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Abstract

In the past twenty years, there has been a wealth of
theoretical research on minimizing the expected run-
ning time of a program in the presence of failures by
employing checkpointing and rollback recovery. In the
same time period, there has been little experimental re-
search to corroborate these results. In this paper, we
study three separate projects that monitor failure in
workstation networks. Our goals are twofold. The first
is to see how these results correlate with the theoreti-
cal results, and the second is to assess their impact on
strategies for checkpointing long-running computations
on workstations and networks of workstations. A sig-
nificant result of our work is that although the base as-
sumptions of the theoretical research do not hold, many
of the results are still applicable.

1 Introduction

The price and performance of desktop workstations
has made them a viable platform for scientific com-
puting. Combined with software platforms that al-
low workstations to cooperate using the paradigms
of message-passing [17, 26], and shared memory [1],
workstation networks have become powerful computa-
tional resources, rivaling supercomputers in their util-
ity for scientific programming.

Traditionally, checkpointing and rollback recovery
have been employed to provide fault-tolerance for
long-running computations on all computing platforms
(e.g. [4, 19, 21, 25, 27, 31]). By storing a checkpoint, a
program limits the amount of re-execution necessary
following a process or processor failure. In turn, this
improves the program’s running time in the presence
of failures.

How often to checkpoint is a question of paramount
practical importance. If one checkpoints too often,
then the overhead of checkpointing may slow down
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the application program too much. However, if one
checkpoints too infrequently, then the program may
spend too much time re-executing code following fail-
ures. The problem of determining how often to check-
point is called the optimal checkpoint interval problem.
Its goal is to allow users of checkpointing systems to
determine the frequency of checkpointing (the “inter-
val”) that minimizes the expected running time of the
application in the presence of failures.

Determining the optimal checkpoint interval is a
field of research with a rich history. The first papers on
the topic appeared in the 1970’s in the context of trans-
action processing systems [3, 11, 12, 33]. Later work
has concentrated on real-time systems [10, 23], dis-
tributed systems [13, 29, 32] and more general frame-
works for analysis [2, 8, 14, 15, 28, 30]. All of these
papers derive analytical results concerning the perfor-
mance of checkpointing systems in the presence of fail-
ures.

In relation to scientific computing on workstations
and workstation networks, the above research has
many implications. If the assumptions underlying the
analytical results hold, then they may be used to:

e Predict a program’s expected running time in the
presence of failures, with or without checkpointing.

e Determine the optimal interval in which to check-
point. This enables the program to minimize its
expected running time in the presence of failures.

e Compare the performance of checkpointing algo-
rithms.

In short, the results may be used to help make impor-
tant decisions concerning the algorithms and runtime
parameters in a checkpointing system.

All of the above papers require that the probability
distribution of workstation failures is known. Typi-
cally, Poisson failure rates are assumed. In the papers
where they are not assumed (e.g. [23, 28]), they are still



employed to exemplify the usage of the resulting equa-
tions. If workstation failures do not follow a Poisson
model, the applicability of these results for scientific
computing on workstations is brought into question.

There has been very little research that addresses
the underlying assumptions of these results. In [6], the
manifestation of software errors was shown not to fol-
low Poisson processes. More significantly, in [16], Long
et al performed a study monitoring the availability of
machines on the Internet. In this study, they deter-
mine that the probability of machine failures following
a Poisson model is extremely small. They do not at-
tempt to characterize the failure model as following
any standard probability distribution function.

Thus, the applicability of the theoretical equations
is questionable, since their assumptions appear not to
hold. The purpose of this paper is to address this prob-
lem and assess its practical implications on the users
of checkpointing systems. We do this by analyzing
machine availability data on three different networks
of workstations, including Long’s. We simulate the
performance of long-running programs with and with-
out checkpointing on these networks, and compare the
simulated results to the theoretical predictions.

A significant result of this paper is that although
the failure model of all three networks is decidedly not
governed by Poisson processes, to a first order approxi-
mation many of the theoretical results still hold. Thus,
in the absence of more data than the MTTF of a ma-
chine, one may determine a checkpoint interval that is
not optimal, but reasonably close.

2 Outline

The outline of this paper is as follows. In Section 3,
we state significant results from research on the op-
timal checkpoint interval. If failures follow a Poisson
distribution, then the results cited in this section are
extremely useful for determining runtime parameters
for checkpointing, and for comparing checkpointing al-
gorithms.

