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Abstract. This paper discusses the material to be presented by H. J.
Siegel in his keynote talk. Distributed high-performance heterogeneous
computing (HC) environments are composed of machines with varied
computational capabilities interconnected by high-speed links. These environments are well suited to meet the computational demands of large,
diverse groups of applications. One key factor in achieving the best performance possible from HC environments is the ability to assign eﬀectively the applications to machines and schedule their execution. Several
factors must be considered during this assignment. A conceptual model
for the automatic decomposition of an application into tasks and assignment of tasks to machines is presented. An example of a static matching
and scheduling approach for an HC environment is summarized. Some
examples of current HC technology and open research problems are discussed.

1

Introduction

Existing high-performance computers sometimes achieve only a fraction of their
peak performance capabilities on some tasks [14]. This is because diﬀerent tasks
can have very diﬀerent computational requirements that result in the need for
diﬀerent machine capabilities. A single machine architecture may not satisfy all
the computational requirements of diﬀerent tasks equally well. Thus, the use of
a heterogeneous computing environment is more appropriate.
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This paper summarizes and extends some of the material in [6,26], and corresponds to the keynote presentation H. J. Siegel will give at the conference. He
will give an overview of some research in the area of heterogeneous computing
(HC), where a suite of diﬀerent kinds of machines are interconnected by highspeed links. Such a system provides a variety of architectural capabilities, orchestrated to perform tasks with diverse execution requirements by exploiting
the heterogeneity of the system [10,26,29]. An HC system may consist of a set of
high-performance machines. A cluster composed of diﬀerent types (or models or
ages) of machines also constitutes an HC system. Alternatively, a cluster could
be treated as a single machine in an HC suite. An HC system could also be part
of a larger grid [12].
An application is assumed to be composed of one or more independent (i.e.,
non-communicating) tasks. It is also assumed that some tasks may be further
decomposed into two or more communicating subtasks. The subtasks have data
dependencies among them, but are able to be assigned to diﬀerent machines for
execution.
Consider Fig. 1, which shows a hypothetical example of an application program with various components that are best suited for execution on diﬀerent
machine architectures [14]. The example application in Fig. 1 consists of one
task, decomposed into four consecutive subtasks. The application executes for
100 time units on a baseline workstation, where each subtask is best suited to
the machine architecture and takes the amount of time indicated underneath it
in the ﬁgure.
By performing the entire application on a cluster of workstations, the execution time of the large cluster-oriented subtask may decrease from 35 to 0.3 time
units. The overall execution time improvement for the entire application is only
by about a factor of two because the other subtasks may not be well suited for
a cluster architecture.
Alternatively, the use of four diﬀerent machine architectures, each matched
to the computational requirements of the subtask to which it was assigned, can
result in an execution 50 times as fast as the baseline workstation. This is because
each subtask is executing on the high performance architecture for which it is
best suited. The execution time shown below the bars for the HC suite in Fig. 1
include inter-machine communication overhead for each subtask to pass data to
the next subtask. This inter-machine communication overhead is not needed in
the single machine implementations of the task.
The construction of an HC suite with all four of these types of machines
is, of course, more costly than just a single workstation or a single cluster of
workstations. Thus, the steady state workload of applications must be suﬃcient
to justify the system cost.
A key factor in achieving the best performance possible from HC environments is the ability to match (assign) the tasks and subtasks to the machines
and schedule (order) the tasks and subtasks on each machine in an eﬀective and
eﬃcient manner. The matching and scheduling of tasks and subtasks is deﬁned
as a mapping.
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Fig. 1. Hypothetical example of the advantage of using a heterogeneous suite of machines, where the heterogeneous suite execution time includes inter-machine communication overhead (based on [14]). Not drawn to scale

