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Abstract Genetic evolutionary algorithm is an effective and optimaltest generation
method. However, the method to select the algorithm parameters is often ad hoc re-
lying on empirical data. We use Markov-based method to modelthe genetic evolu-
tionary test generation process, parameterise the processcharacteristics, and derive
analytical solutions for selecting the optimisation parameters. The method eliminates
preliminary test generation calibration and experimentation effort needed to select
these parameters used in current practice.
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1 Introduction

Genetic evolutionary algorithm is a randomised, global search optimisation technique
used widely in applications where the objective function iscomplex for gradient-
based optimisation methods. The effectiveness of the genetic evolutionary algorithm
(GEA) method is governed by the parameters chosen for conducting the evolution-
ary optimisation. Selecting parameters in real-world applications using GEA often
involves conducting preliminary test runs using empiricalparameter values and itera-
tively refining the parameters. This approach facilitates immediate results, but it does
not necessary give the best parameters possible and is time consuming.

We consider the parameter selection problem for GEA, in particular in generat-
ing test cases applicable to verify hardware design for the semiconductor industry.
Verifying VLSI (very large scale integration) chip design is essential in checking the
new design. Test generation plays a crucial role in not only verifying the intended
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functions but also determining the cost of chip testing. It is highly desirable to gen-
erate tests that optimally meet the verification objective function. In chip verification
the objective function is complex with multiple goals and subject to nonlinear con-
straints. The GEA-based test generation has been shown to beeffective [1], [2], but
there is still no detailed parameter selection study reported.

In addressing the parameter selection problem, we establish the relationship be-
tween the self-adaptation characteristics of the evolutionary cycle and the selection of
GEA parameters. We then model and parameterise the test casegeneration process,
and derive analytical solutions for selecting the requiredparameters.

Markov modelling approach is used in this work as a GEA flow contains many
sub-processes with independent states. Markov models havebeen previously em-
ployed to model the entire GEA process for analysis and extracting basic information
[3], [4], [5]. However, a GEA process for most application domain requires too large
a Markov chain for successfully modelling the entire flow andcan be too complex
to analyse. Rather than restrict one Markov chain to represent the entire flow, we use
multiple smaller Markov models instead. We decompose the GEA process into sub-
processes based on a key observation we made on the self-adaptation characteristics
of the evolutionary cycle.

The contribution of this study is a systematical and analytical solution to the pa-
rameter selection difficulty in generating test using GEA. The method should pro-
vide the semiconductor industry an effective aid to verify new VLSI hardware design
whose complexity in circuitry and functionality will only increase.

2 Problem statement

We present the genetic evolutionary algorithm (GEA) process of which tests are gen-
erated, then formulate the parameter selection problem in generating tests to verify
hardware circuit designs.

2.1 Genetic evolutionary optimisation

Suppose the optimisation problem is to findx so as to

max
x∈Ω

fc(x)

subject to fs(x) ≤ M,

wherex is a test from the input test space of the test generationΩ , fc(x) is the test
coverage fitness function of the VLSI chip when exercised byx, fs(x) is the function
that evaluates the size of the test, andM is the maximum size of the available memory
capacity to hold a test for execution.

The underlaying idea of GEA applied to solve the problem is asfollows. LetPµ(z)
(respectively,Pλ (z)) be the parent population set (respectively, offspring population
set), of thezth generation with its individual population inΩ . TheQ set denotes a
set of individuals for possible selection. The execution flow of the GEA process is
expressed in Figure 1.
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Genetic evolutional algorithm
begin
z = 0
initialise Pµ(z)
evaluatePµ (z)
while termination condition is false{

begin
Pλ (z) = variationPµ (z)
evaluatePλ (z)
Pµ (z+1) = select (Pλ (z)∪Q)
adjust weights of variation operators
z = z+1 }

end while
end

Fig. 1 Genetic evolutionary algorithm with self adaptation for test generation

The initialise function creates an initial population of solution Pµ(0) via a random
selection procedure. Each individual inPµ(0) is evaluated to obtain feasible solutions.
The objective function used in the fitness evaluation can be single-objective or multi-
objective (more details in [2]). Based on this evaluation, anew set of individuals are
created with variation operations on individuals inPµ(0). The objective function is
then evaluated for each new individual inPλ (0) to assess its fitness. The population
to be selected for the next evolutionary cycle is chosen fromthe created population
Pλ (z) and the setQ, which is derived from using two evolutionary strategies [3] such
that

