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Abstract

In order to improve the efficiency of behavioral model
verification, it isimportant to determine the points of dem-
inishing return for a given verification strategy. This pa-
per comparesthe existing stopping rules and presents a new
stopping rule based on static Bayesian technique. The new
stopping rule was applied to verifying 14 complex VHDL
models. We used thefigure of merit to comparethe efficiency
of the stopping rules. The results in terms of coverage and
verification time were shown to consistantly outperform ex-
isting stopping rules.

Keywords: Behavioral Model Verification, VHDL, Statis-
tical Stopping Rules.

1. Introduction

It is widely believed that the quality of a behavioral
model is correlated to the obtai ned coverage measure during
itsverification process[1]. However, measuring coverageis
just asmall part of ensuring the behavioral model meet the
desired quality goal. A more important question is how to
increase the coverage during verification to a certain level
with a given time-to-market constraint. Current methods to
achieve the desired quality goal use brute force approaches
where billions of test cases (patterns) were applied without
knowing the eff ectiveness of the techniquesused to generate
these test cases (patterns) [4, 6, 9, 11, 12, 13].

For a given product, the correct set of testing techniques
isoften known. Time spent on verifying abehavioral model
using a given testing technique should be fruitful, i.e. time
spent with diminishing return should be avoided. There-
fore, the question is how to determine the optimal stopping
points for switching from one testing technique to another.
There are existing statistical models used in software engi-
neering to determinethe proper stopping pointsfor software
testing [7, 8, 9, 10, 11, 12, 13]. These models assume cer-
tain statistical behavior with regard to coverage. The statis-

tical behaviorsassumed by the statistical stopping rulesused
for software testing include Binomial, Poisson, and Loga-
rithmic Series distributions. However, it has been shown,
theoretically and experimentally [25], that the underlining
assumptions about the statistical behavior of coverage are
invalid for behavioral models. We have presented a more
accurate statistical behavior based on verification results of
14 VHDL models applying one million test patternsto each
model. The resulting statistical behavior is different from
the assumptions made in the existing statistical models. It
takesinto account many uniqueissuesin VHDL model ver-
ification, such asclumping, i.e. dependency of covering one
branch on covering other branches.

This paper proposes a statistical stopping rule for behav-
ioral model verification based on the new statistical behav-
ior presented in [25]. Section 2 gives a brief review on the
existing stopping rules used in behavioral modelsand adis-
cussion about the assumptions presumed in each stopping
rule. Section 3 presents the mathematical derivation of the
proposed stopping rule. Section 4 illustrates a comparison
study of all existing stopping rules and the proposed one
conducted on 14 behavioral models. Conclusions are given
in Section 5. Throughout our discussion in this paper, we
use the notation that the branch coverage is a good measure
of quality for behaviora model verification [14], and the
goa of behavioral model verificationisto achieve the high-
est possible branch coverage within a given time constraint.
Testing criteriaother than branch coverage can be used with-
out loosing the applicability of the results presented in this

paper.
2. Existing Statistical Models

Almost all of the existing statistical models used to de-
termine stopping points stem from research results in soft-
ware engineering. During the past 30 years, many mod-
els have been proposed assessing the reliability measure-
mentsof softwaresystems|7, 8]. These modelshelp design-
ers evaluate, predict, and improve the quality of their soft-



ware systems. Goel [8] classified some of the existing soft-
ware reliability models according to their failure processes
[16, 15]. However, software reliability models aim at es-
timating the remaining faults in a given software program.
Hence, the direct use of such modelsin estimating the num-
ber of remaining uncovered branchesin a behavioral model
is not beneficial since we know exactly how many branches
are |eft. Instead, one could dlightly modify the estimation
processto focus on the expected number of faults, or cover-
ageitemsinthe case of behavioral model verification, within
the next unit of testing time. Unfortunately, all the existing
softwarereliability models assume that failures occur one at
atime. Based on this assumption, expectations of the times
between failures are carried on. In observing new coverage
itemsin abehavioral model, branches are typically covered
in clumps. Besides, the assumption madein the softwarere-
liability model that failures areindependent of each other in
the program makes the use of such models ineffective and
inaccurate.

