which can be easily verified, and it covers the entire data domain (i.e., the sum over all A

i equals

P). A larger W

i

(i.e., a more powerful processor) induces a larger A

i

. How much larger depends on the

amount of computation performed on a minimal work unit, p. For example, suppose we have C

1 and C

2

with W

1

=1 and W

2

= 2.Forlinear problemswhere f (p) isO(p),A

2 willbe twice A

1

,sinceh=1.If f (p)

is O(p 2 ), then A

2 will be sqrt(2) times A

1

, since h=2.

In order to compute M

i

, we assume that the RTS knows the num ber of ^free~ processors n

i for each

architecture class, where ^free~ is determined by a threshold policy parameterized by architecture class.

For example, all processors below some load threshold are considered to be available. Clearly, M

i must lie

between 0 and n

i

. The RTS will acquire inform ation about the state of processors on the network as

needed, and has this information available at the time a scheduling request comes in. If for some reason

this inform ation is stale, the RTS must recollect this information.

The load selection algorithm is guided by a simple heuristic that estimates com pletion time based on

f () and g ( ):

The completion time estimate T

c is defined as the sum of com munication (the first term ) and computa-

tion cost (the second term ).Since g() actually returns a tuple,w e assum e that the message cost function T

has been param eterized appropriately and will compute the total cost of moving all of the messages during

the computationfor A

i

.Aheuristicthat computesthe numberandtypeofprocessorsthatm inim izes T

c has

been developed. We describe the sim plest form of the algorithm for a single IN in which comm unication

costs are uniform and processors are idle or lightly loaded.

The algorithm begins by ordering the architecture classes C

1

... C

m by decreasing W

i

, i.e., the fastest

processors will be considered first. The algorithm is greedy in the sense that it first considers processors

belonging to the most powerful architecture class. U nder our assumptions it can be shown that such an

algorithmwilllead to thebestcompletiontime when the data parallelcomponentis considered in isolation.

The algorithm iterates over the architecture classes in decreasing power order, deciding how m any proces-

A

i

P

W

i

1 h / ( )

W

j

( ) 1 h/

j 1 = m

å

- - -- - -- - - - -- - -- - -- - - - -- - -- - - × w h e r e A

j

M

j

×

j 1 = m

å , P = =

T

c

T g A

i

( ) M

i

, ( ) ( ) S

i f A

i

( ) × + = sors of each class can be effectively applied to the problem.

For each C

i considered in turn, the algorithm uses a form of binary search to locate M

i

. For each tenta-

tive value of M

i

, A

i is computed by the expression presented earlier. Once A

i is known, T

c can be com-

puted and the value of M

i that induces the smallest T

c is determined. If it is determined that all processors

n

i can be effectively used (i.e., n

i induces a m inim um T

c

), then the granularity is too coarse, and the next

strongest processor class is considered, and so on. At this point, it is guaranteed that at least the n

i proces-

sors within C

i, in addition to the n

j processors within C

j

(j < i), will be part of the final allocation. If at any

point M

i

< n

i

, then the algorithm terminates with the M

j

(j <= i), the corresponding A

j

, and the associated

partition vector.

The com pletion time estimate T

c assumes that computation and communication are not overlapped and

the resulting decisions are therefore conservative 6 . It is not difficult to account for such overlap. If compu-

tation and com munication were fully overlapped,then in the expression for T

c

, ^+~ would become ^max~.

If there are m architecture classes and N available processors across all classes, then the worst case run-

ning time of the algorithm is 0(mlog

2

(N)). The log

2

(N) term accounts for the binary search to locate M

i

within C

i

. Since m is typically small, and N is likely to be less than 100 (in a workstation network environ-

ment), this algorithm incurs very little run-tim e overhead. On a Sparc2 with m=4, N=100, and P=100000

(a large problem guarantees that the algorithm will iterate over all classes), the total elapsed time to com-

pute the partition vector for the stencil problem was less than 10 m sec using an algorithm that had no opti-

mization whatsoever.Given that Gaussian elimination on a sm all problemsize (512x512) ran in the tens of

seconds, a few m secs is quite sm all. In general, we believe that a problem requiring tens to hundreds of

workstations is likely to be long-running and the overhead of run-time partitioning alm ost negligible. The

most important point to m ake about this algorithm is that it scales well (O(log

2

) as the number of proces-

sors increases), and has very small constant factors.

