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1. Introduction

The purpose of this paper is to discuss some stochastic aspects of successive
processes of controls in connection with optimizing procedures. Various opti-
mizing procedures have been treated by several authors in connection with
several different areas belonging to production processes. Thus the response
surface analysis aiming to attain an optimal combination of levels of controlled
factors was developed by Box, Hunter, and their colleagues [1], [2], and they
advocate a certain method for proceeding from some starting point to the
optimal point or its neighborhood. The evolutionary operations program intro-
duced by Box 3], [4] has the feature of moving from a routine point of produc-
tion conditions to a better point in the light of data to be accumulated during
the production. The mathematical aspects of response surface analysis and
evolutionary operations programs can be formulated more definitely than these
authors [1], [2], [3] have done, and indeed we discussed certain mathematical
formulations in our two previous papers [21], [22]. It is our viewpoint that,
although not all our procedures in these areas can be given in mathematical
formulation, there are certainly many situations for which, at least approxi-
mately, we can give a rigorous mathematical formulation of our procedure
which will lead us to an objective criterion to judge how far our procedures are
adequate and efficient.

On the other hand, the recent developments in automatic controls in the pro-
duction process of plants of various industries are now raising various problems
about optimizing procedures which can be defined objectively at least in their
main aspects and hence can sometimes be deseribed in mathematical formula-
tions, so far as controlling procedures can be carried out by automatically con-
trolled apparatus. Thus certain rules have been advocated in these areas for
changing from a combination of the levels of factors to be controlled to a new
combination of them, always aiming to become nearer to an optimal point and
to attain it or reach a certain neighborhood of it as fast as possible, that is, with
the smallest number of steps needed before realizing its aim. In this connection
references can be given to numerous recent works such as Brown [6], Brandon
[56], Cosgriff and Emerling [8], Gorn [10], Hooke and van Nice [12], and
Lefkowitz and Eckman [25].
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Our viewpoint in this paper is to describe such optimizing procedures as
successive processes of controls with two emphases. The first emphasis is based
upon our recognition of the fact that in current situations our choice of control
depends upon information obtained through our observations which, in most
real situations of production processes, are under the strong influence of dis-
turbing conditions and circumstances which cannot be fully controlled. Our
first emphasis is consequently placed on how to describe the nondeterministic
aspects of our processes. This paper is concerned with the situations where
stochastic approaches can be expected to have some value in overcoming the
nondeterministic aspects of production processes under certain conditions of
mass production.

Our second emphasis is to pick out Markov properties from various procedures
of our controls. It is obvious that even some of the simplest optimizing proce-
dures cannot be formulated as Markov chains. Nevertheless there are certainly
other procedures which are of the Markov type, and it is worthwhile to start
with those of the Markov type at least as one possible attack on automatic
optimizing procedures.

It shall also be pointed out here that this paper has two particular references.
The first reference is to extend the uses of Markov processes to statistical con-
trols to be met in practice, which we started in our previous paper [20]. The
second reference is to give a mathematical formulation to the optimizing con-
trolling procedures by logical circuits discussed by Hirai, Asai, and Kitajima
[11], who invented electrical apparatus realizing their ideas.

In connection with the first reference it should be added that the uses of
Markov processes are advocated by several psychologists [7] in component and
pattern models of the mathematical theory of learning. From the cybernetical
point of view it is not surprising that our problems derived from engineering
circles and others derived from psychological ones may have common aims and
common techniques for solving their respective problems, possibly with different
emphases placed upon different forms of transition matrices.

In concluding the Introduction the author would point out that this paper is
a continuation of his works since 1952 on successive processes of statistical con-
trols. The logical aspects of these works are mentioned in [23]. Although no
particular references are made to our previous papers [17] and [19] and to those
by our colleagues, Kano [13], [14] and Seguchi [27], these previous papers as
well as the present one belong to the same frame of thought emphasizing suc-
cessive processes of statistical controls in its general sense. Connections with
stochastic approximation [26], [9] are also pointed out in our previous paper [19].

2. Controlling procedure of the Markov type

Let a set of all the possible controlled states of our production process be
{Py, Py, -+, P,}. Let us assume that to each state P; there corresponds a
certain decision rule D; by which to determine the transition to a new point P;
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with 1 £ j < n for the next instance. Our decision rule D; is defined in principle
in the following way. '

(i) There corresponds to the point P;, a set of m; states s; = {Ps, Pi, +- -,
Pi},where 1 £ 4, <4 < +++ <ip S 1.

(ii) Let us form a statistic z;;, with j = 1,2, - - - , m; at each state P;; belong-
ing to s; in virtue of one or more observations on our production process when
the state of its controlled factors is assigned to be in the state P;;, and let us
define z; = (i, i, -+ * . %i,,) as an m,;-dimensional vector.

(iii) A decision function d[z; P;] = [di(z; P;), dolz; Ps), -- -, du(z; Py)]
attached to the state P; as a function of statistic z is defined for which there is
one and only one j = ji(x) such that d;(z; P;) = 1 and di(x;p;) = 0if I £ j in
the sense that the transition from the state P; to the state P; is implied in view
of the statistic z.

Our decision function is a statistical one, because its value depends upon
statistics having their respective statistical distribution. Our successive process
of statistical controls is now defined as a stochastic process starting from any
assigned state to move to another state, which may be or may not be the same
state, for the next instance, according to each decision function attached to
each of the possible states.

Our successive process of statistical controls is said to be of the Markov type,
if the following assumptions are valid.

(1) A sequence of the states {P(f)} with ¢ = 0,1,2, -+ is defined according
to each decision rule attached to each of the n possible states, that is, the prob-
ability for the event that P(t + 1) = P; under the condition P(t) = P; is given
by the value P{d;[x(f); P;] = 1} by means of the statistic z(f) obtained at the
state P(t) for the time point ¢.

(2) Each of the n functions d[-; P;] with ¢ = 1,2, - - - , n is independent of
the time ¢.

(3) The set of statistics {z(f)} with { = 1,2, -+ is a set of mutually inde-
pendent statistics.

Our decision rule will be defined in view of our aim to be attained by means
of successive processes of controls. Our aim must be naturally concerned with
the populations II; attached to each of n controlled states P;, on which observa-
tions are made giving statistics {z;}. Let a; be the population mean of the
population II;. A maximizing (or minimizing) procedure is one of the procedures
formulated in this paragraph in which our aim is to find out the state which will
yield us the maximal (or minimal) value of a; with ¢ = 1,2, - -- , n. In the fol-
lowing paragraphs several examples are given which illustrate maximizing
procedures in various cases. :

3. One-dimensional controlling procedure of the Markov type

Let us begin with two examples of general controlling procedure of the Markov
type mentioned in section 2.
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ExampLi 1. A neighborhood s; attached to each state P; is defined by

s1 = {Py, Pa},
(31) Si = {P;_l,P;,PH.;}, 221 En— 1,
82 = {Pny, Pu},

that is, s; consists of a set of three consecutive states except for the two extreme
states ¢ = 1 and ¢ = n, where each two consecutive states are implied respec-
tively.

Let our state be P; at a time point {. Then let us make independent observa-
tions, each one at each state belonging to s;, which will give us three statistics
(i, Xi, Tipa) for 2 £4 < n — 1, and two independent statistics (z;, ;) and
(%1, zn) for 2 = 1 and 7 = n respectively.

Various decision functions for maximizing procedures can be defined with
reference to the set of these statistics. In what follows, for the sake of simplicity,
let us consider the situations where all statistics {z.} for h € s;, can be assumed
without essential loss of generality, to have different values.

CasgE 1. There is one and only one k(z) such that £(?) € s; and z;) = maxies;
{xs}. For any assigned values of statistics {zs}, k(?) = k(¢; z) is hence uniquely
determined as a function of these statistics. Now we define di;)(z; P;) = 1 and
di(z; P;) = 0forl = k(7). For each pair ¢, with 2,7 = 1,2, --- , n, we can define
pi; = P{dij(x; P;) = 1} and hence the matrix of transition probabilities
T = (pij), withz,j = 1,2, - -+ | n, is defined.

