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Abstract

Smulationto obtainreliability and availability estimates
has been widely used by system designers to evaluate and
compare alternative choices before making design deci-
sions. However, traditionally that approach worked only if
significant computer resources were available or designers
accepted a significant time delay between design iterations.
In this paper, we present an alternative approach to com-
pute measures of interest for a family of models that rep-
resent alternative design choices that is significantly more
efficient than the traditional approach. The new approach
combines the existing single-clock multiple-system simula-
tion with adaptive uniformization. We achieve the speed-
up by simulating all the alternative configurations of the
discrete-event model simultaneously while amortizing the
cost of enabled event set management. That allows us to
explore and evaluate multiple configuration settings of a
discrete-event model at the sametime, significantly increas-
ing the number of alternative versions of the model that are
explored in a given amount of time.

1 Introduction

Growth and advances in current technology have ex-
tended system size and complexity to such an extent that ar-
chitects and designers cannot rely solely on traditional eval-
uation methodologies to design systems. Current model-
ing techniques for large systems are time-consuming. They
do not allow one to evaluate aternative configurations si-
multaneously, thereby making it expensiveto apply efficient
methods, like the divide and conquer approach, to pick the
optimal design or system configuration. To perform sophis-
ticated analysis of a large number of systems with varying
system design parameters, it is important to develop effi-
cient ssimulation methods that can evaluate a large num-
ber of alternative system configurations quickly. This pa-
per develops an efficient parametric technique to evaluate
discrete-event systems with multiple parameter values.

In recent years, researchers have focused on evaluating
very large discrete-event systems using varied parallel and
distributed simulation methods. However, the exploration
of techniquesto evaluate alarge number of alternative con-

figurations of a moderately-sized system has been limited.
Such techniques are needed when a system modeler has to
evaluateasystem with different design parameter values un-
til he or she obtainsthe optimal configuration. If the system
under evaluationis scrutinized carefully, onewill noticethat
changing the system configuration or parameter values does
not ater the behavior completely. Rather, much of the sys-
tem behavior is similar for most of the possible aternative
configurations. This fact suggests a way to simulate multi-
ple aternative system configurations simultaneously.

In particular, Vakili [10] and Chen et a. [1] have built
simulatorsthat determinethe fastest or dominant event from
the set of al the aternative configurations. This dominant
Poisson process is then used to drive a single discrete-event
simulation clock. This technique can achieve a speed-up,
relative to standard sequential simulation, but it often suf-
fers from inefficiencies due to the need for “pseudo tran-
sitions’, particularly in the case where there are many or-
ders of magnitude of difference between the ratesin a sys-
tem, such as the difference between failure and repair rates
in highly available systems. These techniques also do not
make use of the fact that many of the alternative configura-
tions have similar sets of enabled events. An efficient tech-
nique that would exploit this fact would be to consolidate
the common events among these configurations into a sin-
gle union of events and generate a single enabled event set.
Using the common enabled event set, it is possible to com-
bine the advantages of the approach of [10] and [1] with
adaptive uniformization to build an efficient single-clock
multiple simulation engine. The contribution of this paper
is thus a methodology that exploits the structural similarity
among the alternative configurations and results in an effi-
cient simulation algorithm that evaluates all the alternative
configurations of a system simultaneously even when event
rates vary greatly, as is often in the case in dependability
evaluations.

The rest of the paper is organized as follows. Section
2 provides an overview of the required background related
to adaptive simulation of parametric models. Our simulta-
neous simulation using adaptive uniformization agorithm,
along with a proof of correctness, is presented in Section
3. Details of the simulator implementation in Mobius [2]



are described in Section 4. Experiments exploring the ef-
fectiveness of the algorithm are described in Section 5. We
concludein Section 6.

