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Introduction

Automata theory is the study of the dynamic behavior
of discrete parameter information systems. Vithin this area,
we define not only problems that deal with digital computers
but also problems associated with such tapics as describing
the behavior of nerve networks, the represention of;the pro-
perties of languages etec. (1)

A Probabilistic Automaton is an automaton in which the
characteristics of the mapping can be described only in a
probabilistic rather than a deterministic manner. (2)

The purpose of this revort is to estimate parameters
of a probabilistic Finite-state Automaton model to fit as
closely as possible. The model DHA (Deoxynucleic Acid) Meiosis,
with the sample data taken from experiments conducted by

Mortimer (3).



Background

For this study we will need the following basic properties.
I, Formal grammars and probabilistic Erammars.
Definition I - 1
Grammar: A formal grammar is an ordered guadruple
G = ( Vn, Vt’ Xo, F)
where
Vn - is a finite collection of variables or

nonterminal symbols.

V, -~ is a finite alphabet of terminal symbols

t
. such that V N v, = ¢
X, - is the initial letter (start samole) X, €
Vn.
F - is a finite set of ordered pairs ( P, Q )

elements ( P, Q ) of F are called rewriting
rules or productions and are written P—=Q,
+ *
PE(V UV, ), Qes(Vyu vy )
P is the premise of the rule.
Q is the consequence of the rule.
+ _ *
(vou v = (v u vt -
A is the empty string.
Note:
( vV, U v, )* means any string of zero or

more nonterminal or terminal symbols.



Definition I - 2

For 1 = 0, 1, 2, 3 a grammar G = ( V) Vt, Xo, P ) is of

the type i iff the restrictions (i) on F, as given below,

are satisfied.

( 0 ) No restrictions.

( 1 ) Each production in F is of the form Q;XQy = 0Q4P0,,
where Ql and Q2 are words over the alphabet V =
anj Vt, Xe Vn and P is a nonempty word over V,
-with the possible.exception of the production Xael.,
whefe A is the empty string, whose-occurrence in F
implies, however, that Xo does not océur on the
right side of any production in F. G is called
context-sensitive.

( 2 ) Each production in F is of the form X - P, where
Xe Vn and P & V*. iccording to type - -2 grammars,
a nonterminal X may be rewritten as P, no matter
what fhe letters adjacent to X are, this is, in-
dependently of the context. Therefore, type - 2
is context free.

( 3 ) Each production is of one of the twe forms X— YP

« It is called

or X P where X, Y E Vn_and P e Vt

finite-state or regular grammar.
Example 1.
a. Context sentive gremnar

G=(Vn’vt’XO,F)



where Vn Q{ S, B, C}
Vy = [a? b, c}

Xo S

F consists of the following:

S - aSBC aB — ab bC — be
S - 4BC bB — bb cC — cc
CB - BC

b. Context free grammar

G=(Vn’vt'X0’F)

where V_ = {S, A, B|
Vt = {a, b }
. Xo = B
F consists of the following:

5 > aB A — DbAA A — as3

S - bA B—b . Bewahy
A->a B 1S

¢, Regular grammar

G = (Vn’ Vt, XO’F)

where V_ = {s, A, B}
Vt = {a, b }
XO = 5
F consists of the following:
S > aA B — bB A > bB
S > bB B—b A-> aS

A—>al B-?2a S —a



Definition I - 3
Language generated by a grammar G is
¥*
() ={c|ce v, X, e |
Note:
X X¢ means c¢ is derived from Xo using zero or more

(o)
rewrite rule substitutions.

Definition I - 4

A probabilistic grammar ( P - grammar ) is defined by
the 5 - tuple.

G = ( Vir Voo X9 Fy P )

where V., Vn; X,y F have the same meaning as the formal
grammar, P is the set of probabilisties that are assigned
by 1 to 1 mapping to the rules of F.

The ith production of G is assumed to have the form

P;s X =Y. The term P; is the rule probability and O<P; <1,

Definition I - 5
For this discussion only finite-state (regular) grammars
are considered. The rewrite rules have the form X <+ ZY or

"X =2 Y vhere {, Z € Vn’ Y e Vt‘

Definition I - 6 Unrestricted probeabilistic grammar
A probabilistic grammar is unrestricted if the vprobability
of the avplication of any rewrite rule depends only on the

presence of 2 premise in a derivation and not upon the pre-



II.

vious rule apnlications.

Definition I - 7 Proper gramnar
A probabilistic grammar is proper if Vc = Vn with k rewrite

rules Pl’ P2, teseee Pk

k

b P, =1

i=1

Definition I - 8

P - 1anguagé defined by a P - grammar. Let G be a P - Grammar
G = (Vn, V_b, xo, F, P )u

The P - lancsuage defined by G is

pe) = { (=, 2(2)) | X, %a]

where

N(a) K(a,i) .
Pla) = a; +(a)

i=1  j=1 'd
where

N(a) is the number of distinct leftmost derivations of a.
K(a,i) is the number of steps in the ith derivation.,

qi,j(a) is the probability of the rule used at the jth

step in the ith derivation of a.

The value of word function P(a) is zero if 'a' is not a

word in L.

Automnta, Finite automata and Type 3 Languages, Probabilistic
Automata.

II - 1 Automata



Definition II - 1 - 1
Finite Automaton is the simplest recognizer (recoguizer is
an another method of finitely specifying an infinite lan-
guage).
A finite automaton I over an alphzbet § is a system ( K,
Z, 8 r Q50 F )
where K is a finite nonenpty set of states.
L is a finite input alphabet.
§ is a mapning of K x Z into K.
4 in K is the initial state.
FS K is the set of finite state.
Example 2
A state diegram for the automaton is shovn in Figure 1.
The state dizgram consists of a node for every state 2nd a
directed line from state g to state P with label a (in % )
if the finite automaton, in state ¢, scanning the input
symbol a. would go to state P. Final states, i.e. states
in F, are indiczted by a double circle. The initial state

is marked by an arrow labeled start.

Definition II - 1 - 2

Nondeterministic finite automaton

M is a system ( K,Z, 6, o, T ) where K is a finite non-
empty set of states, © is the finite input alphabet, § is

a mapping of K xZ into subsets of K, g, in K is the initial



M =(K,2,d,d0.F)
z ={o0,1}

K ={d,,9,,9,,4,}
F ={a,}

9 = { q.} ~ START sTATE

Figure 1. State Diagram of The Finite Automaton.



state and F& K is the set of final states.

The imvortant difference betvieen the deterministic and non-
deterministic case is that E(q,a) is a (possibly empty) set
of states rather thaﬁ a single state. Figure 1 is nondeter-

ministic finite automata.

ITI - 2 Finite Automzata and Type - 3 Language

Lemma IT - 2 - 1

Tet G = ( Vs Vs Koo T ) be a type 3 grammar then there
exists a finite automaton. '

M= (K, 2,6, qpr F ) with (M) = L(G)

Proof: see Reference (4)

Lemma II - 2 - 2

Given & finite automsta M, there exists a type 3 gramnar
G such that

L(G¢) = ()

Proof: see Reference (4)

II - 3 Probabilistic automata

Definition IT -3 -1

A probabilistic Finite 3Itate Automaton (stochastic finite
state automaton) is 2 6 tuple.

M=(X,Z,!"P, a,»%, F )

where
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K,Z, g and F have the meaning es the Finite-state azutomaton.

0
$ =[<h,¢3;",¢% ] is the set of all initial-state probabilities
associated with the state set K.
MP is a mapping of £ into the set of n x n probabilistic tran-
gition matriecs. The interpretation of MP(a), a€Z, can be
steted as follows. Let MP(a)=IiPij(a)ll where (1) Pij(a)a()
is probzability of entering state qj from q4 under the input
B (2)%? Pij = 1 for all i=1, +.« D

J=1
Definition II - 3 - 2
Markov Process and Transition Probabilistics
A random process J is said to be a Farkov process if there
exists a set of cpnditional probapilities'P(jk/jk_r,jk;f4l...
jk—l)' If r is the smallest integer for which this is true,
the proceéé igs said to be an rth order llarkov proqess. The
condition=l ﬁrobabilities P(jk/jk_f vvens J_) are called
transition probabilities.
If we are dealing with an rth order.Markov process the pro-
bability of any sequence.
Jk = jl, jg, ceses jr’ jr+1 PEEXX jk is given by
P(J) = P(yy dgr vevee 3.00PGIL /0 coene 3))

ICTPVZ PO HIPD IRTPPRIPPIRSS 1 W2 NINRIPPRIS Y

Definition II - 3 = 3

Transient stetes, Absorbins states and Recurrent states.
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The states of a lNarkov protess can be classified either as

transient states, absorbing states or recurrent states.

(1) Absorbing state - A stzte in Markov process is ab-
sorbing if once the process enter the state if never
undergoes a transition to any other state.

(2) Transient state - A transient state is never entered
éfter a certain time.

( 3 ) Recurrent state - A recurrent state is neither absorb-
ing nor transient.

Example 3 (see Figure 2)

Definition II - 3 - 4

Absorbing llarkov Process

A Warkov Process is absorbing if it contains absorbing states.
A finite-state p-grammar can be described by an absorbing

 Markov process.

Definition II - 3 - 5
Finite~state p-Grammar as an Absorbing llarkov Process

Tet G = ( Vo, V XO, F, Q ) be a finite-state p-grammar.

t!
G can be represented by an absorbing lMarkov process with
state set anj T where T is a terminal state.

The transition matrix P has the following entries.

I ns Ak—r aAie QxPF

Ak' Aie-: Vn’ a e Vt

then pk’i=q
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Transient states: 2y bl

Absorbing stategs: bé, b3 T

Recurrent states: 2y a3

_Figure 2, Diagram of States.



if q: Ak—»astF Aks Vi o asvt
then =

0 P, T 0
If Vg = [al, Boy e am} the transition matrix of the
process can be represented as P = P(al) + P(az) + eee +
P(am) + P(T)
vhere P(aj) is the transition matrix for symbol a:j

or pk,i(aj) = ¢ if and only if a: A - ain € QxPF
3

a & ° @ °* »
* ® e & & @
a & o @& o @

HOe ¢« » O

N |
The current s*ate vector M(za) is defined as,'ﬂk(a) is the
probaﬁility of being in state k € Vn\J T after observing
input a € ‘It
The initial state vector is

m(x) =[10..0]

TM(a) is computed as follows

Let a = B9 B85,y sesey aj (= ;V;
Tﬂa) = TT(\) P(al) P(az) cee P(aj).

Temna IT - 3 =1
Let G be a proper unrestricted finite-state p-grammar, G
ig congistent if and only if

n
lim P =1
now 10°

Proof: see Reference (6)

13
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Lemma IT - 3 - 2

If a finite-state p-grammar

G = ( Vor Vio X0 Fy P ) is consistent then its correspond-
ing NMarkov process has no recurrent states.

Proof: see Reference (6)

Parameter Estimation and Nonlinear Programming

IIT - 1 Parameter Lstimation

In scientific invest&gation it frequently occurs that
mathematical equations zre used to describe physical
phenomena, such equations may be derived frbm'physical
léw or they may be convenient forms for summarizing tabu-
lated data, In_most cases the equations will contain some
vafiables calléd paraneters whose actual numerical values
are not known. These can be determined only by analyzing
physical data. One aséigns to the parameters these vialues
which make the'mathematicél equations best fit the physical
data (5). Least squares and Makximum likelihood méthod are
commonly employed to get these values.