Cask 2. Our decision functions are here defined in the following way.

i) Forl<i=n and |j—1 =2 di(z; P;) = 0.
(ii) For2 £7=<n — 1, we have

dipa(x; Py) =1 if x>z
(32) di_l(:t; P,) =1 if Tia > X 2= Tip,
di(z; P;) =1 if x; = max(@i, Tio1).
(iii)) Forz = 1, we have
3.3) do(z; Py) = 1 if x> x,
’ d1($,P1) =1 if o ; Xa.
(iv) For 7 = n, we have
dpa(z; P) =1 if o1 > Ty,
34 4w, P) = 1 it 2, = T,

It is to be noted that we can design a sequential procedure of experiments in
making observations for obtaining statistics {z;}. For instance, for each ¢ in
2 <17 < n — 1 we can proceed in the following way.

(i) Make observations giving us statistics z; and 1.

(i1) If z;1 > i, then we move the state P; to the state P;i.

(iii) If 231 £ i, then make independent observations giving us the statistic
Xii.
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(iv), If z; = max(x;_1, iy1), then we remain at the state P;.
Ziy1, then we move the state P; to the state Pi_;.
In either of these two cases the matrix of transition probabilities has the form

(iv)e If 2,0 > s

>
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P11 Pz O 0 0 0 0 T
P21 Pe2 P2z O 0 0 0
0 P32 P33z psa O 0 0
(35) (P =0 0 Pz Prs Duas 0 0
0 0 0 0 cer Daein—2 Prn-1,n-1 Pnln
__0 0 0 0 e 0 Pn,n—-1 Pan

In order to discuss our maximizing procedure it is natural to assume the 7th
state for which p;,:, = 1.

The state p;, is an absorbing state in the Markov process. Such a type of
matrix has an intimate connection with the matrices which have been discussed
in the simple birth and death process. Indeed we can apply some results obtained
by Ledermann and Reuter [24] and those by Karlin and McGregor [15].

ExampLE 2. A neighborhood s; attached to each state P; is defined by

s1 = {Py, Py, Ps},
& = {P1;P27P3)P4};

(3-6) 8; = {P1—2; Pl—l, Pl, Pl+1, 1'+2}’ 3 é 1: é n — 2,
Sp1 = {Pn—3, Pn—z, Pn—l, Pn},
Sp = {Pn—2, Pn—l, Pn}-

Associated with each state belonging to s; is a statistic x. The following two
cases 3 and 4 correspond to cases 1 and 2 respectively.

CaskE 3. Let x4, = maxnes {2»} and let us define d;;, (x;P;) =1 and
di(zx; P;) = 0 for I 5~ j(2). Let us put pi; = P{d;j(x; P;) = 1}. Then the matrix
of transition probability (p;;) is defined for which p;; = 0 for [¢ — j] = 3.

Cask 4. Our decision functions are here defined in the following way.

(i) Forl£¢4=<n and |j—1 23, di(z; P;) = 0.
(ii) For 3 £ 7 = n — 2, we have
d.~+1(x; P,) =1 if Tip > &,
dia(z; Ps) =1 if x> = i,
3.7 digo(z; P3) = 1 if @i >z 2 max(zi, Tin),
a(z; Py =1 if o> 2, = max(Tiye, Tic1, Tivr),
di(z; P;) =1 if 2, = max(Tiog, Tite, Tic1, Tivr).
(iii) For ¢ = 2, we have
dy(z; Pp) = 1 i x> zo,
3.8) di(x; Py) =1 if 1> 2 = 23,
’ di(z; P2) = 1 if x> 2 2 max(x, z3),
dz(x; P2) =1 if T g ma,x(:u, X, xa).
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(iv) For7 = n — 1, we have

do(z; Pay) = 1 if n > Tay,
dns(x; Pay) = 1 if Zno> 2ny
d"_a(x; Pn—l) =1 if Ln3 > Ty
d,,__l(x; Pn—l) =1

Zp,
max(Ly—s, Tn),
if o1 = max(T,_s, To_s, Tn).

3.9)

v v

(v) For ¢ = 1, we have

. dy(z; Py) =1 if x>,
(310) ds(ﬁl?,Pl) =1 if x> T = Tg,
di(x; Py) =1 if = max(x;, x,).

(vi) For v = n, we have

dns(z; Pp) = 1, Loy > &n,
(3'11) dﬂ—2(x;Pn) = 1) xn—z > xn % x,,_l,
da(z; P,) = 1, Zn = Max(To_y, Ln).

It is to be noted that we can design a sequential procedure of experiments in
making observations for obtaining statistics, as was done in case 2.
In either of cases 3 and 4 the matrix of transition probabilities has the form

(D11 P2ps 0 0O O 0 0
P21 P22 P23 Pea 0 O oo 0 0
D31 D32 P33 Psa P3s O - 0 0
(3.12) 0 Da2 P43 Pag Das Pas 0 0

(pij) e
0 0 0 * Po2,n DPn-2,n-3 Pu—2,n—2 Pn2.,m-1 Pn2,n
0 0 0 ---0 Pn—1,n—3 DPr-1,n-2 Pn-1,n-1 Pa-1,n

B o 0 0 ---0 0 Prn—2 Drn-1  Pna

4, Two-dimensional controlling procedures of the Markov type

Let us consider a set of states being defined by two controlled factors, which
we label by a pair of integers P(¢,j) where 1 £ ¢ <mand 1 £j £ n. These
possible states will be arranged in a series of mn numbers so that P(z, j) corre-
sponds to the number 7 + (j — 1)m. One of the simplest two-dimensional con-
trolling procedures of the Markov type will be discussed in the following example.

ExampLE 3. A two-dimensional neighborhood s(, j) attached to each state
P(¢, 7) is defined by

@ s(1, 1) = {(1> 1): 20, q, 2)}7

() s, 1) ={G 1,6+ 1,1,6-11),(G?2)}, 2=i=m—1,
(iii) s(m, 1) = {(m: 1): (m — 1, 1)) (m’ 2)};
(iv) s(1,5) = {19, 2N, Q4,7 -1, 1,5+ D}, 2=sjsn-1,



STATISTICAL OPTIMIZING PROCEDURES 413

(v) s(l,n) = {(1; n); 2,n), (1,n — 1)};

(vi) s(G,n) = {G,n), G+ 1,n),En—-1),EC—-1n)}, 2=i=m~1
(Vil) s(m,j) {(m7])7 (myj - 1); (m - 1;.7'): (m)J + 1)}; 2 éj =n - 1’
(vii) s(m,n) = {(m,n), (m,n — 1), (m — 1, n)},

(IX) 8(7:, .7) = {(‘i}j)y ('L. + 1>j)) (’L’J - 1); ('L - 1;j)) (i)J + 1)}r

2<i<m-12<j<n—1.

In short we may say that the state (%, I) belongs to the set s(¢, ) if and only
flshsmlsl<nandh—id+|l—j £1foreach(3,j)inl ¢ =< m
andl1 =5 = n.

Neighboring states are defined with reference to two-dimensional arrange-
ment, while the numbers of states are referred to the serial number s + (j — 1)m.
Thus for case (ix) the number of states belonging to s(z, j) are ¢ + (j — 1)m,
i+1+@G—=1m, G-+ G—Dm, i+jm, 14+ (j— 2)m, where the
former three are adjacent while the latter two have great distance from each
other and from the former three points.

Let our state be (z,7) at the time point . Then let us make independent
observations, at each state (k, I) belonging to s(z, j), giving us a statistic z¢, 1 at
each state (h, I). As in example 1, let us consider the following two cases.