2.1. Confidence Based M odels (Howdens M odels)

This approach takes advantage of hypothesis testing in
determining the saturation of the software failures [10]. A
null hypothesis Hy, is performed and later examined exper-
imentally based on an assumed probability distribution for
thefailures. We assumethat H isfalse and observethe out-
comeas afailure. Supposethat the outcome has a probabil-
ity less than or equal to B, then we are at least 1 — B con-
fident that Hy istrue. Similarly, if the failures for the next
period of testing time have the same equal probability of at
least B to occur, then for the next IV testing cycles, we have
aconfidenceof at least C that no failureswill happen, where

C=1-(1-B)Y~ (1)

If we experience a failure during the next NV tests, then we
continue testing and examine the hypothesis again. Other-
wise, we stop testing at the end of the NV tests.

To apply Howden’s model to the process of HDL verifi-
cation, we first need to treat failures as interruptions, where
an interruptionisan incident where one or more new part of
themodel are exercised. Using branch coverageasatest cri-
terion, an interruption, therefore, indicates one or more new
branches are covered. We set a probability for the interrup-
tion rate B and choose an upper-bound level of confidence
C'. Experimentally, we do not examinethe hypothesisunless
the interruption rate becomes smaller than the preset value
B. If theinterruption rate becomes smaller than B, we cal-
culate the number of test patterns needed to have at least C
confidence of not having any new branch in the next N test
patternsand runthem. If aninterruption occurs, wecontinue
examining the hypothesis until we proveit and then stop.

In this approach, we assume that coverage items, or in-
deed interruptions, are independent and have equal proba-
bilities of being covered. One could use the fact that the rate
of interruptionisdecreasing and that we assume no interrup-
tions will occur in the next N test cases; then the expected
probability of interruptionswill be:

() o

where, T  isthe last checked point in testing. Thiswill then
change the confidence equation as follows:

N

c=1-T1(1-25) ©

t=1

Howden’sformulae can beimplemented by first estimat-
ing B’ by taking the cumulative sum of successes up to test
case t and dividing by the number of test cases executed.
Thecalculation of B’ isrepeated on the next test case until it
becomes less than the predetermined level B. The number
of test cases NV needed to gain confidence C' is calculated
from either the above formulae, and N test cases are exe-
cuted. If no new coverage is gained during the execution
of the test strategy, it indicates that the current verification
strategy is no longer effective. The stopping pointist + N.
If new coverageisgained at test case k, go back to step 1 and
repeat the stepsfor t = ¢ + k times.

In Howden's model, the assumption that failures or in-
terruptions have a given probability B independently is er-
roneous. Branches in an HDL model, as we know, are
strongly dependent of each other. In fact, we can classify
some branches to be dominant to other brancheswhereit is
impossible to cover the lower level ones without covering
their dominators. Moreover, the sizes of the interruptions
are not modeled in this study making the decision of contin-
uing or stopping the testing process inaccurate. Lastly, this
work doesn’t incorporate the cost of testing or releasing the
product, and the goal of testing in the first place is not only
having a high quality product but also minimizing the test-
ing costs.

2.2. Binary Markov Model

Sanping Chen and Shirley Mills developed a statistical
Markov process model [11]. The probabilistic distribution
assumptions of the model are the same as Howden's except
that failures are statistically dependent with a certain un-
known correlation constant p. Again, if interruptions are
correlated, then the probability of having no interruptionsin
the next IV test casesisthen given by:

pOIN,B,p) = (1-B)1-B+pB)"" (4



which makes the confidence C = 1 — p(0|N, B, p). If we
set p to be zero, interruptions are independent; then we get
the same model as Howden's. The implementation of this
stopping ruleissimilar to that of Howden'sexcept inthe cal-
culation N for the confidence.

The basic assumption that interruptions have this sim-
ple probability distribution is not well understood or clearly
proven. Furthermore, the value of p in this model is un-
known, and authors experimentally assumed different val-
ues ranging from O to 0.9 and obtained different results.
Thus, this correlation needs to be determined.

2.3. Testing Cost Based M odels (Dalal-M allows)

Daal and Mallows [12] assumed aloss function associ-
ated with the testing and releasing of software programs. If,
up to time ¢, there are K (¢) number of bugs in the model,
then a K (t) isthe cost of fixing these bugswhiletesting, and
b(N — K(t)) isthe cost of fixing the remaining bugsin the
field after releasing the product for some constant a and b.
N isthe expected number of total bugs in the program. Fi-
nally, thereisalso afixed increasing cost of the testing setup
and running of f(¢). Thus, the loss function is defined as:

