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Abstract arately to obtain intermediate results, which are used in the
solution of other parts. Results can be passed in an arbitrary
Realistic computer systems are hard to model using fashion, including iterative fashions. By separating a model
state-based methods because of the large state spaces theynto submodels, the size of the largest state space needed in
require and the likely stiffness of the resulting models (be- the solution of the model can be reduced, and the range
cause activities occur at many time scales). One way to ad- of time scales in each model can also be reduced, making
dress this problem is to decompose a model into submodels, each submodel less stiff. In this way, the connected models
which are solved seperately but exchange results. We call can be solved in less time than if the complete model were
modeling formalisms that support such techniques “con- solved monolithically.
nection formalisms.” In this paper, we describe a new set In this paper, we develop connection approaches that
of connection formalisms that reduce state-space size and can be applied to a model that has submodels that affect,
solution time by identifying submodels that are not affected but are not affected by, the rest of the model. We develop
by the rest of a model, and solving them separately. A re- four abstractions that can be used to make connection mod-
sult from each solved submodel is then used in the solution els from models exhibiting this property; all four involve
of the rest of the model. We demonstrate the use of two of solving, by itself, a part of the model that isn't affected by
these connection formalisms by modeling a real-world file the rest of the model, and passing a result from that solu-
server in the Mbius modeling framework. The connected tion to the rest of the model. The abstractions that we con-
models were solved one to two orders of magnitude faster sider involve passing a continuous-time random process, a
than the original model, with one of these decomposition discrete-time random process, a random variable, and an
techniques introducing an error of less thaih%. average value between the models. Of the abstractions de-
. veloped, the average-passing and random-variable-passing
1 Introduction abstractions are the two we are able to implement at this
In the attempt to model computer systems, tools are time. When these abstractions are applied, each submodel
often overwhelmed by the complexity of the systems being should have a smaller state space and fewer time scales than
modeled and by the fact that these systems have significantthe complete model.
events at many time scales. The first problem leads to large After developing these abstractions, we demonstrate
state spaces when state-based analytical modeling is usedtheir use by modeling the Network Appliance line of file
which can cause unacceptably large memory requirements. servers [8]. In doing so, we develop a model of the system
The second problem can cause the models to become stiff, and measures on the model, and then apply the average-
making the time to solve the model by analytical methods passing and random-variable-passing abstractions to the
or simulation very long. model. We solve this model using discrete event simula-
A general way of combating these two problems is the tion both with and without the abstractions, and compare
use of connection formalisms [1, 7]. Connection is a form the solution times and results that each produces. The sim-
of modeling that decouples parts of a model. Using connec- ulation times are one to two orders of magnitude faster for
tion formalisms, it is possible to solve parts of a model sep- both abstractions, but while the average-passing technique
* This material is based upon work supported in part by the National gF"t_S good reS_UItS for some of the measures, the random-
Science Foundation under Grant No. 9975019 and by the Motorola Center Variable-passing gets good results for all of the measures
for High-Availability System Validation at the University of lllinois (under defined, with an error belo®% for most of the measures

the umbrella of the Motorola Communications Center). Any opinions, defined, and no higher than % for any of the measures in
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National Science Foundation or of Motorola. The rest of this paper is organized as follows. In Sec-




tion 2 we introduce the relevant notation and definitions we

will use in the paper. In Section 3 we describe the con-

nection model and the theory behind it. We then describe
in Section 4 a case study to demonstrate this connection
model, and analyze the results in Section 5. We close with
some conclusions of the work in Section 6.

2 Concepts and Notation

We use the concepts ofraodelandsubmodeln this
paper. Without loss of generality to other formalisms and
frameworks, we base these definitions on the definition of
an atomic model given by Deavours [4] for models in the
Mobius modeling framework. We present the parts of inter-
est of this definition in this paper. In particular, atomic
modelM includes the definitions of, A, andAF, where
S is the set of “state variables/ is the set of “actions,”
and AF is a function called the “action function.” Atate
variableis a variable that represents part of the state of the

M
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Figure 1. Isolated Submodel and Quotient
Submodel of a Model

model In general, its set of measurés,; will be equal to
M 4, which is the set of measures of the complete model
M. L is not a complete model by itself, since its ac-

system, and the state of the system is determined by the tions may depend on state variables or actiond/in To

values of all of the state variables. Aationchanges the
value of state variables, and thetion functiondetermines

be a complete model it must be augmented in some way.
This augmentation, which consists of passing results to the

exactly how each action behaves (e.g., a delay or a state model, will be provided later in the paper.

change function). An atomic model is augmented with a set
of “measures’M to form asolvable modelA measuras a
metric defined on the model (concerning its performance or
dependability, for example). If it is not clear which model
something refers to, we will use a subscript of the model
name (e.g.Sr denotes the state variablesin).