Case 1. There is one and only one k(¢,7) = ki(%, j), k2(7, 7)) such that
k(i, j) € s(3,7) and x5 = maxaes,s) {@n). We define

(4.1) dria[z; PG, )] = 1,

(4.2) dap[z; PG, 9] = 1, (h, 1) = kG, J),
and

(4.3) Pgp.an = P{dapz; PG, )] = 1}.

It is evident that Pg ), ¢, is the transition probability for the controlled state
to move from the [{ + (5 — 1)m]th state (z,5) to the [h + (I — 1)m]th state
(h, 1).

Cast 2. Our decision functions are here defined similarly as in example 1,
case 2. Thus we have dgp[z; P(z,7)] = 0 except for (k, I) belonging to the set
s(4, 7). Now we have classified all the possible states into nine sets (i) to (ix)
according to the contents of s(¢, ), which may consist of three [(i), (iii), (v)
and (viil)]; four [(ii), (iv), (vi), and (vii)]; and five [(ix)] states. Let us now
illustrate a set which consists of five states.

For2<i<m-—1and2 £j <n—1, we have

(@) da+1px: P, 5] = 1, if e+ > Tap-

(b) dsj+nlz; P, 5)] = 1, if zai+n > Tei Z Tatrn-

(¢) de-19[z; PG, D] =1, if Ze-15 > Zap > max{Ze i+, Tai+n}-
(d) dij-nlz; P, 9] = 1,

if @gj-1n > Tan = MAX{T6-19), T6.i+1) Tei+1) -
() duplz; PG, )] =1, if xaj) = max{za;-1, Ta—15, L6i+1, T6i+0)-
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In either of cases 1 and 2 the matrix of transition probabilities among mn
states can be written in the form

A, F, 0 0 0 0 0
G, A, F, O 0 0 0
0 G: A; F; 0 0 0
“44) T=10 0 G A4 F, 0 0
0 0 0 0 Goa A Fo
| 0 0 0 0 0 G, A,
where
Fa® b 0 0 0 0 0
e o b 0 0 0 0
0 e af b 0 0 0
45 A;=]0 0 ¢ af b 0 0
0 0 0 0 1 ap-1 bR
| 0 0 0 0 O e a® |
1 0 0
0 iy 0 0
4.6) F;=10 0 1 0
K 0 0 9
g 0 0 0
0 g 0 0
4.7) G:=1]0 0 g9 0
_0 0 0 g(i)

and 0 in (4.4) means the n X n matrices whose elements are all equal to zero.
The constants {a{"}, {b°}, {c°}, {f°}, and {gi°} mean the following prob-
abilities respectively.

(4.8) P{d[z; PG, 01} = o,
(4.9 P{di+1,5[z; PG, NI} = b,
(4.10) P{di-1»[z; PG, )]} = ¢°,
(4.11) P{dij+n[x; PG, NI} = fi°,
(4.12) P{d;-nlz; PG, N1} = ¢°,

forl<i<mandl1 <j=n.

ExampLE 4. A two-dimensional neighborhood s(z, j) attached to each state
P(%,7) is now defined in the following manner: a state (k, !) belongs to the set
s(4,7) if and only if 1 Sh <m, 1 £l =< n and |h— ¢ + [l —j| £2. More
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definitely we may enumerate all the possible cases according to the combination
of < and 7, as we have done in example 3, which however we omit here. Two cases
will be mentioned here, each of which corresponds to each of the cases 1 and 2
in example 3 respectively.

Case 1. This can be defined quite similarly as in case 1 of example 3, except
for the difference of the set s(z, 7).

Case 2. Let xun be the statistic obtained from observations performed
under the controlled state (k, ) belonging to s(z, ). Let us give an ordering of
all the sets belonging to s(z, j) which begin with the state (¢, ).

For instance, let our ordering beginning with the number 0 be given in the
following manner: 0: (¢, j);

I: (@ + 1,7); 2: (,7+1); 3: (6 — 1,)); 406 - 1);

5: (1 + 2,7); 6: (2,5 + 2); (- 2,); 8: (1,) — 2).

Let us write for the moment x(k) = x@y1), provided that k is the number of the
order corresponding to (k, [). Further, let us define z*(k) = max {z(1), z(2), -- -,
z(k)} with 1 £ k£ £ 8. Now our decision functions arc defined by means of the
statistic z*(k) in the following way:

@) dol2; PG J)) =1, if - 2(1) > (0).

(b) dy[z; PG, )] = 1, i 2(2) > (0) z 2*(1) = =(1).

(©) dwlz; PG ] =1, if x(k) > x(0) = 2*(k — 1) for3 < k £ 8.
(d) dolz; P@, 9] =1, if 2(0) 2 z*(8).

In either of the cases 1 and 2 the matrix of transition probabilities among mn
states can be written in the form

A, F1 F1 0 0 0 O 0 0 ]
G, A, F, F; 0 0 O 0 0
Gi Gs A; F; F, 0 O 0 0
m_ |0 Gi Gs A4 F4 s 0 0 0
(#13) T = 0 0 Gi G5 As Fs F; 0 0
O 0 0 o0 o . . . w1 Guoy Auy Fpa
o0 0 00 0 - - -0 G G A, ]
where
o B BP0 0 0 0 0 ]
e a P B 0 0 0 0
ca® ¢ af P b 0 0 0
0 clD D g po pro g 0
@14 4i=1g ¢ J;m c,§’ aZ” be> by 0
0 0 0 - - 0 g% @, ab, b,
0 0 0 . . . 0 o0 e ay

and F;, F{, G;, and G{ are n X n diagonal matrices defined similarly as those in
(4.6) and (4.7).
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6. Monads governing translations and rotations in two-dimensional areas

In our two-dimensional controlling procedures of the Markov type in the
previous paragraph we are concerned with the decision functions and allied
transition probabilities among the states belonging to the set s(z, ) associated
with a state P(¢, j). The decision functions are so formulated as to decide the
next state to which the present state will be moved as a translation under each
one of the specified, mutually exclusive conditions. In some controlling proce-
dures our decision procedure has to be considered from another point of view,
that is, with reference to a local system of state coordinates in which notions of
rotations as well as translations are explicitly introduced. In order to avoid the
complexity of our controlling procedure in its totality and to give insights into
its local aspects, it is adequate and convenient to define a localization of the
given controlling procedure satisfying the following two conditions.

(a) To describe the same local procedure with that of the original two-
dimensional controlling procedure of the Markov type.

(b) To give a separation of the controlling procedure within the set of states
s(7, 7) from other states which do not belong to the set of states s(z, j).

We shall call such a local mechanism of controlling procedure a neuronic
monad associated with each state of a controlling procedure. Since there are mn
states in a two-dimensional controlling procedure of the Markov type, there
exist mn neuronic monads in total.

The reason why we use a tentative terminology “monad” (in an incompletely
specified way) is that any two neuronic monads cannot be directly connected
with each other, and that they can be modified so as to form a net system of
neurons which will represent the whole aspect of two-dimensional controlling
procedure of the Markov type with regard to their global behaviors as well as
to their local behaviors.

In the present paragraph we shall illustrate a formulation of neuronic monads.