L(t,N) = f(t) + aK(t) — b(N — K(t)) (5

Under these cost assumptions, the decision is to stop when
the loss function is not decreasing. That reduces the loss
functiontoarewardfunctiondefinedascK (t)— f (t), c=b-a,
since NV isafixed number, yet unknown. Testing stopswhen
the expected reward function is no longer increasing. Now,
K (t) isarandom process distributed as a non-homogeneous
Poisson process with increments Ag(t). That simplifies the
stopping rule to the following:

f'(t) G(t)
cg(t)
If we assume g(t) to be exponential, and the cost function
f(t) islinear with time, then the decision to stop is when:

T —1y > k(1) @

pic -

> K(t) (6)

where . is maximum likelihood estimate of the history that
K (t) is Poisson with mean A(1 — e#t). yu isthe solution of
the following equation:

p(e =1 _ K@)
ert —1—put  S(t)

(8)

S(t) isthe sum of al failures' life times up to test case t.
Thismodel incorporated the cost of testing and gave reason-
able assumption to failures occurring in a certain program.
However, applying this model to coverage items as failures

suffers the independency problem of the Poisson process,
where the times between failures are independent, although
the parameters of the distributions are modified by the time
and the cost constants. The model aso implies the assump-
tion of not having clumped failures, which reduces the ef-
ficiency of the model when applying it to branch coverage
estimation. Finally, this stopping rulediverged in sometest-
ing phases of some VHDL models. The reason is that the
mathematical constructions used by this rule theoretically
allow major changesin theinternal constants values during
the testing process, which ultimately make the rule diverge.

2.4. Compound Poisson Stopping Rule

This model was the first attempt in modeling the branch
coverage process of VHDL circuits utilizing the benefits of
the cost modeling of Dala and Mallows [12] and solving
the clumps phenomenon of branches, explainedinthe previ-
ous section, being covered in the testing process [17]. This
model uses the empirical Bayesian principles for the com-
pounded counting process. It was previoudy introduced as
a software reliability model for failure estimation in 1992
[13] and later modified to incorporatethe cost modeling pro-
posed by Dalal and Mallows in 1995 [18, 19]. The model
was recently formulated to model the branch coverage pro-
cessin VHDL models[24, 23].

Theideaisto compound potentially two probability dis-
tributions, for both the number of interruptions and the size
of interruptions. The resulting compound distributionis as-
sumed to be the probability distribution function of the to-
tal number of failures, or coverageitems, at acertaintesting
time point. The parameters of the distributions are also as-
sumed to be random variables calculated empirically based
on the well-known Bayesian estimation.

For modeling the branch coverageprocessfor HDL mod-
els, it is assumed that the number of interruptions over the
time, N (t), isaPoisson processwith mean A, and the size of
each given interruption, 1W;, is distributed as a L ogarithmic
Series Distribution (LSD). The resulting compound distri-
bution for the total number of failures, the sum of the sizes,
isalso known as aNegative Binomial distribution (NBD), if
the Poisson parameter \ isset to —k In(1 — ).

The expected value of coveragein the next unit of testing
time when testing is observed up to time ¢ is estimated as:

. a+x
U B+k

where z is the number of branches covered up to time ¢, «
and 3 are the constants of the priori distribution of the pa-
rameter of theLSD, and k& is set such that the compound dis-
tribution becomes a Negative Binomial. So:

E(X)

(9)

a+x

B+k

x>

e (10)



is a nonlinear equation for & that can be solved using the
Newton method. A isthe interruption rate up to time .
This expected coverage in the next unit of time is then
used in the cost model proposed in [12] to decide whether
to continue or to stop testing with the current testing strat-
egy. If the expected cost of testing for the next unit timeis
more than the expected cost of stopping, thenthedecisionis
to stop, and vise versa. This decision can be formulated as:

aB(X) <bE(X)+c (11)

where a is the cost of one coverage item as yet uncovered,
cisafixed cost of one unit of testing time, and b is the vari-
able cost of testing one uncovered branch. In other words,
the decision to stop iswhen E(X) < d, ford = -4, and
checking this decision is to be made sequentially after ap-
plying each test pattern or case.

This stopping rule models the clumps of the coverage
items in a statistical manner updating the assumed proba-
bility distribution parametersin every test case based on the
testing history. However, sincetheinterruptionsizesaredis-
tributed as L SD, there should be at least one new coverage
item per interruption covered. The problem involved was
that after a short period of time, the coverage activity died
for most of thetest patterns applied sequentially, and for few
patterns after that, one or more branches were covered. To
overcomethis problem, the outcomes of the simulation were
packed into groupsas if the time scale of the testing process
were compact, and the packed branch coverage was applied
to the stopping rule for the stopping decision.