Two diﬀerent types of mapping are static and dynamic. Static mapping is
performed when the tasks are mapped in an oﬀ-line planning phase, e.g., planning the schedule for tomorrow. Dynamic mapping is performed when the tasks
are mapped in an on-line, real-time fashion, e.g., when tasks arrive at random
intervals and are mapped as they arrive. In either case, the mapping problem has
been shown, in general, to be NP-complete [7,11,18]. Thus, the development of
heuristic techniques to ﬁnd near-optimal mappings is an active area of research,
e.g. [3,5,6,10,17,25,27,31].
A conceptual model for automatic HC is introduced in Sect. 2. As an example
of current research in static matching and scheduling, Sect. 3 presents a greedybased approach. Section 4 gives a brief sampling of some HC environments and
applications. Open problems in the ﬁeld of HC are discussed in Sect. 5.
This research is supported by the DARPA/ITO Quorum Program project
called MSHN (Management System for Heterogeneous Networks) [16]. MSHN is
a collaborative research eﬀort among Colorado State University, Purdue University, the University of Southern California, NOEMIX, and the Naval Postgraduate School. One objective of MSHN is to design and evaluate mapping heuristics
for diﬀerent types of HC environments.

2

A Conceptual Model for HC

One of the long-term goals of HC research is to develop software environments
that will automatically map and execute applications expressed in a machineindependent, high-level language. Developing such environments will facilitate
the use of HC suites by (1) increasing software portability, because programmers
need not be concerned with the constitution of the HC suite, and (2) increasing
the possibility of deriving better mappings than users themselves derive with ad
hoc methods. Thus, it will improve the performance of and encourage the use
of HC in general.
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Fig. 2. Model for the support needed for automating the use of HC systems (based
on [29]). Ovals indicate information and rectangles represent actions. The dashed lines
represent the components needed to perform dynamic mapping

A conceptual model for such an environment using an HC suite of dedicated
machines is described in Fig. 2. The conceptual model consists of four stages. It
builds on the model presented in [29] and is referred to as a “conceptual” model
because no complete automatic implementation currently exists.
In stage 1, using information about the expected types of application tasks
and about the machines in the HC suite, a set of parameters is generated that
is relevant to both the computational requirements of the applications and the
machine capabilities of the HC system. For example, if none of the expected
applications include ﬂoating point operations, there is no need to characterize
the ﬂoating point performance of each machine in the suite. For each parameter
relevant to both the expected applications and the expected suite of machines,
categories for computational characteristics and categories for machine architecture features are derived.
Stage 2 consists of two components, task proﬁling and analytical benchmarking. Task proﬁling decomposes the application into tasks (and possibly subtasks),
each of which is computationally homogeneous. Diﬀerent tasks (and subtasks)
may have diﬀerent computational needs. The computational requirements for
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each task (and subtask) are then quantiﬁed by proﬁling the code and data.
Analytical benchmarking is used to quantify how eﬀectively each of the available machines in the suite performs on each of the types of computations being
considered.
One of the functions of stage 3 is to be able to use the information from
stage 2 to derive the estimated execution time of each task and subtask on each
machine in the HC suite (as well as other quality of service (QoS) attributes, such
as security level [23]), and the associated inter-machine communication overhead.
Then, these results, along with the machine and inter-machine network initial
loading and “status” (e.g., machine/network casualties) are used to generate
a mapping of tasks and subtasks to machines based on certain performance
measures [23] (e.g., minimizing the overall task execution time).
Stage 4 is the execution of the given application. In systems where the mapping is done statically in stage 3, estimated information about all of the tasks
and subtasks to execute is known in advance. In dynamic mapping systems,
general information about the applications to execute might be known a priori
(e.g., from benchmarking in stage 2), but speciﬁc information (e.g., the exact set
of applications or when an application will be submitted for execution) may not
be known in advance. Thus, in dynamic mapping systems the task completion
times and loading/status of the machines/network are monitored (shown by the
dashed lines in Fig. 2). This information may be used to reinvoke the mapping
of stage 3 to improve the machine assignment and execution schedule, or to alter
the mapping based on changing user needs.
Automatic HC is a relatively new ﬁeld. Frameworks for task proﬁling, analytical benchmarking, and mapping have been proposed, however, further research
is needed to make this conceptual model a reality [26,29].