In Section 4, we describe the three sets of data that
we use in this study. Each set contains longitudinal
failure information for a collection of workstations over
a period of six months or greater. In each data set,
we can state with high confidence that failures do not
follow a Poisson distribution.

In the remainder of the paper, we use the data from
Section 4 to run simulations of checkpointing systems.
With these simulations, we may determine the per-
formance of checkpointing with any given parameters
(e.g. checkpoint interval, overhead, etc). We use the
simulations to assess how well the equations from Sec-
tion 3 predict actual checkpointing performance. We

conclude with recommendations on selecting parame-
ters and algorithms for checkpointing that minimize
the expected running time of long-running computa-
tions.

3 Results from Research on the Opti-
mal Checkpoint Interval

In the literature cited in Section 1, there are many

useful equations concerning the performance of check-

pointing systems. We divide them into four categories:

1. Predicting the performance of a program
without checkpointing. Without checkpoint-
ing, one runs a program and hopes that it com-
pletes before the machine on which it is running
fails. If the machine does fail, then the program
must be started anew when the machine becomes
functional.

2. Predicting the performance of a program
with checkpointing. Here the program period-
ically stores checkpoints of its execution state. If
the machine fails, then the program recovers to
the state of the last stored checkpoint.

3. Predicting the optimal checkpoint interval.
This is the frequency of checkpointing that mini-
mizes the program’s expected running time in the
presence of failures.

4. Predicting the failure rate of parallel sys-
tems. Equations in the above three categories
have all been derived for uniprocessor systems.
In certain cases, one can treat a parallel check-
pointing system like a uniprocessor system with
a slightly different failure model. In order to use
the equations in the above three categories, the
failure rate of the parallel system must be pre-
dicted from the uniprocessor failure rate. This
prediction is the subject of this category.

In the equations that follow, we employ the follow-
ing nomenclature (mostly borrowed from Vaidya [30]):

Failure-free running time (F'). This is the run-
ning time of an application with no checkpointing on
a machine that does not fail.

Average checkpoint overhead (C). Checkpoint
overhead is the amount of time added to the applica-
tion in a failure-free run as the result of checkpointing.
C represents the average overhead per checkpoint.

Checkpoint latency (L). Latency is defined to
be the time between when a checkpoint is initiated,
and when it may be used to recover from a failure.
If the application is halted while checkpointing, then
the latency typically equals the overhead. However,



certain optimizations such as forked checkpointing de-
crease overhead drastically while slightly increasing la-
tency (for a discussion of this, see [30]).

Recovery time (R). This is the time that it takes
the system to restore a checkpointed state following
the detection of a failure and reconfiguration. Note
that R does not take into account the down time of a
system or the re-execution time of the application. It
is simply a measure of how long it takes the system to
restore itself from a checkpoint. Typically, R and L
have similar values.

Down time (D). This is the average time following
a failure before the system becomes functional.

Checkpoint interval (I, T'). When an application
is checkpointing periodically, the frequency of check-
pointing is governed by the checkpoint interval. There
are two ways to specify the checkpoint interval. The
first, I, is the duration between the start of one check-
point and the start of the next checkpoint. The sec-
ond, T, is defined to be I — C. If latency is equal to
overhead, then T is the time between the end of one
checkpoint and the beginning of the next checkpoint.

Some checkpointing systems (e.g. [21, 19]) require
the user to specify I, while others (e.g. [31]) require
the user to specify 7. When optimizations such as
forked checkpointing are used, and L > C, I is the
more natural specification. However, all theoretical
research on the optimal checkpoint interval assumes
that T is specified.

The difference between specifying I and T has a
subtle impact on performance. If T is specified, then
the interval between the beginning of the program and
the start of the first checkpoint is I. If T is specified,
then it is 7. Similarly, if I is specified, then the in-
terval between the restoration of a checkpoint and the
beginning of the next checkpoint is I. If T is specified,
then it is T'. Thus, if one checkpointing system requires
the user to specify I, and another requires the user to
specify T, then even if all other parameters (e.g. C,
L, R, etc) are the same, and even if T' = I — C, perfor-
mance of the two systems may differ. If I > C, this
difference will be very slight, but if I is close to C' and
the failure rate is high, the difference may be signifi-
cant. In practice it is true that I > C, and therefore
we assume that conclusions that hold for I will also
hold for T =1 —C.