2.5. The Sequential Sampling Models

All the previously discussed stopping rules assume that
the failures or interruptions are random processes accord-
ing to agiven probability distribution. Another softwarere-
liahility technique that doesn’t involve any assumptions on
the probability distributions for the failure process was pre-
sented in [22]. Recently, the technique is applied to VHDL
models in determining the stopping points for a given test-
ing history of branch coverage [21]. The model evaluates
the stopping decision based on three key factors: the dis-
criminationratio (), the supplier risk («), and the consumer
risk (). -y representsthe maximum number of input test pat-
terns accepted that don’t yield any more coverage. The sup-
plier risk isthe probability of falsely believing that the test-
ing process should be stopped; the consumer risk isthe prob-

Figure 1 showsthe decision boundary of the sequential sam-
pling model when applied to one of the behavioral models
at sometesting phases. The stopping decisionis madewhen
theboundary lineintersectswith theincreasing coverageat a
certain point of time asillustrated in Figure 1. The stopping
decision strongly depends on the value of v much more than
« and 3, and we can see clearly that this decision doesn’t
incorporate any cost model of the testing process. In [21],
we modified v with respect to testing strategies such that if
higher coverage were achieved in the previous test strategy,
~isincreased in the current test strategy in order to decrease
the expectation of achieving more coverage in the current
strategy. The new vaue of ~, therefore, becomes:

7" =171n(A) (13)

where A is the coverage increase achieved in the previous
test strategy. The value of v remainsthe sameif A <e.

This type of statistical modeling doesn’t use any priori
probability distribution for the data provided. Thisis one
reason the sequential sampling models are widely used in
many testing areas. However, the cost of testing is not mod-
eled in making the stopping decision, and the stopping point
determined by the sequential sampling model is very sensi-
tive to the v value chosen during the testing process.
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Figure 1. Sequential Sampling Decision Line

3. The Bayesian Based M odel

The branch coverage process;, can be decomposed
into two random variables: interruptiong;, where one or
more new branches are covered at tiimand sizes of the

interruptions,JW;, given that there is an interruption at the
same time. Interruptiondy;s, are strongly dependent of
each other, governed by a correlation function. The sizes of
interruptions, however, are not that strongly dependent es-
pecially after a long period of testing where achieving new
coverage will be more and morefildult. Thus, the random
variablesJV;s, are assumed statistically independent.

ability of falsely believing that the testing process should
continue. If the number of cumulative coverage at timet is
X (t), then the testing process should be stopped when:

X(t) < " (%1)_7 atl

(12)




PMF extraction experiment (also known afistribution From the Likelihood of equation (19), we then estimate
harvesting) was conducted to estimate the bfeed distri- the constang, that is assumed to be distributedl&s, v),
bution function to the histograms of the actual interruption using the Bayesian method as:
sizes,W,, at every discrete timebased on vefication re-
sults of 14 VHDL models applying one million test patterns j_ It —m (20)
for each model. The befitted distribution tol¥; is found v+ G(t)

to be a non-homogeneous Poisson process:
for some constantg andr describing the prior distribution

-1 14 of 5. Both constantsy andr, can be set to 1 since they are

m (14) initial values that will immediately be maiied through the
sequential updates of the Bayesian process.

For the number of interruptionQ{t, the probablllty of hav- SinceWt is a shifted Poisson random process, the ex-
ing an interruption during the testing process is estimated aspected value ofV, given; is:
p(t) for every discrete time. Thisp(t) function is further
decomposed into a shape function and an amplitude value, E{W,|3} = 8, + 1 (21)
p(t) = ¢ f(t), where( is a constant value. The shape func-

tion, however, is statically chosen such that it best describesy g we expect this conditional expectationié} over the

the power ofincrements of the interruptiaNs. This choice 51 es of3, to get the absolute expected valudbf at any
is made based onshapefitting experiment, and found to be timet, and we get:

a logarithmic polynomial shape [25]:
t E{Wy|#} = 1+ Bg(t) (22)
] (15)

