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Abstract. In this paper we analyze the bene ts and limitations of dynamic partitioning across a wide range of parallel system environments.
We formulate a general model of dynamic partitioning that can be tted to measurement data to obtain a suciently accurate quantitative
analysis of real parallel systems executing real scienti c and/or commercial workloads. An exact solution of the model is obtained by employing
matrix-geometric techniques. We then use this framework to explore the
parallel system design space over which dynamic partitioning outperforms other space-sharing policies for a diverse set of application workloads, quantifying the signi cant performance improvements within these
regions. Our results show that these regions and the performance bene ts of dynamic partitioning are heavily dependent upon its associated
costs, the system load, and the workload characteristics. We also identify
the regions of the design space over which dynamic partitioning performs
poorly, quantifying the performance degradation and illustrating forms
of unstable thrashing.

1 Introduction
The scheduling of processors among parallel jobs submitted for execution is a
fundamental aspect of multiprocessor computer systems. A number of scheduling
strategies have been proposed for such parallel environments, each di ering in
the way processors are shared among the jobs. One important class of policies
shares the processors by rotating them among a set of jobs in time, and thus
are referred to as time-sharing strategies. Another particularly important class of
scheduling policies is based on space sharing where the processors are partitioned
among di erent parallel jobs.
Several approaches have been considered in each of these scheduling classes.
Within the space-sharing class, the static partitioning of the processors into a
xed number of disjoint sets, each of which are allocated to individual jobs, is a
scheduling strategy that has often been employed in a number of commercial systems. This is due in part to its low system overhead and its simplicity from both
the system and application viewpoints. The static scheduling approach, however,
can lead to relatively low system throughputs and resource utilizations under
nonuniform workloads [34, 21, 22, 25, 35], as is common in scienti c/engineering
computing environments [6]. Adaptive partitioning policies, where the number of
processors allocated to a job is determined when jobs arrive and depart based
on the current system state, have also been considered in a number of research

studies [14, 42, 8, 21, 22, 33, 3, 25]. This approach tends to outperform its static
counterparts by adapting partition sizes to the current load. However, the performance bene ts of adaptive partitioning can be limited due to its inability to
adjust scheduling decisions in response to subsequent workload changes. These
potential problems are alleviated under dynamic partitioning, where the size of
the partition allocated to a job can be modi ed during its execution, at the
expense of increased overhead [40, 4, 14, 42, 9, 16, 21, 22, 35].
The runtime costs of a dynamic partitioning policy are heavily dependent
upon the parallel architecture and application workload under consideration. In
uniform-access, shared-memory (UMA) systems, these overheads tend to be relatively small and thus the bene ts of dynamic partitioning outweigh its associated
costs. Several research studies have made this quite clear, showing that dynamic
partitioning outperforms all other space-sharing strategies in many UMA environments [40, 14, 42, 9, 16]. In more distributed parallel environments (e.g.,
non-uniform-access, shared-memory and distributed-memory systems), however,
the overheads of a dynamic partitioning policy can be signi cant due to factors
such as data/job migration, processor preemption/coordination and, in some
cases, recon guration of the application [4, 21, 22, 30]. Even with continuing reductions in the latency of interprocessor communication [41, 39], there are other
factors that can cause the cost of repartitioning to be signi cant for important
classes of scienti c/engineering applications (e.g., the need to recon gure the
application) [19, 20, 18].
Our objective in this paper is to evaluate the bene ts and limitations of dynamic partitioning with respect to other space-sharing strategies across a wide
range of parallel system environments, as re ected by the overhead associated
with repartitioning and by the eciency with which the workload utilizes processor allocations. We formulate a general model of dynamic partitioning in parallel
computer systems that can be tted to measurement data to obtain a suciently
accurate quantitative analysis of real parallel systems executing real scienti c
and/or commercial workloads. An exact solution of the model is obtained by
employing matrix-geometric techniques [24]. In this paper we provide a less formal and rigorous description of our mathematical analysis, and we refer the
interested reader to [37, 38] for additional technical details. It is important to
note that the computational eciency of our approach allows us to examine the
large design space of diverse parallel environments.
We use this modeling framework to consider the fundamental question: how
expensive must the costs of recon guration be before it is not bene cial to employ a dynamic partitioning policy? As previously noted, dynamic partitioning
has been often shown to outperform other types of space sharing when these
overheads are relatively small, such as in UMA environments. In this study we
attempt to identify the conditions under which it becomes detrimental to employ
dynamic space sharing with respect to other space-sharing policies, the eciency
of the workload, and the costs of repartitioning. Our results provide key insights
about these conditions across a diverse set of workloads, showing that the bene ts of dynamic partitioning depend heavily upon the application workload as