OnE'mﬁst devise a éritefion'of wﬁat constitutes a best

fit before one under takes the estimation of the narameters,

Definition III - 1 - 1 Best Fit Conditions
Ideally one would like to find values of the § that will

satisfy equations y, = f(au,B ) exactly for each experiment.
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where y.. — observed variables for the uth experiment
Y, = 1Y, » 1y esey Y
u [ uy u, 3 ukl
By = independent variable = {au 1 By s eeey By 1
a4 2 m
§ - parameters = { 6, 9;,"'39n}

Due to errors in measurement and inaccuracies in the model
we can not, however, expect an exact fit. Equation

¥, = fla,, 0 ) must be rewrltten in the form

f(au,e ) - (1)

where Uu is a vector representing the departure of the

T

Y

n

predicted values f(a ,0 ) from the observed values ¥, at
the uth exnerlment. Equltlon (1) may also be regarded as
the definition of the cuantities U as- functlon of the
known a, and Y and unknown 0. As such, the U's are called
the residuals., The task of the parameter estimator is to
find values of the § which minimize (or maximize §) some
appropriate function of the U's. We denote this function

F(U ) = F(f(a ,0 )~ ¥ ) with the a2 and s glven. F(U 3

u
becomes a function of the Gts alone.

Definition III - 1 - 2 Least Squares llethod

Suppose k=1 i.e. there is only one observed variable per

experiment. We define

W) =5 v
U = U

_ ' n
* u=1
we determlnefguo as to minimize GL 3. (08 ). vhen several



variables are observed at each experiment, least squares
is invalid, it does not make sense to add tosether sums
of souares of say pressure and temperatures. This problem
may be overcome by assigning a weiéht factor to each var-
iable and minimizing the weighted sum of sauares.

n k ’ o
GW.L.S.(G) - JEE lewﬁﬁfi(%lg)—yui]

or using the Makximum lkielihood-method.,

Definition III -~ 1 - 3 Mexirmm Likelihood

The method of maximum likelihood consists of selecting

that value of the parameter § under consideration for which
f(au,D), the probability (or the value of the joint density)
of obtaining the sanmple values, is 2 maximm. Looking at
&%ﬂ ) as a value of a functién of §. We refer to it as

a likelihood and to the corresponding function as the like-
likiocod function, henbéLthe néﬁe 'method of maximum likeli-
hood'. |

We may assume that the u's are random variables possessing
e joint probability density function P(U, 9P ) of knovn math-
ematical form,-possibly containin- some unknown parameter ¢.
Here u denotes the complete'veetor of all u's; i.e.

U = [Ull, Upps oves Ukk]. According to the maximum 1likeli-
hood principle, we seek those valuéé of the Qand ¢ which
‘maximize the likelihood of naving made the 2ctual observat-

jons, i.e. which maximize P (or more conveniently, its

\ .
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logarithm).
Thus |
., = (8,%) = log P(s(ay, 6 )-yu,cp )

If k=1 and the u's are normally distributed with zero meens

G

and covarience nmatrix’

2 * a
E(UU ) =g (=
u A Wi 0 if u£ n
where E denotes expected values and is a constant. Then

2 if u=n

it is easy to show that maximum likelihood is equivalent

R

to least squares.

If k21 and the u's are dlstrlhuted a2s before but with

E(UulUna) = Jlu1613

the maxinum 11Le11hood reduces to weighted least sqguares.

IITI - 2 lonlinear Programming

Maximizing the best fit criterion function may be used to
solve generzl nonlinear programming problemns.

These have-the fornm:

Find the values of Glﬁ 92? eesy 8, that maximize 2 given
function G( 0 ) subject to the constraints 7

A (8) % (1 Ly By amea r)

The wax1mlzat10n alforlthm used should be most efficient
in cases where the maximum is at an interior point of
feasible resion. It suffers, however, from the disadvantages
of requifing the coding of first and (sometimes) second

derivatives of the objective function znd that a feasible



initial guess must be supplied.

IIT - 3 Solution of Simultaneous Nonlinear Eocuations
Solving the set of 1 simultaﬁeous equations:

g,(8) =0~ (U=1, 2, seep?)

for the L unknowns 61, 92,I...,%_is egquivalent to
minimizing G(9) = é gﬁ (6)

Thus, the simultaneogzlequation problem is equivalent to

a least scuarec problen,

-

18
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Solution Synthesis
1. Model of leiosis ( P-finite state automata )
The model of DNA-(Déoxynucleic Acid) Meiosis and the
sanple data are taken from Reférence (3). DNA lleiosis has two
models., Theré ére the symetrical Hybrid Médel ana the Aviemore

'

Model resvectively. In thié report, bhly.the parameters of
Aviemore médel wvere estimated (see Figure 3).

This Aviemore !lodel can be described by a Probabilistic
Finite State Automaton énd according the definition of P-finite
Staie Automaton (Def. II;B-l). We can get the contents of this.
automaton _

M= (K, ., I, q'o,§ , P ) as the following

x = (1, 11, 111, ...., IX} is the finite state set.
S = ¢ is the set of terminal symboles.

95 I -is the initial statef

(2, p, P, P; P} P, P, 0 O )
03 22 0O 0 0 0 O 04 0
02 0 Z3.0 0O 0 0 O C1
Cl 0 0 24 0O 0 O 02 0
MP = C4 0 0 O 25 0 0 0 C3
0 02 03 0 0 Z6 0 0 O
0 0 O 04 C1 0 ZT 0 0
O 0 0 0 0 0 O 28 0
\0 0 0 0 0 0 0 O 29/
is the next state mapvning probabilistic (since Z, = ‘b we

just have only one IP)
& - (1, 0,0, 0,0, 0,0, 0, 0
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Model.

Firure 3. Aviemore
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F = K is the get of final states.

2, Development of Eguations
From the properties of P-Finite-State Automzaton (Def. II-

3-1), we know thet P(a), a€ 2 is defined as follows. Let

MP(2) = | Pij(a)ll where Pij(aJ > 0 is the probobility of
: n
entering state a; fronm state q; under the input a, and 2o Pij =1
i=1

for all i=1, ...,n..In this model we get the P(a) as described

in the previous section. From this we obtain the following

equations:

Zy + 4P, + 2P, =1 or Iy =1 - 4P - 2P, %
22 + 03 + 04 =1 or 22 =1 - 03 - 04 3-2
23 + Cl + 02_= 1 or Z3 =1 - Cl - 02 ‘ 3-3
Z4 + Cl + 02 =1 or Z4 =1 - Cl - 02 3-4
Z5 + 04 + 03 =1 or 25 =1 - C3 - 04 3-5
Zg + Cp + 03 =1 or Zg =1 - C, —‘_§3h 3-6
27 + 0y + 04 =1 or Z7 =1- € - 04 3-7
Zg = 1 ' ; 3-8
Z9 = ], , , 3=9

and-0<P1, P2, C1yv Coy 03, 04, Zyr Lpy evey Zgél

Next, we derive the probabilistic ecuations at final states,
i.e. P(I), P(II), ..., P(IX). First‘we assume there are re-
petitive transitions from start state to some other states I
times where I may be very larce (L—2>9°) before recching the

final state. TFor example, if we want from I to II, first I & I1I
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(L times) than I &V (L tires) ¢¢.... and finally stop ot II,

e A ;
so we got a variable T which represents the probability of start
at I and returning to I after having traversed 211 _possible loons

from zero to an infinite number of times.

% b2 , & FoB 528 k ;& m
P = P.C.C A2 (P.c.c,)¥)e. P.c. )5 (2 (p.C
(£ 350,017 (2 (2000002 (L (myo)) (2 (210,)")

(2 @)™, (52 (2.0

es O 1 2 S B |
X+ XX+ e + X = g5 . 02X<1
. 1 . 1 1 1 1
e = 2 ‘ 2 . X . L]
(;7920203) (1-920104) (1~P101) (1—P102) (1—P1C3)
. 1
(1- P4C,)

According vproverties of regular gramaar, we can get

P(I)  =72,.0 3-10
P(IT) = G,.0.(P)+P,.C,) o 3-11
P(III) = 23.7.(P)+P,.C3) 3-12
P(IV) = G,.T.(Py+P,.Cy) 3-13
P(V) & 25.T.(P1+P201) 3-14
P(VI) = ZgoT.P, - 3-15
P(VII) = 2,.T.P, 3-16
P(VIII) = ZgeT. (P102+P104+2P20204) ’ 3-17
P(IX) = 24.T.(PyCy+PyC4+2P,C,C3) 3-18

17 1¥37 2" s

3. Experimental Data

In the given model there are only four observation variables
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and their_relations are as follows:

P(I) = 0.9466 | 3-19
P(II)+ P(III)+P(IV)+P(V) = 0.0079 3-20
P(VI)+P(VII) = 0.0001 3-21
P(VIIT)+P(IX) = 0.0454, 3-22

Substituting 3-10 into 3-19, we get

y; = T By = 0.9466, 3-23
Substituting 3-11,-3-12, 3-13, 3-14 into 3-20, we get

¥, = T.(ZQ.(P1+9202)+z3(P1+P203)+z4(?1+P2c4)+25(P1+P2013
0.0079. ? 3-24

Substituting 3-15, 3-16 into 3-21,.we get
¥y = T.P,(Zg+Lq) = 0.0001.. 3-25

Substituting 3-17, 3-18 into 3-22, we get

T.(P102+P104+2P2C2C4+P101+P103+2P20103)

0004540 ' - 3""“26

]

Yy

4, Selection of Estimation Technique

There are six unknovm variables Pl, P2, Cl, 02, 03, 04
but only four nonlinear equations 3-23, 3-24, 3-25, 3-26.
Therefore an infinity of solutions may exist in this case. Ve
can not solve these equations directly, but try to estimate
the values of these unknovm variables to approximate the observed
variable as closely a2s possible to the given data provided in
DNA.

Due to the faet of independent variables and insufficient
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experimental data, neither Maximum likelihood estimate method
nor Least squares method can be used. Although attemvts were
made to estimate tﬁese parameteré by using the given observed
data several times, no answer.could be obtained. Then, the
nonlinear prograriing method was conéidered. Because there are
four observed objective functions, we can use solution of
simultaneous nonliﬁear eouations method. So, first, the four

equations 3-23, 3-24, 3-25, 3-26 would be changed to the

following:

¥y = ¥9 - 0.9466 3-27
y5 = ¥, = 0.007¢ 3-28
yé =¥y - 0.0001 - 3-29 |
¥i = ¥4 = 0.0454 3-30

Second, summing the sgquares of the above four eguations, and
then mininizing, we obtain: T

2 2 2 2
G = ((y1) 7+ )+ ¥y +(y)7) x (-1) 3-31
We ascume ecuation G, 3-31 to be an objective function, and
let 3—1’ 3—2’ (R 3"9 and. 0<P1, P2’ 02’ 03’ 04, Zl, 22’ LB A |

Z. < 1 be the constrzint functions. Ve can choose any initial

S
guesses which are within these constraint conditions, substitute
them into 3-31 and modify the initial ruesses to maximize the
equation until it anproaches zero.

In solving thig problem, the Nonlinear Parameter Estimation

and Programning program (5) can be used. Details of this program

are presented in Appendix A.
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Results

1., Estimates from Nonlinear Program

Several runs of the non-linenr program werc made with
various initinl guesses, see Table 1.

Using P1=O.1, P2= Q.025, Cl=0.05, 02=O.05, C3=O.O5,
C4=O.05 as initial parameter guesses (input data) to run the
non-linear programming program (Appendix A) the parameters

vere obtained a2s following:

P, = 0.02342779
P, = 0.0000001506
C, = 0.4389197

C, = 0.4809957

Cy = 0.4809954

C, = 0.4389207

It is the best set of parameters among the sets of parameters

in Table 1, because its max. of objective function is largest,
-0.193895%E~-6, and very close to zero.