2 Background
2.1 Adaptive Uniformization

This section gives a brief overview of adaptive uni-
formization as applied to simulation. Readers are referred
to [4] and [9] for more detailed descriptions of uniformiza-
tion and adaptive uniformization. We describe the concept
using an example of atwo-server queuing system as shown
in Figure 1. In the model, a Poisson stream of jobs arrives
a rate « and is routed to two exponential servers with ser-
vice rates psiow and prqs: With probability p and (1 — p),
respectively. Each server has a finite buffer whose size is
denoted by B0, and By,e:. Both servers provide service
using the First Come First Serve (FCF'S) policy. When a
job completes, it departs from the system. The maximum
state departure rate A = o + fisiow + Hrast OCCUrS When
both the slow and fast servers are busy. When simulation of
the system is done using uniformization, events are gener-
ated as Poisson processes with parameter A. Each event is
designated asan arrival event with probability §, asapoten-
tial departure from the slow server with probability e,
or as a potentia departure from the fast server with proba-
bility £t Whenever an event is designated as a potential
service completion, it is possible that the particular server
might beidle. In such situations, the eventis called apseudo
transition and the state of the system does not change.

It is possible to have conditionsthat would lead to alarge
number of pseudo transitions. In particular, in the given ex-
ample, if the routing probability p is set very close to 1,
e, p ~ 1, ad pgow < frast, Most of the incoming
jobs would be routed to the slow server, but most of the
events generated would be designated as departures from
the fast server. However, the fast server is idle most of the
time, causing the simulator to label many of those events as
pseudo transitions. So in such cases, the discrete-event sim-
ulator would become inefficient. To aleviate the problem,
it is possible to adaptively uniformize based on the state the
systemisin[9], i.e, to change or adapt the uniformization
rate depending on the state of the system as shown below:

A=« When both serversareidle
A=+ ffast When the dow serverisidle
A=+ fsiow When the fast server isidle

A= a+ fifast + tsiow  When both serversare busy

The technique of changing uniformization parameter
values depending on the state of the system guarantees that
the simulator never fires a pseudo transition, enabling con-
stant computational progress during the execution of the
simulation model.

Byow
Hslow

Hfast
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Figure 1. Two-server queuing network.

2.2 Single-Clock Multiple Simulation

In this section, we describe the existing approach taken
to simulate aternative design configurations simultane-
ously, and provideinsight into the potential drawback of this
technique. Single-Clock Multiple Simulations (SCM S)
[10] are a class of simulation techniques that exploit the
commonality that exists during evaluation of the alternative
configurations of a discrete-event system. Inthe SCMS ap-
proach, the clock ticks are generated based upon a dominant
process in the system, and the events are chosen by appro-
priate thinning of the process for each aternative configu-
ration of the system. In this way, the clock update mecha
nism and the state update mechanism are decoupled. The
state update mechanism provides no feedback to the clock
update mechanism regarding generation of the next events.
If a single configuration of the discrete-event model is be-
ing evaluated (as in traditional discrete-event simulation),
SCMS would be equivalent to uniformization-based simu-
lation as described in the previous subsection. Note that the
single-clock multiple simulation approach does not main-
tain an enabled event set, which means that it cannot take
advantage of the adaptive uniformization.

To illustrate the simultaneous eval uation of multiple con-
figurations using the SCM S technique, consider the exam-
ple of the two-server queuing system from Figure 1. Let
the service rate of the ow server be the design parameter
that needs to be determined. For simplicity, suppose that
we have n possible choices for the service rate of the slow
server. The SCM S would define the dominant Poisson pro-
cessas \ = o+ fifast + Hsiow, Whichwould be used to gen-
erate the main clock tick where jigio, = maz(ply,,); 1 <
i < n. Asin the uniformization approach described ear-
lier, each clock tick is designated as an arrival, as a po-
tential departure from the slow server, or as a potential de-
parture from the fast server, and this information is sent to
each alternative configuration of the model. Consider a sce-
nario where the event is designated as a potential departure
service from the slow server. Each aternative configura-
tion 7 with a non-empty buffer would update its state with
the probability Baew  This probability effectively thins the

Hslow

Poisson process as needed for each configuration for the de-



parture event from the slow server. Using thistechnique, all
the aternative configurations of the two-server queuing sys-
tem can be eval uated together with a single dominant clock.