well as the recon guration overhead. We also show that dynamic partitioning
provides signi cant improvements in performance over other forms of space sharing under most workloads when the costs of repartitioning are relatively small,
and our results quantify these considerable performance gains. For suciently
large recon guration overheads, however, the costs associated with dynamic partitioning tend to outweigh its bene ts, particularly at moderate to heavy system
loads, and the degradation in system performance can be quite signi cant. Our
analysis also demonstrates the potential for unstable behavior under dynamic
partitioning in these cases, where the system spends a considerable amount of
time repartitioning the processors among jobs.
The remainder of the paper is organized as follows. In Section 2 we formulate
our model of dynamic space sharing in parallel systems. Section 3 summarizes
an exact mathematical analysis of the model, and in Section 4 we provide some
of the results of our quantitative analysis. Our concluding remarks are presented
in Section 5.

2 Dynamic Partitioning Model
We consider a system consisting of P identical processors that are scheduled according to a dynamic partitioning policy as follows. Let M denote the minimum
number of processors allocated to any job, and therefore the maximum number
of processor partitions is given by N = P=M . If an arrival occurs when i 1
jobs are being executed, 1  i  N , then the processors are repartitioned among
the i jobs such that each job is allocated (on average) P=i processors. An arrival
that nds i  N jobs in the system is placed in a rst-come rst-served (FCFS)
system queue to wait until a processor partition becomes available. When one
of the i + 1 jobs in execution departs, 1  i < N , the system recon gures the
processor allocations so that each job receives (on average) P=i processors. A
departure when i > N simply causes the job at the head of the system queue
to be allocated the available partition, and no repartitioning is performed. The
exact details of the processor allocation decisions made by the scheduler in each
case, as well as the overheads of making these decisions and of recon guring the
applications involved, are re ected in the parameter distributions and the state
space of the corresponding stochastic process (see Section 3).
Jobs arrive to the system when it contains i jobs according to a phase-type
probability distribution A () with mean rate  , i  0, A + ()  A (), k  0.
When the system is executing i jobs, the service times of each of these jobs are
assumed to be independent and identically distributed according to a phase-type
distribution B () with mean service time Se , 1  i  N . The times required to
repartition the processors among the i jobs being executed (either due to a
departure when the system contains i + 1 jobs or an arrival when the system
contains i 1 jobs) are assumed to be independent and identically distributed
following a phase-type distribution C () with mean recon guration overhead Re ,
1  i  N . Multiple job arrivals, multiple job departures, and both an arrival
and a departure within a small time interval are all assumed to occur with
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negligible probability, leading to a quasi-birth-death process [24] (although our
analysis is easily extended to handle batch arrivals and/or departures as long as
the batch sizes are bounded; see [38]).
The use of phase-type distributions [24] for the parameters of our model is
motivated in part by their important mathematical properties, which can be
exploited to obtain a tractable analytic model while capturing the fundamental
aspects of dynamic partitioning. Just as important, however, is the fact that any
real distribution can in principle be represented arbitrarily close by a phase-type
distribution. Furthermore, a considerable body of research has examined the
tting of phase-type distributions to empirical data, and a number of algorithms
have been developed for doing so [1, 5, 12, 13]. It is also well known that some
steady-state measures (e.g., mean waiting time) often depend only upon the
rst few moments of the parameter distributions (as opposed to their detailed
forms) in an important and general class of probability models [26, 27, 28]. We
therefore have a general formulation that can be used to provide a suciently
realistic model and analysis of dynamic partitioning in parallel systems.