For checking whether these resulis zpproximated the observed
data, they were substituted.into'B-l, 3=2, seey 3-18 and the

following answers were obtained

P(I) = 0.9464277 : 4-1
P(II) + P(III) + P(IV) + P(V) = 0.007837183 4-2
P(VI) + P(VII) = 0.00000002518968 4-3
P(VITT) + P(IZ) = 0.04501232 4-4

Comparing these equations with 3-19, 3-20, 3-21, 3-22
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Table 1
. Initial Maximam
No. parameter Parameter - of objective (1) (2) (3)
fuesses “funection o
1 Py=0.1-  .02491752 —.5467875x10™" 113 - 19 1.52
‘P2=o.1 .1313012x10'8 '

c2=o.1 4854715
€,=0.1 4854715

szO.l +3937789

2  P;=0.01 .01947914 ~.7493161x1072 152 20  1.66
P,=0.005 .04882335 ‘

 0,=0.05  .2233725

C,=0.05  .4999937
04=0.05  .4999997
C,=0.05  .2233723

3 Py=0.01  .03215938 -.2442538¥1072 2101 258  17.63
P,=0.001 .9294912x107% -.2442538x107°
0,=0.1  .3145316 -
C,=0.1  .5000025
6,=0.1  .4999973

_G,=0.1  .3145357

4 P,=0,01 .02277552 ) -.2965198x107> 194 31 1.14
P,=0.005 .1421340x10”
C,=0.45  .3268077

C,=0.45  .4438046
€4=0.45 .4433068
C4=O.45 « 3268085
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(2) - Deriv:tion evaluation times
(3) - Running time (sec)

Initi=l NMaximum
No. parameter Parameter of objective (1) (2) (3)
, _fuesses function
5 Py=0.001 ,008684143 -.9601931x10"3 159 21 1.96
P,=0.001 01554924
Cl=0.005 «1957616
C2=O.OO5 499929
C3=O°OO5 .4999995
C4=0.005 +1957619
6 Py=0.1  .05792904 -.2409731x10" 154 23 1.9
P,=0.01  .001865075
€,=0.025 " .4711328
C,=0.025 .5047635
€4=0.025 4952363
C,=0.025 .4708962
7 Py=0.1  .02340817 -.2464492x10™° 203 30 2.17
| P,=0.05 77548%10™7 ' | '
€,=0.05  .4390432
02 =0.05 .4802026
3 =0,05 .4802024
C,=0.05 ..4390437
8 P,=0.1  .02342779 ~.1938959x10™° 177 29 2,17
© P,=0.025 .1506x107° '
€,=0.05  .4389197
C,=0.05  .4809957
c3=0.05 4800954
c4=o.05 4389207
Note: (1) - Punction evaluation times
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and the sun of weighted squared error for these values and the
experinentzl data is as following:

(0.9464277-0.9466)2 (0.007837183-0.0079)2

ERR = +
0.9466 0.0079
(0.00000302518968-0.0031)2 (0.04501232-0.0454)2
+ +
0.0001 0.0454

0.0000141126

]

It showed that the four wvzlues were very close respectively

which implied that paremeters were good enough.

2. Sensitivity to Initial Guesses

From Table 1; we can see that the estimated vparameters,
function eveluation and derivation evalusticn depend on the
initial paraneter guesses. For example, in No. 3 of Table 1,
the initialrparameter'guesses Ple.Ol, P2=0.001, Cl=02=C3=C4
=0sls Iimetion evaluation occurs 2191 times. Derivative '
eﬁéluation occurs 258 times. The meximum of objective funection
ig -0.244253835-2, This implies that these initial parameter
guesséé‘were not good. But in No. 8 the initial parameter
guesses P1=O.l, P2=O.025, Cl=62=03=04=0.05, function evaluation
occurs only 177 times. The derivative evzluation occurs only
29 times. The maximum of objective function is -0.1933959E-6.
This indic=tes that these initial parameters were good.

In short each different initicl puess results in a di-

fferent set of estimates thot may or may not be acceptable.
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In order to obtain a2 satisfactory answer, the choice of initial
guesses is very important. Unfortunately, except that the initial
guesses be within the condition range, there is not any general
rule for choosing initial guesses. We have to try one by one
until the satisfactory parameters are obtained.

3. Normalization i

From 4-1, 4-2, 4-3, 4-4, we can see that the obtained
observed varizbles are cloéé'fo the given vélueé. Héwever,
the obtained observed variable of 4-3 is too small, i.e. the
given value of this observed variable_ié'0;0001, but the
obtained value is 0.00000001. It means fhat the obtained
paraneter can be modified. Instead of choosing otﬁér initial
gueséés to get the bét?er one, we consider modifying the
objective function, 3-33. ﬁe found in 3-33 the yé is too
small, i.e. yg = y3 - 0.000i. Because of this fact the non-
linear programming progrém‘just modified the other terms of
the objectivé-function to maximize the objective function.
Therefore to solve this problem, normalization of these eauat-
ions is required. Normalization entails dividing the eouations
yi, yé, yi, y& by & proportionality coefficient. So we ﬁodify
the equations 3-23, 3-24, 3-25, 3-26 and get the following:
¥ ) '

yll.—_———————‘_’.l Or y'll -1=O 4_5
1 5.9466 1
Yo
g, = weasca ) or y5 -1=0 4-6
0.0079

Y3
00,0001

i

yg =1 or yg -2=0 | fr



y
yj=———=1 or yj -1=0
0.0454 |

and

y' = (=D 2+ (y3-1)%+ (y4-1) %+ (v -1) 2. (1)

4-8

4-9
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Eouation 4-9 is a new objective function, we can write a new

subroutine in nonlinear program:ing program (Appendix A).

Table 2 is the result of new objective function. No. 7 in

Table 2 ig the best (the maximum of objective function is

largest and very close to zero, i.e. 0.6106013E-06). The

obtained parameters are following:

P, = 0.02334443

Q. Q a a +o

z = 0.000597968
) = 0.4735852
, = 0.4462720
3 = 0.4462446
g = 0.4736139

To check the estimated par-meters we put them into 3-1, 3-2,

veey 3-18 and get the following

P(I) = 0.945862
P(IT)+P(ITI)+P(IV)+P(V) = 0.,007899995
P(VI)+P(VII) = 0.0001000002
P(VIII)+P(IX) = 0.0453973

4-9
4-10
4-11
4-12

And the sum of weighted error for these vzlues and the

erimentzl data is following

ERR = 0.0000005754

exp-
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Table 2
Initial Maximun
No. parameter Paramater of objective (1) (2) (3)
guesses : funection '
1 P,=0.2 .00249214 -.9604318 238 34 2.58
P,=0.05  .6197309x10 '
Gl=0.05 . 09679675
02=0.05 109678811
€,=0.05 .09679353
€4=0.05  .09680402
2 P1=O.O5 -.002534017 -.9570221 330 42 1,82
P,=0.05 .6289206x107* |
C,=0.05  .1030563
€,=0.05  .1030629
03=O.05 .1030629
C4=0.05 «1030629
3 Pl=0.1 . 02915805 -.2109516 213 31 2.27
P,=0.01  .429047x107>
Cl=0.001 « 3996013
€,=0.001 .5335436
03=0.001 4664556
C4=0.001 «4371563
’4 P1=0.1 0212735 -.T7444972x10 165 24 1.82
P,=0.01 .3896547x107>
Cl=0.05 .40726§6
02=0.05 4881583
€4=0.05  .5118416
C,=0.05  .406245
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No. parameter Parameter of objective (1) (2) (3)
guesses - function .

5 Py=0.1 .01719518 -.1363227 115 18 T wlih
P,=040025 .3288405%10™3 | :
cl=0.05 . 3770843
€,=0.05  .4917224
€;=0.05  .5082775
C,=0.05  .3770097

6 Py=0.1 02915805 -.2109516 213 31 2.5
P,=0.01  .429047x107 - -
€,=0,001 .3939013
€,=0.001 .5335439
€,=0.001 .4664556
€,=0.001 .4371563

7 Py=0.01  ,02334443 ~.6106013x10~ 297 45 3.2
P,=0.001 .597968x107> <
¢,=0.1 . 4735852
€,=0.1 L446272
¢,=0.1 4464446
C,=0.1 4736139

8 P;=0.001 .02334388 -.6112633x10" 310 43 3.23
P,=0.001 ,5979487x107> |
€,=0.005 .457405
€,=0.005 .4625061
€,=0.005 .4625273
€,=0.005 .4574719

Note: (1) - Function evaluation times

(2) - Derivation evaluation times
(3) - Running time (sec)



These obtnined observed variable are véry close to the data.
This means that the parameters which were obtained by normal-
ization ecuation are more satisfactdry than those vreviously

obtained., It can be secn that normalization improves the

eccuracy of the estimation procedure.

4. Simplification

| Equation 3-23, 3-24, 3-25, 3-26 were developed under the
condition of assuning that there are repetitive transitions
from start state to some state before the transition from
start state to the final state. But this assumption greatly

complicated derivation from this model. For this reason, we

try to simplify these eguations. e obtain the new Y15 Vo1 Y3

y4-equations as following:

= (1-491-2P2)(2P2.(02c3+clc4) +P1(cl+02+c3+c4)+1) 4-13

Yl =

Yo = (1—03-04)(P1+P202)+(1—Cl—02)(P1+P203)+(1~Cl—02)(P1+P204)
+(1—c3-c4)(P1+P2ol) , 4-14

¥y = 2P, 4-15

Yy = P102+P104+2P202C4+P101+P103+2P20103 4-16

We can use these four ecuations to estimate the parameters as
in the previous situations. Table 3 contains the results of
these estimation runs. r

In Table 3 the best run is No. 5, the results are the

following:

Pl = 0,02433452

33
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Table 3
Initial Maximum
No. parameter Parameter of objective (1) (2) (3}
guegses function :
1 P,=0.001 .0248853 ~.8729748x107° 804 125  B.62
P,=0.001 .5774652%107>
€1=0.005 414717
C,=0.005 .4866133
04=0.005 .5133867
0,=0.005 4138312
2 Pl —0.1  .02404754 ~.7823654%10™2 195 29 2,21
P,=0.0025 .5440307x107> -
Cl =0,05 « 7934365
C,=0.05  .03622
03=0.05 9637799
C,=0.05  .03547687
3 Py=0.1  .02385641 ~.5428308 673 97  6.09
P2 0.001 .1607722x1073 -
€,=0.05  .4280294
02 =0.05 347324
3 =0405 .5639734
0,=0.05  .4360262
4 Py=0.2  .002515124 ~.9587677 173 24 1.9
P2 0.05 .6247922x107%
¢,=0,05  .09987652
02 0.05 .09987062
3 =0.05 .09587646
4 =0.05 .00087652
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Initial Maximun
No. parameter Parameter of objective (1) (2) (3)
guesges function .
5 P,=0.1 02438452 -.22416152x10™% 915 129  8.73
P,=0.05 ~ .6247372x107° S e
€,=0.05  .4953973
€,=0.05  .417259
C4=0.05  .431041
€,=0.05  .496227
6 P=0.1  .01618117 ~.3267009 218 34 2.62
P,=0.01  .875415x107
¢,=0.05  .436805
C,=0.05  .4920012
© 04=0.05  .5079966
C,=0.05 . .4339736
7  P;=0.1  .003446633 -.8875548 216 29 2,23
P,=0.1 .8298822x10™4 :
¢,=0.1  .1987585
C,=0.1  .1987685
C,=0.1  .1987554
C,=0.1 7987586
8 Py=0.1  .00251563" -.958729 144 20  1.69
P,=0.1 .6249164x10™4 o -
€,=0.05  .0999462 -
€,=0.05  .09994566
€4=0.05  .09994526
€,=0.05  .0999462

‘Note: (1) - Punction evaluation times
‘ (2) - Derivation evaluation times
(3) - Running time (sec)



36

P, = 0.0006247372
G, = 0.4953973
C, = 0.417259
C3 =-0.431041
¢, = 0.496227

The computation of the observed variables yields

P(I) = 0.9421246

P(II)+P(IIT)+P(IV)+P(V) = 0.0078987

P(VI)+P(VII) = 0.0001000051

P(VIII)+P(IX) = 0.04539117

and the sum of weighted squared error for these values and the
experimental data is

.ERR = 0.000021161

comparing these eséimated paraneters with the parameters esti-
mated by the normalization eguaticns (in section IV-3) we find
that théy were approxiﬁéfely the same., Therefore the simplified
model produces estimates that are véry similé} fo those of the

full model with less comnutation.