The salient feature of thetechniqueisthat it usesasingle
clock to update all the aternate configurations and elimi-
nates the need to maintain any event list. However, as men-
tioned by Vakili [10]. This technique gives rise to the pos-
sibility of generation of excessive pseudo transitions, creat-
ing a potential for inefficiency. In the next section, we de-
scribeatechniquefor simulating afamily of alternative con-
figurations of a system by combining certain aspects from
the single-clock technique and adaptive uniformization to
achieve better efficiency in simulation compared to either
of the techniques used individually.

3 Simultaneous Simulation Using Adaptive
Uniformization

We now describe an approach based on adaptive uni-
formization for simulation of discrete-event system with
multiple parameter value settings. We first describe
the formal model, generalized semi-Markov processes
(GSM Ps), that we use to represent the discrete-event
model. We then explain how the GSMP that represents a
system being studied can be modified to represent config-
urations with different parameter values such that al the
configurations of the system can be simulated simultane-
oudly. Finally, we describe a simulation a gorithm describ-
ing the technique by which these alternate configurations
can be simulated simultaneously.

3.1 Generalized semi-Markov Processes

A discrete-event simulation can be represented using a
generalized semi-Markov process (GSMP) [3]. A GSMP
is characterized by atriple, GSM P = (S, E(s),p(., s, ¢€)),
and by aset of input distributions, ¢» = |J F'(.; s,e),e € E,
defined as follows:
aset of physical states of asystem,
{e1,ea,....,e;} isaset of finite
events for the system,
the set of possible events when the
systemisin state s,
the probability of transition from s to
s’ when event e occurs,
the probability distribution of the
“clock time” of event e when the
systemisin state s, and
the set of al these clock distributions
F for the model.
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The example discrete-event model in Figure 1 can be
represented using a GSMP as follows:

S = {n = [Nsiow; Nfast]: n; 1Sthe number of jobs
on server i,i = {slow, fast}},

E = {a,dsiow;dast} (a = arrival, d; = departure
from server i,i = {slow, fast}),

P = p([nslow"'lv nfast]7 [nsl(rw; nfast]7 a) =P
if nsiow < Bstow,
p([nslow; nfast+1]a [nslow; nfast]v (1):1'])
if Nfast < Bfastu
p([nslow'la nfast]; [nslowv nfast]; dslow):]-
if nsiow >0,
p([nslow; nfast'l]a [nSlO’UM nfast]; dfast):]-
if nfqse > 0, and

Q/; = {1_6(*)@), 1_6(*Mslowm), 1_6(*Mfastm)}_

In the above example, the parameters of interest that one
could vary include the number of jobs that the servers can
queue (i.e., Bsiow and Byqst), the servicerate of the servers
(i.e., psiow aNd fifqs:), the inter-arrival rates of jobs (i.e.,
«), and the routing probability, p. All these parameter value
variations result in alternate design configurations of the
two-server model, and can be evaluated for the measures
of interest simultaneously.

3.2 Creating Different Alternative Configura-
tions of the M odel

In general, the behavior of a discrete-event system is
governed by two components. the state space of the sys-
tem and the events that cause the state changes. Alternative
configurations of a discrete-event system can be created by
varying the parameter values that change its state space, its
set of possible state transitions, or the event rate of the sys-
tem. In particular, for a system represented as a GSMP,
alternative configurations can be generated as follows:

1) The probability transition function captures the be-
havior of the parameters that control the state space of the
system. By either varying the values of the probability that
governsthe probability transition function or the conditions
that control the probability transition function, one can cre-
ate discrete-event model s that have different state spaces.

2) The input distribution function ¢ captures the behav-
ior of the parameters that control the event rate of the sys-
tem. Changing parameter values of the rate parameters A of
events variesthe system behavior of adiscrete-event model.