2.1 Submodels

Following Deavours’s definition of a model, we pro-
vide definitions for a “submodel,” an “isolated submodel,”
and a “quotient submodel.” AubmodelV' € M is a
model with state variableSy C Sy, actionsAy C Axg,
andAF restricted to the actiond .

An isolated submodeat a submodel that does not di-
rectly affect any of the measurég, (none of the mea-

2.2 Basic Notation

Some notation is now introduced. We defifiém)
to be the solution of measure as determined by some
solution technique, an&'S(m) to be the exact solution
of the measure. Note that the solutions will be random
variables or random processes. We also define a function
Diff(m1,m2) > 0. Thisis a measure of the difference be-
tween the solutions of the measures andms,, and com-
paresS(my) and S(mz). The Diff function will be the
measure of accuracy for any approximate model generated
from a complex model. When possible, exact solutions of
the measures on the original model and on the approximate
model will be used in the evaluation of this function. How-
ever, when exact solutions are not available, the available

sures are defined on any of the submodel’s state variablessolutions will be used. Possibilities for theiff function

or actions), and is not affected by any of the state variables
or actions not in the submodel. This situation is illustrated
in Figure 1. The isolated submodgl has state variables
Sy C Sy and actionsdy € Ang. All the rest of the
state variables and actions fall in the submaofielA cer-
tain collection of the state variablé4, C Sy and actions
Al € Ay in N affect the rest of the model, which is the
submodell. However, none of the state variables or ac-
tions in the rest of the model affect the behavianafAlso,

the measures\/, are only defined on state variables and
actions in the submoddl, and not on any of the actions or
state variables igV. In general, a model may have more

include (but are not limited to) one minus the normalized
correlation, a function of different moments, or the nor-
malized difference in means. In general, this function will
need to be specified by the modeler, to reflect differencesin
the important characteristics of the random variables with
respect to the meanings of the particular performance or
dependability variables used.

3 The Connection Formalism

Using the terminology just introduced, we now de-
velop a set of abstractions that can be used to build a con-
nection model from a modeU that has an isolated sub-

than one isolated submodel, and an isolated submodel maymodel A" and a quotient submodél. These abstractions

itself contain an isolated submodel.
The submodelL which consists of everything i
not in the isolated submodal, is called thequotient sub-

will exploit the fact that the model has an isolated sub-
model, and are developed independently of any particular
solution techniques and the constraints imposed by partic-



ular solution techniques. We focus on the trade-offs in ac-

enough to warrant solving* with ES(M%). We define

curacy and the information that needs to be passed betweenthe e-time sensitivity T, to be the smallest” such that

models, and analyze the feasibility of these abstractions
with regard to known solution techniques. The derived
connected model allows for the solution of the mod¥ls
and L, with results being passed between the two models,
rather than the direct solution gf1. Actually, the models
NT andL™ are solved with results passed between them,
whereN C N andZ C £*t. Both models have some ex-
tra features for use in the connection. The motlel can

be solved by itself, since it does not depend on anything in
L7T. Itis not clear, however, how to solve the modgl by
itself.

To capture all the behavior of in £* as it would
appear as part oM, the complete effect of the isolated
submodelN on £ needs to be included id*. Concep-
tually, this could be done by defining measuig$ on all
state variables’,, and actions!, that affectC. Informally

Diff(ma, me+) < 6,Ym € M, whenL* was solved
with ES(M%). In that case the modélt will get results
acceptably close to the original modét, when solved
with the random procesES(Mr) whenT < T.. This
second abstraction (whether usiiig or T¢) is called the
discrete time abstractian

