1997 IEEE International Conference on Intelligent Processing Systems

October 28 - 31, Beijing, China

Level-Oriented GA-Based Test Generation of Logic Circuits

Wangning Long, Shiyuan Yang, Yinghua Min ¥, Shibai Tong

Automation Department
Tsinghua University
Beijing, 100084, P.R.China

*CADLab,ICT
The Chinese Academy of Sciences
Beijing, 100080, P.R.China

Email:  longwn@hotmail.com, ysy-dau@inail.tsinghua.edu.cn, min@mimi.cnc.ac.cn

Abstract - This paper investigates the technique of level-
The fitness

Experimental results show

oriented GA-based test generation of logic circuits.
calculation method is improved.
that the improved fitness calculation method is more effective
Besides, it is also showed that GA

method is better than normal random method, and the adaptive

than the previous one.

P.™M does not necessarily result in higher test generation per-
formance. With the rapid development of parallel computing,

GA-based test generation is promising for practical applications.

I. INTRODUCTION

Genetic algorithm (GA) is a kind of guided random method.
It imitates the mechanism of genetic evolution of creatures.
GA is effective and robust in solving optimization problems.
Besides, GA is convenient for parallel computing. There-
fore it is widely used in many fields nowadays.

The problem: of test generation is NP completed. Al-
though some test generation systems have been reported, the
problem remains a hot topic. This is mainly because of the
fact that circuits are becoming larger and larger.

Recently, some researchers have tried to solve the test

generation problem by using genetic algorithm!"™., M.

Srinivas and L. M. Patnaik present an adaptive crossover and

mutation probability calculation method in [1], based on
which adaptive GA (AGA) is proposed.
attempts.to apply AGA to test generation of stuck-at fault for

They make some

combinational circuits. They choose circuit level where a
fault signal is propagated aé the basis of calculating fitress.
It is claimed in [1] that the results are obviously superior to
that of the simple GA (SGA).

“analysis in [1] are limited.

Howaever, the experiments and

In this paper, some detailed investigation and analysis of
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level-oriented GA-based test generation of logic circuits are
Meanwhile the fitness calculation method is

improved to meet the requirements ‘of multi-output circuits.

presented.

Experimental results show that our method is more effective
than the previous one for most ISCAS’85 benchmark circuits.

The remainder of this paper is organized as follows. In
section II, the approach and the algorithm of the level-
oriented GA-based test generation is discussed in detail and
improvement of fitness calculation is made. In section 1iI,
some experimental results are given. Finally in section IV,

conclusion is made.
II. APPROACH AND ALGORITHM

First, some important concepts of the GA-based test gener-
ate of combinational circuits are introduced briefly.

An individual, or a chromosome, is a binary vector which
represents a primary input pattern of a circuit. The length of
an individual equals to the number of the primary inputs of
the circuit under test. '

A generation is a group of individuals. The number of
individuals in a generation is usually a constant, which is
determined by the complexity of the circuit. The first gen-
eration is usually produced by a random method, and the
following generation is produced by using sélection, cross-
over, and mirtation, which are taken as ﬂnee operatdrs of
genetic algorithms. | ,

How to select individuals from the generation is important
to GA applications. Roulette wheel is a common used se-
lection method, by which the better the individual is, the
higher the choosing probability is. The goodness or badness

of an individual is determined by its fitness, which is an re-

- 563 ~



search emphasis in most GA applications. A suitable fitness

~ calculation method will make GA more effective;

GA may be inefficient, even worse than normal random
method. When an optimization problem is. mammlzatlon e
problem, the higher is an individual’s ﬁtness the better isit,

and the hlgher should be the probability of choesing it.
After two individuals are selected, crossover is performed
Frrst a umform
Ifx < Pc, ‘the

two vectors exchange some bits with each other so as to gen-

according to the Crossover'probability"(PC).

random number x (-0 < x < 1) is generated.
erate two new individuals othervwse the two individuals
" are unchanged Crossover is ‘an nnportant feature ‘of GA
“method. Wlth ‘crossover operanon ‘the goodness of the

parents may be combined so as to make the new mdrvrduals

better than thexr parents. In our system, srngle pornt (nnddle
© point) binary crossover is adopted.

" Mutation is another important feature of GA. For every
b1t of an 1nd1v1dua1 a umform random number x(0<x<1)
is generated. Ifx < P,, ( probability of mutatron ), the: Bit is

set to the opp051te value, ie., 1-0, or 0—>1. Mutation in-
troduces some changes into the new generation so as totpre-
vent the premature convergence of the population.