Wy ~ &P

p(t) = ¢ ln
And by utilizing equation (20), the expected size of interrup-
Using the distribution and the correlation for the branch tion at certain time is given by:

coverage processy;, presented in [25], we derive the sta-
tistic;al mpdel fpr the branch coverage for a given history of E{W,|7} = 1+ Tt T (t) (23)
testing simulation. Let;,t = 1,2,3,...,T, bethe cumula- v+ G(t)
tive number of actual branches covered from the beginning
of the testing simulation up to time Letn, be the number ~ From this expectation, we can expect the total number of
of interruptions up to timd". Let W, be the random vari- Pranches\, to be covered at time= 7"+ 1 for a given his-

ables of the sizes of the interruptions- 1,2, ..., n7. We tory of testing up to timd’. At the exact timel’, we know
have: that we have covered; branches. The expectation of the

nr size of the interruption at tim& + 1 is E{Wr.|Z} given
Xr = Z W, (16)  thatthere will be aninterruption at tin7e+ 1. Now, our ex-
=1 pectation that there will be an interruption at tiffiet- 1 is

Th ditional distributi for the i fi . the correlation functiop(T" + 1). Thus, the expected value
e conditional distributions for the sizes of INterruptions, ¢ -, 4t time7" -+ 1 given the history of testing up to tinie
Wis, given that there will be interruptions attimgand the  jg-

occurrences of interruption®),, have the following distri-

butions: E{X\|Z} = wzr + E{Wrn|Z} xp(T +1) (24)
—Be guwr—l _ r+xr —nr
Wil{Dy, Bi}  ~ ﬁ dy (17) = @er + (1 t—rem T 1))(25)
x Cf(T+1)

Di ~ p(t)d(t)+q(t) (1-d(t)) (18)

In order to start the Bayesian analysis, the Likelihood func- Where¢ can be set such thatt) = 1 at timet = 1:
tion of 8; shouldfirst be estimated from the data of the veri-

fication history andd. Given the distribution functions of ¢ = L = 1.44 (26)

Equation 18, the Likelihood function @¥; can be estimated In(2)

to be: . I __ .
L(,Bt|1zi,d_') x e B G x grim (19) We use the stopping criterion similar to that in [23, 12]

and not only for the next unit of testing timtebut also for
wheregs; =  g(t) for some constant and a decreasing the remaining expected coverage (if#{X:}) utilizing the
functiong(t), G(t) = Zj:d-:l 9(j), =, is the coverage up  proposed expectationin (23). More details on the derivation
to timet, andn; is the number of interruptions up to time of the statistical models in this section can be found in [26].



4. Experimental Results and Comparisons function, fm, defined as:

The experiment setup included a functional test phases fm = cov—att (27)

followed by 4 different random test phases. Each stoppingwherecow is the branch coverage percentage reached after
rule was applied to all the phases to decide when to stop anchpplying the stopping rule, and is the number of testing
switch to the next test strategy. The abbreviation of eachynits (clock cycles) used. Thien function gives the indica-
stopping rule used is shown in Table 1. 14 different VHDL tion of the eficiency of a given stopping rule when applied
models were used in our experiments. The characteristicso a behavioral model. However,in equation (27) should

of these 14 VHDL models are shown in Table 2. Table 3 pe set such that it fects the cost/befiieratio of verfication
shows the results of applying all the existing stopping rules versus quality. In our comparison analysis, we select three
as well as the proposed static Bayesian stopping rule to vergifferent values forx to show the effectiveness of the pro-
ifying 14 VHDL models listed in Table 2. For each entry posed stopping rule. Them results for the different stop-

in Table 3, the number on the top is the number of branCheSping rules and for the three selectedralues are shown in
covered during the vditation process, and the number be- Taple 4 in a normalized form.