Using a combination of both types of parameters, it is
possible to generate a large family of different configura
tions of the system that can be studied simultaneously.

3.3 Construction of Equivalent GSMP’s for Al-
ternative Configur ations

To construct multiple models that can be simulated
simultaneously, we construct GSMPs that augment the
GSMP of each independent configuration. The goal is to
have a common input distribution function « for all the



models that would allow us to maintain a common enabled
event set while ssimulating all the alternative configurations,
thus amortizing the cost of event selection. That necessi-
tates modifications to the probability transition functions of
all the configurations to compensate for the existence of a
common input distribution function. This section describes
the steps necessary to make the changes for each configura-
tion that would enable all the configurationsto be evaluated
simultaneously.

Consider a discrete-event model represented by a
GSMP = (S,E(s),p(.,s,e)). Let k be the number of
parameters we wish to vary. Each parameter k; is evaluated
for n; combinations, which resultsin n = [[n; aterna
tive configurations of the discrete-event model to be sim-
ulated. It is fairly simple to generate the GSMP for each
of the aternative configurations, as seen in the previous
section. Let each aternative configuration be denoted by
GSMPY = (SY,E%(s),p"(., s,€)).

Each new augmented G.S M P’ ¥ that meets the condition
described in the last paragraph and supports simultaneous
simulation, is constructed from GSM P? asfollows.

1. Thestates S for the equivalent GSM P’ ¥ would be the
same as the states SV of the particular configuration,
i.e, S =.5".

2. Thenew set of actionsfor GSM P’ ? isthe union set of
the actions of al the configurations (B = | J;_, EY).
Note that an action e’ € E? is said to be equivalent to
el € F7,i.e, e’ = él,if it hasthe samelabel, ignoring
the timing aspect of the action.

3. Theset of possible eventsthat are enabled is the union
of the possible events of all the configurations, i.e.,
E'™(s) = E. For each event e that was originally ab-
sent for the state s, a probability transition function is
added that does not change the state of the system.

4. The probability distribution F'(.; s,e) of each event
e € F and state s € S is modified to correspond to
the shortest holding time of the individual configura-
tions. When the event is fired, the process is thinned
for the other configurationsto reflect its true behavior.
The thinning of the Poisson process is done using the
state transition probability p described later. In terms
of therate parameter for the input distribution function,
A, isnow defined as A, = M AX™, \i. The holding
time in a state s?, given that the event e is enabled,
isgivenby F(.;s%,e) = F(.;5%,¢€"), provided that
e’ € E'(s?), e = ¢” and \ov = N, wherei is the
index of variant that hasthe event e”.

5. Thetransition probability for thenew GSM P’ ¥ isthe
modified transition probability of the individual con-
figuration. For each configuration that does not have

the event e defined, i.e, e € (E(s) — E¥(s)), a
pseudo transition with probability one is added. Ad-
ditionally, the transition probability is appropriately
thinned to account for the timing aspect associated
with event e for the variant v for all e € E"(s), i.e,

P(s's,e) = 3£ (s, 5,¢)).

We aim to show that the behavior of aGSMP and its aug-
mented version areidentical. Since the GSM Ps we consider
have exponential distributed clock times, it sufficesto show
that the Markov chains of the processes represented by the
origina GSMP and the augmented GSMP’ are equivalent.
We do so by showing that the generator matrices @ for both
GSMP models are equal. Formally,

Proposition1 Let S = {S(¢);t > 0} and S’ =
{S’(t);t > 0} be the process representing the original
GSMP and augmented GSMP’, respectively. Then S is
stochastically equivalent to S”.