3 Mathematical Analysis
The dynamic partitioning model presented in the previous section is represented
by a continuous-time Markov chain de ned over an in nite, multi-dimensional
state space. This Markov chain has a particular structure that we exploit, using
matrix-geometric techniques [24], to obtain an exact model solution in an extremely ecient manner. In this section we provide a less formal and rigorous
mathematical analysis of the model, and we refer the interested reader to [37, 38]
for additional technical details. A closed-form solution for the speci c case where
the model parameters all have exponential distributions, and an analysis of optimal static partitioning under assumptions corresponding to those in Section 2
are also provided in [37].
The states of the Markov chain are denoted by (i; v ) where the value of
i, i  0, re ects the total number of parallel jobs in the system, and the value
of the vector v , 1  z  D , re ects the states of the phase variables for
the model distributions (A , B , C ) as well as any other aspects of the system
recorded in the state space. The (in nitesimal) rates at which the system moves
from one state to another state are de ned by the elements of the transition
rate matrix for the Markov chain, denoted by Q. We refer to the set of states
f(i; v 1); : : :; (i; v )g as level i, and D denotes the number of states on level
i.
The states of the chain are ordered lexicographically,i.e., (0; v0 1), : : :, (0; v0 ),
(1; v1 1), : : :, (1; v1 ), (2; v2 1), (2; v2 2), : : :. Using this ordering, we de ne
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We also de ne D  =01 D . The vector  is the steady-state probability vector
for the Markov chain, and the value of each of its components (i; v ), i  0,
1  z  D , represents the proportion of time the system spends in state (i; v )
over the long run operation of the system. It is well known that the steady-state
probability vector  can be obtained by solving the global balance equations
 Q = 0;
(3)
together with the constraint that the sum of these components must be 1 [10].
We arrange the transition rate matrix Q of the Markov chain in the same
order as the elements of the steady-state probability vector , and we blockpartition the matrix according to the state space levels. The Q matrix then has
a structure given by
3
2
B00 B01 0 0 0 : : :
6 B10 B11 A0 0 0 : : : 7
7
6
Q = 666 0 A2 A1 A0 0 : : : 777 ;
(4)
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where B00, B01, B10, B11 and A , 0  k  2, are nite matrices of dimensions
D  D, D  D , D  D, D  D and D  D , respectively. The key to the
matrix-geometric solution method is the repetitive structure beyond a certain
point in the matrix Q, which in our case occurs beyond level N .
The block of matrices corresponding to levels 0 through N of the state space,
i.e.,
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where (i), (i) and (i) have dimensions D  D 1, D  D and D  D +1 ,
respectively. Intuitively, the matrix (i) de nes the transitions from states in
level i to states in level i 1, 1  i  N , (i) describes the transitions between
states within level i, 0  i  N , and (i) de nes the transitions from states
in level i to states in level i + 1, 0  i  N 1. These matrices (which are
dependent upon the number of jobs in the system, as recorded by i) de ne the
exact allocation behavior of the dynamic partitioning policy being modeled, the
arrival, service and recon guration processes of the workload being modeled, and
the various interactions of each of these aspects of the system. The A matrices
provide the same functionality for the repeating (homogeneous) portion of the
state space, where A2 (resp., A0 ) describes the transitions from states in level i
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to states in level i 1 (resp., i +1) and A1 de nes the transitions between states
within level i, i  N + 1.
Given the form in equation (4) for the transition rate matrix of the Markov
chain, the solution of the global balance equations in (3) and the normalization
constraint can be obtained exactly via matrix-geometric techniques [24]. In particular, the geometric portion of the probability vector, representing when the
system has more than N parallel jobs, can be solved as
 + =  R ; k  0;
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where R is the minimal non-negative matrix that satis es

R2A2 + RA1 + A0 = 0:

(6)

The remaining components of the vector  can be found by solving the balance
equations for levels 0 through N , which can be written in matrix notation as




B01
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N
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together with the normalization constraint
( 0;  1; : : :;  1 )e +  (I R) 1e = 1;
N

N

(8)