3
3.1

Static Mapping Heuristics
Introduction

As mentioned in Sect. 1, the heuristics to map tasks to machines can execute
statically (oﬀ-line) or dynamically (on-line). There are several trade-oﬀs between
these two approaches. Static heuristics typically can use more time to determine
a mapping because it is being done oﬀ-line, e.g., for production environments;
but static heuristics must then use estimated values for parameters such as when
a machine will be available. In contrast, dynamic heuristics operate on-line,
therefore they must make scheduling decisions in real-time, but have feedback
for actual parameter values instead of estimates for many system parameters.
As an example of current HC research on mapping statically, a greedy approach from [6] is summarized. Examples of other static mapping heuristics are
given in [5,10,18,26,31]. Examples of dynamic mapping heuristics in HC environments can be found in [3,25,26].
Static mapping is utilized for many diﬀerent purposes. Static mapping is used
in large production environments to plan work to perform over a future interval,
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e.g., mapping tasks to execute the next day. Static mapping is also used for
“what-if” predictive studies. For example, a system administrator might want
to estimate the beneﬁts of adding a new machine to the HC suite to justify
purchasing it. Static mapping can also be used to do a post-mortem analysis of
the performance of on-line dynamic mappers (where the static mapper would
assume advance knowledge of all the applications to be executed).
The static mapping heuristics in this section are evaluated using simulated
execution times for an HC environment. Because these are static heuristics, it is
assumed that an estimate of the expected execution time for each task on each
machine is known prior to execution and contained within an ET C (expected
time to compute) matrix [1,2]. The assumption that these estimated expected
execution times are known is commonly made when studying mapping heuristics
for HC systems (e.g., [9,15,20,30]). Approaches for doing this estimation based
on task proﬁling and analytical benchmarking of real systems are discussed in
[22,26,29].
3.2

Problem Description

Assume the tasks being mapped to the HC environment have the following additional characteristics, increasing the complexity of the basic mapping problem:
priorities, deadlines, multiple versions, and user-assigned preferences. Some tasks
are also decomposed into subtasks with inter-subtask data dependencies. Each
of these characteristics is described below.
In this study, each task ti will have one of four possible weighted priorities,
pi ∈ {1, 4, 16, 64} (each value is equally likely to be assigned to a task in the
simulation studies conducted). Values of pi = 64 represent the most important
or highest priority tasks.
This research assumes an oversubscribed system, i.e., there are not enough
resources available to satisfy all the requirements of all the tasks. To model this,
the tasks in the simulation studies conducted are assigned an arrival time and a
deadline. Let the arrival time for task ti be denoted ai , and let the deadline for
task ti be denoted Di .
Deadlines are assigned to each task as follows. First, for task ti , the median
execution time, medi , of the task on all machines in the HC suite is found. Next,
each task ti is randomly assigned a deadline factor, δi , where δi ∈ {1, 2, 3, 4}
(each value has an equal likelihood of being assigned). Finally, the deadline for
task ti , Di , is assigned as Di = (δi × medi ) + ai . All the subtasks within a task
have that task’s arrival time and deadline.
Because the system is oversubscribed, there may be tasks that cannot complete before their deadline. A deadline characteristic function, di , indicating
whether or not each task ti is able to ﬁnish executing before its deadline, Di ,
based on the mapping used, is

1 : if ti ﬁnishes at or before Di
(1)
di =
0 : otherwise.
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Several types of applications can be executed in more than one format or
version. For example, weather information may be computed using varying sensor grid densities. Each task version may have diﬀerent resource requirements
and execution characteristics. It is assumed that each task has three versions
available to execute, but at most one version of any given task is executed. It is
assumed here that version i is always preferred over version i + 1 of a task, but
also requires more execution time (e.g., uses more resources).
The estimated expected execution time for task ti , on machine mj , using
version vk would be ET C(i, j, k). Thus, based on the previous assumption,
ET C(i, j, 0) > ET C(i, j, 1) > ET C(i, j, 2). To generate the simulated execution
times in the ET C matrix, the coeﬃcient-of-variation-based (CVB) method from
[1] was used. The HC environment in the simulation study had eight machines.
The intuition behind allowing execution of lower preference versions of a task
is that, typically, the lower preference versions will have reduced requirements,
e.g., reduced execution times. Let rik be the normalized user-deﬁned preference
for version vk of task ti [23]. For the simulation studies:
ri0 = 1
(most preferred)
ri1 = ri0 × U [0, 0.99] (medially preferred)
ri2 = ri1 × U [0, 0.99] (least preferred).