Proof: Since we consider GSMPs for which all the clock
times are exponentially distributed, their behavior can be
represented as CTMCs. By the definition of GSMP, the rate
of going from state s; to state s; is the product of the prob-
ability transition function p(s;, s;, e) and A, for each event
e enabled when the model isin state s;. Therefore, the gen-
erator matrix Q' of the CTMC that represents GSMP' is
given by ¢;; = ZeeE,(si)p’(sj,si,e))\’e. Recall that the
augmented GSM P was created by adding pseudo transitions
to states that do not have particular events defined (Step
5 in the construction of the augmented GSMP). For these
eventse € E'(s;) — E(s;), p'(s;,8i,e) = 0, since ¢ # j.
Therefore, the generator matrix entry for (Q’ is modified as
follows: ¢;; = > cp(s,) P'(s5,si,€)AL. Note that E(s;)
are the events enabled in the original GSMP model. Fur-
thermore, from step 5 of the construction of the augmented
GSMP, we know that p’(s;, si,e) = )\,p(sj,sz,e). Re-
placing p’(s;, s;, e) in above equation and canceling com-
mon terms, we obtain ¢;; = PEE s, sj,sz, e)Ae = Gijs
where ¢;; is the generator matrix of> the origi naI GSMP.
Therefore @ = Q’, whichimplies S is stochastically equiv-
aentto S’. &

We have shown that the original GSMP and the modi-
fied GSMP are stochastically equivalent. Since all the aug-
mented GSMP’s have the same distribution functions ¥, we
can simulate al aternative configurations of the model si-
multaneously.

In the case of SCMS using uniformization [10], use of
a Poisson process A that drives the process S’, where A =
> A fore € E'(s), leadsto the possibility of alarge num-
ber of pseudo transitionsdueto eventse’ € (E'(s) — E(s))
for agiven state of the system. We alleviate this problem by
considering a non-homogeneous Poisson process (N H P P)
A/, that drives the process S’, where n isthe n'" transition



epoch. The constant uniformization rate for every epoch
is determined by the events that are enabled in each of the
configurations of the model being evaluated. As argued in
[6], that uniformization approach is valid even if one thins
a non-homogeneous Poisson process. In effect, in our tech-
nique, an NHPP with a piecewise constant epoch is used to
uniformize after the firing of each event. To be conservative
and prevent incorrect uniformization, care is taken that the
adaptive rate is always greater than or equal to the actual
possible transition rates of al the enabled events. In this
way, the updating of the A, is done as follows after each
epoch: A; = " A\ wheree € U ; E(s°).

Notethat F(s?) isthe set of eventsfrom the original rep-
resentation of the discrete event model. It is always true
that U™, (E(s')) C E’(sV) for any variant v. Thereis al-
ways the possibility that U7, (E(s")) = E'(s), i.e, the
system could have all the events of all the variants enabled
at al times. That could cause the adaptive uniformization
to behave just like uniformization, except that the construc-
tion of the adaptive uniformization parameter will always
ensure that there is useful computation by at least one of
the configurations, i.e., the firing of an event in adaptive
uniformization will change the state of at least one of the
configurations, which might not be the case with the tradi-
tiona uniformization technique. Hence, our technique will
aways guarantee progress in simulation for at least one of
the configurations. The next section describes a simulation
algorithm that uses this approach.

3.4 Algorithm: Simultaneous Simulation Using
Adaptive Unifor mization

Continuing with the discussion from the previous sec-
tion, consider a scenario in which we want to simulate N
aternative configurations of a system parameterized by its
design parameter values. As we have discussed earlier, we
obtain the new configurations from the original model by
modifying their probability transition functions p(s’, s, ),
input distribution functions ¢, or initial states.

The simulation algorithm we developed (See Algo-
rithm 1) has three basic components. an algorithm to gener-
ate the next event, an algorithm to update the state of al
the configurations simultaneously for the occurred event,
and an agorithm to update the enabled event set for the
clock-generating algorithm based on the new state of the
configurations. This agorithm is repeated until a desired
confidence interval width is achieved through execution of
multiple batches (in the case of steady state simulation) or
replication (in the case of terminating simulation).