3.3 Data Decomposition and Distribution via Callbacks

Once the partition vector has been determ ined, the program´s data must be partitioned (decomposed)

and distributed accordingly. We will use the master/worker model as a framework for presenting our

solution to the decomposition and distribution problem. In general, the characteristics of the application´s

communication topology mustbereflectedinthedata decom position.Weintendtoaddress these consider-

ations in future work. For now, we are developing a suite of common data structures w hose comm unica-

tion requirements are well known (e.g., 2D stencil problems, 2D arrays, and trees). These classes will be

provided for experimentation and development.

3.3.1 Master/Worker Model

Inthe master/w orker m odel,acomputation is dividedamongseveralworkerobjectsthat arecoordinated

by a master object. Each worker object is responsible for perform ing its computation on som e region ofthe

6. Overlapped computation and communication is supported in Mentat.

data set. The worker objects map one-to-one to the set of processors selected to execute the computation.

The master object hides the distributed nature of the computation from the program mer by providing an

interface that allows the worker collection to be treated as a unit.

In Figure 6, we show the m aster/worker model as it relates to our testbed. The master object interacts

with the RTS via the load_select() function which is discussed below. The load_select( )

function computes M

i and A

i for all classes C

i

, creates a worker object on each selected processor, and

passes back to the master the names of the w orker objects and the size of their data regions in the partition

vector, w_p[]

.Foreach processor j selected, w_p[j].object is thenameoftheworkerlocated on that

processor, and w_p[j].partition is the associated A

i in minim al work units.

Once the RTS has created the worker objects via the load_select

() function, the master passes the

appropriate data region to each worker via the initialize() function. The details of the initial-

ize() function are discussed below. The nature of the data region depends on the problem at hand. For

instance, it may be a physical data region, or simply indices into the files that contain the data.

Once the workers have been initialized, the actual computation may begin. The m aster engages the

workers to perform their specified operations, and then collects any return results. At this point, the user

may request the results from the m aster.

3.3.2 Partitioning Gaussian Elimination

Our Gaussian elimination implementation uses the master/worker model outlined above. The class defi-

nitions are shown in Figure 7. The master class is called gauss_master and the worker class is called

gauss_worker

.Thedetailsofthe implem entationare discussed below.Weuse this example as aframe-

work to illustrate how data partitioning and distribution is achieved using callbacks.The ideas presented in

this exam ple are applicable to m any parallel processing applications.

There are tw o steps involved in the decomposition and distribution of data. The data must first be parti-

tioned to match the granularity specification for each worker, and then each data partition must be commu-

nicated to its associated worker.To achieve this,the programmer must define several mem ber functions.A

distribute function is defined in the master class, an initialize function is defined in the worker class, and a

carve function is defined for each data structure that must be distributed. The actual names of these func-

RTS f (), g ()

Master

Workers initialize () load_select ()

create ()

Figure6.Master/WorkerModel-Themasterinvokes load_select() w hich

in turn calls f() and g() , then creates the workers and returns resultant w_p

partition_vector back to the m aster.

tions are not important since they are used only within code written by the program mer.

The Gaussian elimination computation begins when the solve() function is invoked on the master

object . This function acquires the partition vector from the RTS, partitions and distributes the data, then

performs the computation. The first step is to obtain the partition vector. This is done by calling the RTS

function load_select().

Load_select() returns the partition vector in the variable named w_p

( Figure 7, line 31). The partition vector contains the nam es of the workers, and the number of minimal

work units allocated to each.

Next, the data is partitioned and distributed by invoking the distribute() function ( Figure 7, line

32). We use two distributed data structures in our example,the matrix containing the equation coefficients,

and a vector that willcontain the problem solution.Both ofthese data structures are implemented using the

DD_floatarray class w hich represents an in-core two-dimensional array of floating-point numbers.

The DD_floatarray class has amemberfunction, carve_by_rows()

,thattakes theworker number

and the partition vector as parameters. It returns a DD_floatarray containing the appropriate rows.

The distribute() function takes one argument, the partition_vector w_p[]

. It ^carves~ the data

1: class DD_floatarray: public DD_array {

2: // Other member functions

3: DD_floatarray* carve_by_rows(int piece,partitition_vector *w_p);

4: };

5:

6: class gauss_master {

7: // Other member functions

8: int f(int r); // Returns computation complexity.