In all checkpointing systems, I must be greater than
L. Otherwise, one checkpoint will not complete before
the next one begins.

Expected running time (Er, Er). Er/Er is the
expected running time of the application with check-
pointing in the presence of failures. The checkpoint
interval is either I, or T', depending on which inter-

val specification method the checkpointing system re-
quires.

Expected running time with no checkpoint-
ing (Erp). If the checkpoint interval is F' (by either
specification method), then the program will never
checkpoint. If a failure occurs, then the application
must restart from the beginning. Therefore EF is the
expected running time presence of failures when there
is no checkpointing.

Optimal checkpoint interval (Ip¢, Topt). Iopt is
the value of I that minimizes Ej. Top is the value of
T that minimizes Ep. If I > C, then I,p = Tope + C.

Failure rate (\). This is the average number of
failures per unit uptime per machine [30]. We view
machines has having alternating uptimes and down-
times. Each uptime interval is called a TTF interval,
and each downtime interval is called a TTR, interval.
If the mean TTF interval in a collection of machines
is MTTF, then A=1/MTTF.

If A\ is a random variable following a Poisson distri-
bution (i.e. A is governed by a Poisson process), then
the following results hold.

3.1 Predicting the performance of a pro-
gram without checkpointing

The equation for predicting Er was first specified
by Duda [8]:

Er = —= (1)

In this equation, it is assumed that the down time is
zero. To include non-zero down times, this equation
must be multiplied by e*P:
D (eXF — 1)
Er = X ()
This assumes that 1/D is also governed by a Poisson
process.
3.2 Predicting the performance of a pro-
gram with checkpointing
To calculate Ep, Vaidya provides the following
equation [30]:

B - (E) MD+L—C+R) (e)\(T-i-C’) —1)

AT A 3)
Note that Er may be derived from this when T' = F
andC=R=L=0.
3.3 Predicting the optimal checkpoint in-
terval

An approximation to Ty, was first derived by
Young [33]:

Topt = 2C/A 4)



We refer to this as Young’s approrimation. In this
approximation, it is assumed that C' = L = R. Later
papers provide refinements to Young’s approximation.
Recently, Vaidya has provided the following equation
for Tope [30]:

eA(T"PH_C) (]. — /\Topt) = 1, Topt # 0 (5)

We refer to this as Vaidya’s approximation. It is im-
portant to note that although Vaidya includes over-
head, latency and recovery time in his model, the equa-
tion for T,,; depends only on the overhead and the
failure rate.

3.4 The failure rate of parallel systems

There is less theoretical research on checkpointing
performance in parallel systems. A straightforward
approach is to assume that N processors are cooper-
ating to run a parallel application, and periodically
they coordinate to take checkpoints of the global sys-
tem state. These are called coordinated checkpoints. If
any processor fails, then the rest of the processors stop
the computation, and wait for the failing processor to
become functional. When that happens, all processors
roll back to the stored checkpoint. For a thorough dis-
cussion of coordinated checkpointing, see the survey
paper by Elnozahy et at [9].

In this scenario, we can view the parallel system
as being in one of two states: wp if all N processors
are functional, and down if less than N processors are
functional. We define Ay to be the reciprocal of the
average uptime. If we then use Ay in place of A, the
above equations may be employed to predict the per-
formance of checkpointing.

If processor failures are independent and they all
follow Poisson distributions, then:

Av = NA (6)

This equation is employed in all performance predic-
tions of coordinated checkpointing (e.g. [13, 29, 32]).

4 Data Collection

To assess the applicability of the above equations,
we obtained collections of failure data for three sepa-
rate workstation networks. In each collection, a set of
workstations was monitored for a period of at least six
months. For each workstation, the data records the
periods when the machine was functional. We assume
that between functional periods, the machine is in a
failure state. The granularity of the data is seconds,
although the accuracy, as described below, is on the
order of minutes to hours. We describe each data set
below.

4.1 LONG — Machines on the Internet

The first set of data was collected by Long et al
between July, 1994 and May, 1995. They wrote a pro-
gram called “the tattler,” which periodically queries a
set of workstations on the Internet to determine their
uptime intervals. To remain unaffected by network
partitions, the tattler is replicated at many sites, and
the data is merged to provide a unified view of the
workstations in question. A description of the tattler
and an assessment of the failure data appears in [16].
In that paper, they report data from 1139 hosts dis-
tributed throughout the world.