5« Comparison of Running Times

Through Table 1 to Table 3, we cin find the running time
of parameter estimation depends on the times of funetion eva-
1uation and derivation evaluation, such as, No. 3 of Table 1,
5 it took 17.63 seconds, and No. 7 of Table 1, it took 1.14 second.
lThe difference is 16.49 seconds. We also can find No. 8 of Table

1 which is the best result in Table 1 took 2.17 second, No. 7
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of Table 2 which is the best result in T4ble 2 took 3.20 seconds.
And Wo. 5 of Table 3 took 8.73 seconds.

It méans that %he runniﬁg tine of execution does not concern
with the method of parameter éstimation. The normeliz=tion and‘

simplificaticn can not decrense the executing ftime, but only

modify the result or simply the ecuaticn.
- 3
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Conclusion

In this report, nroperties and rules of both probabilistic
finite state zutomnata and probzabilistic regular grammars were
employed %o develon the equations of a2 given probabilistice
finite state automaton model (I odel of DNA). A nonlinear pro-
gramming technigue was used to estimate parameters of these
quations from experiméﬁtal data. The parameters which were
estimated were probabiiities of the state transaction of the
given model,

From the results, it can be seen that the method which
waé discus ed in this paper can be used to estimate parameters
of‘any probabilistic finite state automata model. Therefore, '
the other model --symmetfical Hybrid lModel, which was not
discussed in this report, can also be estimated in e similar
manner. Thét is, first develop the eoﬁations of parametefs'
_which will be estimatea, and then estimate te parumeters.-

The simplication method can be used to formulate the ecguations
rather than assuming the model has repetitive traﬂ31t10ns. The
equations must then be normalized. After obtaining the objective
function; the.nonlinear programming techniqﬁe can be usecd to
estimate the parameters directiy. Wle have learned in this re-
gsearch that the faximum likelihocd 2nnd Least socuares method con not
be used. e a2lso have learned that an optimun feesible initial

guess is necessary to reach the accurate estimation., The author
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believes that satisfactory parameters can be obtained with a
reasonzble nﬁmber of cuesses.

Onhe shortagse of this method is that the different estimated
value would be obtainedwfrom the different initizal guesses,
therelfore we have to try various initial‘guésses until a satis-
factory vdiﬁe is rezched. Ithmay be a lengthy but not difficult
job. _

The author_mastered the basic concents of Finite-state
automata, and learned severzal féchniques of parameter estimation

such as maxlikelihood, lezst sguare and nonlinear programning

during the course of this research.
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Appendix A

Nonlinear Proframning Program

The progcram is a subset of the Nonlinear Parameter Esti-

.

mation and Programming (5). Only those vortions that are used

in this

procram are explained.

1. Structure of the progranm

MAIN
PRCGRAI

B

NLIAX

l

— —

Accuit| | our BOUIID

I
LINIT

MATN PROGRAM: Calls on subroutine NLIIAX.

NLMAX:

ACCUI:

QU+

Reads general input. Finds and prints out maxirmm
of objecfive function.

calls on ACCU’!, OUT.

This prograﬁ:uses the Davidon-Fletcher-Newell
method;

Computes valug of objective function and its
derivatives. User must write his or her own 7
subroutine for arbitrary nonlinear programﬁing
problens.

Provides additional detailed outvut after soluion
has been found.

In this program, it is a dummy subroutine.



BOUND: Computes the constraint peneslty functions and
their derivatives.
Calls LINIT (for arbitfary constraints)
LINIT: Computes constrzint functions and their first

derivatives, written by user.

2. List of synbols - common storage

Segment A

- COMION C(u,u),Gl(u,u)ﬂPSCA,G(Q,Q),F(ﬂ),Y(Q),EGV(Q),FF(Q),
PITLE(20),CUB(v),PLN (L) ,NCON,LOUT ,F3,NTH, 76,77, IETH, D, LS,
c1(1) "
Ségmént B

COIZION V(k,k),0¥(k),YTH(k,?),A(n,k+n),ICCV,DET, IDER,I,NY,NA

k

n

number of observed variables

§ = number of unknown paremeters
m = number of independent variables
n = nunber of expériments

t = number of constroints

TIPLE(20) 80 cheracters of BTD identification

NCCON t+ (number of comstraints)
1 iteration by iteration

LoUT =E \ if output is desired
2 final only

F3 G (the objective function)

NTH ' { (nunber of unknovm naremeters)

1D model nunber

c1(4) 95 unknovn parancter

v = max(1l, t/2) (i.e. 2v must be at least t)

41
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YTH(k,0) ¥Y/ef

3., User written subroutines
( 1 ) SUBRCUTINE ACCUII(II)
Requires: COIT'ON segnent A
~ Purpose: To complete the objective function to be
maximized G(0;, O,y «eve.. ) and its first
derivatives. The value of 91 is found in
location C1(I).

If IT 1 : nplace G in location F3

If II 2 + plece G in location T3
(2) SUBROUTINE'LIMIT (I1)
Requires: COITON segment A
Purpose: To compute‘the Ith cqnstraint function
ZI( 91, 92, TR and’its first derivatives.
The constraint functions must be defined so

as to be negative in the interior of the feasible

region. The value of QJ is found in location

c1(J).
If II =1 ¢ place ZI in location X
If IT = 2 : place ZI in location X

B2

ofy

fOr J = i’ 2’ LI A ] NT}I

place in location CUB(J),

4., Input data
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(1) NIMAX
Title card: Any 80 columns of BCD information, to appear
as title for the output.
Format: 20A4 |
Problem definition integers
Containing three integers
NTH = number of unknovm paraneters
LOUT = 1 if iteration by iteration output is desired
2 if 5n1y final ogtput is desired .
¥D = model numbar
Format: 3I5 |
Paramefef initial guesses card(s)
Bach containing up to eight fixed or floating point
numbers.
cdi(x) 1=1, 2, ... N6h  initial guesses for the
unknowvn rarzmeter
Format: 8E10.5
( 2 ) BCUWD
NCON = number of constraints

Format: IS5

5. Output
NLMAX
(1) Initial outout
Title and model number
( 2 ) Intermediate output

(omitted when LCUT = 2)



(3)

(1)

(2)

44

For each iteration and function evaluation: The value

of the objective function and current values of the
paramecters.

Finzl output

Meximum value of objective funetion, and the corresponding
valués of_the paraneter number of function and derivative
evealuations required; the gradient of the objective
function and its Hessian.

BOUID

Initial outrut

The coefficients of the constraints penalfy functions
(the'ri 5f'equation) o “
Final output

The values of the constraints for finzl values of the

parameters.



C CECK 01
C MAIN PRUCRAM
1 WRITE(E,2)
2 FCRMAT(1F1})
CALL NLMAX
ENC

45



C CECK

04

C CCMPUTES SCALED EIGENVALLES AND VECTCRS

101
1CS

108

1CC

1C1

1C2

22

50
22
3C

18
16

SUBRCUTINE EIGIN,I1)
CCMMCN A(2C,20)4v(2C,2C)4PSCA
DIMENSICN SCA(2C)
PSCA=0.
IF(N=-131C741C7,1C3
GO TALLC341CG), 11
vii,l)=1.

RETURN

SUP1=0'

DO 22 I=1,N
IF(Aa{I,1)}101,41G6Cs101
SCA(1})=1.

GO T1TQ 22
Al=ABS(A(1,11)
SCA{I)=1./SORT{Al)
PSCA=PSCA+2LCG({ALl)
DO 102 J=1,N

AT J)=A{T,J)}=SCA(T)
AlLJyI)=A(1,4J)
AlL,I}=A(1,1)%SCA[LI)
COCNTINLE

DO 1 I=2,4N

DO 1 J4=2,1
SUNML=SULVML+A(L,J-1)%2(],J-1)
SUMLI=SCRT{2.%5UM1)}
SUNME=SUML/IC.ET

GC TO(3C,213,I11

CO 50 J=1.N

Vil.J})=C.

Vil,1)=1.

IA=0

IF(N-1)18,17,1E¢

SUMI=2NMAXT (SUME,SUNML/VN)
CCNTINLE

CO 3 J=2'N

Jl1=J-1

CO 3 I=1,J1
IF(ABS{A(I,J))-SUM1)I2,3,4
IN=1

Yl=-A{1,J)
Y2={A(I,1)-A(J,d))/2.
CMEGA=Y1/SORT(YLY*2+Y2%=2)
CMEGA=CMECA®SIGN(ley¥Y2)

YL =CMECA/SQRT(2.42.*SQRT{1.-CMECA*%2)])
BRl=Y1l**2

BBZ2=1.-BF1

Y2=SQPT(EB2)

CO 5 K=1,N

IF (K=1) E45,56

IF (K=J) T745,7
Y3=A[K 4 I}2Y2-A(K,J)*Y1
ALKy JI=ACKRLIIRYL+A(K,JIR*Y2
AlK,I)=Y2

AlJyKI=A(KsJ)
AMITK)=A(K,I)

CCNT INLE

46
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21
15

14
17
104

105
1C3

47
BB2=2.%Y1*Y2*A([,J])
Y3=A(1,1)2P02+4A(J0,J) ¥R 1-DB3
Ya=A{1,]1}%RRL+A(J,J)HEEZ2+RB3
AlT.J)1=(A0L,T1-20J,J))*YL*Y2+A(],J)%(BE2-BEL)
AIJ’[)’—'A( le‘
AlIL,1)=Y3
A(JrJ}=Y‘l
GO TC(2,2C), 11
DC 12 K=14N
Y3=VIK,s I12Y2-V([K,J)1%Y]
VIKeJ)=VIK,T)I=YL4VIK,J)*Y2
V(K,1)=Y¥2 ’
CChNTINUE
IF (N-2) 17,17,21
IF (IN-1) 14,15,15
IN=0
GO TC 186
IF (SUMLI-SUME)L1?,17,18
CO TC(103,104),11
DC 1C5 I=1,N
DO 105 J=1N
VIIaJ)=VIT,d¥=SCAL])
RETURN
END
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C CECK (8

C £RBITRARY (CANSTRAINTS CN PLRAAETERS

SUBRCLTINE 3CUNC(II,H)

COMMCN ClZ20:20)4G102C+20)4PSCA,GL20420,FL20),Y[20),+EGVI(Z20),FFL20)

1o TITLE(20) +CUB(20)4CLB(2C) 4PNLL20) ¢ NCONSLOUT s F3,NTEyFE4F Ty, METH NP

2+MD,L5,01{20)

GO TC{1s14243,23+41C01428),11
10C1 DO 1CC2 I=1,ACCN
1002 CLB(I)=.1%CLAR(T)

RETUEN
213 Hl=H

F2=2.%F1

J=1

DO} 16 k=1,4

E3=(Hl+H2)%.5

CC 17 I=14AhTH
17 CL{IY=FFR{I)+¥Y({1)}%H3

CC 18 1=1,hCCN

CALL LIMIT{1l.Jdex}

IF{X}1i5,2C,2C
19 IF{J-NCCMN)21,22,422

22 J=1
GCC TC 18
21 J=d+1
18 CCNTINLE
H1l =H3
GO TC 14
20 F2=r3
186 CCANTIMLE
F=H1
RETURN
1 CO 4 I=1,NCCN

CALL LIMITIIINI4x)
XL=CLE(I1)/X
F3=F2+X1
GC TC(4,5),11
5 X1=X1/X
X=2./%*x1
B0 6 J=1,NTH
FOJ¥=F{J)-X1=CLE(J} .
C THE FOLLOWING STATEMENTS MAY BE REMCVED FCR DAVICCA'S METHCC
GO TC(1CQ,6) 4METF
100 DO 101 k=J,ATH
101 GUlJsKI=CG{J K)+X*CUB(JIACLB(K]}
{ ENG CF REMCVAPLE STATENMENTS

& CONTINLE
4 CONT INUE
RETURN
3 J=1
13 CO 7 I=1,ATH
? CLOI)=FF{I)+Y({I)2H

0GC 8 I=1.,NCCN
CALL LIMIT(L ,Jd4X)
IF(X}1C4S,45

10 IF{J-RCCAN)I11,12,12

12 J=1
GO TO £
11 J=J+1

8 CONTINLE
CO 15 1=1,NTH

It - W




49
15  CLUI)=FF (1)