If Ty = oo, there would be only one interval to solve
for, and therefore only one random variable to pass using
the discrete time abstraction. If the process were ergodic,
then the variance of the one random variable would be zero.
In that case, passing the average value would still yield a
model that gets the same result as the original madel
Likewise, if T. = oo, we could pass the average values
and still have a model that gets results that are acceptably
close to those of the original modét. We call this third
abstraction theverage-passing abstractiorf the model

speaking, for each state variable there would be a measureWere not ergodic, then a random variable would need to be

defined on it at each point in time, with value equal to the
value of the state variable at that particular time. For each
action there would be a measure defined on it for the time of

passed.
If T. < oo then passing just the average values would
lead to a significant loss in accuracy. HoweveE'§ (M)

each completion. There would be a measure of the times of Was independentand identically distributed (1ID), a simpler

the first, second,. . , n'" completions. The exact solutions

form of the random procedsS (M) could be passed. The

of these measures would form a random process that cap-Pehavior ofE.S(M7,) could be completely captured by one

tures the complete details of the effectdfon £. There-
fore, if this random procesBS(M’) was passed frooV+

to £* and used irC™ to replace the effect of/, we would
get exactly the same behavior fhwhether it is solved in
LT, or as part ofM. This first abstraction is called the
continuous-time random process abstraction

Another possibility would be to pass a discrete-time
version of this process. This could be done by replacing
the measured/’ in the previous abstractions with mea-
suresM/., defined as the time-average value of the state
variables and the time-average number of action comple-
tions over particular intervals of time, with each interval
length beingT". If the model£ was insensitive to varia-
tionsin ES(M') that last less thaf' time units, the model
LT would get the same answer for all the measurede-
fined on the original modeM. For example, a model may
be affected by an impulse of valug but only by the in-
crease of% in the average value for that interval, and not

by the sudden increase and decrease in value. We define

thetime sensitivityly of L to be the largest valu€ such
thatvm € M, Diff (ma, m}) = 0 whenZ is solved with
the discrete time random proceSs'(M}.). The modelC™
will get the same results as the modell when solved with
the random procesBS(M}.) if T < T,.

It may be the case that the quotient submodél
will be mostly, but not completely, insensitive to varia-
tions of ES(M') over periods of tim&". While using this
value of T" would introduce some error, it might be small

random variablen’ defined on any of the time intervals.
This random variablen’ could be passed and used to re-
construct the random processdri. We would specify the
reconstructed process B$i| = ES(m’), Vi, which would
be equivalent tdZS(M.). This fourth abstraction is called
therandom-variable-passing abstraction

Even if the process was not completely IID, this could
be applied if the correlation between intervals was low, and
the process was stationary. We defifygto be the smallest
valueT such that values in different time periods would be
uncorrelated, and. to be the smallest valu€ such that
the error due to the correlation between distinct time peri-
ods would be less than The modelC* with the random
variableES(m') passed to it would get the same result as
the modelM, if Ty, < T < T,. The modelCt with the
random variabléZ S(m') passed to it would get results ac-
ceptably close to those of the model, if T, < T < T.,.
The relationship betweete;, €2 would be dependentupon
the definition of theDiff function.

3.1 Practical Implications

Using the set of abstractions developed, we discuss the
practical implications and implementations issues for each
of these abstractions. The first thing we note is that an arbi-
trary model can not be solved for the continuous-time ran-
dom process defined in the previous section. If the type
of the random process is known, the model can be solved
for the random process’s parameters, but the type of the
porcess is hot normally known. Without knowing the type



of the process, one could naively attempt to solve for the
complete process by solving for a finite subset of the un-
countably infinite collection of measures, but solving for
all the joint distributions of the measures would be imprac-
tical. Therefore, while useful in developing other abstrac-

tions, the continuous-time random process passing abstrac-

tion can not be used to solve actual models.

We are also unable to solve an arbitrary model for the
discrete-time random process also described in the previ-
ous section. While the number of measures is countable, it
is still infinite, and a naive attempt to solve for these mea-
sures will still fail. Solving the model for a finite subset of
the measures (e.g., if we are only interested in solvirig
for its measures at some timgewould still be impractical
since the model would still need to be solved for all the
joint probability distributions of the measures. Therefore,
while the discrete-time random process passing abstraction
is useful in developing the remaining abstractions, it also
can not be used to solve actual models.