ExampLE 5. With reference to the terminologies used in example 3, let us
consider a state P(7,j) such that 2 <7 <m —1and 2 £j £ n — 1, that is,
a state belonging to P(z, j). The other cases (i) to (viii) can be discussed quite
similarly. Five states belonging to the set s(z,j) will be numbered as follows:

TABLE 1

1 2 3 4 0 1’ 2/ 3 4

1 1 0 0 0 0 0 0 0 0

2 0 1 0 0 0 0 0 0 0

3 0 0 1 0 0 0 0 0 0

4 0 0 0 1 0 0 0 0 0

0 0 0 0 0 0 1 0 0 0

1’ ['d) 0 0 0 Qo 0 Qe 0 0

2/ 0 Ta 0 0 To 0 0 T3 0
3’ 0 0 83 0 So 0 0 0 Sqr

4 0 0 0 ts to by 0 0 0
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0:(74,7); 1: ¢+ 1,7, 2:¢,j+1); 3:(¢—1,7; 4: (5,7 — 1). The transient
states 1mply1ng the four rotations around the four points 1, 2, 3, and 4 are num-
bered in the following way: 1’: (1 —2);2': (2—3);3": (3 —4);4": 4->1).
The set of nine alternatives 0, 1, 2, 3, 4, 1/, 2/, 3’, and 4’ is called a set of local
states associated with the state O: (i, R Let us consider the table of the transi-
tion probabilities, shown in table I. Here we have

(5.1) at+o+g=1 :20,j=10,2,
(5.2) rat 1o+ 1y =1, r;z0,7=2038,
(5.3) 83+ S0+ s¢ =1, s;20,7=3,0,4,
(5.4) b+ b+ =1, t; 20,5 =14,0,1,

Here each of the transformations 0 — ¢ for ¢ = 1, 2, 3, 4 is a translation, and
each of the transformations ¢ — ( 4+ 1) for 2 = 1,2, 3 and 4 — 1 is a rotation.
The matrix given in table I gives us the monad associated with the state 0.

A set of decision functions on the basis of which these transition probabilities
are given may be defined in various different ways. However, we are here con-
tent with giving one possible way.

(1A) Let our controlled state be 0: (7, 7). Then we move our state to the
state 1’

(2A) Let us make observations at two controlled states 0: (¢,7) and 1: (s 4 1, 7)
which will give us statistics z) and z{), respectively.

(BA) If 21y > xa ) then we move our state 1’ to the new state 1: (z + 1, 7).

(3B) If 281y = x(u,, then we move our state 1’ to the state 0.

(3C) If z§k1, < ), we move our state 1’ to the state 2'.

(4A) For the case (3C) let us make new observations at two controlled states
0: (¢,7) and 2: (¢,7 + 1), which will give new statistics %}, and z{)+1).

(5A) If @41y > 2, then we move our state 2’ to the state 2: (7,7 + 1).

(6B) If 2§41 = 22, then we move our state 2’ to the state 0: (7, j).

(5C) If 2&+1) < 2, then we move our state 2’ to the state 3.

(6A) For the case (5C), let us make new observations at two controlled
states 0: (¢, 7) and 3: ('i — 1, 7), which will give new statistics {3 and z{ ..

(TA) If 28,5 > za » then we move our state 3’ to the state 3: (¢ — 1, 7).

(7B) If z§., = 3, then we move our state 3’ to the state 0: (2, 7).

(7C) If 8., < z§), then we move our state 3’ to the state 4’.

(8A) For the case (7C) let us make new observations at two controlled states
0: (¢,7) and 4: (4,7 — 1), which will give us new statistics z{{j and z{)_,
respectlvely "

(9A) If 2&_y) > x(u), then we move our state 4’ to the state 4: (7,7 — 1).

(9B) If x& 1= = xw,, then we move our state 4’ to the state 0: (0, 7).

9C) ¥ z{,_1y < z), then we move our state 4’ to the state 1’.

Consequently we have

(55) P{x&l?{-l,j) > xg.})} = 91(7:, .7)7
(5.6) P{x@1p = a@h} = ¢, 9),
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(5.7) P{a@ay <2} = ¢ @,7),
(5.8) P{x@+1 > 2y} = n(s, ),
(5.9) P{aysny = xip} = n(3, ),
(5.10) P{x@ivny < 2@y} = o, ),
(5.11) P{aflip > 2@y} = 0,1,
(5.12) Py = 2y} = 26, 7),
(5.13) P 1y < x@y} = se(5,)),
(5.14) P{aly-n > 2} = u(,9),
(5.15) P{x_ny = 28} = 0@, ),
(5.16) P{z@y-n < zlip} = 00,

where we have written g.(, 7), :(3, 7), s(7,7), and (3, j) instead of g, &, Sk,
and {; respectively in order to show that these probabilities may in general
depend upon the state (z, 7).

Let us denote the matrix defined by table I by L(z, j) or simply by L. Then
we have

(5.17)  ALQ\) = AE — LG, 5)|

=0=1' | A -1 0 0 0
— Qo A — Qe 0
—To 0 A — T3 0
— S0 0 0 A — 84
i—t —t 0 0 A

In particular, when go = 7 = 8, = % = 0, we have
(5.18) AL = (AN — DANANE — gerrsesatys).

The matrix L(7, j) defines an absorbing Markov chain having absorbing bound-
aries consisting of 1: (z + 1,7),2: (4,7 + 1), 3: (¢ — 1,7), and 4: (¢, j — 1). The
various well-known theorems regarding an absorbing Markov chain can be
directly applied to a discussion on the mean number of steps for our state 0: (7, j)
and to each one of the four absorbing states 1, 2, 3, and 4 respectively (see [16],
chapter III). Some of these means may be infinite according to the values of
g, 7, s, and . For instance, when ¢o» = r3» = si» = 1, we have an infinite sequence
of rotations among the four states 1’, 2/, 3/, and 4’ if we start with any of the
five states 0, 1’, 2/, 3/, and 4’. On the other hand, for the situation when all g,-,
T4, 840, Bi» < 1, one or more of the four translations, that is, movements from
the states 0: (4,7) to the states 1: (4 1,7), 2: (4,7 + 1), 3: ¢ — 1,7), and
4: (7,7 — 1) will become dominant, that is, a probability for the state to move
from 0 to either one of the states 1, 2, 3, and 4 will become large.

ExampLE 6. With reference to example 4, let us consider a state (¢, 7) such
that 3 <¢<m — 2 and 3 £ j £ n — 2. The other cases having s(¢, j), in
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which the number of elements is less than nine, can be treated quite similarly.
Now the eight transient states implying the eight rotations around the eight
states 1, 2, 3, -- -, 8 are numbered in the following way: 7': 4 > + 1) for
1=1,2 ---,7 and 8: (8 — 1). Now we have the set of 17 alternatives in the
order 1,2, 3,4, ---,8 0,1,2,3, ---, 8, which is called a set of local states
associated with the state 0: (¢, ). Now let us define the 17 X 17 matrix of the
transition probabilities such that

.. L3, 7) 0 ]
5.19 L = A ..
(5.19) G, J) I:Lz(z, 7 Ls(3, )
where Li(7, j) is the 8 X 8 unit diagonal matrix having units as the diagonal
elements and zero elsewhere, 0 is the 8 X 9 zero matrix whose elements are all
zero, while Ly(%, j) and Ls(7, j) are defined by

0 0 0 0
i1 0 0 0
0 Qa2 0 0

0

(G200 LGH={, G

[ =R e R e B en)
- OO OO

(=N =]
L = B e B en I o]

0 0 0 gss

0 0 0 0
[P0 P P2 Py P Ps P P Psr |
Q170 0 Qe 0 0 0 0 0 0
¢@o O 0 @3 0 0 0 0 0
Q30 0 0 0 Q34 0 0 0 0
(5.21) Ls(z,j) = | quo O 0 0 0 qwu O 0 0
q5'0 0 0 0 0 0 Q5’6' O O
qﬁ’() 0 0 0 0 0 0 q6’7' 0
q7r0 0 O 0 O O 0 0 q7’8’
| @80 (1 0 0 0 0 0 0 0 _
We have
(5.22) AL(N) = NE — Lz, 5)|
= (A — 1*\ — po) NE — Ls(3, 5)|.
In particular, when ¢;.o = O forz =1, --- | 8, we have

(5‘23) AL;()\) = |)\E - La('i, .7)1 = N — quagesQsar - Qrsegs.

Similar observations on the matrix L(z,j) can be readily obtained as in
example 5.