RETURN
9 F=.5tH

GO TC 13
2 REAC{5,2CCINCON

200 FCRMAT{1€15)
CALL LINMITU(3,1,4X}
CO 50 I=14NTH
5C FF(I)=C1(1I)
CO 14 [=1,NCCN
64 CALL LIMIT(2,1,X)
IF(X)25,55,26
55 0 60 J=1,NTH
&6C Cl{J}=Cl(J)-.0001*CUE(J}
ne 61 J=1,NCCN
CALL LIMIT(Lyd4H)
IF(H)€E€14:2€426
€1 CCNTINUE
CO 63 J=1,NTH
€2 FF{JY=C11J)
GC TC &4
25 H=0.
CO &1 J=1,NTH
51 H=H+CUE{J)=*CUB(J)}
H=X/H
CO 52 K=1,¢&
D0 52 J4=1,ATH
CUB{ J)=H*CLR (J)
52 Cl{J)=FFlJ)+CUB(YJ)
DC 54 J=1,NCCN
CALL LIMIT{1,J,x1)
IFLJ-T)56,57,56
57 X=AMINL{ X, X%X1)
S5¢ IF(X1}54456,59
54 CCNTINLE
532 H=2,
59 CLEB(1)=.C1*x{.0CL+2ES{X))
DO 65 J=14NTH
£S5 Cl(J)=FF({J)
14 CCATINLE
WRITE(E,T7C){T,CLBLTI) I=1,NCCN)
70 FORMAT[21HOCCNSTRAINT FENALTY CCEFFICIENT/(ILL +E20.61))

RETURA
28 WRITE(€,425)
29 FCRMAT(2T7FOCTNSTRAINT VALUE/)

DO 30 I=1,NCCN
CALL LIMITIY,I,X)

30 WRITE(6431)1,4X

31 FCRMAT(I11,E16.6)
RETURN

2¢€ WRITE(E 271 4X

27 FORMAT{25FCINTTIAL GLESSES VICLATE CCONSTRAINTIS,EH VALLEELG.E/™

PH %att sty dkntdzs 4 AT 4R sk 9Bk B % )

LS=3 :
RETURN
END



{ CEC
C MAX

2CCO
2002
2001

20C3

5000

1G5

S11

899

212
1001
16

38

4C5

50

K 09

IMIZES FUNCTICN LSIMNG CAVIDCAN-FLETCHER-FCWELL METEGCE
SUBRCUTINE MLMAX

COCNMMCN C{2C420)4CLU2C,20)4PSCALC(204200,FL20)4Y{20),EGVI20)FFL2C)
1y TITLEC20) 4T UR(2CY sCLIL2C) 4PALI2C) ¢NCONGJLCUT yF34NTHFH 4yF T4 FETH NFH
2+MD,LS,CL(2D)
EQUIVALENCE(NTH, L)

METH=2

EPSIL=.0C3

KKK=1

REAC(S,20CCITITLE

FCRMAT {2044}
READ(E42CC2INTHLLCLT 4MD
FCRMAT (1€15)
WRITE(€,2CCL)TITLE 4¥C
FORMAT(1H12J0A4/6FCMONELILE)
READ(S 420C3M{CL(I)el=14NTH)
FCRMATI(EEL1C.5)

LS=1

CALL ACCLM(3)

CALL RCUNLC(3,H)
HRITE(EL,E000M(CL(TL),1I=1,4L)
FCRMAT(2£HCPARAMETER INITIAL GUESSES/(TEL6.611
IF{LS-2)1%6,5C7,155

IPkR=2

NF=0

ND=0

EPS.—'I .E"li

EPSl=1.E-2

AL=1.E-5

BL=oClx*{

CO sCé 1=1,L

FFLTI)=C1{1)

Y{I1)==-C1l(1])

k=1,

CALL BCUND(4,H)

DO 911 I=1,L

¥Y(I)=Cl{1)#*H

NPH=1

IF{NCCN)1,866,1

NPH=2

GD TG 16

GC TC(z12.18),LCLT
WRITE(E,1CC1)

FURMAT (2£HIPENALTY FULNCTICN INCLUDEC)
INC=1

KLVM=1

LS=1

LLi=2

H=0.

CALL ACCUM(2}

GO TC(405,63,10C3),LS
MF=NF+1

MD=hD 41

F4=F2

GO TC(42,459) NP}

CALL BCLAND(2,X)

FMAX=F3

F6=F7

F5=F4



2C5
210

201

142
528

530
532
S31

50¢&

7C1
1CC

1C4
SCl1

7C2

1C17
€S
401

31
GO TO(205+7),LCUT

WRITE(E,2101MD

FCRMAAT(1CFCITERATICNIS)

WRITE(E,207)F3,NF,{C1(1}s1=1,4L)

FORMAT(SHCFUNCTICNELT7.T,13H EVALUATICNI&6/11H PARAMETERS/{TEL7.T)
2)

GC TC(F42,738) KLV |

GD TN(E0ELE2E4,ELC) 4IND

CC 52¢ I=1,4L

DO 52¢ J=1,L

ClIyJ)=CIlI,J)

CALL EIGIL,1)

AAC=1.

CO s52¢ I=1,L

AAC=AAC*C(1I,1I)

IF{AAQ-BL)E3D,53C,51C

GO TC(532,506),LCUT

WRITE(E,E21)IC(T,I),0=1,1L)

FORMAT (44FOMATRIX REINITIALIZEC BECALSE OF SINGULARITY/26H EIGENVA
2LUES CF SCALED MATERiX/(TEL6.6)) |
KL¥=1 i
DO 72 I=1,L i
CO 72 J=1,L

G(I,J)=C.

IF(Y(I)=F(I)1)5C8,45C5,5(8

G{tl,11=1.

GC 7C 712

G{I,T}=ABS(Y{I)/F{I))

COCNTINLE

INC=2

00 5 I=1,L

FE(I)=C1(I)

DF=0.

Do 7¢0 I=1,L

Y(Il=C.

D0 7C1 J=1,L

YOI)=Y(I)4C{I,d)2F{J)

DF=DF+Y({1)=F{T)

IFIDFYi04,7C4,702

GO TC(S31,19) KKK

KKK=2

KL¥=1

GO TC 5C¢

ALC=C.

F8=F3

AMX=C.

KKK=1

IF{NCCN}6CO,680,4601

KUT=1

LLL=1

ALMAX=1.E3C

FO=F13

ALSM=1.E3C

DN 1C5 1=1,L

T1F(Y (DI 7CT,705,7C7
ALSV=AMIRML(ALSMLEPS/ZABS(Y(I) IX(ARS(CI(I))+EPSL))
CONTINLE

ALI=ANMINLIZ2.*APS{FC)/CFy JS*ALMAX)

IJK=1




ALVMIN=ALL
GO TC &QO

8C3 FFI1=F?2
ALL=ALNIN

7CS  ALMIN=-NF/2.*ALL/IFF1-FO-CF*ALY)*ALIL
IF{ALMINITIO,71C, 711

T1C AL2=ANMINL(2.=ALL1,AL14.,99S5*%(ALMAX-ALL)])
IF{AL2-AL1-ALSM) T1€,T16,712

712 1JkK=2
ALMIN=AL?
GO TO 8c¢Cc

EC4 F2=F3
AL2=ALMIN

IFIF2-FF1)9C0,9CC, 714
714 ALC=ALL
FO=FF1
AL1=AL2
FF1=F2
715 [F(ALL-ALMAX)T1C,716,716
9CC EPL=ANAX1(EFSIL¥(AL2-ALD),ALSH)
NME=1
713 AAG=FC-FF1
AA2=F2-FF1
GO TO{2CC,523) 4NME
300 IF(ABS{AAO/AA2)-104.1521,521,522
521 IF{ARS(AA2/AND}-1C.)1522,523,524
522 ALMIN=ALO+.618%(AL1-ALC)
GO TC 30
€24 ALMIN=AL2-.€18%(AL2-AL1)
GO TC 20
§23 APC=(ALL-AL2)%AAC
AA2=(ALO-AL1)*AA2Z
AME=2
ALMIN=(AACH{ALLI+AL2) +A 24 (ALO+AL1) )/ (AAO+AAZ )% .5
30 IF(ABS(ALMIN-AL1)-EPL) 116,716,717
717 TF(ALMIN-ALSM)EC8,8CE,209
8CS  1JK=3 ‘
6O TC €cC
€C5 IF(ALMIN-ALL)T18,71€,719
718 IF(F3-FF1)72C,72C,721
72C IF(F3-FC) 744,744,145
744 IFLALC)IT4E47464747
147  AL2=ALMIN
F2=F3
AL1=ALO
FF1=F(
ALO=C.
FO=F8
FMAX=FF1
AMX=AL1
6O TC 713
146 FMAX=FC
AMX=0.
GN TC €C3
745  ALO=ALMIN
FO=F3
GO TO 713
721 AL2=ALL
F2=FF1
722 AL1=ALHMIN



FF1=F3
GO TN 712
719 IF(F3-FFL)123,722,724
722 AL2=ALNMIN
F2=F2
GC TC 713
724 ALC=AL]
FO=FF1
GO 10 122
711 IF(ALMIN-ALL)725,71C,726
726 AL2=AFINLOALMIN,.SSS4ALMAX)
GO TN 712
725 1JK=4
IF(ALMIN-ALSM)BOB,ECE,8CC
800 LS=1
GC TQ(EC2,603),LLL
6C3  IF(ALMIN-M)EC2,6C246C5
€C5 F=ALMIN
CALL RCUNC {4 ,4H)
IF(H-ALMIN)EC4 ,£C2,6(2
6C4 CALL RCUNC(5,H)
ALMAX=F
LLL=1
ALNMIN=.9* ALMAX
6C2 DC 8C2 I=1,L
8C2 CLUI)=FF(I)+ALMIN®Y( T}
CALL ACCUMIL)
GO TCUECT,4C2,1CC3),LS
402 ALMAX=ALVIN
GG TC(401,500,716,71€),1JK
§CC  ALMIN=.5%(AL1+ALNIN)
IF(ALMIN-ALL-ALSN)T1€,716,800
8C7 NF=NF+1
F4=F3
GO TC(21,22),NPH
2] CALL BCUND(1,X)
22 GO TC(33,24),L0UT
33 WRITE(E&,207)F3,NF,(C1(1)41=1,L)
34  IF(F3-FVAX)35,35,3¢
36 AMX=ALMIN
FMAX=F2
F6=F1
FS=F4
35  GC TOU(EC3,EC4,EC5,8CE),1JK
8C6 IF(F3-FC)727,727,728
727  ALL=ALMIN
FF1=F3
GO TC 709
728 IF(F3-FF1)72S,73C,73C
729  ALC=ALVIN
FO=F3
GC TC 1715
73C  AL2=AL1
F2=FF1
AL1=ALVMIN
FF1=F3
GO TC S00
716 F3=FMAX
IF(AMX)1B(8,8C8,42
42  DC 721 I=1,L



140
136

GC4

143
39
EC8
€l1¢C
16
1002
1004

121
214

10405
10Cs
213
211
1083
123
S0C1
520
521
G22
9213

49

41

54

YOT)=Y(1)=AMX

CH{L)=FF{1)+Y(I)

FFLT)=F(I)

KLF=2

GO TC 28

FF1=0.

OC 733 1I=1,tL

EGV(I)}=F{I)-FF{1)
FFI=FFl+Y{T1)*ECVI(I])

F2=Q,

CO 726 I=1,L

FF(I)=C.