Fnzure 1 shows the main frame of the GA-based test gen-
eration algorithm. The first generation is generated by ran-
donr method. To evaluate ihe individuals in the current
. The

fault simulator used in our system is the concurrent fault
0 '

generation, fault simulation is carried out for each one.

sxmulator
deleted from the fault set.
(stop condition) is checked.

Then the convergence -condition

If the convergengce condition is
not achieved, some pairs of individuals will be selected ac-
cording to their fitness to do crossover and mutation. By this

way a new generatxon is produced. The procedure is contin-

ued until the convergence condition is achleved and then the

final réport is printed.

GA-based Test Generation( )
Initialize the first population;
do {

for (every 1nd1v1dua1 x in the current populatxon) {

otherwise, .

“taken as the basis of ‘calculating fitness.

Once a fault is detected by an individual, it.is

" Take fault simulation with x as the PI vector;
. Evaluate the fitness of x;
y ,

if (convergence condition is not achieved)
' ) {

Select a palr of individuals;

for(z— ; 1<popszze/2
Do crossover and muta'non,
yo h
"} whilé (convergence condition is not achieved);
Make final report;

Figure 1 - Main frame of GA-Based Test Generation:
A What,information is taken as the basis of calculating fitness
In [1], the level where a fault |

signal is propagated and the maximum level of the circuit are

are fatal.to. GA applications.

“The formula of
¢alciilating fitness in [1] is as follows: '

Z(Z m

where LU= SN )is the fitness of the Jth individual, N

1s the number of the individuals in a generation, /, is the

rnaxrmum level of the circuit, /; is the level where the signal
of fault ; is propagated when the jth individual is taken as the
primary input véctor, and F is the undetected fault set. The
objective of the genetic algorithm is to minimize f. .

’ Although (1) reflects the fact that the smaller the f is, the
better the 1nd1v1dual seems; it is not true in most practical
circuits which are usually multi-output circuits and their, pri-

mary outputs locate atkdrfferent levels.. Once a fault signal is

“propagated to any primary output, the fault is regarded as

detected. PO; and PO, in figure. 2, for example, do. not-
locate at the same level. " Without loss of generality, suppose
a stuck-at fault appear at primary input PL. If individual a
propagates the fault signal to point 4 which locates at the 2nd -
level, and another individual b propagates it to point B which
locates at the 3rd level.. The maximum level of the circuit is

5. According to (1), vector b is superior to vector a. How-

ever, in fact,y,vastpoint 4 is only one level from the prinlary

output PO, and point B is two level from the primary output

PO, it is obvious that vector 4 is superior to vector 5.
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Figure 2 An example circuit whose primary outputs locate at

P17

different levels

It is noticed that to adopt the maximum level of the circuit
as a parameter in (1) is not suitable. Instead, the level of the
nearest primary output from tﬁe location where the fault sig-
nal is propagated is a better choice to evaluate a individual.
Therefore, (1) is improved as fbllowing:

fj=Z(loji"1ji), )
i€F ~
where [, is the level where the signal of the ith fault can be
propagated when.the jth vector is taken as the primary'input
pattern, /,; is the level of the nearest primary output from the
prépagated point, and the rest parameters are similar to that in
(1). In the next section, it will be showed by experiments
that (2) is more effective than (1).

Srinivas and Patnaik propose to adopt adaptive P, and
adaptive P,, in [1], because they thought that AGA is more
effective than SGA. But the fact is that although the adap-

tive P, is effective in many GA applications, it seems unnec-
If P, is less than 1, there is
some chance that some individuals in a generation may exist

in the next generation, but no faults can be detected when they

essary in case of test generation.

are used to do fault simulation. The only effect is that it can
be taken as seeds which is passed to the next generation.
Therefore it may sometimes be more effective to set P, to 1.
However, it is still a good idea to use adapti\}e P, which
makes it possible to introduce more changes to a worse indi-
vidual and avoid too much changes for a better ihdividual.

In [1], P, is calculated by (3) and (4) and P, is calculated
by (5) and (6) for maximization problems as follows:

o=k S =W S = ) Lif 12 F 3)
p. =k, Jf f'<f 0 @

pm=k2(fmax"f)/(fmax—f) ,1f fzi (5)

Pu =k, Jf f<f (6)
where k;, k,, k3 and k4 are constant, which wesetas k, =k =1,
and ks = ks = 0.5, f... is the maximum fitness in the current
generation, 7 is the average fitness of the individuals in the
generation, f° is the larger fitness of the two individuals se-
lected, and fis the fitness of the individual that will do muta-
tion. .