9: tuple g(int r); // Returns communication complexity

10: void distribute(partition_vector &w_p);

11: DD_floatarray*gauss_master::solve(DD_floatarray*,DD_floatarray*)

12: };

13:

14: class gaussworker {

15: void initialize(DD_float_array *mat,DD_float_array *vec);

16: };

17:

18: void gauss_master::distribute(partition_vector &w_p) {

19: int j;

20: DD_float_array *arg1, arg2;

21: for (j = 0;j < w_p.count(); j++) {

22: arg1 = A->carve_by_row(j,w_p);

23: arg2 = b->carve_by_row(j,w_p);

24: (w_p[j].object).initialize(arg1, arg2);

25: }

26: }

27:

28: DD_floatarray*gauss_master::solve(DD_floatarray*A,DD_floatarray*b){

29: partition_vector *w_p;

30: ...// set up local data structures

31: w_p = load_select(this);

32: distribute(*w_p);

33: ...// actually do the work solving the system.

34: }

Figure 7. Gaussian Elimination Class Definitions structures into the work regions specified by the partition_vector, then initializes each worker with its cor-

responding region. To do this, it iterates over the workers specified in the partition_vector ( Figure 7, lines

21-25). The function w_p.count() returns the number of workers to be used. For each worker j , the

data regions given by w_p[j].partition are extracted using the carve_by_rows() functions

( Figure 7, lines 22, 23). A work region may contain portions of m ultiple data structures. This is accommo-

dated by providing multiple carve functions, one for each partitionable data structure. Each carve function

specifies how to extract one m inim al work unit of a data structure, and allow s m ultiples of this minimal

unit to be extracted. The net effect is that each worker receives the data that defines its work region. The

actual data can be marshalled into the arguments of the initialize function, or alternatively, the arguments

can consist of descriptive information that directs the worker to its data (e.g. a location on disk). This last

method is preferable when large am ounts of data are required for each w orker.

Once the data regions have been extracted, they are passed to the initialize() function which is

invoked on w orker j w hose name is contained in w_p[j].object

( Figure 7, line 24). At this point, the

data has been distributed and control returns to the solve() function. We are now ready to perform the

actual computations.

In sum mary, the program mer´s involvem ent in the data decomposition and distribution process consists

of the specification of a distribute function, a carve function for each distributed data structure, an ini-

tialize function for the workers, and the proper calling of the

load_select

() and distribute functions.

The system takes care of determining w hich processors will be used and how much work will be assigned

to each.

3.3.3 Discussion

The m echanism presented in this section solves some of the m ore difficult programming problems in a

heterogeneous system. First, the system determines the number of workers to be applied to the problem

based on the current system state. In existing systems, this decision is made during implementation or by

application code at run time, and represents at best a ^good guess~ by the programm er. Moving this

responsibility into the system domain removes from the programmer the onus of know ing how many pro-

cessors will be available, the relative com putation power of the available processors, and the current load

on the available processors.

Second, the system determines which processors to use based on the processor´s capabilities. This deci-

sion is madein concertwith a determination oftheproperworkload for each processor in the processor set.

Typically, this granularity decision can be quite difficult to make in a heterogeneous environm ent. Our

solution relieves the programmer of this burden.

Lastly, the actual decomposition and distribution of the data is greatly simplified. The programmer pro-

videsafunctionthatisused to extractpiecesofthedata set,and afairlysim pledistribute function that han-

dles the actual extraction and distribution of the data to the workers. While these functions may appear

complicated, library classes can be constructed for the standard data structures. These classes can be easily

extended via inheritance.

Our decomposition strategy is limited to static (though not necessarily regular) decom positions where

the amount of computation performed on a minimal work unit is known and is not data dependent. If the

amount of computation is data dependent, this strategy will not be not always perform well. A second lim-

itation is that the external load caused by other users m ay vary, the load then becom es unbalanced.In these

cases, some form of dynam ic rebalancing, as is provided in DataParallel C [24], may be needed. We are

investigating rebalancing mechanisms as well.

3.4 Effect of Partitioning

To test the efficacy of our approach,we applied the problem partitioning technique to Gaussian elimina-

tion. The resulting workers with their com puted problem sizes were scheduled and executed using Mentat.

We used a 4-node heterogeneous network consisting oftwo SGI´s (C

1

),M

1

= 2,and tw o Sun-4 IPC´s (C

2

),

M

2

= 2. The SGI´s are almost twice as fast as the IPC´s, thus W

1

= 2 and W

2

= 1. The testbed uses a porta-

ble communication library, MMPS [18] based on sockets. The m essage cost equation for MMPS is T(n) =

2.65 + 0.0015n. The problem size is P = 1024 for a 1024x1024 matrix.