00 14C J=1,L
FFUI)=FF{I)+C(I,J)2ECVJ)
F2=F2+4EGVIT)=FF(I)

DO SC4 I=1,L

DO 904 J=1,L
GUIyJ)=CUlIJI-FFLL)/F22FF(JI=Y(I}/FFLXY(J)
CO 742 1=2,L

CO 743 J=2,I

GlIsJ-1)=C(J-1,1)
IF(ANMX-ALEM)LIG,1GS,4742

F3=FMAX

CO 810 I=1,L

Cl(I)=FFLI)

GO TO(10C241C0O3) 4NFH

KLM=1

IND=13

IF(IPH)1ICC4,10C4,1CCE

NPE=2

GC TC(121,38),LCLT

WRITE(€E,214)

FORMAT (20FONC PENALTY FUNCTICN)
GO TC 28
IF(ABS{F3-F5)-.,1)1CC4,10C6,100¢
CALL BCUND{6,HI

[PH={PER-1

GO TG(z12,38), LCLT

WRITE(E,211)

FORMAT (41HCPENALTY FLNCTICN RECULCED BY FACTCR CF 1C)
GC 7C 23
WRITE(€,123)F3,{CL{T},1=1,L)
FORMAT (30RJOMAX IMUM OF CBJECTIVE FUNCTIONEL7.7/11HOPARAMETERS/(TFL7

2«71}

WRITE{£,SCCLINF,AD

FCRMAT(2LHOFUNCTICN EVALUATICNSILIE,25F DERIVATIVE EVALUATICASIS)
WRITE(E,CS2CIIF(T1)sl=1,1)

FORMAT (FLIGRADIENTZ{TELT.6))

WRITE(£,521])

FORMAT(2CFO-INVERSE CF HESSIAN)

DC 922 I=1,L

WRITE(E+523)(G(T4d)sd=1,L)

FCRMAT(7E17.6)

CC 40 I=1,L

DO 40 J=1,1L

ClIyJ)=G(1,4)

CALL FIG(L,2)

WRITE(E,41)(CLT,1)4I=1,4L)

FCRMAT(39FJ-EICGENVALLES CF SCALELC [NVERSE FESSIAP/(TEI?.blI
WRITE(E,44)




59
44 FORMAT{Z21HOPRINCIPAL CCMECNENTS)
DO 45 1=1,L
45 WRITELEL2TY(CL(JyE)yd=1,4L)
27 FORMAT (/TE1T.6/(TELT.6})
CALL BCUNCI(7,4)

F1=F6

CALL (LT
$C7T RETURN
68 J=1

Cco 71 I=1,L
Y(I)=.52Y(1)
IF(ABSIY{(I))/(EPSL+AES(CL(I}))-EPS)T]1,71,925
G625 J=2
T1 Cr(ry=Ccr(i)-y{1)
GO TCIECS4526) 4
GCS WRITE{&,S1C)
910 FORMAT(45FJ3FEASIBLE FAFRAMETER VALUES CCULD NCT BE FOUND/4S5H »+xxs
DR ARk Rt R F A AR E A A F G R AR R A AR IS AR IR F AR )
RETUEN
G26 CCNTINLE
WRITE{£&,624)
924 FCRMATI8HORESTART)
GO 0 23
END



C CECK 13

C CUTPUT FCR NCM=-LINEAR FGCGFAMMINC FRCRLENMS
SUBRCLTINE CuT
RETURN
END



5T

C COMPUTE CUNSTRAINT FUNCTIONS AND THEIR FIRST DERIVATIVES
SUBRGCUTIMNE LIMIT (IT,I1,X)
CCMMON C(204+20),G1(2C420)+PSCA4G(20,20),F(20),¥(20),EGV{20),FF(20;
T, TITLE(2C),CUB(2G) 4CLBL20) 4PALI20) s NCONJLOUT 4F3yNTHyF64FT4METH,NP:
24M0,LS,C1(20)
CO TO (14142)411
"1 GO TO (34445469 74899410411,12,13,14420,21+422+234241),1

C COCNSTRAINT~--Pl,P2,C1,C2,C3,C4% LARCE THAN ZERO AND SMALLER THAN OR
C EQUIRL T4 CNE

C %xxypfizedrdedyhid
C *x
C IN THIS PROGRAM =*
C Cl{1l) = P1 *®
C Cl(2) = P2 *
C C1{3) = (1 *x
€ Ci{4) = C2 *
C C1{5) = C3 *
C C1{56) = C4 %
C *
C

shogr vk e ook o ok e sk ok e ot Ao

3 X=Cl{1)-1.0
GO TC(2,431) 411
4 X=-C1l{1)
GO TO (2,41),11
5 x=Cl{2})~1.0
GO TO {2,51),11
6 X=-C1l(2)
GO TO (z481),I11
T Xx=Cl(3)-1.
GO TA (2,71),11
8 X==C1(3)
GO TC (2,81),I1
93 X=C1(4)~-1.
GO TO (2,511,111
10 X=-C1({4)
GO 1O (241C1),11
11 X=Cl(5}~1.
GC TC (2,41114,1I1
12 X==-Cl{E}
G0 TO {Z24121),11
13 Xx=C1(¢&}-1.
GO TO (2,131),11
14 X=-Cl1(6}
GO TC (2,141),11
C CCNSTRAINT FUNCTIONS Cl+C4=1 C2+C3=1 C1l+C3=1 Cl+C2=1 4P1l+2P2=1
20 X=Cl1{5})+Cl(6)—-1.
GO TC0(2,2C1}),11
21 X=Cl{231+Cl(a})-1.
GO TC(2,211},I1
22 X=ClL{4)+Cl(5)~-1.
GC TC(2,221)+11
23 X=Cl(3)1+Clt{6)-1.
GO TClZ2,221),11
24 X=4.,*Cl(l1}+2.%Cl{2)-1.
GO TCG(242461),11
C THE FCLLCWING ECUATICNS ARE THE FIRST DERIVATIVE OF THE CCNSTRAINTS
C CuB(1) WHERE I={(1,6), IS TFE FIRST CGERIVATIVE CF X=Pl-1
C hITH KESPECT TO PL,P2,C1,C2,C3,C4 RESPECTIVELY
3l cuBtly=1.
cup{2i1=0.



(m]

aNe!

CUB(3)=0.
cus{4)=C.
up(s5)=9.
curie)=0.
GO TO 2
CUB{ 1) WHERE I=(146)y 1S THE FIRST DERIVERTIVE OF
WITH RESPECT TO P1,P2,C1,C2,C3,C4 RESPECTIVELY
41 CuB(li=-1.
CuB(2)=0.
cust2)=C.
CuBl4)=0.
CuB(5)=0.
cuB(6)=0.
GC 7C 2
CUB{I) WHERE I={(1,6), IS THE FIRST CERIVERTIVE OF
WITF RESPECT TO Pl,P2,C1,2,C3,C4 RESPECTIVELY
S1 CUE(1)=0.
cus(2l)=1.
CUB(31=0.
CuBl4)=0.
CuB(51=0.
CUBL6)=0.
GO 1O 2
CUB(I) WHERE I=(1,6), IS THE FIRST DERIVATIVE OF
WITH RESPECT TO Pl ,P2,C1,02,C3,C4 RESPECTIVELY
61 CuB{l}=C.
ctue{2)=-1.
cuB(3)=C.
tuBl{4)=0.
CUEB{S5)=0.
cuBl{e)=C.
GO TO 2
CU3(I) WHERE I=(14+6),y IS THE FIRST CERIVATIVE CF
WITH RESPECT 1O Pl,P2,C1,C2,C3,C4 RESPECTIVELY
71 CuB(l1=0.
cuB{2)=0.
CUB(3)=1.
CUB(4)=0.
cus({s)=C.
CUEBL6)=0.
GC TC 2
CUB( I} WHERE I=(1,6)y IS THE FIRST CERIVATIVE CF
WITH RESPECT TO PL,P2,C1,C2,C3,C4 RESPECTIVELY
Bl CuB(ll=C.
CUB{2)=C.
Cug(3)=-1.
CuB(41=0.
CUB(5)=0.
CUB(6)=0.
GO TC 2
CuB(l) WHERE I=(1l46}s IS TFHE FIRST DERIVATIVE CF
WITH RESPECY TC Pl ,P2,C1,C2,C3,C4 RESPECTIVELY
S1 CUB({l)=C.
CUBt21=0.
CuB(3)=0.
CUB({41=1.
CuB(5)=d.
cuB(s)=C.
GG TC 2
CUR(I) WHERE I=(1l46}, IS THE FIRST DERIVATIVE CF

58

X=-P1
X=p2-1
X==P2
X=C1l-1
=-Cl
X=C2-1
=-C2



N ol

wWITFH RESPECT TO Pl,pP2,C1,C2,C3,C4 RESPECTIVELY
101 Cus(l)=C.

cus(el=C.

Cuei{3) =G,

CUBl4)=-1.

CUB{S)=C.

Cue{s)=C,

GO TO 2
CuBl1) WHERE I=(1l+6), IS THFE FIRST DERIVATIVE CF
WITH RESPECT TC PL1+P2,C1,C2,C3,C4 RESPECTIVELY
111 CuB({1l)=C.

CUEB(21=0.

CuBl 2)=C,

CUB(4)=C.

cus(s)=1.

CuB(6i=C.

6O TC 2
CUB(I) WRERE I={146),y IS THE FIRST CERIVATIVE COF
WITF RESPECT TO P1,P2,C1,L2,C3,C4 RESPECTIVELY
121 Cug{l)=C.

CuB(2i=C.

tugi{3)=C.

CuBl4)=0.

CuB(5)=-1.

cuBisl)=0.

GO TC 2
CUB(I}] WHERE I={14€&1}, IS THE FIRST DERIVATIVE CF
WITH RESPECT TG Pl,P2,(1,C2,C3,C4 RESPECTIVELY
131 Ccus{1})=90.

CUBIl2)=0.

cuB(3)=3.

cuBt4)=C.

CUB{5}=0.

CuB(6)=1.

Go TO 2
CUB{I} WHERE I=(1,6}, IS THE FIRST DERIVATIVE GOF
wWITH RESPECT 70O Pl,P2,C1,L2,C3,C4 RESPECTIVELY
141 CUB(1)=0.

CuB(21=23.

cuBi3)=C.,

CUE[‘I)=O¢

CUB(5)=C.

CuBl(6}=-1.

GC TC 2
CUB(I) WHERE I=(1l,6}, IS THE FIRST CERIVATIVE CF
WITH RESPECT TO P1,4P2,C1,C2,C3,C4 RESPECTIVELY
201 Cuad(l)=C.

cuBl{2)=C.

cuBl(2)=¢,.

Ccug(4a)=C.

cuB(sij=1.

CUEtB)=1.

GO T0O 2
CUBLI} WHERE I=(l,6), IS THE FIRST DERIVATIVE CF
WITH RESPECT TO PL,P2,(C1,4C02,C3,C4 RESPECTIVELY
211 CuB(l)=C.

(UE(2)=0.

cuB(3)=1.

cus(4)=1.

CuB(5)=0.

X=C3-1

X=-C3

X=C4-1

==C4%

X=C3+C4-1

X=Cl+C2-1

59




[ Ne!

cuB{s)=C.

GC TC 2
CUB(I) WHERE I=(1+6), IS TKFE FIRST CERIVERTIVE OF X=C2+(C3-1
WITH RESPECT TO PL1,P2,C1,C2,C3,C4 RESPECTIVELY
221 CuB(l)=a.

cusl2)=0.

CUBI(31})=0.

cuB(4)=1.

CUB({S5)=1.

CUBI(£&) =0,

GO TC 2
CUB(I} WHERE I=(1,46), IS THE FIRST DERIVATIVE CF X=Cl+C4-1
WITH RESPECT TC P1,4P2,C1,C2,C3,4C4 RESPECTIVELY
231 Cusl(l)=0.

CUBL2)=0.

CuB(3)=1.

CuB(41i=0.

cuB(5)=0.

cusl{éil=1.

GO 1C 2 :
CUB({1) WFERE I=(1,6}, IS THFE FIRST DERIVATIVE CF X=4P1+42P2-1
WITH RESPECT T1C Pl ,P2,C1,C2,C3,C4 RESPECTIVELY .
241 CUB(Ll)=4.