Q =

{

Pµ(z) if ( µ + λ ) evolutionary strategy is used;
/0 if (µ ,λ ) evolutionary strategy is used.

The operation of adjusting variation weights for self-adaptation then follows. The
procedure repeats iteratively, generating populationsPλ (1), Pµ(2); Pλ (2), Pµ(3); . . .,
until an appropriate stopping criterion is met.

2.2 Parameter selection in test generation

Test generation provides the stimulus that drives a hardware circuit to verify the de-
sign and uncover bugs. The GEA-based test generation utilises a set of environment
level parameters provided by the test engineer to operate. The selection of the pa-
rameter values determines the evolutionary characteristics and controls the quality of
the tests generated. The GEA parameter selection problem then involves finding a
technique for selecting the parameters that facilitates effective test generations. We
pose the problem as to parameterise the GEA optimisation process with identifiable
parameters that lead to effective test generation, and to derive an analytical-based
technique for selecting these parameters.
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3 Approach

Markov representation is used to model the evolutionary cycle. This is based on the
observation that the new population of tests depends on the GEA variation applied to
the test population from the previous evolutionary cycle only.

Modelling the entire GEA test generation with one Markov chain is not practical.
It can lead to a high dimensional state model that makes the problem intractable.
Instead, we consider using multiple smaller Markov models.When analysing the
GEA process, it becomes clear that the operations within theGEA iteration, i.e.,
inside the ‘while loop’ in Figure 1, are separatable into sub-processes, with each sub-
process satisfying the Markov properties.

Three sub-processes have emerged from the analysis of the evolutionary iteration
of the GEA test generation process: (i) the self-adaptationin the iterative cycle, (ii)
the self-adaptation in the entire evolutionary process, and (iii) the progression of test
population. In the GEA test generation, the parameters regarded as important for the
evolutionary process are: the number of evolutions, the parent population size and the
offspring population size. These parameters and the three sub-processes are directly
associated.

We will describe these sub-processes and present the Markovmodels and their
use in selecting the optimisation parameters.

4 Modelling self-adaptation in the iterative cycle

The GEA self-adaptation adjusts the variation weight variables after every evolution
cycle. As shown in Figure 1, the operation of adjusting variation weights for self-
adaptation takes place inside the ‘while loop’.

The goal of GEA self-adaptation is to optimise the objectivefunction of the test
generation via appropriate usage of the variation operators. We use the ratio of suc-
cessful variation to non-successful variation as a measureof usage, and adopt the
Rechenberg’s rule, which states that a target success ratioshould be 1/5 [6].

Within a GEA test generation context, a variation is considered successful if the
test coverage acquired from the newly varied test is greaterthan the coverage of the
original test which was varied to create the new test.

The operation of variation adjustments is conducted such that if the achieved suc-
cess ratio is outside an acceptable margin, then apply increment or decrement adjust-
ments to the weights of the variation operators. The weight represents the probability
of usage of the variation operator. We model the state transitions of this variation
adjustment by a Markov chain.

4.1 The variation adjustments Morkov model

Let the set of states of the Markov chain be{A,D,S}, whereA represents the state
the usage of a variation is increased,D is the state the variation usage is decreased,
andS represents the state when the variation’s target success ratio has been achieved.
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Figure 2 is the Markov state diagram showing the statesA, D andS and their
transition relationships. The variablew represents the probability of usage that can
increase, decrease, or be no change. The transition probabilities of the Markov chain
are deduced as follows. The probability of transition within the same statesA or D is
w. TheS state is absorptive1, therefore the transition probability to itself is 1.