A model can be solved for a random variable. This
is done by solving the model for the probability distribu-
tion of the random variable, which completely describes the
random variable. Therefore, the random-variable-passing
abstraction can be used. Similarly, a model can solved for
the mean of a random variable. Therefore, we also can
use the average-passing abstraction. In order for those two
abstractions to be applicable, both of them require special
properties. However, whenever the average-passing ab-
straction is applicable, so is the random-variable-passing
abstraction, making the random-variable-passing abstrac-
tion more general.

4 Case Study

We now develop an example to demonstrate the use
of these abstractions and their applicability, accuracy, and

performance. Since the last two abstractions (passing a ran-

file server. When a filer receives a write request, it goes
through three steps: it updates its in-memory cache, it logs
the request in non-volatile RAM (NVRAM), and it replies.
The requestisn’t written to disk until up to 10 seconds have
passed, at which time all outstanding accesses are written to
disk in one consistent step, generally in under one second.
The architecture does this by writing all the changed file
blocks and updated i-nodes to unused blocks. When this is
done, it writes a new root node, which points to this new
directory structure.

In that way, the on-disk file image is always consistent,
and older consistent images are also accessible on disk,
since they aren’t overwritten. This mechanism allows for
the creation of consistent backups by copying snapshot im-
ages from the disk.

For this architecture, we want to know what fraction
of time the system spends updating the disk image of the
file system, and the fraction of time spent in the particu-
lar stages that compose these updates. We also desire to
know how much time each of these updates, and the stages
that compose these updates, take to execute, each time they
execute. We will develop a model specifically to answer
guestions of this type.

4.1 Model

The first model developed to answer these questions
is thefull model and does not initially employ any of the
abstractions just described. This model will be used to test
the quality of the connected models we develop. The full
model contains an arrival process called thquest sub-
mode] which represents requests arriving and filling up the
NVRAM, and a process called tHder submodelwhich
models the update of the disk. Usingobius, we defined
these two submodels and composed them to make the full
model.

The request submodel represents the arrival of requests
to the file server, and is shown in Figure 2. It has two main

dom variable and passing an average) are feasible, we applystates, bursty and slow, represented by a token in either

both of them to the model developed. The example model
needs to exhibit the properties required by the two abstrac-
tions (e.g., isolated submodel), and after we describe it, we
show how it does indeed exhibit the necessary properties.
All the models we develop are implemented in thelis
modeling tool [3, 2] and solved with the dbius discrete
event simulator [9].

We model a file server from the Network Appliance
line of filers. These filers provide NFS and Windows file
services [8], and have demonstrated availabilities of up to
99.99% in production use [6]. In addition, they provide
such services as online access to multiple backups called
“snapshots” and a way to make consistent off-line backups
of the system.

The NetApp filers provide this functionality using a
novel architecture [5] that is specifically designed to be a

the place Bursty or Slow. The rate of the activity Arrival
is exponentially distributed, and its rate is dependent on
whether it is in the bursty or slow state, making this sub-
model a Markov-modulated Poisson process. This model
was chosen to represent the bursty nature of requests to a
file server. However, the model is just an estimate of the
arrival process. Actual request traffic or behavior of the file
server users was not used to develop this model; such study
would lead to a more accurate model of the arrival process.
For all of the experiments, the low rate wasarrivals
per second, while the bursty rate was varied betw&#nh
and900 arrivals per second. The slow state had an average
holding time of4.5 seconds, while the bursty state had an
average holding time of second. These numbers were se-
lected so that the average number of arrivals per ten seconds
would be at about the level needed to cause a disk update
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Process The Diff function is a measure of how accurate the ap-
proximate models are compared to the original. In partic-
to clear the NVRAM. The model should have interesting ular, we letDiff be the absolute value of the percent error
behavior in this operating region, with a significant num- ©n the means, as shown here:
ber of updqtes being started p)_/ timeouts, and a significant ' o | E[S(ma)] - E[S(mZ)]
number being started by the filling up of the NVRAM. Diff(mm,mp) = EIS(mn)]
The place Stop is used to disable this model. If there is M
a token in Stop, none of the activities are enabled. In some It will always be expressed as a percent, rather than a deci-
cases, this provides an improvement in solution time. All  mal.
submodels composed with the filer submodel will have this To apply the average-passing abstraction, it is neces-
feature. sary tp define a measure on the arrivals in the request sub-
The filer submodel represents the disk update process model to determine the average rate of arrivals. For the ab-
and is shown in Figure 3. When either the arrivals fill up straction to be applicable, the quotient submodel needs to
the NVRAM bank (represented by the place Arrivals), or haveT. = oo as its time sensitivity to the arrival process.
the timeout occurs (deterministically timed activity Time- In order to apply the random-variable-passing abstrac-
out), the arrival queue is processed. When either of these tion, a periodl" is needed such thdt < T, the time sen-
events happens, the contents of Arrivals is copied to Pro- sitivity of the quotient submodel. 1" < T. < oo, and
cessedArrivals, and Arrivals is cleared. As mentioned in T > T, (see Section 3), this abstraction should give better
the file server description, the filer has five separate phasesresults than the average-passing technique. Reviewing the
through which it progresses to update the disk. Activi- model, we note that the disk updates every 10 seconds, or
ties phasel-5 represent these phases. Phasel, phase2, amwthen the queue fills up. We choo®e= 1 second for the
phase4 are modeled as exponentially distributed activities period. Compared to the 10 seconds of the timeout, and the
to reflect service time variability due to file size, while time it takes the queue to fill up, this second should be less
phase3 and phase5 are modeled as deterministic distributedthanT for any of the fraction-of-time measures or holding-
activities with a constant delay. Phase 4 is the write to disk time measures described in the system description. We also