To begin with, the enabled event set is empty. The sim-
ulation algorithm initialy iterates through all the eventsin
the model, adding them to the enabled event set (EES) if
they are enabled by any of the configurations. Once the
initial enabled event set is built, the simulator executes the

basic componentsin aloop until aterminating conditionis
satisfied. In each iteration of the loop, the algorithm gen-
erates the next event epoch using an exponential random
variable that uses the adaptive uniformization rate. Then an
event is picked randomly from the EES that is weighted by
its firing rate compared to the adaptive uniformization rate.
This event is fired to update the state of al the aternative
configurations. Only those configurations that enabled the
fired event have their state updated. The EES is updated
to remove disabled events and add new enabled events that
are due to the updating of the states of some or al of the
aternative configurations. A new adaptive uniformization
rate is recomputed for the updated EES and the iteration is
repeated.

Algorithm 1 Simultaneous simulation using adaptive uni-
formization

1 Let
EES =0, empty set
N = number of alternate configurations,
v = index of the v*" configuration,
54 =initial state of each configuration,
D(e) =dependency list that maintains the set of
enabled events enabled duefiring of event ¢,
n = index to the n* event epoch,
T =n!" event epoch,
én = event fired in the n*" event epoch,
U =U(0, 1), uniform random variable,
R} = k'h reward measure defined on variant v,
erv = exponential random variable with rate 1,
A, = adaptive uniformization rate.

2 Ve e UN_, E(sy), EES = EES + {e}.
3 Ao =) A, Wheree; € EES.
4 n=0,179=0.
5: repeat
6:  Generate next event
(a) Tn+1 = Tn + e/(: .
(b) P[0} =0.

(©  for(j =1;j< [EES|; j + +) P[j] = P[j — 1] + 3.

(d) e, =¢’fromec EES
iff (P[j —1] <u < P[j]).
7. Update state
(@ VYovwithe, € E(s?) enabled, set s¥ to the next
state s, if u > p(s), 1,55, €n).
8 Update EES
(8 Vee FES,EES=FEES —{e},
ifed UE(sp1)
(b) Ve € D(en), e € UE(sy 1)
EES = EES + {e}.
(© Any1 =3 \jwheree; € EES.
9. Vw,VEk, compute R}.
100 n=n+1
11: until a defined terminating condition.

An
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Figure 2. SAN model of the distributed information server

4  Implementation in Mobius

We have implemented the algorithm, describe in Sec-
tion 3.4, as a C++ modul e extending the simulation features
in the Mobius [2] tool. We implemented our approach by
first separating the state of the model and the clock event
generation mechanism. We replicate the state of the model
for each alternative configuration. The event generations
and management for al the configurations are merged to
obtain asingle set of events of all the configurations, while
maintaining the information on timing and enabling condi-
tions of each event in the individual configuration. For each
configuration, after each event is fired from the event man-
agement module, the event is checked to determine whether
it is an actual state transition or a pseudo state transition.
The state of the configuration is updated based on the out-
come of the classification of the event. To further optimize
the algorithm, the simulation keeps track of only those con-
figurations that are active for a particular event, thus elimi-
nating the need to test of all configurationswhen an eventis
fired. The computational savings from the amortization of
the cost of event management in a simultaneous simulation
of al the configurationsis quite substantial, as shown in the
next section using a model of a distributed information ser-
vice system.

5 Experimental Evaluation

We analyze our simulation technique by studying the
availability of an information service system adapted from
[5] and [8]. The model represents different components of
an information service and the interaction and propagation
of faults across the components. We evaluate the model

for varied configurationsand show that our simulation algo-
rithm is efficient and scalable, thus providing agood frame-
work for design optimization techniques.

5.1 Mode Details

The distributed information service system has a single
front-end module that interacts with four processing units.
Each processing unit has two processor units, one unit of
memory, a switch, and a back-end database. Each of the
units can be in any of the following four states: Working,
Corrupted, Failed, and Repaired. The units cycle through
those states, as shown in Figure 2 using a SAN [7] model.