The results are shown in Table 3. For comparison, the results of the experiment described in Section

3.1.2 are shown in the first row (the 256,256 partition). Since this is a row decomposition, the work parti-

tions refer to the number of rows in each worker´s work region. Since the amount of work between succes-

sive communications of the candidate pivot is linear in the number of rows, i.e., O(r), w e would expect

load balance to be achieved when the SGI´s are given about twice as much work (ratio of W

1

/W

2

) as the

IPC´s. The results indicate that such a distribution of work, where each SGI gets 341 rows and each IPC

gets 171, results in reduced com pletion time and a speedup very close to optimal. The speedup is superlin-

ear with respect to the IPC sequential time, and around 3 with respect to the SG I sequential time. This

result is intuitive since two IPC´s are approximately equal in compute power to one SGI.

When compared to the performance of six equal size pieces (Table 2) the improvement of the (341,171)

partition is less dramatic, 121 versus 131 seconds. How ever, an approach based on breaking the problem

into many equal size pieces and then placing the pieces based on processor power is not scalable. Many

more workers than processors would be required to achieve good load balance on a large system 7 . Since

communication in Mentat is usually linear in the number of workers, such an approach w ould greatly

increase overhead. Therefore, breaking the problem up into many relatively fine-grain pieces is not a via-

Table 3: Effect of balanced load, P=1024.

Work

partitions

(SGI, IPC)

Parallel

execution

time

(seconds)

Speedup

relative to

IPC tim e

Speedup

relative to

SGI time

SG I

sequential

time

(seconds)

IPC

sequential

time

(seconds)

(256, 256) 173 3.87 2.1 368 672

(341, 171) 121 5.53 3.03 368 672 ble alternative.

4.0 Related work

Heterogeneous distributed computing systems have been an active area of research for some tim e

[2][4] [5] [6][13] [22] [23] [25] [26] [30] [31]. Our work differs from the work in the H DCS community in our

objectives and the trade-offs we are willing to make. The prim ary objectives in much of the HDCS work

are interoperability, sharing, and availability. Unlike our w ork, high performance is not the objective.

Applications portability across parallel architectures is an objective of many projects. Examples include

PVM [29], Linda [7], the Argonne P4 macros [1], and Fortran-D [12]. Our effort shares with these and

other projects the basic idea of providing a portable virtual machine to the programmer. The prim ary dif-

ference is the level of the abstraction. Low-level abstractions such as in [1] [8][29] require the programmer

to operate at the assembly language level of parallelism . This m akes writing parallel programs m ore diffi-

cult.Others [3] [12]shareour philosophy of providing a higher levellanguage interface inorder to simplify

applications development. Our work differs from Fortran D [12] in several ways. First, Fortran D is porta-

ble but is not targeted to a heterogeneous environment. Second, Fortran D supports data parallelism only,

not both task and data parallelism. Third, Fortran D ^hard-wires~ support for low -dim ensional arrays into

the language, while our approach is to allow the user to provide arbitrary distribution functions for arbi-

trary data structures.

Our work differs from HeNCE [3] in several ways. First, HeNCE is explicitly parallel. The programmer

specifiesprogramgraphnodesandthedatadependenciesbetween them.InMentat,theprogramgraphs are

transparently constructed for the programmer. Second, in HeNCE graph nodes are pure functions. H eNCE

essentially implements coarse-grain data flow. Mentat supports both pure, side-effect free functions and

persistent objects. We have found persistent objects to be very useful. Not only do they model m any prob-

lem s well, but the use of explicit state can significantly reduce the overhead associated with data flow,

improving performance.

Recently there have been efforts towards com bining parallel processing and heterogeneity

[3] [8][9] [10] [20][24] [29]. Once again, the level of service distinguishes our work from systems such as

PVM [29]; they enable, rather that support, heterogeneous parallel com puting. Our work differs from that

of Paragon [9] and Dataparallel C [24] in several ways. First, as w ith Fortran D, Paragon and Dataparallel

Care dataparallel only,andsupport onlyregularm ulti-dimensional arrays.Second,they supportprocessor

heterogeneity only in the processor power sense. They cannot accom modate different data representations.

Our method of determ ining the size of the partitions is sim ilar in some respects to Paragon. However, we

dynamically partition the work based on resource availability and problem size, while it appears that their

work is targeted toward compile time analysis.