We obtained their data, and culled the number of
hosts to 993, removing machines that reported erro-
neous (e.g. negative) uptimes, and machines that had
less than 50 percent availability, since it is unlikely
that such machines would be used for scientific pro-
gramming. It is for this reason that our TTF/TTR
data looks slightly different than in [16].

It is obvious that this data collection method may
not tell the whole story concerning a machine’s fail-
ures. For example, the tattler reports whether a ma-
chine is up, and not necessarily if it is usable. However,
as a collection of a wide variety of geographically dis-
tributed machines, the LONG collection is extremely
useful.

4.2 PRINCETON — A Local Network

The PRINCETON data set contains failure in-
formation for a collection of sixteen DEC Alpha work-
stations in the Department of Computer Science at
Princeton University. Some of machines are owned by
individuals in the department, and are sitting on their
desks. The others are general-purpose workstations
for any member of the department who needs them.
Although the size of this network is much smaller than
LONG, it represents a typical local cluster of homo-
geneous processors that is often used for parallel com-
putation. The PRINCETON machines are not re-
booted or brought down for backups on any regular
schedule. When they fail, it is typically not planned.

The failure data for PRINCETON was collected
between January and July, 1996. The method of col-
lection differed from the LONG method. Instead, we
used a program called ltest whose job was to “live” on
each target machine and to recognize failures. Ltest
runs in the background on each machine, probing the
machine every ten minutes to ensure that it is alive.
It makes use of the cron daemon on each machine to
spawn additional copies of itself every hour, four hours,
eight hours, twelve hours, and 24 hours, so that if the
main ltest program dies, due to machine or process
failure, it gets restarted by the cron daemon.



Network LONG PRINCETON CETUS
# of machines 993 16 31

# of TTF intervals 10958 79 1898
# of TTR intervals 9965 63 1867
MTTF (days) 13.306 32.715 3.207
MTTR (days) 1.497 1.303 0.245
Availability 0.899 0.962 0.929

Table 1: Basic characteristics of the data sets

Ltest therefore measures a slightly different class
of failures than the tattler. For example, if the system
administrator or the owner of the machine decides to
kill all processes in the system, ltest will detect this as
a failure, while it goes unnoticed by the tattler. How-
ever, ltest only detects that a machine is functional
when it (ltest) is running. Therefore, the time be-
tween a machine’s restoration from a failure and when
Itest gets initiated by the cron daemon will be con-
sidered downtime by ltest, but uptime by the tattler.

4.3 CETUS — A Local Network

The CETUS data set contains failure information,
collected by ltest, for the “Cetus lab” in the Depart-
ment of Computer Science at the University of Ten-
nessee. The Cetus lab is a collection of thirty-one Sun
Sparc IPX workstations connected by a local-area net-
work. The machines are general-purpose workstations
for use by any member of the department who needs
them. They are a popular computing platform for run-
ning parallel scientific applications. One big difference
between the CETUS machines and the PRINCE-
TON machines is that the CETUS machines may be
reserved at night for exclusive use by researchers con-
ducting timing tests. When the reservation begins, the
machines are rebooted, their cron daemons are dis-
abled, and logins are refused for any user but the one
with the reservation. Thus, while the tattler would re-
port uptimes for reserved times, ltest classifies them
as down, since the machines are unavailable at that
time. The CETUS data was collected from Decem-
ber, 1995 to July, 1996.

The CETUS and PRINCETON data sets are in-
cluded as opposite ends of a spectrum. Both are homo-
geneous, local-area networks of workstations, but the
PRINCETON machines fail infrequently, while the
CETUS machines fail frequently and at quasi-regular
intervals. We have no knowledge about the usage of
the machines in the LONG data set. In looking at
the failure data, it is clear that some follow a daily
rebooting schedule, while others fail at unpredictable
times.