where we have made use of equation (5) and e is the column vector of all ones.
The performance measures of interest can be directly obtained from the
steady-state probability vector  . In particular, the mean number of jobs in
the system, the mean job response time, and the percentage of time spent repartitioning processor allocations in steady state are calculated as
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respectively, where the binary vectors  and  are used to exclude the state
probabilities of states corresponding to when the system is not recon guring its
processor partitions. The solution of the matrix R, the steady-state probability
vector  , and equations (9) { (11) are all eciently computed by the routines
provided by the MAGUS performance modeling tool [23, 36].
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4 Results
Our dynamic partitioning model can be tted to measurement data to obtain a
suciently accurate quantitative analysis of dynamic partitioning in real parallel systems executing real scienti c and/or commercial workloads. We hope that
our model and (exact) analysis, together with such system and workload measurement data, will serve as a basis for further research of dynamic partitioning
across di erent parallel environments.
In the absence of such measurement data, we consider here the performance
characteristics of dynamic partitioning under assumptions based on data and results that have appeared in the research literature. Our objective is to quantitatively evaluate the bene ts and limitations of dynamic partitioning with respect
to other space-sharing strategies as a function of its associated costs and the
workload eciency, and to therefore determine how expensive recon guration
overheads must be before it is not bene cial to employ a dynamic partitioning
policy.
We rst provide some technical preliminaries that support the analysis of this
section, including our assumptions based upon previous research. Our results, a
portion of which are subsequently presented, were obtained with the MAGUS
performance modeling tool [23, 36]. We assume throughout that M = 1, and
thus N = P .

4.1 Preliminaries

The execution time of many parallel applications on a xed number of processors
for a given problem size is either constant or bounded between relatively tight
upper and lower bounds. It is therefore most appropriate to model the execution time of such an application by a probability distribution with a coecient
of variation1 close (or equal) to 0. On the other hand, current and expected
workloads for large-scale parallel computing environments consist of a mixture
of such jobs with very di erent resource requirements, often resulting in a highly
variable workload [29, 21, 22, 6]. We thus use model parameter distributions
that re ect this variability in the resource requirements of the system workload.
Speci cally, we consider the service time distributions B to be exponential with
mean service times Se and we consider the recon guration overhead distributions C to be exponential with mean recon guration overheads Re , 1  i  N ,
which are dependent upon the number of jobs i in the system. This service time
assumption matches various instances of a workload based on measurement data
of computational uid dynamics applications [21, 22].2
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The coecient of variation is the ratio of the standard deviation to the mean [10].
A deterministic distribution has a coecient of variation equal to 0.
2
There exists evidence suggesting that the coecient of variation for the workload,
in many cases, is larger than 1 [21, 22, 6]. We are currently working on results for
the case of hyperexponential service time and recon guration overhead distributions
to address such workloads, noting that the hyperexponential distribution is a very
simple instance of a phase-type distribution.
1

Another important aspect of the parallel jobs comprising the system workload
is the eciency with which these jobs utilize the processors allocated to them.
The eciency of the workload as a whole can be re ected in the service rates
  1=Se of the model, 1  i  N , where the model parameter  represents the
rate at which the system services a workload of i parallel jobs \each" executed
on P=i processors.3 These workload service rates can be represented by
1 = i S(P=i) ; 1  i  N;
 = i  (P=i
(12)
)
 (1)
where S() is the workload speedup function and  (P=i) is the mean service
time of a generic job when the system is servicing a workload of i jobs. Letting
1=  Se   (1), we have
i

i

i

i

 = i S(P=i) ; 1  i  N:
(13)
To isolate the key recon guration overhead parameter of our analysis, we consider Re = Re, 1  i  N . Throughout this section we let Se   (1) = 1000.
The workload speedup function can be written as [7, 32]
S(n) = 1 + nf (n) ; n  1;
(14)
where f () is used here to re ect the various types of overhead that can reduce
the workload speedup function from being linear. For a large class of parallel applications, the factor f () is dominated by issues related to communication [7].
It therefore can be approximated within the context of our model by
f (n) = F n1 ; n  1;
(15)
where F is a constant that depends upon the system architecture and the application workload, and d is the system dimension. In the results that follow, we
consider the values F 2 f0:025; 0:175; 1:225g and d 2 f2; 3g which cover a range
of parameters provided in [7]. We also consider the overheads f (n) 2 f0; n 1g,
which represent the extremes of linear and constant workload speedup functions.
Our sole purpose in using this workload formulation is to consider a reasonable
range of parallel processing overheads, thus allowing us to examine the e ects
of di erent types of parallel workloads in our analysis of dynamic partitioning.
The times at which jobs arrive to the system are de ned by the distributions
A , 0  i  N , which are dependent upon the number of jobs i in the system.
These arrival times are most often modeled by a Poisson distribution in the
research literature [4, 42, 21, 22, 33, 17, 32, 25]. We thus assume that jobs come
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The details of exactly how the dynamic partitioning policy allocates processors to
jobs when i does not evenly divide P , as well as the service rates for each of these
cases, are easily incorporated in our model (see Sections 2 and 3, and [37, 38]). Here
we make the simplifying assumption that the workload speedup function reasonably
approximates this information.