1)

and is the dominant phase with regard to delay. believe thatl. < 1 second, since the holding time of the
The arrival process is an isolated submodel (see Sec- bursty state is 1 second.
tion 2.2.1) of the full model, since it is not affected by any The activity update_load is used when the request

of the state variables or actions in the rest of the model. submodel is solved by itself for the results needed for the
Therefore, the developed abstractions can be applied to this two abstractions. Every time the interval of time defined by
model. For each of the abstractions, a representation of the interval has passed, updal@ad copies all the tokens from
arrival process needs to be passed from the isolated sub-Arrivals to IntervalArrivals, making IntervalArrivals repre-
model (request submodel) to the quotient submodel (filer sent the number of arrivals in the past interval. Changing
submodel). The abstractions that represent the arrival pro- the length of the interval effectively changes the pefiod
cess with a random variable and with a mean are used. A reward variable is defined on the IntervalArrivals place
However, before applying these abstractions, we de- and solved for its distribution of values (for random vari-
fine Diff in order to compare the different abstractions. able passing) and its mean (for average passing), using the
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same model solution for both abstractions.

A small model called thelriver submode(shown in
Figure 4) is built to recreate the random arrival process, as
required for the random-variable-passing abstraction. Ev-
ery timeinterval time units pass, it picks another value
from the distribution of the random variable. Unfortu-
nately, we do not currently have a general way to sam-
ple from a distribution in our simulator implementation.
Therefore, an activity with cases was used to mimic the

model configured in this way is called thgerage-passing
connection model

4.2 Model Measures

These models were developed to determine the frac-
tion of time that the file server spends in certain sets of
states in the update process, and the holding times in these
states. The sets of states of particular interest are the states
in which the system cannot process new requests, the up-
date state, and any state that is possibly less fault-tolerant
than the rest.

The first two phases of processing in the system are
blocking, which means that many file requests can not be
processed in those phases. Therefore, the model will be
considered to be in the blocked state if it is in phasel or
phase2. The last phase is the most critical to correctness,
as it is the time when the system goes from one consistent
disk image to another. An error in this phase could lead
to corrupt data; therefore, it is considered to be the “risky”
phase. The model is in the update state if it is in any of
the update phases. This is of interest because the whole
update process is system-intensive, and therefore degrades
the response time of any requests that arrive during that
period.

The fractions of time spent in those states, and the
holding times of those states (except for the risk state, since
it has a known constant duration) need to be measured. The

distribution (a case is chosen at random when the activity fraction-of-time measures are defined as steady-state per-
fires). For the experiments, 10 cases were used to represenformance variables in Bbius, and are shown in Table 1,

theO® to 10", 10t to 20, ..., 90" to 100" percentiles.
The cases use the values of &, 15, ..., 95th per-
centiles to represent these probability intervals, which are
all equally probable.