7.Having manymoreworkers than processorsis similartotheconceptofvirtualprocessors.Load balanceis

achieved by scheduling virtual processors to physical processors such that each processor has a number of

virtual processors proportional to its power and external load. This approach is used in [24], and is best for

non-communicating virtual processors, or when the communication pattern is very regular, i.e. stencils.

5.0 Summary and Future Work

In this paper we have introduced our approach to constructing high-performance, easy-to-use metasys-

tem s comprised of heterogeneous components. Our approach combines our previous work in portable par-

allel processing with ideas from heterogeneous distributed computing, inheriting features from each to

achieve our goals.Our approachis evolutionary.R ather thanconstructing a systemfrom the ground up,we

have built on Mentat, an object-oriented parallel processing system, and extended it to support heterogene-

ity. The resulting system is an excellent testbed for new ideas. We have used the testbed to conduct exper-

iments on the efficacy of our approach.

Wehavefound that datacoercion costs are nota serious impedimentto high-performance.We have also

found that load imbalance in data parallel com ponents, caused by differences in processor capability, can

lead to reduced performance if problems are decomposed into equal size partitions. To address this prob-

lem , we have developed a technique using simple heuristics and application callbacks that enables the run-

time system to m ake the decisions of both how many workers to use, thus specifying granularity, and how

much work to allocate to each processor,based on the processors´ capability. The R TS then returns a parti-

tion to the application, which in turn distributes the work, usually in the form of data structures, to the

workers. This technique significantly im proves perform ance over equal size partitions. Further, this tech-

nique is very flexible. It can be used for wide range of data structures with arbitrary computational com-

plexities, not just regular problem s with low-dimension arrays.

Further w ork in this project falls into four areas, expanding to larger more diverse systems, developing

scheduling models and heuristics for multi-level networks, examining techniques for performing dynamic

load rebalancing, and developing language mechanisms to more clearly express the distribution of work

and the topological relationship between the workers. We have, for example, recently acquired access to

the new Sandia Heterogeneous Environment and Testbed (HEAT), a collection of fifty high perform ance

workstations connected by fiber. The testbed contains ten workstations from each of five vendors. We

intend to port our m etasystem testbed to the Sandia HEAT to further test our approach.

6.0 References

[1] J. Boyle et al., Portable Programs for Parallel Processors , Holt, Rinehart and Winston, New York, 1987.

[2] E. Balkovich, S. Lerman, and R.P. Parmelee, ^Computing in Higher Education: The Athena Experience,~

Communications of the ACM vol. 28, no. 11, pp. 1214-1224, November, 1985.

[3] A. Beguelin et al., ^HeNCE: Graphical Development Tools for Network-Based Concurrent Computing,~

Proceedings SHPCC-92 , pp. 129-136, Williamsburg, VA, May, 1992.

[4] G. Bernard et al., ^Primitives for Distributed Computing in a Heterogeneous Local Area Network Environ-

ment~, IEEE Trans on Soft. Eng . vol. 15, no. 12, December 89.

[5] B. N. Bershad, and H. M. Levy, ^Remote Computation in a Heterogeneous Environment.~ Tech. Rep. 87-

06-04, Dept. of Computer Science, University of Washington, Seattle, June, 1987.

[6] B.N.Bershad, et al., ^A Remote Procedure Call Facility for Interconnecting Heterogeneous ComputerSys-

tems,~ IEEE Trans. Software. Eng. SE , vol. 13, no. 8, pp. 880-894, August, 1987.

[7] N. Carriero and D. Gelernter, ^Linda in Context,~ Communications of theACM , vol.32,no.4, pp. 444-458,

April, 1989.

[8] N. Carriero, D. Gelernter, and T.G. Mattson, ^Linda in Heterogeneous Computing Environments,~ Pro-

ceedings of WHP 92 Workshop on Heterogeneous Processing , IEEE Press, pp. 43-46, Beverly Hills, CA,

March, 1992.

[9] A.L.Cheung, and A.P. Reeves, ^High Performance Computing on a Cluster of Workstations,~ Proceedings

of the First Symposium on High-Performance Distributed Computing , pp. 152-160, Syracuse, NY, Sept.,

1992.

[10] R. F. Freund and D. S. Cornwell, ^Superconcurrency: A form of distributed heterogeneous supercomput-

ing,~ Supercomputing Review, Vol. 3, Oct. 1990, pp. 47-50.