0.08+
0.3

0.06+
0.2

0.04+
i 0.1
.00 0.04

001 01 1 10 100 O 81 1 100 001 01 1 10
Timeto Failure (days) Timeto Failure (days) Timeto Failure (days)

Fraction of Intervals

1]

S

& 004

=

k]

§ 002

8

w
o1 o1 1 10 10 Yot 0.1 1 86T o1 1
Timeto Recovery (days)  Timeto Recovery (days) Timeto Recovery (days)

PRINCETON CE

Figure 1: TTF and TTR distributions of the data sets

5 Basic Characteristics of the Data

The basic characteristics of the three data sets are
in Table 1 and Figure 1. In this table, we use the same

definition of availability (%) as Long [16].

As expected, the PRINCETON machines have
the longest mean time to failure, and the CETUS
machines the shortest. As the TTF/TTR interval dis-
tribution graphs show, the three networks have greatly
varying distributions. The LONG data shows a vari-
ety of TTF intervals; however there is a distinct spike
at just under one day. Long guesses that this is due
to a number of machine owners who reboot their ma-
chines at the end of the day [16].

Nearly half of the PRINCETON TTF intervals
are longer than a month, and 75% are longer than ten
days. 80% of the TTR intervals are under one day.

In contrast, 70% of the CETUS TTF intervals are
less than a day, with one value, roughly 15.5 hours, ac-
counting for over 30% of the intervals. Similarly, over
40% of the TTR intervals are between 8 and 9 hours.
Since the lab reservations are for 8.5-hour periods, the
TTF and TTR distributions seem quite reasonable.
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Figure 2: An exponential TTF distribution with a
MTTF of 13.306 days

If workstation failures are governed by a Poisson
process, then the TTF intervals should be distributed



exponentially. This is a necessary but not sufficient
condition. For reference, an exponential distribution
with a MTTF of 13.306 days is shown in Figure 2.
While one cannot rule out a set of observed data be-
ing governed by en exponential distribution, there are
standard tests by which one may state with high or low
confidence whether a set of data is exponentially dis-
tributed. Long performs one such test on his data to
determine that the probability that the intervals are
distributed exponentially is vanishingly small. Like-
wise, we performed Q-Q tests [7] on all three sets
of data using the SPSS software package [24], and
reached the same conclusion.

6 Simulation of Checkpointing and
Rollback Recovery

To assess the applicability of the equations pre-
sented in section 3, we wrote a simulator to calculate
expected performance of long-running programs with
periodic checkpointing and rollback recovery. As in-
put, the simulator takes one of the above data sets
and the running time parameters of a long-running
program X. These parameters are F, C;, L, R and
I. The simulator then picks a machine M in the data
set, and a starting time ¢ when the machine is first up.
Now the simulator simulates running program X on
machine M starting at time ¢, with checkpointing and
rollback recovery.

Program X takes a checkpoint every I seconds while
M is up. Each checkpoint requires C seconds of pro-
cessing, and is not committed until L seconds after
it starts. During the first I seconds, the simulator
assumes that I seconds of X’s computation has com-
pleted. Between checkpoints, I — C' seconds have com-
pleted. Whenever a failure occurs, the program cannot
resume until the machine is up again. At that time,
the simulator waits R seconds to roll back to the most
recently committed checkpoint. Note that failures can
occur during checkpointing and recovery because the
rollback point is always to the last committed check-
point. The program then resumes, and checkpoints
are taken every I seconds again. When program X
gets F' seconds of running time, it finishes, giving us a
data point for its running time, E(r az,)-

The simulator calculates Er p ) with a starting
time ¢ for every hour that M is up. In other words,
if the simulator has just calculated E(; p4), then it
next calculates Er ar1415)- If M is in a failed state at
t + 1h, then it calculates E ar4) where t' is the first
up time after ¢ + 1h. At some point, ¢ becomes too
large and program X will not finish before we run out
of data for machine M. At that point, we are finished
calculating data points for machine M. We calculate

Lost
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Figure 3: Example program simulation,

data points for each machine M in the data set, and
then average all the values of E( ) to get Ej, the
expected running time in the presence of failures with
checkpointing and rollback recovery.