The probability of enteringS from previous increase or decrease state is always
lower than the probability to continue increasing or decreasing. It is therefore a frac-
tion of w, taken ase ·w, where 0< e < 1. As transition probabilities exiting eitherA
or D must sum up to one, the transition probabilities forA → D andD → A are both
(1− (1+ e)w).

Fig. 2 Markov model for the variation adjustments in the GEA self-adaptation process

The transition matrix forA, D andS is

P =

A




w
1− (1+ e)w

0

D
1− (1+ e)w

w
0

S
ew
ew
1





A
D
S

(1)

Here the matrix elementpi j specifies the transition probability from thei state to the
j state. The transition can remain in the same statei, and its probability ispii.

4.2 Determining the parameters

We now analyse the Markov chain to show how to extract fromP information regard-
ing the number of evolutions required for the GEA test generation.

MappingP in (1) into the canonical form of an absorbing Markov chain transition
matrix, as in [7], we obtain

P =

TR
(

Q
0

ABS
R
I

)

TR
ABS

(2)

with

Q =

(

w 1− (1+ e)w
1− (1+ e)w w

)

and R =

(

ew
ew

)

,

1 A Markov state is said to be absorbing if the probability of leaving that state is zero.
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where TR and ABS denote the transient and absorbing states,Q gives the probabilities
of transition within transient states,R shows the probabilities of transition from a
transient state to an absorptive state, andI is the identity matrix.

Let n denote the number of state transitions. The expression forPn is

Pn =

(

Qn NnR
0 I

)

, (3)

whereQn indicates the probabilities of transitioning within the transient self-adapting
increase or decrease states aftern transitions and before entering the absorbing state,
andNn = I + Q+ Q2+ ...+ Qn−1.

In an absorptive Markov chain, ifn → ∞, thenQn → 0 andNn tends toN =
(I −Q)−1. Thus,N is evaluated from

N = 1
ew(2−ew−2w)

A
(

1−w
1− (1+ e)w

D
1− (1+ e)w

1−w

)

A
D

(4)

The expected number of transitions that transversesA or D before being absorbed,
called the time to absorption, is obtained by summing the rowelements ofN. This
result gives the number of evolutions required for the GEA test generation process.

We use the verification of a VLSI chip design as an applicationexample to illus-
trate the method.

To solveN from (4), the values fore and w are provided with the following
consideration.

We observed that achieving the target success ratio of variations was usually dif-
ficult. In the best case, it requires at least ten evolutions of increasing or decreasing
weight adjustment before reaching the target success ratio. This is a tenth of the vari-
ation application for the likelihood of realising the ratio. Thus, the fractione is taken
ase = 0.1 in this application example.

For w, we provide the lower and upper values. We obtain the lower value by
observing that the probability of changing between increase or decrease states is not
greater than the probability of maintaining the same self-adaptive variation. Thus, we
express their relationship asw ≥ 1− (1+ e)w. If e = 0.1 is used, thenw ≥ 0.48. For
the upper value forw, we assignw = 0.9; it represents the near maximum probability
value of the variation weights that bring about changes between transient states in the
GEA test generation process.

The numerical solutions ofN are

N =

(

13.1 9.9
9.9 13.1

)∣

∣

∣

∣

w=0.48, e=0.1
and N =

(

10.1 1.0
1.0 10.1

)∣

∣

∣

∣

w=0.9, e=0.1

The results indicate that before the Markov chain is finally absorbed intoS, varia-
tion can (i) remain in an increasingA or decreasingD state for 10.1 to 13.1 evolution-
ary cycles, and (ii) transition betweenA or D states from 1 to 9.9 cycles. In addition,
the times to absorption are

t =

(

23.0
23.0

)∣

∣

∣

∣

w=0.48, e=0.1
and t =

(

11.1
11.1

)∣

∣

∣

∣

w=0.9, e=0.1
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From a parameter selection viewpoint, we are interested in the number of transient
states the variation undergoes. In order for the GEA processto achieve absorption,
at least 23 evolutions must be conducted. If ideal conditions are assumed, then only
11 evolutions are needed. However, in real applications, one must allow at least 23
evolutions to take modelling uncertainties into account.