[11] G. Fox et al., Solving Problems on Concurrent Processors Volume I , Prentice Hall, Englewood Cliffs, NJ,

1988.

[12] G. C. Fox, et al., ^Fortran D Language Specifications,~ Technical Report SCCS 42c, NPAC, Syracuse Uni-

versity, Syracuse, NY.

[13] P.B. Gibbond, ^A Stub Generator for Multi-Language RPC in Heterogeneous Environments,~ IEEE Trans.

Software. Eng. SE , vol. 13, no. 1, pp. 77-87, January, 1987.

[14] A. S. Grimshaw, ^Easy to Use Object-Oriented Parallel Programming with Mentat,~ IEEE Computer , pp.

39-51, May, 1993.

[15] A. S. Grimshaw, W. T. Strayer, and P. Narayan, ^Dynamic Object-Oriented Parallel Processing,~ IEEE

Parallel & Distributed Technology: Systems & Applications , pp. 33-47, May, 1993.

[16] A. S. Grimshaw and V. E. Vivas, ^FALCON: A Distributed Scheduler for MIMD Architectures~, Proceed-

ings of the Symposium on Experiences with Distributed and Multiprocessor Systems , pp. 149-163, Atlanta,

GA, March, 1991.

[17] A. S. Grimshaw, J. B. Weissman, and W. T. Strayer, ^Portable Run-Time Support for Dynamic Object-Ori-

ented Parallel Processing,~ Computer Science Technical Report, CS-93-40, University of Virginia, July,

1993.

[18] A.S.Grimshaw,D.Mack,and T.Strayer,^MMPS:PortableMessagePassing SupportforParallelComput-

ing ,~ Proceedings of the Fifth Distributed Memory Computing Conference , pp. 784-789, Charleston, SC.,

April 9-12, 1990.

[19] M. Jones, R. F. Rashid, and M. R. Thompson, ^An Interface Specification Language for Distributed Pro-

cessing.~ Proceedings of the 12th ACM Symposium on Principles of Programming Languag es, pp. 225-235,

1985.

[20] Ashfaq Khokhar, et. al., ^Heterogeneous Supercomputing: Problems and Issues,~ Proceedings of WHP 92

Workshop on Heterogeneous Processing , IEEE Press, pp. 3-12, Beverly Hills, CA, March, 1992.

[21] T. G. Lewis and H. El-Rewini, Introduction to Parallel Computing , Prentice Hall, Englewood Cliffs, NJ,

1992.

[22] J.H.Morris,etal.,^Andrew:A distributed personalcomputing environment~, CommunicationsoftheACM ,

vol. 29, no. 3, March 1986.

[23] R. Mirchandaney, D. Towsley, and J. Stankovic, `Adaptive Load Sharing in Heterogeneous Distributed

Systems,´ Journal of Parallel and Distributed Computing , Academic Press, no. 9, pp. 331-346, 1990.

[24] N. Nedeljkovic, and M.J. Quinn, ^Data-Parallel Programming on a Network of Heterogeneous Worksta-

tions,~ Proceedings of the First Symposium on High-Performance Distributed Computing , pp. 28-36, Syra-

cuse, NY, Sept., 1992.

[25] D. Notkin., et al.,^Heterogeneous Computing Environments: Report on the ACM SIGOPS Workshop on

Accommodating Heterogeneity,~ Communications of the ACM , vol. 30, no. 2, pp. 132-140, February, 1987.

[26] D. Notkin, et al., ^Interconnecting Heterogeneous Computer Systems,~ Communications of the ACM , vol.

31, no. 3, pp. 258-273, March, 1988.

[27] B. Stroustrup, The C++ Programming Language , 2nd ed. Addison-Wesley, Reading, Mass., 1991.

[28] Sun Microsystems. External Data Representation Reference Manual. Sun Microsystems, Jan. 1985.

[29] V.S.Sunderam,^PVM:Aframework forparalleldistributed computing,~ Concurrency:PracticeandExpe-

rience , vol. 2(4), pp. 315-339, December, 1990.

[30] M.M. Theimer, and B. Hayes, ^Heterogeneous Process M igration by Recompilation,~ Proc. 11th Intl. Con-

ference on Distributed Computing Systems , Arlington, TX, May, 1991, pp. 18-25.

[31] S. A. Yemini, et al., ^Concert: A High-Level-Language Approach to Heterogeneous Distributed Systems~,

Proc. 9th IEEE International Conference on Distributed Computing Systems , Newport, CA., pp. 162-171,

June, 1989