For example, suppose our data set consists of one
machine with two uptime intervals, (0s,4000s) and
(5000s,11000s), and we wish to simulate a long-
running program X with F = 5000s, C = 250s,
L = R = 500s, and I = 1500s. Figure 3 shows how
the simulation proceeds, including the checkpoints,
failures and recoveries. First, E(; 50y is calculated.
Two checkpoints complete before M fails. When M
comes back up, program X is restored from the second
checkpoint, and takes one more checkpoint before com-
pleting. The running time for this program is 8000s
(5000 execution, 750 checkpoint overhead, 500 recov-
ery overhead, 750 lost work, 1000 downtime). Next,
E(1,m,3600) is calculated. The program executes for
400s before the M fails. When it comes back up,
program X must be restarted from the beginning. It
takes three checkpoints before completing, and the to-
tal running time is 7150s (5000 execution, 750 check-
point overhead, 0 recovery overhead, 400 lost work,
1000 downtime). Data point E( as,7200) is not calcu-
lated because program X cannot complete if it starts
at 7200s. Therefore, the expected time to completion
of this program, Ey, is 7575 seconds.

7 Simulation Results

We ran many simulations on the three data sets,
and compared the results to predictions using the an-
alytic equations of Section 3. We present the results in
the four prediction categories presented in Section 3.
7.1 Predicting the performance of a pro-

gram without checkpointing

To predict Ep for a program, we use Eq. 2 from
Section 3. Figure 4 displays the results of simulating
programs with no checkpointing and varying F’ on each
of the networks. Unsurprisingly, the PRINCETON
network gives the fastest running times, and the CE-
TUS network gives the slowest. Figure 4 also plots the
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Figure 4: Expected running times in the presence of
failures, Er, as a function of failure-free running time.

predicted values of Er using Eq. 2 from Section 3, and
a line at Er = F for reference. In all networks, the
predicted and simulated values show little difference
for small values of F, but as F' grows larger, the pre-
dicted values become much larger than the simulated
values. The effect is more marked in the networks with
higher failure rates.

7.2 Predicting the performance of a pro-
gram with checkpointing

To predict the performance of a program with pe-
riodic checkpointing, we use Eq. 3 from Section 3. To
measure how well Eq. 3 predicts the running time of
programs that employ checkpointing, we ran simula-
tions of programs that ran for 10, 20, and 30 days, had
overheads between 1 and 60 minutes, and varied I from
just greater than the overhead to ten days. Overheads
as high as 3.5 minutes have been reported in real-life
checkpointing applications [31]. We include overheads
that are higher than this as a recognition of trends. It
is not uncommon to find workstations with over 500
MB of memory that access network file systems at a
bandwidth of approximately 0.2 MB/s (the same rate
as [19, 31]). Therefore, although checkpoint overheads
in the tens of minutes have not been seen heretofore,
they are not out of the realm of possibility. More-
over, by including large checkpoint overheads, we may
see certain trends in the data that might go unnoticed
otherwise.

In these tests, we assume that C' = L = R.

In Figure 5, we display the results for 10-minute
overheads, and I varying from 15 minutes to 5 days.
This Figure displays many features that are typical of
all the tests. First, as anticipated, when I is too small,
the overhead of checkpointing dominates the running
time of the program. However, this effect decreases
rapidly as I increases until the expected running time
reaches some minimal value. This is where I = I,y.
As I takes on values greater than I,,, Er increases
with a small slope, due to lost work resulting from
failures.

The second feature is that in each graph, the shape
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Figure 5: Effect of modifying I on the simulated value
of Er with C = L = R = 10m, F = 10d, 20d, 30d

of the curves is similar for each value of F'. Thus, we
can say that to a first degree approximation, the effect
of varying I on the running time of the program is
independent of F. Third, in all cases, I, is well less
than 5 days: approximately 10 hours for LONG, 19
hours for PRINCETON, and 7 hours for CETUS.

The shape of the curve for the CETUS network
is less smooth than for the others. This is a direct
result of the TTF distribution. As displayed in Fig-
urst 1, more than a third of the TTF intervals occur at
roughly 15.5h (0.645 days). Therefore, it makes sense
for there to be a sharp increase in Ej as I grows past
15.5h. Similarly, one expects to see a smaller increase
as I grows past 7.7h. This effect is more pronounced
in subsequent graphs.

For brevity, in the figures that follow we only plot
values for E = 30 days, and we restrict the values of I
to those that are near I,p;.

In Figure 6, we plot both simulated and predicted
values of E; for programs where C = L = R = 1m,
10m, and 60m. To predict E; with Eq. 3, we assume
E; = Ep, where T = I — C. As anticipated, when
the overhead of checkpointing is lower, the overall E;
is lowered for all values of I. The value of I,,; is also
lower. A striking feature of all the graphs in Figure 6
is that the predicted values of E; are quite close to the
simulated values. This is especially true for I near I,
and even holds for the often-failing CETUS machines.
From this, we draw the conclusion that for small values
of I, Eq. 3 is a reasonable predictor of checkpointing
performance.