(2)

where U [w, x] is a uniform random (ﬂoating point) number sampled from [w, x].
The lowest version assigned to any subtask in a task is the version (and preference) enforced on all of the other subtasks within the task.
In instances where either a non-decomposed task or a communicating subtask
(within a task) is being mapped, the term m-task (mappable task) is used. The
number of m-tasks in the simulation study was T = 2000. Approximately 1000
of the m-tasks are non-decomposed, and approximately 1000 of the m-tasks
are subtasks. The size and inter-dependencies of the subtasks within a task
were generated randomly. The number of subtasks within a task was U [2, 5].
Thus, there were approximately 1000 non-decomposed tasks, and 285 tasks with
subtasks. For evaluation purposes, there were Teval ≈ 1285 tasks.
3.3

Simulation Study

Greedy techniques perform well in many situations, and have been well-studied
(e.g., [8,18]). One greedy technique, Min-min, has been shown to perform well
in many situations (e.g., [5,6,18,31]), and is applied to this mapping problem.
To rate the quality of the mappings produced by the heuristics, a postmapping evaluation function, E, is used. Assume that if any version of task
ti completes, it is version vk (k may diﬀer for diﬀerent tasks). Then, let E be
deﬁned as
Teval
−1
E=
(di × pi × rik ).
(3)
i=0
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Here, the mapping problem is considered a maximization problem (i.e., higher
values of E represent better mappings). Analysis of Eqn. 3 reveals the upper
Teval −1
bound (UB) is U B = i=0
pi .
To describe Min-min, it is useful to deﬁne fi , the task ﬁtness for m-task ti ,
fi = −(di × pi × rik ),

(4)

where ti is executed using version vk . The task ﬁtness fi represents (the negative
of) the contribution of each task to the post-mapping evaluation function, E.
Because Min-min is a minimization heuristic, it can be used to maximize E by
simply applying it with −E as the minimization criterion.
To compute di in the above equations, the task’s completion time is found.
Let mav(i, j) be the earliest time (after m-task ti ’s arrival time) at which machine
mj (1) is not reserved, (2) is available for a long enough interval to execute
ti , and (3) can receive all input data if ti is a subtask. Then, the completion
time of m-task ti , version vk , on machine mj , denoted ct(i, j, k), is ct(i, j, k) =
mav(i, j) + ET C(i, j, k).
The Min-min heuristic from [18] that was adapted and applied to this mapping problem is outlined now. Let U be the set of all unmapped m-tasks. Let
U P be the set of all unmapped m-tasks such that if the m-task is a subtask,
all of that subtask’s predecessor subtasks have been mapped. The ﬁrst phase
of Min-min (the ﬁrst “min”) ﬁnds the best machine (i.e., minimum fi ) for each
m-task in U P , and then stores these m-task/machine pairs in the set M ade. The
m-tasks within M ade are referred to as candidate tasks.
After phase one has completed, phase two of Min-min selects the candidate
task from M ade with the minimum fi over all candidate tasks, and maps this
m-task to its corresponding machine. This task is then removed from U . Phase
one and two are repeated until all m-tasks are mapped (or removed from consideration because they cannot meet their deadline).
A comparison of how Min-min performs for two diﬀerent arrival rates against
two other mapping heuristics is shown in Fig. 3. The results are averaged over
50 diﬀerent ET C matrices. The range bars show the 95% conﬁdence interval for
each average [19].
The other techniques shown in Fig. 3 are a simple FIFO-based greedy technique (MCF), and a genetic algorithm (GA) [6]. Recall that a higher value of the
post-mapping evaluation function E represents a better mapping. Also note that
because an oversubscribed system is assumed, the UB is unachievable. As shown
in Fig. 3, Min-min does very well, achieving about 95% of the performance of
the GA but with a signiﬁcantly shorter running time.
For each arrival rate, the same number of tasks are available to map, thus
UB is the same. However, for the moderate arrival rate, tasks arrive over a
larger interval of time (and have deadlines over a larger interval of time). Hence,
there is less contention for machines, and the heuristics perform better. Other
variations of Min-min, other scenarios (including diﬀerent weighted priorities),
other heuristics (including the genetic algorithm), and their experimental results
are deﬁned and compared in [6].
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Fig. 3. Comparison of the Min-min technique against two other techniques for 2000
m-tasks with high and moderate arrival rates (based on [6]). Results are averaged over
50 ET C matrices