CuB(2)=2.

CLB(3)=0.

tuBt4)=C.

CUB(5)=0.

cCuB(e)=cC.

2 RETURN

END



(CMPUTES VALUE CF ORJECTIVE FUMCTIUN AND ITS DERIVATIVE 61
THE FIRST FETHCL=---- wITH REPETITIVE TRANSITICHK

SUBRCUTINE ACCULM(TII}

CCMMON C{20420)1,CL(2C,20),PSCA,C(20,20},F(22),Y(20},E6VI2)),FFL20]
LoTITLE(2C),CLB(2C) 4CLBL2C) +PANLL23) sNCONJLCUT 3 F34NTH3F6 3 FT4METH NP
2yMC,LS,CL028)

DIMENSICM YTH(B,8)

GIJ TC (1;1,2}11[
PSS B REERE EE R

el

IN THIS PROGRAM
t1{1) = Pl
c1c2) P2
cLIi3) C1
Cti{4) c2
C1{5) c2
Cl(s6) C4

[T T T R TR T}

O3 o o3 RO e

Fohokrk Rt Rk nkR Rk Rk
T REPRESENT THE PROBABILITY OF START AT STATE 1 AND RETURNING TC I
AFTER HAVING TRAVERSED ALL PCSSIBLE LCCPS FRCHM ZERC TO AN INFINITE
NUMBER QOF TIMES.
I T=1e/{(La=CLU20=Cl{aI*CL(S) =22 (1-CL{21=CL(2)*%CL{6)}*+2
1% 1a=CLUDIFCUL{3I)={ L o =CLUL) *C1 {4} 2 () a~CLUL)*CL(B) )L —CL(L )=
2Cli6Y)}
21=1.0-4.2Cl{1)-2.%C1l(2}
22=1.C-CL{E)}-Cl{6)
13=1.0-C1l€(3)-C1(4}
24=1,C-C1l{(3)-Cl{4)
15=1.C-C1lE)=-Cl(¢)
16=1.0-Cl{4)-C1I5)
27=1.0-Cl(3)-C1(8)
E2=CLlt1Y+4CL(2V=%C1I(4]}
E3=CYl(1)4C1(2)=C1(5)
E4=C1{1)+CL{2}*=C1L€&)
ES=ClO(1)+CLI2)*CL{3)
E6=Cl(2)
ET=C1(2Z)
ER=C1(1)4C1(&4)+C1{1)12CL(6)+2.23CLL2)3C1(41*C11E)
EQ=C1{1}*CLI3)+CL{1)=CL{5)+2.,0*CL{2)*C1(3}%CL{5)
C THE CBJECTIVE FUNCTICNS AND THE GIVEN DRATA
Y1=21*T-0.5460
Y2=T+{72FE2+I3*FE3+74%E4+75%ES)=-0.0CT7S
Y3=T#(Z20+FEGCH+ITHET)-C.0C01
Y4=T*(EA+EG)-0.0454%
A=-1.C
C THE CBJECTIVE —= SUMMING TFE SQUARE OF THE AS8CVE FOUR EQUATICAS
C AND MININMIZING THEM
Fas(Y13#24Y2u%2+4Y3 334 Y48%2) %A
GO TC(2,3),11
3 DTPL=T(CLIAV/{1.-CL{L)*CL(3))+C {4 )/ (1.-Cl{L)xCl(4l}}+
ICLUS)/7{1—Cl{1)=CLUo))+CLIO) /(1 .-CLlOL)=CLLG}Y)
CYPZ2=T2{2.C1(41*CL{5)/{L.-CL{2)2C L4 " CLUS)}+«2 . 2CLU3)*CLLE)/
1{1.-CL{2)2CL(3}*CL(&))}
CTCl=0#(Z22CLU2M3CLE) /L e-CLl(2)*CHI2)sCLLE))+CL(L) Y/
1{la=-C1(1}*C1(3))) |
CTC2=T4(2.*CU(2)*CLLEY /{1 -CLU2)ACLL4)=C LB I+CL(L)/ 7
I{le=-CI(LI=CL(%}) ’ 1

aNeleEslalelaNalalaNalalaNel

CTC3=T*{2.=C1(2)*C1{4) /{1.-CL(2)=CY1(4)*CL(5)}+C2( L)}/
L{l.—-Cl(L)=CL{5))}
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BTC4=T#(2,%C1{2)*=C1(3) /(1. —-CLl(2)*CL(3)=CLi6))+C1(L)}/
1{1.-C1(1)¥xC1(6)))
YTH(1,1)=DTP1=21-T>4,
YTH(1,2)=CTP2*%21-T*»2.
YTH(L+3)=0TC1=*Z1
YTH{1,4)=DTC2%21
YTE(145)1=CTC3%21
YTH(L 6)1=CTC4*1]
YTH( 2, 1)=DTP1*(Z2%E2+2 3*E3+Z4=E4+Z5¥ES5)+T* 12+ 13+14+715)
YTHI(Z2,2)=0TP2={22%E2+13*%E34Z4+E4425%E5)+T={22%CL{3)+13=CLl{5)+74¥%
1C1{6)+25%C1(3))
YTH{2y2)=0TC1*(Z2%E2+4Z 22 E3+ 7 4%E4+I5%ES)+Tx(25%CL(2)-E3-E4)
YTH(2 44 )=CTC2%{Z2%E2+13#3E3+74+E4+I5%E5 )+T*(22~C1(2)-E3-E4])
YTH{ 2,51 =DTC3% [ 22F¥E2+7Z3*E3+74*E4+I5%ES )+T=(23*(1(2)-E2-E5])
YTH(2,6)=DTC4*{Z2*E2+Z 2*E3+24%E4+1S3ES)+T*{Z4%C1l(2)-E5-E2)
YTH(3 4,1 =DVPL=(Z6*ELG+ZT%ET)
YTH( 2,42} =0TP2x{2&5E6+ZTI*ET)I+TX{ZIE6+1)
YTH{3,43)}=CTCl* (26 EO+ZTH*ET)+T=1-ET7)
YTH(244)=CTC2%{Z26FEOG+ZT#ET)+T*(-E6)
YYH(3,5)=CTC3*={ZE€*EG+ZT*ET)+T*(-E6)
YTH{3 ,€)}=LTCa* [ ZEXEOG+ZTHET )+T*(~-ET)
YTH{4,1)=DTPL*x(EE+ESI+T*(CL(4)+CL(6)+CL(3)+CL(5)}
¥YTH{4,2)=DTP2%(EB+EF)+T*(2.0*%CL{4)*C1{6)+2.,0%CL{3)4C1{5))
YTH(443)=CTCL1* (EB+EQ)+T*(C1(1)+2.0*%C1(2)=C1(5)})
YTH(4,4)=0DTC2%(EE8+EF)+T*=(CL{1)+2.,0%CL(2}%CL{6)}
YTH(4,5)=CTC3=(EE+E9)4+T#(C1{1)#2.0=C1l(2)%C1{(2)}
YTH{4,€}=0CTC4*(EB+EQ)I+T*(CL(1)+2.0%C1{2}*C1(4a)}
C TFE FIRST CERIVATIVE OF T wWITH RESPECT TC PL,P24C14C2,(3,4C4
C RESPECTIVELY :
FOLY=(2.%Y1xYTH{L 1) 42,%Y2%YTH(2,1)42.%Y32YTH{3,1)42,%Y4*YTH{4,1))
1*A
FI{2)=(2.%YL*YTH(L192) 42 %Y2%2YTHE(242}42.*Y3%YTH(3,2)+2.%Y4%*YTH{4,2) )
1%A
FI3)=(2.%Y1*YTH(142)42.%Y2FYTH(2,3)42.%Y3%YTH(3,3}+2.%Y4%YTH(4,3))
1*A
Fla)=(2.%Y1¥YTE{ 144342 %Y2%YTH( 2,4 )42, 2Y3%YTHE( 3,4) +2.%Y4%YTH(444))
1A ;
FIS5)=(2e*YLAYTH(L 15142, %X¥2%5YTH(2,5)#2.%Y3%Y¥TH{3,5)42.%Y4%YTH(4,5)}
1%A
FI6)=(2.%Y1*YTHIL 46} 42 4*Y25YTH(24,6)142.3Y3%YTH{3,6142.%Y4%YTH{4,6)!
1%*A
2 RETURM
END
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CCMPUTES VALUE CF CBJECTIVE FUNCTICN ANC ITS OERIVATIVE
THE SECOMH METHCD=-=-=- NCEMALIZATICN CF THE FIRST METHOC.
SUBRCLTINE ACCUMIIIL) {
CCMMCN C(20420)4CL(2C420)4PSCALGCIL204203+4F(20)Y(20)4EGVI2D)4FFL(20)
1,TITLE{20)4CUR(2C) +CLBI2CY+PANLILI2C) ¢ NCONSJLCULT F34NTE yFE4F T, HCTH,NPH
2+MDLS,CLL2D)
DIMENSICN YTH(8,8)
GO TO (1,1,2),1I
RS R T R P L B T

alel

IN THIS PROGRAM
Ci(l) = P1
Cl(2) B2
E1E3) Ccl
Cl(4) c2
L1l5) cz2
C1(6) C4

|1 | | B | BT

* o o W o3 N B R

ootk e et o ok ke Tl b ok

T REPRESENT THE PROBABILITY OF START AT STATE I AND RETURNING TC I
AFTER HAVIANG TRAVERSELC ALL PCSSIOLE LOCPS FROM ZERC TO AN INFINITE
NUMBER 0OF TIMES.

1 T=1a/((Le-CLL2}=CL(4)%CL(5))=2% {1 a-CLU2)*CL(3=CLLO)) =2
1#(1e=CIUL)*CL(3) )= {1 -CLl(1)2CL(4))*{1a-CR(1)*CLIS)I*{L-CLl1)}=
2C1(6))) '

I1=1e0-4%C1(1)-2.2C1(2)
212=1.0-Cl({5)-Cl(6)
Z3=1.C-C1l(3)-C1(4)
24=1.0-C1{3)-Cl{4)
I5=1.C-Cl(5)}-C1l(¢&)
16=1.0-C1(4)-C115)
Z7=1.C-Cl(3)-C1({b6)
E2=C1{1)+C1l{2¥*C1ll4}
E3=C1({1)+C1[2)%C1(5)
E4=C1(1)+C1l(2)%Cl(¢)
ES=C1(1)+Cr(2}*C1(3)
E6=C1(2)
E7=C11{2)
EB8=Cl{1)%CL(4)+CL(1}=#CLl{E}+Z2..0*CL{2}%CL{&)*CL(6)}
EG=CLINI*CL(3)+CLIL)=CL1{E}+2,02CL{(2)*CL(3)*C1(5)
C ThHE CBJECTIVE FUNCTICNS ANC THE GIVEN DATA
Y1=21"1/C.S5465-1,
Y2=T*{22 E2+ZI3%E2+743E4+75%E5) /0.0075-1.
Y3=T={26*%E6+ZT*ET)/0.,0001~-1.
Y4=T*{ER+ES) /0.C454-1.
A='—1-C
C THE CBJECTIVE -- SUMMING TFE SQUARE 0OF THE ABCVE FOUR EQUATIONS
C AND MINIMIZING THEM
F3=(Y1#%24Y23%24Y38 %24 Y4%%2) %A
GG TC(2,3),I1
3 Sl=1./C.5465

$2=1./C.CC79

S3=1./0.CCI1

S54=1./0.C454%

DTPL=T={C1(3)/(1.-CL{1)*CL{3))+CL(4)/(1.-CL{1})*C1{4))+

1CI(S) /7 (1e=CLOL)*CLUS5)I)4CLLEY /(L. -CL(L)XCL{EY))

CTp2= Ti(2-“C1i4)*C1(5)/[1.—C1(2]*C1(4)*Cl(5)]+2 *CL{3)=Cl(6)/

1(1.-C1(2)5CL{3}+CL(61))