5 Modelling self-adaptation over the entire life cycle

We now model the characteristics of the variation and its usage over the evolution life
cycle. The model is used for analysing the long-term usage behaviour of the variation
operators.

A GEA process can end with one of the following states: the goal stateG, which
represents the level of variation at which the 1/5 target is successfully attained; the
upper boundary stateU , which represents an undesired condition when the upper
variation bound is being applied; and the lower boundary state L, which represents
another undesired condition when the lower variation boundis being applied. These
three states are all absorptive.

We further define two transient states to represent the condition of variation before
it becomes absorbed. We useE to represent the state in which variation weight holds
the intermediary value above the minimum value representedby L and the eventual
target value at whichG occurs. Similarly,H is the state for values betweenG andU .
TheE andH states here and theA andD states of the Markov model in Figure 2 are
closely linked and will be discussed shortly.

The transition relationships ofG, L, U , E andH that model the self-adaptation
characteristics in terms of variations over the entire lifecycle are represented by the
Markov chain in Figure 3. Their transition probabilities between states are now de-
rived.

Fig. 3 Markov model for the self-adaptation of the process life cycle

Let c be the number of times a variation usage is continually increasing or de-
creasing, ands be the number of times a variation usage is switching betweenin-
crement and decrement. In effect,c is proportional to the probability of the variation
under continual change from one evolution to the next, and corresponds to the state
transition of the Markov model in Figure 2. Similarly,s is proportional to the prob-
ability of the variation switching. It follows thatc is the transition probability forE
transversal toH, and also for theH → E transition. For the transitionE to G to occur,
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it requires a change opposite to what was previously appliedin order to avoid over-
shooting past the goal stateG. Thus, the transition probability iss. The same applies
for the transitionH → G.

The transitionE → L is where the variation usage undergoes decrement. It cor-
responds to the transitionsD → D andA → D, whereA andD are the states of the
Markov chain in Figure 2. The transition probability is(c + s). Similarly, the transi-
tion probability forH →U is (c + s).

For the transitions ofE to itself andH to itself, they are the usage of increment or
decrement. Here the variation weights are adjusted but remain in the same interme-
diate state. Such changes correspond to any of transitionA → A, A → D, D → A, and
D → D. The transition probability forE → E is 2(c+ s), and is the same forH → H.
As the statesG, L andU are absorptive, the transition probability to itself is 1.

Transforming the transition matrix of the Markov chain of Figure 3 into the ab-
sorptive Markov chain canonical form, we acquire the fundamental matrixN and
associatedR as

N = 16(c+s)2

4(c+s)2−4c2

E
( 1

2
c

4(c+s)

H
c

4(c+s)
1
2

)

E
H

(5)

R =

(

1
4

s
4(c+s) 0

0 s
4(c+s)

1
4

)

. (6)

The long-term probabilities of the GEA process being absorbed intoG, L or U
are obtained from the matrix productNR with n → ∞. Takingw = 0.48 ande = 0.1,
and obtainingc ands from (4) by noting that they are the transition probabilities of
theA andD, we have

NR =

L
(

0.54
0.15

G
0.31
0.31

U
0.15
0.54

)

E
H

(7)

This matrix product is interpreted as follows. If the test generation began in the inter-
mediate transient stateE, there is a 0.54 probability of absorption into the boundary
stateL, or a 0.15 probability of absorption intoU when the GEA process terminates.
These outcomes are vice versa if the initial state isH. Regardless of which state
variation starts from, there is a 0.31 probability of attaining the target success ratio.
Avoiding absorption intoU or L is important because once a variation attains the
maximum or minimum boundary values, applying further variation will continue to
be either excessive (U) or insignificant (L). This results in a runaway condition for
the GEA process and recovering from such a condition is difficult. In short, attaining
G is a desired goal, and avoidingU andL is just as important.