For minimization problems, P, is calculated by (7) and (8)
and P, is calculated by (9) and (10) as follows:

Pe =k (f = fuin) ! (f = fmin) »if f'ST Q)
p. =k, Jif 1> F (8)
P =ka(f = foin) ! (f = fruin) »if f<F ©)
ﬁln =k4 ’if f>.i (10)

where f,;, is the minimum fitness in the current generation, /'
is the less fitness of the two individuals selected, and the rest
parameters are similar to the above.

In this paper, the calculation of P, adopts (5)(6) or (9)(10),
while ‘P, with adaptive’ means that P, is calculated by (3)(4)
or (7)(8) and ‘P, without adaptive’ means that P, is set to 1.

HI. EXPERIMENTAL RESULTS

The level-oriented GA -test genergtion system is imple-
mented at the sun 4/20 workstation. - The ISCAS’85 bench-
mark circuits are used to scale the test performance. The
concurrent fault simulator®! are used to take fault simulation.

The fault set is the unreduced stuck-at fault set. A common

~used index in GA application, the number of generation, is

-adopted to evaluate the performance of various method, in-

cluding random method. The number of individuals in a
generation is set to 100. For example, 16 generation means
that 1600 vectors are generated in the whole process, and the
concurrent fault simulation is called for 1600 times.

The comparison between GA and random method is listed
in table 1, in which ‘No.G’ denotes the number of generation,
‘F.C.”> denotes the fault coverage. The convergence condi-
tion is set as following: the program stops when (i) fault cov-
erage > 0.99, or (ii) there are continuous 6 generations which
have the same fault coverage. »

In table 1, GA2 uses the improved fitness calculation for-

mula (2). The objective here is to minimize £, which means
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Table 1 Comparxson of 1andom method
S and GA method
k _,Cireuit_’_\ ) :\_Random 1. fi_&GAZ A
| Name [ Nog | Fe. [o.g] FeC |
C432 | 13 09624| 9 [09624
c499 | 11 Jo.9909| 12 [0.9909
csgo | 31 |0.9915] 24 [0.9896
C1355 | 13 ./0.9915| 13 |0.9915
c1908 | 31 }0.9900| 39 |09914]
C2670 | 20 -10.8352] 16 |0.8350
C3540 | 32 09606 26 |0.9604
Cs5315 [ 8 10.9904] 6 [0:9943 ]
C6288 | 1 09943 1 |0.9943f
4c75525 24 _0 9367] 21 [0.9372

that the smaller is f the h1gher is the probab1hty of choosing
it. . -Therefore, the formula of calculating selectlon probabil-

, 1I;ij1s d_ev‘i’gedkas following:

Pj =

Z f, |F| (1D
i iy iEF

where |F] denotes the size of the undetected fault set F

... Table 1 shows that.for. 10 benchmark circuits, there are 6
circuits -for which &GA2 is. Betteri_than random. method, - while
~only 2 circuits for which GA2 is worse than random method.
Jtsshows that 4C2670 is hard-to-test by both GA2 and random
~methed.. Besides it also;shows that for C6288, both methods
reach a fault'coverage as high-as-99.43%: at the end of first
generation. .+ /T_herefore . C6288. is - ease-to-test by random
method, and. GA’s. effectiveness ean not be.noticed. in this
~cirguit. . ; ' . , .

i: Figure 3. lists the cofnparison -of the average performance
between GA and normal random method. - GA2 is. also used
here. - The curves in the figure 3 are the-average performance
-of testing the 10 benchmark circuits of ISCAS’85 with the
two methods. The X-axis denotes the number of generation,
and the Y-axis.denotes the average fault coverage. It shows
..that the .average performance of GA2 is better than that of
random method from the 10 to 18 generation. —

Table 2 lists the comparison of various fitness calculatlon

methods.\ /GAl adopts the fitness calculation method i in [1]

_tion formula (.

—e— GA2 —0— Random

0.966
. 0.964
0.962
0.96

0.958
0.956
0.954 ST S
10 12 14 16 18 20 22 24 26

Figure 3 Comparison of average performance of GA and .

random method

which employs fitness calculation formula'(1) and P, calcula-
GA?2 is the same-as in table 1. GA3 is
similar to the GA2 except that its: fitness f is set to another
form so that the problem is become to ‘a maximization’ prob-

“lem. - The calculation of f anid P, is as follows.