4

Environments and Applications

Examples of HC environments that have actually been deployed are: (1) the
Purdue University Network Computing Hub, a wide area network computing
system which can be used to run a selection of software tools via a World Wide
Web browser [21]; (2) the Globus meta-computing infrastructure toolkit, a set of
low-level mechanisms that can be built upon to develop higher level HC services
[12]; and (3) SmartNet, a mapping framework that can be employed for managing
jobs and resources in an HC environment [13].
Example applications that have demonstrated the usefulness of HC include:
(1) a three-dimensional simulation of mixing and turbulent convection at the
Minnesota Supercomputer Center [24]; (2) the shipboard anti-air warfare program (HiPer-D) used at the Naval Surface Warfare Center for threat detection,
engagement, and missile guidance (e.g., [17]); and (3) a simulation of colliding
galaxies performed by solving large n-body and large gas dynamics problems at
the National Center for Supercomputing Applications [28].

5

Open Research Problems

HC is a relatively new research area for the computer ﬁeld. Interest in HC
systems continues to grow in the research, industrial, and military communities.
However, there are many open problems that remain to be solved before HC
can be made available to application programmers in a transparent way. Some
of these problems are outlined below.
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The realization of the automatic HC environment envisioned in Fig. 2 requires further research in many areas. Machine-independent languages with userspeciﬁed directives are needed to (1) allow compilation of a given application
into eﬃcient code for any machine in the HC suite, (2) aid in decomposing applications into tasks and subtasks, and (3) facilitate determination of task and
subtask computational requirements. Methods must be reﬁned for measuring the
loading and status of the machines in the HC suite and the network, and for
estimating task and subtask completion times. Also, the uncertainty present in
the estimated parameter values, such as task completion times, should be taken
into consideration in determining the mappings.
Another area of research is that of modeling the application tasks to execute
on the HC suites [1,4]. Individual tasks that execute once (e.g., a simulation)
have diﬀerent requirements than continuously-running tasks (e.g., monitoring
and analyzing sensor information). Methods for allowing feedback communications among subtasks tasks are necessary.
Several HC environments have inherent QoS requirements that must be met.
For example, these requirements might involve priority semantics, bandwidth
requirements, guaranteed processor time for certain users, or real-time response
capabilities. Research is being conducted on how to incorporate all of these
components into HC environments.
Hierarchical scheduling techniques are under development to allow for HC
suites to be scaled up to very large sizes. Also, in some environments, distributed
mapping heuristics (as opposed to centralized ones) are necessary. Incorporating
multi-tasking is an area of ongoing HC research. Most operating systems support multi-tasking at the individual processor level, but how to incorporate this
into the mapping process, allocate processor time among diﬀerent tasks, and
still leverage this capability with other QoS requirements is being investigated.
Furthermore, the security issues inherent with multi-user, distributed, peer-topeer environments where users are executing tasks on other machines must be
addressed.
In summary, with the use of existing HC systems, signiﬁcant beneﬁts have
been demonstrated. However, the amount of eﬀort currently required to implement an application on an HC system can be substantial. Future research on the
above open problems will improve this situation, make HC accessible to more
users, and allow HC to realize its inherent potential.
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