Besides revealing possible long-term value ranges of variation usage adjustments
and weights, the Markov chain in Figure 3 is used to build the Markov chain that
models the progression of generating test population.
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6 Model the progression of test population

Consider the GEA execution flow shown in Figure 1. At every cycle, the GEA pro-
cess creates new tests and selects existing parent and new offspring tests for the next
evolution population. Modelling these operations enablesus to examine the ratio of
existing and newly created tests that are selected to make upthe next evolution popu-
lation. We can then deduce from the analysis appropriate test population size param-
eters.

We define the following states to represent the ratio of offspring to parent tests
making up the test population during each evolutionary cycle.
V : Half the population is entirely new offspring tests.
X : Half the population consists of more offspring tests than parent tests.
Y : Half the population is less than or equal to the number of offspring to parent tests.
J: Half the population is mostly parent tests, with only a few offspring tests.
The statesV , X andY are transient states, andJ is absorbing state. Shown in Figure 4
is the Markov chain. The transition probabilities are made up of µ , the number of
parent tests, andλ , the number of offspring tests.

For the transitionsV → V andX → V , the test population selects only offspring
tests, hence the transition probability is proportional toa population ratio of 2λ/µ .
For V → X , X → X andY → X , as greater offspring tests are selected, the ratio is
also a fraction of 2λ/µ . There are more parent tests being selected inX → Y and
Y → Y , therefore,λ/µ is appropriate. WhenY → J occurs, much more parent tests
are now selected, thus,λ/µ is used again. Additional factorsa1 to a8 based on the
Markov model in Section 5 and other practical chip verification considerations are
also incorporated into the transition probabilities. For the purpose of this section,
where only population sizes are of interest, we express the transition probabilities
and focus our analysis usingµ andλ only.

Fig. 4 Markov model for the progression of test population

A goal of GEA test generation is for greater offspring tests to be selected, which
requires the offspring population size (λ ) to be as large as possible. To establish
an upper limit onλ , we analyse the Markov model of Figure 4. By evaluating the
fundamental matrixN, we maximise the expected number of times the test generation
achieves stateV for theV →V transition; in order to determine the ratio of offspring
and parent test sizes for GEA test generation such that greater offspring tests are
produced and selected for as many evolutions as possible. Maximising theV → V
transition matrix element ofN, the analysis is as follows.

max

(

0.56µ −λ
0.56µ

)

= max

(

1−
λ

0.56µ

)

⇒ min

(

λ
0.56µ

)

⇒ λ < 0.56µ . (8)
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Equation (8) suggests the desired ratio of offspring to parent population size can
be chosen to be approximately 1:2. To determine actual population sizes, we first con-
sider what the parent test population should be. The parent test population size is the
test population used at the beginning of each evolutionary cycle. The parent and off-
spring sizes must be sufficiently large to provide a good diverse mixture of tests, but
must not be too large to become inefficient to implement. In the chip verification ap-
plication, our test building block library holds approximately 30 test building blocks,
hence the parent population size (µ) is set to 30. From (8), the offspring population
size (λ ) is 15.

7 Closing remarks

The analysis of the self-adaptation characteristics process and model enables the
number of evolutions to be chosen for generating test cases.It was shown to be at
least 23 evolutions. Modelling and analysing the progression of test generation shows
that the offspring to parent population size should be at an approximately 1:2 ratio.
We have demonstrated that the devised Markov modelling and analytical parameter
selection strategy can be applied to GEA procedures. In addition, the methodology
is flexible, allowing practical considerations to be incorporated separately to handle
practical constraints imposed by the application and the implementation of the GEA
process. The outcome of the method is more accurately derived parameters that pro-
vides effective GEA processes without the need for ad hoc preliminary test runs or
empirical results.
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