6. Two-dimensional controlling nets of neurons

The neuronic monads introduced in section 5 are in some sense isolated from
each other. We now give some examples of two-dimensional controlling proce-
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dures based upon nets of neurons. By a net of neurons we mean a set of local
mechanisms of controlling procedures each of which is associated with one state
(point) of the two-dimensional lattice, and has neuronic functions governing
both translations and rotations at the point which bear a certain relation to
each other. Let us illustrate our method by the following example.

ExampLE 7. Let us consider a matrix of transition probabilities which is of
the form defined in (4.4) to (4.7) in its global connection, with the important
difference that a/®, bf°, ¢f®, f{®, gf° fori = 1,2, --- ,n;j = 1,2, --- , m are now
not constants, but 5 X 5 matrices. Indeed, let us now define

() @) (D ()

Pio yUiy Drer D3 yorg
% 0 g 0 0
(6.1) o = | 0 0 i
sf0 0 0 0 s
£ £ 0 0 0
0 0 0 0 07
Vi 0 0 0 0
(6.2) P =0 0 0 0 0
0 0 0 0 0
| 0 0 0 0 0_|
0 0 0 0 0]
0 0 0 0 0
(6.3) g’ =10 0 0 0 0
s§3 0 0 0 0
K] 0 0 0 0_
0 0 0 0 07
0 0 0 0 0
(6.4) O = | r® 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 07
0 0 0 0 0
(6.5) g =1{o0 0 0 0 0
0 0 0 0 0
| P 0 0 0 0]

In fact we can now denote each of 4mn possible alternatives by a set of threc
integers (7,7, k) suchthat 1 <7 < m,1 £ 7 < n,0 £k = 4, and the alternative
(2, 7, k) has the order 5m(j — 1) + 5( — 1) + k + 1 in the ordering previously
introduced. Now af?, b?, ¢?, f;°, and gi° are concerned with the transformations
of the set of the alternatives {(¢, 7, k)} (0 < k < 4) into the sets {(z,,k)} (0 <
kS4), {(%+1,5,0}0Sks4), (G- 1L,j,k}O0=k=<4), (Gj+ 1, k)
O0=k=4)and {(¢,7 — 1,k)}(0 = k = 4) respectively.
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7. Two-dimensional net of stimulated input-output neurons
without path memory

Let us associate with each point (z,y) five vectors 0(z, y), £l(z, v), &(z, v),
£(z, ¥), and £i(x, y), each of which has its endpoint at the point (z, y). £i(z, y)
is the vector of unit length whose origin is located at the point (z + 1, y),
which we shall denote by £i(x,y) = (x + 1, y) — (%, y). Similar notations will
be used to define £(r, ) = (z,y.+ 1) = (2, 9), &(x,9) = (= — 1,9) — (z,9),
tEi(r,y) = (r,y — 1) = (z, ), while &(z,y) = (r,9) = (z,4). We call these
the five input vectors associated with the point (z, y). Now the output vectors
associated with the point (z, ) are the five vectors each of whose origin is
located at the point (x, y) such that #i(x,y) = (x,9) = ( + 1,9), n(z,y) =
=, y)— @,y + 1), né(xr y) =@y —-@—1, y):ﬂl(x; y) = (,y)—@y—1)
while 73(z, y) = (z,y) — (z, y), which is identical with £(z, ).

The uses of these notions are concerned with controlling procedures regarding
two-dimensional states. Decision functions governing input and output rela-
tions are now defined as follows.

Let an input be given by £i(z, y). For instance, we understand by the input
vector £l(z, y) the fact that we are now in the state (z, y) and that we were in
the state (x + 1, y) at the previous step. Let the four neighboring states of
the state (x,9) be 1: (zx+1,y); 2: (x,y+1); 3:(x—1,9); 4:(z,y — 1)
respectively.

By a state A we mean a state k such that A ~ &k (mod 4), where 1 £ k < 4.
We shall begin with the definition of decision functions associated with the state
(z, y). Let our input state be &(x, y). We proceed in the following sequential
way.

(1) Let us make observations at the state 0 and at the state h + 2 which
will give us statistics 2o and .42 respectively.

(2A) We have an output vector n}42(x, ¥) if Thye > o

(2B) If zpy2 < 7, then let us make observations at the state h 4 3 which
will give us statistic znys.

(83A) We have an output vector 7i+3(x, ¥) if Tnye S To < Tnys.

(8B) If max (Zhi2, This) = o, then let us make observations at the state b 4 1
which will give us statistic Z1.

(4A) We have an output vector na11(x, y) if max (Zass, Thys) = To < Tt

(4B) If max (Zay2, Thes, Tay1) < o, then we have an output vector n3(z, y).

We adopt an abbreviated notation to state each of the conditions given in
our sequential steps as follows.

(3A) Thie S To < Tnys by (h + 2)0(h + 3)

(4A) max (x;.+2, $h+3) = 2 < Thp by h + 2)(7; -+ 3)0(h + 1).

(4B) max (Trye, Thys, Ther) < Zo. by (B + 2)(h 4+ 3)(2 + 1)0.

Let us denote by @ the impossibility of a transition and by 1 its complement,
a transition certainty. Then the conditions for the transitions are given in
table II.
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TABLE II
e 0 1 » 1 1 1
70 71 n2 73 74
£ 1 é ® ) é
& (243)0 é 02 (24)-3 204
8 (134)0 01 ® 103 (T3)04
& (412)0 401 @102 é 04
& @20 321 302 03 ®

We shall now describe the whole aspect of combining these neurons governing
input and output vectors associated with each state of the whole domain. In
order to state the relation among these neurons, we conventionally introduce
a set of identifications such that

(7.1) iz, y) = &z + 1, 9),
(7.2) n(r, y) = &z, y + 1),
(7.3) m(z,y) = H — 1,y),
(7.4) m(z,y) = &z, y — 1),
(7.5) 0z, y) = 8z, v).

Under these conventions to each state (z,y) corresponds the 5 X 5 matrix
whose columns as well as rows consist of £(z, ¥), ¢l(z, y), &(z, v), &(z, y), and
£i(z, ¥) in ascending order from 0 to 4.

Let us consider the domain consisting of lattice points such that 1 < z < m
and 1 £ y £ n. The domain must be divided into nine sets just as in example 3,
and certain modifications of definitions of input and output vectors must be
introduced for the other domains (i) to (viii) similar to those in example 3. Since
five vectors are associated with each one of the mn states, we have now a
5mn X dmn matrix similar to (4.4) with the essential differences that each of
a®, b, P, and ¢{” are not constants, but now 5 X 5 matrices such as

~

81,5  HG)  8GH  8BGH  HED
* * *

£, 7) * *
£, 5) * 0 0 0 0
(7.6) @ = &) * 0 0 0 0
‘ 86, 7) * 0 0 0 0
8@, ) * 0 0 0 0

B8e+1,5) HE+ L) BE+ L)) &6+ 1)) HE+1,))
£(5, 5) 0 0
(71.7) 8G,J)
b = &(1,7)
£(, J)
£, 5)

SO0 OO
oo QO
o= R e e B cae)
*  * *QO
[N
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8 —1,5) HE-1,5) &86-175) 86-1,j5) &H6E-1,9)
[~ . T : .

£8(,7) 0 0 0 0 0
(7.8) (@, 5 0 * 0 0 0
o = 8,7 0 * 0 0 0
£(¢, 7) 0 0 0 0 0
g#G,5 L 0 * 0 0 0o
86,i+1) &6+ &67+1) 8@+ &HGET+1
8@ [0 0 0 0 0
(7.9) &G, 5 0 0 0 0 *
P = 80,9 0 0 0 0 0
£, 5) 0 0 0 0 *
867 L 0 0 0 0 .
86,7 —-1) &GEI7—-1 &6j7—-1) &6Ej—1 &EjJ—1)
86H [ 0 0 0 0 0
(7.10) £i(¢, 5) 0 0 * 0 0
g = £(,7) 0 0 * 0 0
£(1, 7) 0 0 * 0 0
g@,5) L O 0 0 0 0o

where * means certain constants which may not be zero.