The requests are first put in the place PreArrival, by the
output gate selected by the action. Each output gate repre-
sents one of the probability intervals. After one second the
requests are moved to the place Arrivals, which is shared
with the filer submodel. A problem arises if the number of
requests in this batch overflows the queue. In reality, the
system update would occur before the next complete sec-
ond completed. The action adup is used to represent this
early update. If the queue can only accommodate 1/3 of
the current batch (tokens in Arrival), then adup copies 1/3
of those requests to Arrivals2 after 1/3 of a second, trigger-
ing a system update.

The driver submodel composed in that way with the
filer submodel is theandom-variable-passing connection
model The driver submodel is also used to implement the
average-passing connection model. This is done by com-
posing it with the filer submodel and setting one case’s
probability to 1. When that case is selected, the average
number of arrivals are placed in Arrival. The composed

while the duration measures are defined as transient perfor-
mance variables in Bbius, and are shown in Table 2. The
Mobius reward variable formalism uses C++ syntax to de-
fine performance variables as functions, which then return
values. The Mark() method is called on a place to deter-
mine the number of tokens in the place.

Several other steady-state measures are also defined.
Arrivals is defined to be the value of the Arrivals place,
while Arrivals2 is defined to be the value of the Pro-
cessedArrivals place, and Full is defined to be the value
of the place Full. The place Full is set to 1 whenever the
filling up of the queue causes a snapshot, and is cleared
whenever the timeout causes a snapshot.

The duration variables show the effect that these states
have on requests that occur during these states. The shorter
the durations, the lower the performance impact on such
requests. The steady-state variables, defined on the frac-
tion of time in those states, represent the probability of be-
ing in those states. The lower the value of those variables,
the lower the probability that a request will be impacted
at all by those stages. The three models (full, average-
passing, and random-variable-passing) are solved for these
measures.



Table 1. Steady-State Performance Variables Table 3. Solution Times in Seconds

Proc Time | if (filer —>Processing->Mark() + filer—> Placel->Mark() + Bursty Request| Avg. Avg. | RV R.V. Full
filer—>Place2->Mark() + filer—>Place3->Mark() + Rate Model Pass Total Pass Total
f|Ier7>Zﬁjcrre;4(F5Mark0> 0) 800 Dur. 241.74| 3455 | 276.29| 39.29 | 281.03 | 2468.08
else ’ 850 Dur. 268.14 | 34.33 | 302.47 | 39.48 | 307.62 | 2536.67

return (0); 900 Dur. 280.69 | 34.36 | 315.05| 39.18 | 319.87 | 2477.51

Arrivals | refurn(filer—>Arrivals—>Mark(); 800 Steady| 241.74| 78.98 | 320.72 | 80.52 | 322.26 | 6658.02

A"l'l"a'sz fe‘“f”g':e“>fflf°esseﬂ“kf(')")'a'5*>Mafko)? 850 Steady| 268.14 | 80.18 | 348.32 | 81.21 | 349.35 | 6865.78

Fu return(file—>full —>Mark());

Blocking if (filer —>Placet>Mark() + filer—>Processing->Mark() > 0) 900 Steady| 280.69| 80.95 | 361.64 | 82.17 | 362.86 | 7178.21

return (1);
else . .
return (0); dependent on the number of arrivals being processed, and
High Risk | return(filer—>Place4->Mark(); not on the frequency with which the system writes snap-
shots, makindg. = oo for those variables. Thus, it makes
Table 2. Duration Performance Variables perfect sense fo_r the average-passing model to pe_rform

Wait Time [ if (race—>Count->Mark() == 1 && race—>Processing->Mark() well on those variables, and we note that random-variable-
+ race—>Placel->Mark() + race->Place2->Mark() + . . .
race—>Place3->Mark() + race->Place4->Mark() > 0) passing also works well in those cases, as it should when-
e M (1 ever the average-passing works well. For all the other vari-

return (0); ables, the number of snapshots written is important, and for

Blocking if (race—>Count—>Mark() ==1 && race—>Placel->Mark() + .
race- > Processing >Mark() > 0) th_at reason, tho_se varlablgs show a_much better accuracy
| return (1); with random-variable-passing than with average-passing.
else . . .

return (0); The random-variable-passing model, withff values
from 1 to 3%, performed much better than the average-
5 Results passing model, wittDiff values from 16 to 20% for the

The full model, random-variable-passing model duration variables. The results are presented in Table 5.

average-passing model, and request model are solved us-NOt only dOTS thi random—varllable-_paTS|ng model lerowde
ing discrete event simulation for a confidence interval of accurate values for mean values, it also accurately mea-