to the system according to a Poisson distribution with mean rate  = , 0 
i  N .4
The mean job response time under dynamic partitioning (T ) is obtained
via the analysis of Section 3. To support our comparison in the next section, we
obtain performance measures for other space-sharing policies as follows. Consider
a system in which the processors are statically divided into K partitions each of
size P=K , where only values of K that evenly divide P are examined. We refer to
this system as SP(K ). Under the above model parameter assumptions (see [37]
for a more general analysis), this system is equivalent to an M/M/K queue with
arrival rate  and service rate S(P=K ). Hence, the mean job response time in
the SP(K ) system, denoted by T , is obtained from the well-known solution
of the M/M/K queueing system [10]. The mean response time under the optimal
static partitioning policy, for a given arrival rate, is therefore given by
T
() = 1min f T () g:
(16)
i

DP

SP(K)

Opt-SP

K

P

SP(K)

Our decision to consider equal-sized processor partitions is motivated by the
results of recent studies [25, 15] showing that adaptive/static strategies in which
the system is divided into equal-sized partitions outperform other adaptive/static
policies when job service time requirements are not used in scheduling decisions.
Several recent research studies, under di erent workload assumptions, have also
shown that adaptive partitioning yields steady-state performance comparable to
that of the optimal static partitioning policy for a given value of  [21, 22, 33].
Hence, when this relation holds, the mean job response time under adaptive partitioning is accurately approximated by equation (16) and the results of the next
section are also representative of a comparison between adaptive and dynamic
partitioning policies.
Each of the various application workloads considered in our study cause the
system to saturate (i.e., the response times become unbounded) at di erent job
arrival rates. The parallel system under a workload with perfect linear speedup is
the last to saturate with increasing o ered load, as this is the most ecient case
considered. We therefore use the measure of system utilization under the linear
workload as the basis for all of our performance comparisons. More speci cally,
we use (o ered) system load to refer to the ratio = , where  denotes the
saturation point for the linear workload. The results that follow for each system
are all plotted as functions of system load over the interval (0; 1).

4.2 Comparison of Space-Sharing Policies

Our rst set of results identi es the recon guration costs for which dynamic
partitioning and optimal static partitioning provide identical steady-state performance, as a function of the o ered load. In particular, we use a binary search
4

There exists evidence suggesting that the interarrival times of jobs, in some cases, is
more variable than the exponential assumption considered here [6]. We are currently
working on results for the case of hyperexponential interarrival times to address such
workloads.

on the recon guration overhead and iteratively solve our dynamic partitioning
model until we nd the value of Re that yields the same mean response time as
that obtained from equation (16) for a given system load. We note that the solution of our model is computed in an extremely ecient manner, and thus this
xed-point iteration converges very rapidly. To simplify our subsequent discussions, we use Re to denote the value of Re obtained from this xed-point iteration.
This value is representative of the repartitioning overhead for which both types
of space-sharing yield the same performance. Thus, recon guration overheads
less than Re de ne the regions over which dynamic partitioning outperforms the
optimal static policy, whereas dynamic partitioning provides worse performance
when the recon guration overhead is greater than Re . Figure 1 plots these response time contours as a function of system load for the di erent workloads
considered and P = 16. The y-axis is plotted on a particular log scale. The corresponding results for P = 32, P = 64 and P = 128 are provided in Figures 2, 3
and 4, respectively.
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Fig. 1. Response Time Contours (log scale) with respect to Dynamic and Optimal
Static Partitioning, for P = 16
We rst observe that all of the results for the linear workload are equal to
zero. This is due to the fact that the SP(1) system is optimal in this case. The
optimality of SP(1) for the linear workload follows directly from a result due
to Brumelle [2], where it is shown that the mean response time in a GI=GI=k
queue with interarrival and service time distribution functions A(t) and B (t),
respectively, is greater than or equal to the mean response time in the GI=GI=1
queue with the same interarrival time distribution and service time distribution
B (kt), provided that the coecient of variation of B () is less than or equal
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Fig. 2. Response Time Contours (log scale) with respect to Dynamic and Optimal
Static Partitioning, for P = 32
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Fig. 3. Response Time Contours (log scale) with respect to Dynamic and Optimal
Static Partitioning, for P = 64