5.2 Fault Mode

The model describes how the fault propagates through
the various components as each of them is corrupted. Each
component can become corrupted internaly. While cor-
rupted, some of the components can corrupt other units. Er-
rors are propagated based on the following rules about the
effects that a particular subset of units have on other com-
ponents when in the Corrupted state.

The corrupted front end may propagate an error to either
of the two working processorsin any of the four processing
units. The propagation occurs through the common event
between the front end and processors. After the failure is
propagated, the front end might still remain in the corrupted
state and could possibly corrupt the processors on the other
Working processing units. When both of the processors of
a processing unit are in the Corrupted state, they may cor-
rupt the Working switch or the memory unit. Like the front
-end, the processor might remain in the Corrupted state un-
til it fails. Both the memory unit and the switch unit in




Table 1. Comparison of traditional and our new simulation techniques for accuracy

| component || traditional simulator | simultaneous simulation |
procl | proc2 || Availability Standard Computational || Availability Standard Computational
error cost (seconds) error cost (seconds)

5 7 || 8.464xeY2 | 5.600xe~Y° 10.40 8.461xe~92 | 5.126xe %
5 70 || 8.999xe 702 | 4.716xe~% 10.40 8.995xe 92 | 4.725xe~0°
5 700 || 9.055xe7 %2 | 4.601xe~% 10.40 9.050xe~92 | 4.327xe~%°
5| 7000 || 9.056xe~ %2 | 4557xe~% 10.40 9.060xe~92 | 4.589xe~0°
50 7 || 9.227xe 02 | 4.214xe=% 10.61 9.229xe~92 | 3.686xeY°
50 70 || 9.829xe 792 | 2.068xe =% 10.21 9.831xe 792 | 2.438xe 9

50 700 || 9.892xe 9% | 1.656xe0° 10.21 9.893xe 9% | 1.965xe % 23.90
50 | 7000 || 9.899xe~02 | 1.597xe~05 10.21 9.899xe~92 | 1.702xe~9°
500 7 || 9.306xe92 | 4.017xe~ % 10.40 9.309xe 792 | 2.969xe~9°
500 70 || 9.917xe 02 | 1.447xe=% 10.21 9.919xe 792 | 1.328xe9
500 700 || 9.982xe 792 | 6.820xe =% 10.40 9.982xe 92 | 5320xe %
500 | 7000 || 9.988xe 92 | 5588xe~05 10.21 9.988xe 92 | 5.306xe %
5000 7 || 9.316xe 92 | 3.989xe 0% 10.21 9.318xe 92 | 2.795x 0%
5000 70 || 9.926xe 792 | 4.601xe~%° 10.21 9.927xe~92 | 1.189xe~9°
5000 700 || 9.991xe =92 | 4.922xe =% 10.21 9.991xe =92 | 4.777xe~ %
5000 | 7000 || 9.997xe~92 | 2.823xe~ 5 10.21 9.997xe792 | 2.115xe 9

[ Toa Time || [ 16490 | [ 2390 |

their Corrupted state can corrupt the back-end database unit
by propagating their error to it. Both the memory unit and
switch unit can remain in the Corrupted state independently
before they move to the Failed state.

The distributed information server is said to be available
if the front end is able to communicate with the back-end
database. The model parameters used in the experiments
can be found in [5]. The availability of the system is mea-
sured at thetransient time point of 0.1 giventhat al the com-
ponents were in Working state at time point 0. We use the
traditional Mobius simulator to evaluate the configurations
to compare the accuracy and scalability with our technique.
In order to have accurate comparison between our technique
and standard discrete-event simulation, we ran asimulation
of each configuration for one million batches. We show that
our approach evaluates the measures of interest accurately
for al configurations of the model and is scalable to the
number of configurations.

Both ssimulators were run on an AMD Athlon XP 2700+
processor running at 2.2 GHz with 1Gb RAM with Redhat
Linux 9.0. The implementation was compiled using a g++
3.2.2 with optimization level -03. We describe the experi-
ments we conducted in the following sections.