+1% with a probability 0f95%. Each of the three models sures the distribution of these variables, as seen in Figure 5.

was solved for the duration variables and the steady-state "€ random-variable-passing model gives a very tight fit
variables with three different bursty rates. The times re- © the full model distribution, while the average-passing

quired to solve these models are given in Table 3. Since Modelis much lower. If we change the exponentially dis-

the average-passing and random-variable-passing mode|stributed actions to deterministically distributed actions by

require the solution of the request model, we also present accounting for the variability of _request size in the arrival
the solution time for these models plus the solution time Process, then the average-passing model does much worse,

of the request model in the Average Total and R.V. Total while random-variable-passing does about as well as it did
columns. However, the same request model solution was here. The average model distribution begins to look much

used for results for the average model and random-variable- MOre like a step function. This is clear evenif only the most
passing model, for both the duration and steady-state solu- dominantaction (phase3) is changed to have a determinis-

tions. Each request model solution is thus used at least four U distribution, as shown in Figure 6.

times in this example. 6 C ;
: . onclusion
Both abstractions were simulated much faster than the
full model. The abstractions ran about one order of magni- We have described a technique for the solution of large

tude faster than the full model, with the request model so- models. By separating one large system model into two
lution time included, and almost two orders of magnitude parts, we get a connection model that is simpler to solve.
faster with the request model solution time excluded. This We developed the ideas of isolated and quotient submodels,
result makes sense, since in the full model there are activi- and used those ideas to develop four abstractions that result
ties firing hundreds of times per simulated second, whereas in connection models. The four abstractions involve pass-
in the average-passing and random-variable-passing mod-ing a continuous-time random process, a discrete-time ran-
els, activities fire no more than once per simulated second. dom process, a random variable, and a mean value between
The results for the steady-state variables for the three models. Currently only the last two of these are feasible,

models, and theDiff of these results, are presented in and we demonstrated them with an extensive case study
Table 4. The random-variable-passing model did well on of a real file server. Both abstractions provided speedups
all the variables, withDiff up to11%, while the average- approximately in the range of one to two orders of mag-
passing model only performed well on the Pitime and nitude, when solved using discrete event simulation. The
Blocking variables. However, both of those variables are random-variable-passing abstraction provided accurate re-



Table 4. Steady-State Results and Diff Values, Bursts of 850

Variable Full Model RV Passing Avg. Passing Diff Diff
value (n1) value (mn2) value (ns) (m1, m2) (m1,m3)
Proc Time 0.1064 + 7x 10~ % 0.1041 + 6x 10~ % 0.1053 + 7x 10~ % 2.1% 1.1%
Arrivals 776 £ 3 786 £ 2 909 + 2 1.7% 17.2%
Arrivals2 1629 £ 5 1737 £ 4 1983 £ 4 6.7% 21.8%
Full 0.510 £ 4x 10~ ° 0.568 £ 3x 10~ ° 0.865 £ 3x 10~ ° 11.4% 69.8%
Blocking 0.00731 £ 5x10~° 0.00721 + 7x10~° 0.00726 + 4x 10~ 2 1.4% 0.7%
HighRisk | 1.18x10 T £4x 1077 | 1.11x10" T4+ 3x10 7 | 9.82x10"° £2x10 " 6.1% 17.0%
Table 5. Duration Results and  Diff Values, Bursts of 850
Variable Full Model RV Passing Avg. Passing Diff Diff
value (n1) value (n2) value (ns) (m1,m2) (m1, m3)
Wait Time 0.909 £ 9x 10~ ° 0.926 + 9x 10~ ° 1.063 £ 1x 102 1.0% 16.1%
Blocking | 0.06234+5x10~% | 0.0646 £ 5x 10T | 0.0751 £ 6x 10~ T 3.6% 20.4%
0.9 T 1 T
Full Model Full Model
R.V. Passing Model ------- R.V. Passing Model -------
08 | Avg. Passing Model -------- | Avg. Passing Model --------
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Figure 5. Distribution of Delays for Complete

Snapshot for Bursts of 850

sults on all the variables, while the average-passing abstrac- _ _ _
tion only provided accurate results on the two variables that [5] D. Hitz, J. Lau, and M. Malcolm. File system design for an

exhibited a special property.
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