7.3 The optimal checkpoint interval
Perhaps a more important equation from Section 3
is the determination of the optimal checkpoint interval.
In this section we evaluate the utility of both Young’s
and Vaidya’s approximations on the three data sets.
For programs with running times of 30 days, we used
our simulator to determine the optimal checkpoint in-
terval I,p: for values of C' = L = R between ten sec-
onds and one hour. We then compared these to values
of I, as calculated by Young and Vaidya’s approxi-
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Figure 6: The effect of modifying I on Ej, simu-
lated and predicted, for FF = 30d, C = L = R =
1m, 10m, 60m.

mations.

Figure 7 shows the results of these tests. In row
(a), we plot all three values of I,,; as a function of
C,L,R. In row (b), we used each value of I,,; —
simulated, Young’s and Vaidya’s — and simulated the
expected running time of the program with that as the
checkpoint interval. These are plotted as a function of
C, L, R. By definition, the simulated value of I, will
yield the lowest expected running time.

There are several interesting results in Figure 7.
First, the simulator’s determination of I, is almost
always greater than Vaidya’s approximation. More-
over, it resembles a step function which changes
“steps” whenever it approaches Vaidya’s approxima-
tion. The “steps” are larger in the LONG and CE-
TUS networks, and appear related to the fact that
both of these data sets have a single TTF value which
is disproportionately represented (roughly 0.98d in
LONG, and 0.64d in the CETUS network). There-
fore, if Young or Vaidya’s approximation says, for ex-
ample, that I, should be 0.25d in the CETUS net-
work, a better choice should be approximately 0.32d,
because the same number of checkpoints (two) will
be committed in the most frequent TTF interval, but
more computation will be committed before the fail-
ure.

Figure 7(b) quantifies the performance penalty of
choosing Young or Vaidya’s approximation to I,p; in-
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Figure 7: Comparing simulated and predicted values
of Iy for C, L, R between 10s and 1k, F' = 30d.

stead of the simulated value. In the LONG and
PRINCETON networks, the penalty is quite small
— just a few hours in each case, which is less than
0.5% of the total running time of the application. The
CETUS network shows worse performance penalties,
with a maximum of 30 hours. The conclusions that we
draw from this is that in the LONG and PRINCE-
TON networks, both Young’s and Vaidya’s approx-
imations achieve close to the optimal simulated per-
formance on long-running programs. In the CETUS
network, both approximations have points at which
they penalize performance significantly (more than a
day) over the optimal selection of the checkpoint in-
terval.

Finally, the graphs in Figure 7(b) display how
decreasing checkpoint overhead improves the perfor-
mance of the application. For example, in the LONG
network, lowering the overhead from one hour to 20
minutes improves the average running time by one day.
Lowering the overhead from one hour to one minute
improves the running time by two days.

7.4 Latency

Another result from Section 3 is that the optimal
checkpoint interval is independent of the checkpoint
latency. To test this, we performed three tests which
fix the checkpoint overhead at C' = 1m, 5m and 10m,
and vary the latency between C' and 60m. Due to
space constraints, we omit the data, which may be
found in [20]. The simulations show that to a first
order approximation I, is independent of L. As L
increases, the expected running time (Efy,,,) increases
as well, although not to the same degree as when C
is increased. This agrees with Vaidya’s assertion that
checkpoint latency has far less impact on the running
time of a program than overhead [30].
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7.5 The failure rate of parallel systems

We performed one final test to explore the validity
of Eq. 6 from Section 3. Here we wrote a program that
takes as input a data set (LONG, PRINCETON or
CETUS) and a number of processors N, and calcu-
lates An for the data set. It does this using a Monte
Carlo simulation. The program runs for a given num-
ber of iterations, and during each iteration, it chooses
a random set of N processors from the data set. It
then calculates the TTF intervals for that data set,
stipulating that an up state is when all N processors
are functional, and a down state is when less than N
processors are functional. The TTF intervals are av-
eraged over all iterations, to yeild the MTTF. Ay is
then the inverse of the MTTF.