8. Two-dimensional net of stimulated input-output neurons
with path memory

Let us associate with each point (z, ) nine vectors &(z, v), &(z, y) forz = 1,2;
h = 1,2,3, 4, each of which has its endpoints at the point (z, ¥), where the upper
suffix ¢ denotes the length of the vector and the lower suffix & denotes one of the
4 directions given in section 7. For instance £(z, y) is identical with £(z, y)
introduced in section 7, and £(zx,y) = (x — 2, y) — (z, y). These nine vectors
are called input vectors associated with the point (z, ). The nine output vectors
associated with the point (z, y), which we denote by #3(z, y) and 9i(z, y) for
i=1,2;h =1, 2,3, 4, are defined similarly. For instance the vector 5i(z, y) =
(z,y) = (x,y — 1) and #i(z,y) = (z,9) — (x,y — 2).

We are now concerned with a walk of a particle from one point to another
when the rule is given by a set of decision functions which have peculiar features
different from those given in section 7 in the sense that it will take account of
the previous two points (states) occupied by the particle—that is, it will have a
certain memory of its history of walking route. In consequence our input state
is not one input vector, but a combination of two connected input vectors rep-
resenting the two previous positions of the particle. Now two connected input
vectors associated with the point (x, ) will be denoted by #ti(z, y), £t(x, ),
and £¢i(x, y) respectively, and are called input states.
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Let us denote by yi(z, y) the starting point of an input vector £ (z, y), and
by 6i(x, y) the endpoint of an output vector #i(z, y).

Hence ££4(x, y) is the ordered connection of the two input vectors & [yi(z, y)]
and £i(z, y) in this order, £¢/(x, y) that of the two input vectors £[yi(z, )] and
&(x, y), and &E(x, y) that of two input vectors & [¥i(x, )] and £(z, ).

Similarly our output states are two connected output vectors, an output
vector connected with the last vector of an input state; that is, each output
state is a combination of one of the nine input vectors £(z, ¥) and &i(z, y) with
one of the nine output vectors 73(z, ) and »i(x, v), which we denote by &ni(z, v),
gmd(x, y), &inl(z, v), and &nd(x, y) respectively.

A neuron associated with the point (z, y) gives us a decision rule by which we
decide the transformation from one of the input states associated with the point
(z, y) to one of the output states associated with the point (z, y).

Let us give the table of all possible output states with reference to a given
output state. For this purpose we have to give a set of decision rules governing
the transitions among input vectors and output vectors. There are various
possible decision functions. The following is one example.

(a) For the input state £i¢h(x, ¥): the input state consists of two input vectors
&(z,y) and &[Yi(r, y)] and hence of one route connecting three points
walva(z, 1)), ¥alz, ), and (z, y).

(1) Make observations at the state (z,y) and at the state 63,2(z,y) which
will give us statistics 2°(z, y) and 23+2(z, y) respectively.

(2A) If 2342(x, y) > 2%z, y), we have the output vector 77.2(z, y) and hence
the output state &ni+2(z, ). _

(2B) If 2.2z, y) < 2z, y), then let us make observations at the state
63 +3(x, y) which will give us the statistic 23.3(z, ¥).

(BA) If Zai2(x, y) S 2z, y) < Zh+3(x, ¥), we have the output vector 5% 3(z, »)
and hence the output state &mi+a(z, ). ,

(8B) If max [#+2(z, y), Zh+a(z, y)] < 2%z, y), then let us make observations
at the state 63.1(x, ¥) which will give us the statistic 22.11(z, y).

(4A) If max [Aa(z,9), Zi+a(z, )] < 2%z, 9) < 2i+1(2, ), we have the
output vector 7%.1(z, ¥) and hence the output state £i&311(x, %).

(4B) If max [#4+2(2, 9), A+3(z,9), A+1(z,y)] < 2%z, y), then let us make
observations at the state 6}.2(, ¥) which will give us the statistic z312(z, y).

(5A) If max [Z42(2, ), A+s(x,y), A+1(z,y)] S 22z, y) < zhsal(z, y), we
have the output vector ni+2(z, ) and hence the output state &m+2(z, ¥).

(5B) If max [z%+2(x: y); 2;2;+3($, y); z§+1(x, y); 2}.4.2(213, y)] = zO(x’ y)) then let
us make observations at the state 6},3(x,y) which will give us the statistic
2}1+3(x1 y)

(6A-) If max [Z§+z($, y)) Z%+3($, y), z%+1(13, y), z},+2(x, y)] = zﬂ(x’ ZI) < z;t+3(x; y)s
we have the output vector 7} 43(x, ¥) and hence the output state &ini+a(z, ¥).

(GB) If max [zﬁ+2(x) y): Z§+3(27, y); z§+1(x, y); Z}.+2($, y); zill+3(x) y)] = zo(x) y),
then let us make observations at the state 6441(z, y) which will give us the
statistic 2z}+1(z, y).
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(7A) If max [z%“(x, y): 2'2;,4.3(13, y)) z§+l(x7 y)y 2,1,+2((E, y); 2},4.3(17, !/)] é zo(x) y) <
zi41(z, y), we have the output vector mi4i(r,y) and hence the output state
B +1(2, 9).- -

(7B) If other cases occur, that is, max [28,2(z, ), Z2+3(x, ¥), Za+1(x, %), - -,
zn1(x, ¥)] £ 2%z, y), we have the output vector 0(z, y) and hence the output
state £0(z, ).

Our decision rule can be summarized in the abbreviated table ITI.

TABLE III

i
OuTPUT STATES FOR THE INPUT STATE EnE}z

Output
Cases State Conditions for Decision
(24) Eimn+2 0(h + 2)?
(34) Eamh+3 (h + 2)10(h + 3)?
(44) Ehmn1 (h + 2)2(h + 3)20(h + 1)
(5A) B2 (h + 2)2(h + 3)2%(h + 1)20(h + 2)
(6A) Ehmhts (h + 2)%(h + 3)2(h + 1)*(h + 2)0(k + 3)
(74) Ehmh+1 (h + 2)2(h + 3)2(h + 1)*(h + 2)(h + 3)0(h + 1)
(7B) £0 (h + 2)%(h + 3)2(h + 1)%(h + 2)(h + 3)(h + 1)0

Now we proceed to other cases having other input states. We may and shall
use the abbreviated summaries of our decision rules by means of the notations
just used for the case (a) having &#i(z, y) as input state.

(b) For the input state & +&h(z, y) with ¢ = 1, 3, see table IV.

TABLE 1V

1,1
OuTPUT STATES FOR THE INPUT STATE &h+ifr(Z, ¥)

Cases Output State Conditions for Decision
(24) Eimht2 oh +2)

(34) Ehnh+3 (h + 2)0(h + 3)

(4A) b 41 * + 2)(h + 3)0(h + 1)
(5A) 0 * +2)(h + 3)(k + 1)0

(c) For the input state &8 withj = 1,2;1, h = 1,2, 3, 4,1 7 h. The decision
rules are the same as for the case (a) so far as they are concerned with the steps
(1) to (7A). We must modify the case (7B) so as to be able to add the cases
shown in table V to table III.
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TABLE V

QutpuT STATES FOR THE INPUT STATES dsﬁ(x, )

Cases Output State Conditions for Decision

(7A) Binh (h + 2)3(h + 3)*(h + 1)2(h + 2)(h + 3)0h

(84) Ginn+1 (h + 2)*(h + 3)*(h + 1)2(h + 2)(h + 3)hO(h + 1)
(8B) £0 (h + 2)*(h + 3%2(h + 1)%(h + 2)(h + 3)h(h + 1)0

(d) For the input state &% with ! = &, h 4+ 1, h + 3.