Z(l Uy =1, ‘12
Ii= [F <1, 42
| s R
pp= S 7 - (18)
; ,
Table2 The comparison of vadous fitness calcula- -
o ~ ton metho_d -
Circuit GAl - GA2: « GA3
{ Name |No.G| F.C [No.G| 'F.C |No.G|. F.C.
€432 7 [0.9624 | 9 |0.9624 5[ 09616
C499 | 13 10.9922 | 12-]0.9909}:11 +0:9910
C880 | 20 [0.9761 | 24 0.9869}:131:+{ 0.9778
4.C1355 | 11:]°0:9908 ] 13 |0.9918} 11| 0.9908
C1508] 30 10.9903 | 39 10.9914%-30.| 0.991.1
C2670 | 17 |0.8354| 16 |0:8350| 11 | 0.8352 |
C3540 | 46 {0.9616 | 26 (0.9604|. 27| 0.9600 | -
C5315 | 9 10.9902) 6 [0.9910] 6 |0.9911
C7552 | 34109357 21.{0.9372} 23 1:0.9370

All the methods in table 2 are with adaptive P, and P,, so as

“to compare them conveniently. The convergence condition

s the same as in table 1.
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Table 2 shows that for 9 benchmark circuits, GA?2 is better
Besides, GA3 is better than GAl
for 6 circuits, and is equal to GA1 for two of the other 3 cir-

than GA1 for 5 circuits.

cuits. It is obvious from table 2 that the improved fitness
calculation method is more effective than previous one in
guiding the individual selection. | '
Table 3 lists the test results of the GA methods with and
without adaptive P.. GAl and GA3 have been discussed in
table 2, which adopt adaptive P and P..
GA3 except that P=1, and GAS is similar to GA4 except that

P = kol (frmax =) | (Fnax = F)F When f 2 f.

GA4 is similar to

Table 3 Comparison of cases with and without adaptive P,

Circuit GAl GA3 GA4 GAS
Name |[No.G| F.C |[No.G{ F.C |No.G| F.C [NoG| F.C.
C432 } -7 1096241 5 |0.9616] 5 [0.9608] 5 }0.9608
C499 | 13 0.9922 11 {0.9910f 11 }0.9922] 10 {0.9912
C880 | 2010.9761] 31 [0.9778]| 26 10.9920] 18 |0.9919
C1355}) 11 {0.9908} 11 ]0.9908] 16 |0.9908} 13 |0.9900
C1908{-30 |0.9903 | 30 |0.9911} 26 [0.9906] 31 [0.9900
C26701 17 |0.8354] 11 {0.8352] 15 {0.8365] 15 |0.8365
C3540| 46 |0.9616 | 27 10.9600] 30 |0.9606] 27 [0.9600
C5315|1 9 10.99021 6 [0.9911} 13 10.9904] 8 |0.9905
C75521 34 10.9357] 23 ]0.9370] 24 ]0.9376] 44 |0.9360

Table 3 shows that there is no obvious difference among
GA3, GA4 and GAS concerning with their test performance,
" while GAL1 is worse than GA4 and GAS in most cases. The
obvious difference in test performance between the AGA and
SGA in [1] is mainly because their SGA adopted improper P,
and Py, which is P, = 0.68 and P, = 0.005. Table 3 illus-
trates that adaptive P, do not necessarily improve the test

performance. Usually, P, could be just set to 1.

IV. CONCLUSION

| Above analysis and experimental results illustrate that as a
kind of guided random method, GA is superior to the normal
But it
is still a kind of random method, and it will be difficult to test
the rest hard-to-test fauits.

random method concerning with the test performance.

It is better to employ other meth-

ods, such as deterministic test pattern generation, to test the

rest faults. ,

It also shows that our improvement of level-oriented GA-
based test vgeneration method, which adopts the distance be-
tween the level to which the fault signal can be propagated
and the level of nearest primary output as the basis of fitness
calculation, is more effective than the previous one.

Lastly, the experimental results show that although it is a

good ideal to use adaptive Py, adaptive P, does not necessar-

~ily result in higher test performance as claimed in [1]. In

some cases P.= 1 seems to be more effective.

As GA is suitable for parallel computation, GA test gen-
eration method is promising to be practical in the near future
with the rapid development of the parallel computation tech-

nique.
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