5.3 Correctnessand Efficiency

To illustrate the correctness and efficiency of our ap-
proach, we varied the individual corruption rate of proces-
sor 1 and processor 2 by a multiplicative factor of 10. The
corruption rate of other components, such as the memory,
the switch, the front-end and the database were fixed. Thus,

we obtained sixteen aternative configurations of the sys-
tem. Table 1 shows the expected instant-of -time avail ability
measures for these configurations. The table compares the
traditional serial simulation to our technique. As one can
see from the table, the availability measures obtained from
our technique and the traditional method fall in each other’'s
confidence intervals. The results were obtained at a 95%
confidence level.

54  Scalability

In this set of experiments, the corruption rates of the
memory, switch, front -end and the database were varied
by amultiplicative factor of 0.1 starting from valuesused in
the previous experiment to obtain 64, 256, 1024, and 4096
configurations respectively. Table 2 shows the speed-up ob-
tained by running the all the aternative configurations to
obtain their availability. We notice that our technique ob-
tains an average fivefold speed-up compared to traditional
simulation, as we simultaneously simulate up to 4096 con-
figurations.

Note that in certain cases the speed-up can be as much
as an order of magnitude, but decreases for more than 256
alternative configurations. The decrease in speed-up can be
attributed to two factors. First, one should note that the rel-
ative length of the trgjectory that is required to compute the
instant-of-time availability is very short (0-0.1 time units)
in the system we have described. Thus, most of the compu-
tation time is spent in initializing the simulation of batches
rather than executing events. Since a million replications
arerun, the cost of initializing the simulation was the largest



Table 2. Scalability of traditional simulator vs
our technique

Number of Total Simulation Time
dternate | Traditional | Simultaneous | Speedup
configurations | Simulation Simulation

1 10.21 10.59 0.96

4 41.44 13.37 3.10

16 164.90 23.90 6.90

64 665.64 68.46 9.72
256 2648.00 16591 | 15.96

1024 | 10559.00 1617.00 6.52

4096 | 41978.00 8088.00 5.19

overhead for this particular example. Second, we noted that
when the number of configurationsincreases beyond a cer-
tain threshold, the speed-up obtained by the locality of ref-
erence for memory access by the processor to update the
state of the model or to compute the reward measures is
lost. Due to the use of large arrays to represent the state of
the system of each configuration, the overhead of updating
the state of the system and computing the reward measures
decreased the speed-up of the simulation. Thus, the speed
up is comparatively moderate for the example model used
to describe our technique.

Coming back to the issue of pseudo transitions, one
should note that, unlike the SCMS, our algorithm insures
that at any given point in time at least one configuration of
the discrete-event model will be performing useful work. It
is always possible to have a family of modelsin which one
or more aternative configurations have events that are fired
at very different time scales that could potentialy cause
other configurations to have significant numbers of pseudo
event transitions. However, our technique will make sure
that we are progressing in the simulation for at least those
highly skewed configurations.

6 Conclusions

In this paper, we discussed a new approach to simulate
aternative configurations of dependability models simul-
taneously by combining adaptive uniformization and the
SCMS technique. We showed that a significant speed-up
can be obtained by this new approach due to the amorti-
zation of the cost of event set management, and that the
approach achieves considerable speed-up dueto correlation
among the trgjectories for most of the aternative configura-
tions. We expect that our technique opens up new research
issues and ideas in optimization of simulations, sensitivity
analysis, and parameter optimization of systems.

The utility of simulation of different models and statisti-
cal analysis of the outputsliesin comparing the alternatives
before the actual implementation or deployment of the sys-
tem. Even though there is a coupling between the state up-
date mechanism and the clock-event generation mechanism,
the structural and behavior at similarity that configurations
display providesan opportunity to reduce the computational
cost of updating and maintaining the enabled event set. The
state-updating mechanisms of the configurations are inde-
pendent, allowing comparison of the configurations, and en-
abling the possihility of making decisions at the run time of
the simulations. We thus have provided afast, efficient way
to evaluate alarge number of aternative design choices.
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