The input state of this type implies that we have already made observations
at the corresponding states 6}+2(z, ¥) and 6i(z, y) with the consequences that
zh42(z, y) < 2%z, y) and zi(z, y) £ 2z, y). Consequently our decision rules
are much simplified as verified by table VI.

TABLE VI

OUuTPUT STATES FOR THE INPUT STATES E?E})(:c, y)

Cases Output State Conditions for Decision
(2A) Engn+3 0(h + 3)

(34) Ehgh+1 (h + 3)0(h + 1)
(3B) £0 (h + 3)(h + 1)0

(e) For the input states £} and £0%.

An input state of this type implies that some observations on the states in a
neighborhood of the state (z, y) have already been made, with the consequence
that 2°(z, y) is not less than any statistic corresponding to each state in the
neighborhood. At first sight it seems that no further observations are needed
and that we should conclude that we have reached the state which is at least
locally optimal. Indeed we may make this conclusion under certain circum-
stances, particularly when all of the following conditions are satisfied.

(i) No change of production conditions will occur in the future.
(ii) There is some reason which assures us our local optimality is sufficient
for our optimizing purpose.

(iii) Our statistics have small sampling fluctuations so that no repeated
samplings will be required to ascertain our conclusions.

So far as not all of these three conditions are satisfied, our controlling proce-
dure should continue to make observations and decisions. We here give one
possible decision procedure: make a choice by a chance mechanism by which to
decide an input vector from all the set of £&i(z, y) with h = 1, 2, 3, 4.

For the input state ££3(x, y), the same decision rule is used.

(f) For the input state £& withj = 1,2;h = 1, 2, 3, 4.
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We define the decision rule for the input states £¢ and £¢ to be the same
with those of £¢ with I # h, h + 2, and with those of £ with I 5 h, h + 2
respectively.

Amongall 64 (= 2 X 2 X 4 X 4) combinations of the suffixes ¢, 7, h, and I such
thate,j = 1,2,and b, 1 = 1,2,3, 4, thecases when! = h + 2withh = 1,2, 3,4
are impossible, hence the number of all the possible input states of the types
ttx(z, y) are 48 (= 64 — 16). Furthermore, we have to add the input states such
as £080, £189, £08 with j = 1, 2;1 = 1, 2, 3, 4 whose number is 17 (= 1 4 8 + 8).
Consequently the total number of all the possible input states is 65.

Now let us turn to the output states. To each point there are associated the
output vectors n5(z, y) withk = 1, 2; p = 1, 2, 3, 4 and 7(z, y). We define our
output state by a combination of each one of the first vectors of #i(z, y) and
£(z, y) with each one of the second vectors 4%(x, y) and 73(z, ). Some combina-
tions are impossible.

But our principal device in dealing with output states associated with a point
is to think of each output state as an input state associated with its endpoint.

For instance, let our output state be the connection of the end vector £5(z, y)
of the input state #i(z, y) with ni(z, ). As an output vector 5%(x, y) has its
origin (starting point) at the point (z, y) and as its endpoint ¥%(z, y). Our device
is first to notice that n5(x, y) = £[¥k(z, ¥)] and then to think of the connection
as &5 +2[¥i(z, y)]. This device makes it possible to give the matrix of the transi-
tion probabilities among the input states. Let the coordinate of a point be de-
noted by (z,y) in1 £z = m, 1 £y = n. With each point (z, y) let there be
in general associated 65 input states. Hence we can define now a matrix of the
transition probabilities among the total input states. Each input state can be
given by the coordinate (z, y, u), where (z, y) is the coordinate of the point and
u is the order number of the input state within 65 input states associated with
the point (z, y).

Let our ordering of the states be such that an input state (z, ¥, u) is ranked in
the [65(x — 1)(y — 1) + 65(x — 1) + u]th order. It is noted that each of all
the possible output states associated with the point (z, ) is transformed to an
input state associated with a certain point (z’, ') belonging to the set of points
(xx1,y), (x2y), (z,y £ 1),and (z,y £ 2).

Consequently it is obvious that our matrix of the transition probabilities has
the form of the matrix (4.13) with the specifications of (4.14) and with the dif-
ference that af®, b, bj®, ¢f®, ¢;®, %, £i®, ¢ and g;® are now not the constants
but in general the 65 X 65 matrices respectively.

9. Simplified aspects of global behaviors of controlling procedures

In section 8 a transition matrix is given which will enable us to describe the
whole aspect of certain controlling procedures in their global behaviors as well
as in their local behaviors. However, these complete descriptions do not give us
direct observations on the global behaviors of our controlling procedures, and



428 FOURTH BERKELEY SYMPOSIUM: KITAGAWA

some device must be introduced to facilitate us in obtaining a simplified and
sufficiently approximative picture of controlling procedures. A few technlques
are indicated in this section for this purpose.

(1) Simplified and approximate transition matrix regarding transitions among
the vector directions. In the previous sections detailed descriptions of decision
functions appealing to statistics based upon observations at different controlled
states were given in which both translations and rotations were taken into
consideration. These considerations lead us to neurons governing translations
and rotations without memory or with memory and to a net system of such
neurons located at each point in the two-dimensional lattice domain. In their
simpler cases transitions are concerned with the points in that domain, and in
their more complicated cases we have to discuss transitions among the input
states each of which can be characterized by the location of the input point,
the directions and the lengths of two component vectors. Two input states
having the same direction and the same length of two corresponding vectors
have to be distinguished from each other provided they have different input
points. Similar remarks are valid for the formulation in section 7. These dis-
tinctions are required in general because two such states may have in general
different matrices of transition probabilities, so far as their input points are not
identical. In spite of these general assertions, a device may sometimes give a
substantial simplification of our descriptions of controlling procedures.

Let us now be concerned with transitions among vector directions. For
instance, we now have the identity relations to the effect that for any pair of
(@', y") and (z, y)

(9.1) gz, y) = &&=, y),
9.2) mz, y) = m@',y'),

for h = 1, 2, 3, 4. In addition to these, the conventions used in (7.1) to (7.4)
simplify our situation so that our concern with vectors can now be reduced to
four wvector directions: (0,0) — (1,0); (0,0)— (0,1); (0,0)— (—1, 0);
(0, 0) — (0, —1), which we denote tentatively by 1, 2, 3, and 4. Vector direc-
tions will not give us, however, any substantial contributions unless the corre-
sponding elements of the transition matrices associated with every point of the
interior of a certain domain are all equal to each other, that is, matrices of
transition probabilities have space homogeneity. This condition is rather too
severe to be satisfied throughout the whole domain of the state points under
consideration. Nevertheless, a restriction of our state points to some suitable
subdomain may secure us the condition for an approximate space homogeneity.
Under this assumption we may and shall confine our attention to the transitions
among the four vector directions.

Let us assume that an approximate space homogeneity is valid within a cer-
tain subdomain, that is, as our reference state point moves within the interior
of the subdomain, very small numerical changes of elements of the transition
matrices are expected so that a common constant transition matrix (independent
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of its reference state point) can be used within the interior of the subdomain, in
order to give an approximate picture of our controlling procedures in its sufficient
accuracy of approximation.

Let us begin with examples for which our device will serve to simplify observa-
tions on the successive behavior of our controlling procedures.

ExampLE 8. Prevailing flows with rotations. Let the matrix of transitions
among four vector directions be given by

1 . 2 3 4
1 a b+ u c d
_ 2 a b c+u d
(9.3) T_3 a b c d+u
4 a+u b c d

One of the possible interpretations may be given as follows. There is a pre-
vailing flow of transitions with a fixed set of probabilities a, b, ¢, d valid for all
points within the interior of the subdomain where (a, b, ¢, d) are independent
of the previous direction along which we have proceeded just before we reach
the point.