to 1. Given the optimality of shortest-job- rst in uniprocessor systems [11], our
results for linear workloads suggest that time sharing all of the processors among
the jobs (in a suciently coarse manner to outweigh the overhead of context
switching) may provide the best steady-state performance when the workload
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Fig. 4. Response Time Contours (log scale) with respect to Dynamic and Optimal
Static Partitioning, for P = 128
makes extremely ecient use of the processors. We also note that the bene ts of
using time sharing together with a static partitioning policy have been observed
for a di erent region of the parallel system design space [31].
We observe that the values of Re are also equal to zero for the constant
workload. The optimality of the SP(P ) system when the workload has a constant speedup function is easily explained by noting that all space-sharing policies besides SP(P ) e ectively leave processors idle. Thus, we nd that dynamic
partitioning is a sub-optimal space-sharing strategy at both extremes of the
spectrum of parallel workloads.
Turning our attention to the remaining workloads, which are probably more
representative of those often found in practice, we observe that the performance
of the dynamic partitioning policy is as good as or better than optimal static
partitioning even with a relatively large recon guration overhead. In particular,
the mean cost to repartition the processors can be as large as 78, 55, 37 and 26
on a system with 16, 32, 64 and 128 processors, respectively, and it still may
be bene cial to employ a dynamic partitioning policy under light system loads.
Note that these overheads are relative to the mean service time of a generic job
when executed on a single processor, which has a value of  (1) = 1000. Note
further that larger values of F and smaller values of d imply system workloads
with poorer speedup functions (see equations (14) and (15)).
As the system load increases, the general drift for the Re  values decreases
because the large recon guration costs that can be tolerated at lighter loads tend
to outweigh the bene ts of dynamic partitioning at heavier loads. In the limit as
the system approaches saturation, the probability that the system repartitions

the processors tends toward 0, i.e., the frequency of recon gurations decreases
to 0 as the Markov chain spends essentially all of its time at or above level N
(see [37] for the technical details). It therefore follows that the dynamic partitioning system converges toward SP(P ) in the limit as the system approaches
saturation.
The scalloped shape of the response time contours for these workloads in
Figures 1 { 4 are representative of the response time behavior of the optimal
static partitioning policy. Speci cally, each of the points where the value of Re
increases (within a particular region of system load) is due to a change in the
value of K employed under the optimal static policy. This in turn causes the
response time under dynamic partitioning to be compared with a di erent static partitioning response time curve, which is further from saturation than the
response time curve for the previous measure of load. As previously noted, the
di erent systems (consisting of the various workloads and policies under consideration) saturate at di erent job arrival rates. This explains why the various
response time contours span di erent intervals of o ered load.
Our next set of results quanti es the performance bene ts of dynamic partitioning with respect to optimal static partitioning. Comparing the value of
T
with T , we obtain the percentage of improvement, or degradation,
in mean response time under dynamic partitioning as a function of the system load and the recon guration overhead. The results for P = 64 and Re =
0:01; 0:1; 1; 5; 10; 20 are plotted in Figures 5, 6, 7, 8, 9 and 10, respectively. We
rst observe that dynamic partitioning provides no performance bene ts under
workloads with linear or constant speedup functions. In fact, the mean job response time under dynamic partitioning can be signi cantly worse than that
of optimal static partitioning, particularly for heavy trac intensities and large
values of Re. This follows directly from our above discussions for the linear and
constant workloads.
With respect to the other workloads considered, we observe that dynamic
partitioning can provide signi cant improvements in performance for relatively
small recon guration overheads. By adjusting scheduling decisions in response
to workload changes, the dynamic partitioning policy provides the most ecient
utilization of the processors among the various space-sharing strategies when Re
is small. These performance bene ts tend to increase as the system load rises,
since workload changes are more frequent and dynamic partitioning adjusts its
processor allocations accordingly to achieve the best steady-state performance.
Our results for small recon guration costs con rm and help to further explain
those previously reported for dynamic partitioning policies in UMA environments.
When the value of Re becomes suciently large, however, the overhead of
repartitioning the processors tends to outweigh the bene ts of dynamic partitioning, particularly at moderate to heavy system loads. Our results clearly
show the signi cant degradation in system performance (with respect to optimal static partitioning) that is possible under large recon guration overheads.
This is due in part to an unstable characteristic of the dynamic partitioning polOpt-SP
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Fig. 5. Response Time Improvements, or Degradations, under Dynamic Partitioning,
for P = 64 and Re = 0:01
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Fig. 6. Response Time Improvements, or Degradations, under Dynamic Partitioning,
for P = 64 and Re = 0:1
icy where the system spends a considerable amount of time repartitioning the
processors among jobs. To illustrate this, we plot in Figure 11 the percentage
of time that the system spends recon guring its processor allocations in steady
state as a function of the system load for P = 64 and Re = 20. The potential for
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Fig. 7. Response Time Improvements, or Degradations, under Dynamic Partitioning,
for P = 64 and Re = 1
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Fig. 8. Response Time Improvements, or Degradations, under Dynamic Partitioning,
for P = 64 and Re = 5
instability under dynamic partitioning is exhibited by the two di erent phases
of the percentage curves, where we observe a sharp increase in the system's recon guration of processors toward the end of the rst phase, while this factor
continually decreases (often linearly) through the second phase. In fact, for all
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Fig. 9. Response Time Improvements, or Degradations, under Dynamic Partitioning,
for P = 64 and Re = 10
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Fig. 10. Response Time Improvements, or Degradations, under Dynamic Partitioning,
for P = 64 and Re = 20
workloads except those with F = 1:225, there are intervals of o ered load over
which the system spends the majority of its time (more than 60%) repartitioning
the processors among jobs. This form of recon guration thrashing clearly must
be avoided.
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Fig. 11. Percentage of Time Spent Repartitioning the Processors under the Dynamic
Policy in Steady State, for P = 64 and Re = 20
As noted above, the system under dynamic partitioning converges toward
SP(P ) in the limit as it approaches saturation, i.e., the percentage of time spent
repartitioning the processors tends toward 0 in this limit (see Figure 11). Similarly, the scalloped shape of the response time improvement percentage curves
are caused by the exact behavior cited above for the response time contours.