CTCl=T=»(2. *Cl(Z}*rlfb}/(l.-Cl(E]*Cl(q)*Cllb)l+C1(1]/

L{le~CLU{LI=CLL2)))

OO0 OO0

e ) v

[ P S
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DTIC2=T*(2.*C1(2)=C1(S)/(1.-CL{2)#C1(4)*CL(5))+CLLL)/
1(1.-CL(L)=*Cl(4)})})

CTC3=1¥(2.2CLL2)1#CL(4) /{1 -CLL2)}xC {a)*CLIB}+CALLY Y/
1{l.-Cl(L)I=C1(5)))
DTC4=T2(2.=2CL(2)*CLl(2)/{1.-C1{2)*CL{3)*C1(6))+CL(1)/
1(l.-CL(L)>C1(65) 1)
YTH{ L, 1)={DTPL*Z1-T*4, )}*51
YTH{1,2)=(0DTP2%Z1-T*2,)*51
YTH(1,43)=CTC1*21%S1
YTH{1l,4)=DTC2%Z1*S1
YTR{1,5}=0DTC3%Z1%51
YTH{1,6)=CTC4*Z1%S1
YTH( 2, 1)=DTPL*{Z2%E2+42 2*E3+Z4*E4+ZD5*ES )+ T* (Z22+23+714+15)
YTHI2,1)=YTHI[2,1)%S2
YTH{2,2)=DTP2=(Z2*E2+213%E3+24*E4+25%E5)+T*(Z22%C1(3)+23*C1(5)+¢24*
1C1(6)4+25%C1(3))
YTH(2,2)=YTH(2,2}%82
YTH({243)=DTCL*(22%E2+4Z3%E3+74*E4+I5*E5)+T* (Z5*%CLl{2)-E3-E4)
YTEL2,2)=YTH{2,3)%*82
YTH{2,4)=CTC2%(Z22*E2+13*E3+24%E4+I5%ES )+T*(22*Cl(2}1-E3-E4)
YTEIZ,4)=YTR{2,4)%82
YTH(2 ,5)=CTC3=(Z2%E2+I3%E3+24*E4+Z5%E5)+T*(Z3*C1(2)~-E2-ES5)
YTH(2,5)=YTH{2,5)%82
YTH{2,&)=DTC4*(22%E2472%E3+24*E4+Z 5*E5)+T*{Z24*C1l(2)-E5-E2)
YTH(2 46)=YTH({2,6)%*S2 ‘
YTH(3,1)=0TPL1*{ZEXE64Z T*ET)*S83
YTH{3,2)=CTP2%(26%E6+ZT*ET)+T={16+117)
YTH(2,2)=YTH{3,2}=*83
YTH(3,3)=CTC1*{26%*E6+LT*ET)I+T*(-ET)
YTH(343)1=YTH{3,3}%53
YTH{3,4)=CTC2%(2&6*EG+ZT*ET)+ T (-E6)
YTH(3,4)=YTH(3,4)%53
YTH{2,5)}=CTC3* (Z6%E6+ZT*ET)+T*(-Eb)
YTHI{345)=YTH{3,5)%83
YTH(3,6)=CTC4*{Z6FEO+ZT*ET)+T*(-ET)
YTH(3,6)=YTH(3,6)*S3
YTH(4,1)=DTPL*(EB+E9)+T*{C1l(4)+CL{6)+CL{3)+C1{(5)]}
YTH(4,41)=YTH(4,1)%S4%
YTH(4,2)=0TP2%(E8+E9)+T*(2.0%CL(4)*CL(6}+2.0*CL(3}*C1(5))
YTE{4,2)=YTH{4,2)%54%
YTH{4 42} =CTCL={EB+EF)+T*(CL(1)+2.0#CLl{2)*C1{(5))
YTH(‘(|31=\TH(4131*S4
YTH(4 44)=CTC2+=(E8+4E9)+T*(CL(1)+2.0*Cl{2)*C1(6))
YTH{444)=YTH{4 44} # %4
YTH{4,41=(CL{L)+2.2C1{2)*CL{6&))*S4
YTH(4,5)=CTC3=(ES+EQ)+T* (CL(L)+2.,0*CL(2)%C1(3))
YTH{4,E}=YTH{4,5)%54
YTH{4,6)=CTC4*{EB8+E9)+T=(C1(1)+42.0*C1{2)%C1(4))
: YTFE(44:£)=YTH(4,6)*54
C THEE FIRST CERIVATIVE OF 1 wiITH RESPECT YC P1,P2,C1,C2,03,C4%
C RESPECTIVELY
FOL)={2.2Y15YTHU L, 1) 42 % Y2XYTH(2 41 142 %Y3%YTH(3,1) #2.%Y4%YTH{4,1))
1%A
FE2)=(2.7Y1YTH(1,2)42.2Y2%YTH(242)422Y3%YTH(3,2)+2.%Y4%YTH(442))
1*A
FU2)={2e%YLAYTH{1,3)42.2Y2%YTHF(2,43)42.*Y3*YTH(3,3)+2,*Y4%YTH(4,3))
1A ;
FLaY={ 2. ¥ YI2YTHI 140422 Y2%YTHI 2 44 ) # 2. =Y¥3E YTH{3,4) +2.%Y4%YTH(444))
1%A 4
FUS)=(2%Y1YTH( L 5) 42 %Y25YTH(2,5) 42, %Y3XYTH(3,5)42,%Y4%YTH(4,5))
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1*A
FI6)=(2.=Y1*YTH(Lly6)42:%Y2=YTH(246 )+2.2Y3*¥YTH(3,6)+2.%Y4%*YTH(4,6))
1%A
2 RETURA
END
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CCMPUTES VALUE OF ORJECTIVE FUNCTICN AND I TS DERIVATIVE 66
THE THIRPC METHCC SIMPLIFICATICN WITHCUT REPETITIVE TRANSITICH.

SUBRCULTINE ACCUM(IT)

CCMHCN C{22422),CLL2C,20)+4PSCALGL20420)4FL2C),¥120),EGVI20),FF(2C)
LyTITLE(20),CUB(20) +CLB{20}yPNL(20) 4 NCONGLOUT yF34NTE4FO4FToMETH MNP
2MD,LS,CL(2C)

CIMENSICN YTH(8,8)

Skt h ik ht ki ok

%

IN THIS PFCCGRAM =
Cl(1y = Pl %*
Clt2) = P2 %
1(3) = C1 *
Cl(3) = C2 *
C1(5) = C3 *
Cll6) = C4 *
*

Bkt Ak Hohah ok ko
GO TC (141,2),11
FUNCTICN T IS THE PRCBASILITY CF START STATE I TC ITSELF
L T={2.%CULL2)*=(CL{4)3*CHE)+LCL(3)*CLL6)I+CL(1)=
1(CL(3)+C1(4)+CL(5)+CL(6))+1.)
l1=1. C-‘i.’:Cl(l)'Z.*Cl( 2)
22=1.0-C1(5)-Cl ({6}
Z3=1.C-C1(3)-C1(4)
24=1,C-C1(3)-C1(4)
25=1.C-C1(5)-C1{6}
26=1.C-C1(4)-C1(5)
27=1.0-C1(3)-C1(6)
E2=CLl(1)+C1(2)%C1l(4) \
E3=C1(1)+C1l(2)*C1l(E)
E4=C1(1)+CL(21=*C1lL¢&)
ES=CLl(1)+C1(2)*C1(3)
E6=C11(2)
ET=C1(2)
EB=C1(LI*CLl(4)+CL(1)=CL(E)+2.C*CL(2)}*CLl{4)*CL(6)
E9=CLI1)*CL(3)+C1(1)3C1{(E)+2.02CL(2)%CL(3)3C1(E)
THE CBJECTIVE FUNCTICANS #NC THE GIVEN CATA
Y1=21*1/C.C466-1.

Y2 = (I2%E2+423%E3+24354+25%E5)/0.0C076-1.
Y3 = (Z6%E6+ZT*ET7)/0.3001-1.
Y& = (E8+4E9)/0.0454-1.
="100
THE CBJECTIVE -- SUMMING THE SQUARE OF THE ABUVE FOUR EQUATICNS

AND MININMIZINCG THEM
F3={Y1==24+4Y2%%2+Y34%2+Y47%2 ) %)
GO TO(243),11

3 S1=1./0.5466
§2=1./C.CC175
§3=1./C.00Q01
54=1./0-04‘54
DTPL1=Cl{2)+C1l{4a)+CL(E)+C116)
DTP2=2.*(C1(4)*CL(5)4C1(2)+C1lLED})
DTCY1 =(2.=CL(2)*CL(6)+CL 1))
CTC2= (2.*CLI2)2CL(5)+C1(1))
CTC3= (2.+«C1(2)*Cl{a)+C1 (1))
DTC4= (2.xCl{21*C1(3)+C1(1))
YTH{L,1)={(DTPL*21-T%4, )*S51
YTH(1,2)=(0TP2%21-T*2,)%S1
YTH{1l,2)=CTCLl=Z1%*S1
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YTH{1,4)=CTC2*21%*S1
YTH{Ll 45)=CTC3=71%*S1
YTH{1,£€)=CTC4%21%S1
YTH{2,1)=(22+23+24+425)%S5¢Z
YTH(2,2)=(22%CL{3)+23~CL{5)+Z24*CL(6)+25*%C1(3))=*52
YTHE(2,3)=(25%C1{2)-E?-E4)*S2
YTH{2,4)=(22%C1L(2)-E3-E4 }*S52
YTH(Z245)=(23%C1{2)-E2-ES)=S52
YTH{2,€)=(24%CLl(2)-E2-E5)%S2
YTH(3,1)=C. ’
YTH(2,2)=(26+Z7) %83
YTHU3,43)}=(-ET)*S3
YTH{3,4)=(~-E6)}*S3
YTH{2,E)=(—-E€) *S2
YTH(3,€6)=YTH({3,3)
YTH{441)=(ClL{4}+CL(6)+CL(3)+C1(5)) %54
YTh{442)={2.*CL(4)13CL{EI+2.%¥CL(3}*CL(5))*54
YTH{4,3)=(CL(1)+2.%CL{2)%CL(5))*54
YTH{4,S)=(CL(L)+2.%¥CL1(Z)*C1(3))*S4
YTH(446)=(CLl{1)+2.%CL{2)3C1(4))354
C THE FIRST CERIVATIVE CF T wWITH RESFECT TG Pl4P2,C14C24,C3,C4
C RESPECTIVELY
FIL)=(2%Y1aYTH{Lyl) 42 . ¥Y2XYTH{ 2,1 )42.3Y3EYTH(3, 1) +2.%Y4%YTH(4,1) ]
1*A :
FlZl=l2.*Y1*YTH(112)+2-*Y2*YTH(2'2]+2.*Y3*YTF(3,2)*2.*74*YTH(4,2)$
1%*A
FU2)=(2e%Y1*YTH(L 33)42%Y2%YTH(243 )42 %Y3XYTH{3,3)42.%Ya*YTH(4,3))
1%A
FU4) ={2%Y1=YTH(14)42 «*Y25YTE(24)42.2Y3%YTH(3,34)4+2.3Y42YTH(4,4)
L&A
FIS)=(23Y1*YTH({L1)5)42 3Y2%RXYTH(245)42.*Y35YTHF{3,5)+2.%Y42YTH(4,5)
1%A
FIe)=(2.3Y13YTh{146) 42 %Y2HYTH(2,6)}+2.%Y332YTH{ 3,6} +2.%Y4%YTH(446))
1%A
2 RETLRN
END
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Abstract

The purpose of this report is to estimate parameters of
a8 model to fit samvle data as closely as possible. The model
is of DNA (Deoxynucleic Acid) leiosis. The sample data are
taken from the work of Reference (3).

The models of DA can be represented as a probabilistic
Finite-state automata. In this report, properties and rules
of both probabilistic finite state automata and probabilistic
regular grammars were employed to developed the equations of
the given model. A nonlinear programming technique was used
to estimate parameters of these equations from experimental

data.