On the other hand, there is one additional possibility of changing the previous
direction into another one such that our particle will move along the vector
direction (2 4+ 1) with a certain probability » when it has come along the vector
direction h. This possibility may imply in some instances the admissibility of
rotations. We have a, b,¢,d, v =2 0and a + b + ¢+ d + u = 1. By virtue of
the direct applications of simple Markov chains we can handle the various types
of controlling problems. For instance, the evaluation of the mean number of
steps for our particle to attain the boundary of our subdomain for the first time
is fundamentally important for controlling procedures. It is noted that since
we have

(9.4) ArQ\) = NE = T| = (A — DA + Nu + Au? + u?),

we can write out by the method in our previous paper [20] the iteration T by
means of the characteristic values of T, which will give us direct and explicit
evaluations of the probabilities of absorption at the boundary. Our example
includes the particular cases when » = 0 and » = 1 respectively. When v = 1,
there happens a route of cyclic rotations around four states.

ExampLE 9. Prevailing flows with rotations under sequential experiments.
Let the translation matrix of transitions among four vector directions and
stopping of steps be given by

0 1 2 3 4

0 e+ u a b c d

1 e a b+ u c d

(9.5) T=2 e a b c+u d
3 e a b c d+ u

4 e a+u b ¢ d
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The main difference between the present example and the previous example 8
is the introduction of the new degenerate vector 0 which means no step in any
direction. The transition probabilities (¢ + w, a, b, ¢, d) may be based upon our
decision rule regarding our experiments to decide (i) whether we proceed in any
vector direction or we remain at the same point and (ii) to which direction we
proceed in the former case. Consequently, the probability ¢ + w can be under-
stood as implying the possibility that we appeal to a new experiment when we
are placed in the situation 0. Other aspects of our interpretations of the matrix
are similar to those in example 8. We have now

(9.6) a+b+c+d+e+u=1.
It is to be noted that
9.7) Ar(N)y =\ — T = (A — (M — ut)

is different from (9.4). Besides any answers to the questions to be discussed
about example 8 we may have to discuss the mean numbers of replicated
experiments for our particle to reach the boundary of the subdomain for the
first time.

(2) Transitions among global subdomains. In order to have information
about the global behavior of transitions of our states, it is sufficient to separate
the set of all states into a system of subsets of states. For instance the states
corresponding to the mn points in the domain 1 £z <m, 1 £y £n are
divided into the system of @, ®, €, D, &, F, G, 3¢, and X, as shown in table VII.

TABLE VII

SUBDIVISION OF THE WHOLE Domaix
1<z <m, 1=2ysm

INTO NINE SUBDOMAINS

® e D
& €2 F
S 3 X

As an illustration let us consider example 3 with the matrix of transition prob-
abilities given in (4.4) to (4.7), which gives us its expression with reference to
the present separation as shown in table VIII. Here the 0 denote the matrices
whose elements are all zero, while the * mean certain matrices which are not 0.
In table VIII the matrix corresponding to the combination of 3C in the column
and Y in the row will be written by 3¢?y; such as @@, @D, FD, FX, FF and so on.
The contents of each of these matrices @@, @D. - - - . FXK and FX can be readily
obtained by means of description in example 3. Let us now discuss the transition
from theset ® + D + -+ + G + & to the set @. For this purpose the absorbing
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TABLE VIII

TraNsITION MATRIX AMONG NINE SUBDOMAINS

Qe ® e b)) S 3 X & F
Q@ * 0 * O 0 * 0 * *
® 0 * * 0 0 0 0 * 0
e * * * * 0 0 0 0 0
D 0 0 * * 0 0 0 0 *
S 0 0 0 0 * * 0 * 0
I * 0 0 0 * * * 0 0
X 0 0 0 0 0 * * 0 *
& * * 0 0 * 0 0 * 0
F * 0 0 * 0 0 * 0 *

Markov chain is introduced in which @ is defined to be an absorbing boundary.
Its transition matrix therefore has the form

9.8) Ty = [fz 8]
where I is the identity matrix,
— O -
ca
0
0
9.9 R = e
0
&a
RilcE
and
[ R® ®e 0 0 0 0 ®8& 0 7
c®B ce (¢2)) 0 0 0 0 0
0 e DD 0 0 0 0 DF
1o 0 0 gg g 0 gs 0
(9.10) Q=10 0 0 3G e X 0 0
0 0 0 0 X3c XX 0 XF
&® 0 0 &g 0 0 &8 0
) 0 FO 0 0 FX 0 FF
Then the fundamental matrix for our absorbing chain is defined by
(9.11) N=U-@™.
In order to have an expression for the inverse of I — @, let us write
.Kl 0 L1 LZ ‘
0 K 2 Lz L4 K ’ L
(9.12) T—Q=| oorerr —
M, M, I — &8 0 M N
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where
[ — ®® - ®e 0
Ki=| —é&a I-ce —eD |,
) - oe I — DD
(9.13) _
I —-gg - Gix 0
K, =] —acg I — 33 — 3%
|0 x3e I-%xx%
—®& | —gg 0 0
(914) L] = 0 , L2 = 0 y L3 = 0 y L4 = O
0 ] 0 —DF — X5
9.15) M,=(-&® 0 0), M;= (-8 0 0)
’ M2 = (0 0 —EFS)), M4 = (0 0 —iF:Kf)
_[K 0 ] L L
K = [0 K, L= [L2 L4]’
(9.16)
M=[:M1 Ms]’ N=|:I——88 0 ]
M, M, 0 I — 55

In consequence, we have

o ova _ [K7 4 XZ7Y — X7
9.17) N-u-on=[KT YT

where X = K1, Y = MK~!,and Z = N — MK~'L, provided that Z—! exists.
Consequently, the problem of finding the inverse of the matrix I — @ is now
reduced to that of evaluating Z—!, Ki'!, and K5'. We can proceed to the further
reduction of our problem to the evaluation of the inverses of matrices of smaller
orders. These procedures may be said to be intolerably tedious and laborious
for a general transition matrix. It is however to be expected that, for our par-
ticular transition matrix, tremendous simplification may sometimes be given in
calculating its minor submatrices.

10. Game-theoretic approach and application of Monte Carlo method

Our formulation of successive processes of statistical optimizing procedures
in terms of the Markov chains implies the necessity for establishing some prob-
abilistic theorems by which to make clear not only the local but also the global
behavior of iterated products of the transition matrix P. Results obtained in
our previous paper [20] which are based on reduction theorems and analysis of
routes may serve to facilitate the calculation of the characteristic roots of
A(z) = |A\E — P| = 0. However, in addition to probabilistic approaches there
is a possibility of attacking our problem from game-theoretic approaches. This
derives from the fact that the transition matrices now under consideration are
determined by two conditions. The first condition is concerned with our process
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of statistical optimizing procedures, that is to say, with our chosen strategy.
The second condition is determined by a set of populations associated with each
point of the one- or two-dimensional lattice set on which we have incomplete
information. This situation may permit us to formulate a game-theoretic
approach in which one player is the control engineer while the other is nature,
who chooses a setup of populations. For instance, in the case of a two-dimensional
lattice let a(z, y) be the population mean of a population associated with the
lattice point (z,%). Under our formulation we have incomplete information
about a(z, y), irrespective of whether the assumption a(z, y) may be a deter-
ministic function or a sample function from some stochastic processes. In this
sense our solution to the problem of giving a strategy for choosing a process of
statistical control among the set of possible processes may be adequately formu-
lated under a decision function approach which takes into consideration game-
theoretic aspects and which may belong to stochastically approximative analysis
in the sense of [18].

Experimental approach also will be suggestive in developing our theoretic
considerations for the comparison of the merits and deficiencies of various
optimizing procedures. Some experimental results are given by Hirai, Asai, and
Kitajime [11] which treat the case when a(z,y) = (322 — 22 — y2)¥2 and no
observational errors are involved. The introduction of observational errors in
such model experiments may lead us to an application of the Monte Carlo
method, which is probably indispensable to our theoretic considerations in
giving us empirical grounds leading to conjectures as to the asymptotic behavior
of the powers of P.
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