low is the total number of test patterns applied during the

P: Number of Process Blocks

C: Input Control Bits
B: Number of Branches
DCFG: Depth of Control Flow Graph

Table 2. VHDL Models Characteristics

verification. Figure of Merit a0=50x10"°
1.2 T T T T T T T T T T
Orig:  Original Run without stopping o gglg
SS1:  Sequential Sampling Fixed i Al
SS2:  Sequential Sampling Variabte v "mz
HW1: Howden First Formula o -
HW2: Howden Second Formula £ X
BM: Binary Markov Model s
DL: Dalal-Mallows Cost Rule o6
CP:  Compound Poisson Rule E,
SB: Proposed Static Bayesian Rule - 04k
Table 1. Stopping Rules 02 g B L !
oY AL SN
B uh ) 1
S)‘/S782‘518(‘)‘1 Béll 865 BE)G 867 868 BE)9 BiO Bfl BiZ Biz; ‘BiS
Moded LOC P C B DCFG VHDL Models
Sys7 3785 62 7 591 7
8251 3113 3 12 207 9 Figure 2. fm at a = 50u
BO1 1880 7 9 373 8
B04 4657 42 15 251 3 Table 4 shows that the figure of merite values of the pro-
BOS 5015 46 19 302 6 posed SB stopping rule are of the highest values for most the
BO6 4667 39 16 225 6 examined behavioral models when « is set to 10y, which
BO7 471039 16 225 6 indicates the cost of continuing testing is low. We notice
B0O8 4949 52 15 296 3 .
BO9 4963 46 19 302 6 that for a = 104 there are 30 cases out of 126 in the Tg
B10 4777 39 16 225 6 blethat yielded better fm valuesthan that of SB. Whena is
B11 4752 42 15 251 3 set to 50, which indicates the cost of continuing testing is
B12 4973 46 19 302 6 medium, only 9 cases yielded better fm valuesthan that of
B14 5498 53 21 399 6 SB. Figure 2 showsthe figure of merit lineswhen o isset to
B15 5770 66 21 470 6 50u. When the o value is chosen higher, 12 cases yielded
better fm values than that of SB. On the average across
LOC:  Lines of VHDL Code the behavioral models, however, the highest normalized fm

values were yielded by the SB stopping rule when « is set
to 50 and 100x. The next best normalized fm is0.99 for
a = 50u, and 0.97 for « = 100u both yielded by the HW1
stopping rule. When « = 10y, we found slightly better fmn
valueswith BM, HW1, and HW2 methods. We notice that
these three stopping rules use the confidence-based criterion

To compare the proposed static Bayesian stopping rulein the stopping decision, and they yielded higher fm values

with the existing stopping rules, we use Rigure of Merit

when the cost of testing isalmost negligible. That showsthe



M odel Orig SS1 SS2 HW1 HW2 BM DL CP SB
Sys7 568 536 538 536 536 536 536 547 535
54283 1039 1858 927 969 1025 1235 6287 661
8251 161 73 73 79 79 81 75 112 74
81500 3259 3812 2769 2906 3033 5712 9600 2275
BO1 200 177 142 128 155 128 128 135 128
80000 8169 3352 1010 11084 1211 1211 4200 1854
BO4 223 220 218 206 214 214 219 217 199
80000 10282 5047 1894 2468 2557 11755 17100 631
BOS 259 234 251 251 251 251 252 253 232
80000 10795 7122 2092 2343 2431 5318 10800 808
BO6 210 192 192 192 192 192 204 204 192
80000 8725 4618 1240 1407 1439 7110 4500 673
BO7 210 196 198 196 204 196 196 204 195
80000 8963 4660 1322 3904 1621 1132 4500 789
BOS 274 268 268 263 263 273 273 273 273
80000 12447 6122 1392 1405 2283 8427 9600 2249
B09 260 234 251 234 251 251 252 253 232
80000 10795 7122 1512 2053 2470 5324 7800 809
B10 210 197 198 204 204 204 196 208 208
80000 9068 4660 1488 1711 1781 915 4200 2181
B11 223 220 218 206 214 214 219 217 199
80000 10282 5047 1894 2468 2557 11755 17100 631
B12 259 234 251 234 251 251 252 253 232
80000 10795 7122 1545 2085 2462 5318 6900 808
B14 257 248 248 244 244 244 248 253 245
80000 11367 5712 1892 1900 1991 1618 21000 1982
B15 415 351 351 350 350 350 418 383 364
80000 16190 7906 1892 1900 1991 80002 9000 2080

Table 3. Stopping Rules’ Coverage Results

effectiveness of the confidence-based criterion in the stop-
ping decision when the testing cost is very low. However,
the proposed SB stopping rule shows robustness for amuch
wider range of testing costs. Table5 liststhe normalized av-
eraged fm valuesfor the three selected o's.

5. Conclusion

We have presented a more efficient stopping rule to im-
prove the efficiency of behavioral model verification. The
stopping rule used a static Bayesian methodology utiliz-
ing experimental statistical behavior to estimate the “ good”
point to switch or stop the testing process. The proposed
stopping rule incorporates the cost model criterion in the
stopping decision. Results show that the proposed stopping
rule outperformsthe existing stopping rulesin terms of effi-
ciency measured by afigure of merit function. Moreinves-
tigation and better choices of stopping criteriacould be used
for better performance.
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