Figure 8 displays Ay as calculated by our program
(20,000 iterations per value of N). This is plotted as
a function of N, and compared to NA. The results
are quite different for each network. In the LONG
network, An appears to grow linearly with N, but at
a rate of 1.26 N A, rather than NA. In the PRINCE-
TON and CETUS networks, Ay grows much more
slowly than N . This is to be expected because given
the proximity of machines to each other within each
network, it is unlikely that failures will be indepen-
dent. For the CETUS network, the reservation sched-
ule guarantees that processor failures are not indepen-
dent, and that An will be closer to A than to N .

From this data, it is hard to draw general conclu-
sions concerning the failure rate of parallel systems.
Certainly assuming that Ay = N does not seem to
be reasonable in any of the networks, with the possi-
ble exception of the LONG network. It remains to be
seen what the implication of this is for predictions of
parallel checkpointing performance (e.g. [13, 29, 32]).

8 Conclusions

We have used the results of three workstation moni-
toring projects to assess the applicability of theoretical
equations concerning the performance of checkpoint-
ing. Since the equations assume that failure and recov-

ery rates follow Poisson processes, and the actual fail-
ure and recovery rates did not follow Poisson processes,
we expected the equations to have little applicability.
However, there are several cases where the equations
provide an excellent barometer of checkpointing per-
formance. To summarize our findings:

e Eq. 2 is a poor predictor of the running time of
a program without checkpointing. In particular, when
failures play a significant role in the execution of the
program, Eq. 2 overestimates the expected running
time drastically.

e Eq. 3 provides a good approximation to the ex-
pected running time of a program for checkpoint in-
tervals that are near the optimal interval.

e Both Young and Vaidya’s approximations to
Topt/Iopt may be used without a huge performance
penalty. In particular, these approximations for the
LONG and PRINCETON networks penalized per-
formance only by a few hours on a program that ran
for 30 days.

e The optimal checkpoint interval appears to be
independent of checkpoint latency. Moreover, to op-
timize the performance of checkpointing, decreasing
overhead has more impact than decreasing latency.

e Little can be said about the rate to first failure,
AN, in a N-processor parallel system except that it
cannot always be assumed to equal NA. In systems
where machines are likely to fail in groups, like the
CETUS network, Ay < NA.

As an additional note, our simulations show that
given a program X, as long as I,y is less than the
running time F', then checkpointing is a useful fea-
ture. Therefore, even though we only show programs
with long running times in our simulations, programs
with running times under a day can also benefit from
checkpointing.

8.1 Limitations and Future work

There are several limitations to this work. It is
a subject of future work to address these limitations
so that studies of this manner may have a broader
impact.

We make no attempt to quantify the actual fail-
ure distribution of the three networks in terms of well
known distributions. Nor do we attempt to character-
ize the mathematical properties of the distributions as
they impact the equations of Section 3. Off-hand, we
may state that the PRINCETON network appears
more “Poisson-ish” than the other networks, which is
reflected not only in its TTF distribution pattern, but
also in the closer matching of simulated values to the
equations of Section 3. However, it is a more interest-
ing issue to provide a rigorous statistical analysis to
the data.



Like [22], we have employed a simulator to draw
conclusions that are only as good as the simulator’s
base assumptions. Thus, questions also may be raised
concerning the validity of the simulations. For exam-
ple, all uptimes are considered equivalent by the sim-
ulator, whereas in real life, machines undergo fluctua-
tions in load and true availability [5, 18]. Further, the
three networks studied may not be a true reflection of
the “average” workstation network. Finally, the de-
cision to treat reserved time in the CETUS network
as downtime may deflate the true availability of the
system. For example, a user might checkpoint his or
her code just before the reserved time and restore it
when the machines become available. We decided to
make no assumptions on the users’ level of sophisti-
cation, and therefore treated the reserved periods as
downtime. In future work, we will treat the CETUS
network in two ways — first as it is treated in this pa-
per, and second as seen by the user who checkpoints
before the reserved period starts.

There are several other avenues of future work in
this area. The first is to encourage the collection and
dissemination of a wider variety of failure data. Sec-
ond is to consider factors such as CPU load and net-
work performance in the data collection and simula-
tion. Third is to consider parallel systems, and more
advanced checkpointing algorithms than simple coor-
dinated checkpointing.
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