5 Conclusions
In this paper we examined the bene ts and limitations of dynamic partitioning
with respect to other space-sharing strategies across a wide range of parallel system environments. We formulated a general model of dynamic partitioning that
can be tted to measurement data to obtain a suciently accurate quantitative analysis of real parallel systems executing real scienti c and/or commercial
workloads. An exact solution of the model was then obtained by employing
matrix-geometric techniques, the computational eciency of which allowed us
to explore the large parallel system design space. We hope that the model and
analysis presented in this paper, together with real measurement data on parallel system and workload characteristics, will serve as a basis for further research
of dynamic partitioning across di erent system architectures and application
workloads.
Our results show that the performance bene ts of dynamic partitioning are
heavily dependent upon its associated costs, the system load and the workload
characteristics. When the recon guration overhead is relatively small, the performance bene ts of dynamic partitioning can be quite signi cant for most of the

workloads considered. In these cases, the dynamic partitioning policy provides
the most ecient utilization of the processors among the various space-sharing
strategies by adjusting scheduling decisions in response to workload changes.
These performance bene ts tend to increase with rising trac intensities, since
workload changes are more frequent and dynamic partitioning adjusts its processor allocations accordingly to achieve the best steady-state, space-sharing performance.
When the recon guration costs are suciently large, however, this overhead
tends to outweigh the bene ts of dynamic partitioning, particularly at moderate
to heavy system loads, and the degradation in system performance (with respect
to the other forms of space sharing) can be quite signi cant. This is caused in
part by a form of recon guration thrashing where the system spends a considerable amount of time repartitioning the processors among jobs. In such cases,
dynamic partitioning must be employed more selectively. An interruptible list,
containing those jobs in execution that are eligible for recon guration, can be
used to prevent thrashing by removing a job from the list (making it ineligible
for repartitioning) for some period of time after it has been recon gured [21, 22].
Since the costs of recon guration often depend upon the problem size [21, 22, 30],
having the user provide such information can facilitate even better repartitioning decisions by the scheduling policy. Finally, we believe it will be bene cial
to combine dynamic partitioning together with some form of time sharing (in a
suciently coarse manner to outweigh the costs of context switching) when the
recon guration overhead is suciently large.
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