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Performance Analysis of the Interval Algorithm for Random
Number Generation in the Case of Markov Coin Tossing*

SUMMARY In this paper we analyze the interval algorithm for random
number generation proposed by Han and Hoshi in the case of Markov coin
tossing. Using the expression of real numbers on the interval [0,1), we first
establish an explicit representation of the interval algorithm with the repre-
sentation of real numbers on the interval [0,1) based one number systems.
Next, using the expression of the interval algorithm, we give a rigorous
analysis of the interval algorithm. We discuss the difference between the
expected number of the coin tosses in the interval algorithm and their up-
per bound derived by Han and Hoshi and show that it can be characterized
explicitly with the established expression of the interval algorithm.

key words: random number generation, interval algorithm, Markov coin
tossing, number systems, performance analysis

1. Introduction

Simulation problems of generating random sequences from
a prescribed information source by using a random sequence
from a given information source are called the random num-
ber generation. In the random number generation random
sequences from a prescribed information sources are called
the target random sequences which we wish to produce and
the random sequence from given information sources are
called the coin random sequences that the target random se-
quences are made from.

There have been several works on the random number
generation in the field of computer science and information
theory. Some interesting relations between random number
generation and information theory have been found in the
papers of Elias [1] and Knuth and Yao [2].

Han and Hoshi [3] studied a variable-to-fixed random
number generation problem. They studied the method of
generating target random sequences of fixed length from
a prescribed information source by using coin random se-
quences of variable length from a given information source.
They proposed a simple algorithm called the interval algo-
rithm and obtained results for its performance analysis.

When coin random sequences are from a stationary
memoryless source, Han and Hoshi [3] established an up-
per bound of the average length of coin random sequences
necessary to create target random sequences. The derived
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bound is characterized with a fraction of two entropies of
given and prescribed sources and is shown to be asymptot-
ically optimal for large length of output sequences. They
further studied an extended case, where coin random se-
quences are from a stationary Markov information source.
We hereafter call the stationary Markov information sources
which outputs coin random sequences the Markov coin toss-
ing. Han and Hoshi [3] also investigated a random number
generation problem of generating a prescribed target random
process using a given coin random process. Watanabe and
Han [4] investigated this random generation problem by the
information spectrum approach [5].

In [6], the author studied the performance analysis of
the interval algorithm for random number generation pro-
posed by Han and Hoshi [3]. Using representation of real
numbers, the author refined Han and Hoshi’s performance
analysis of the interval algorithm. In the above work the au-
thor treated the problem that we wish to generate a target
random variable by using a coin random sequence from a
stationary memoryless source.

In this paper we analyze the interval algorithm for ran-
dom number generation proposed by Han and Hoshi [3] in
the case of Markov coin tossing. We extend the method
developded by the author [6] to this case, deriving several
explicit results.

As a theoretical extension we have an importance on
the study of the random number generation problem in the
case of Markov coin tossing. We also have a practical im-
portance on this study. From a practical point of view infor-
mation resources which output coin random sequence must
be easily accessible and available. On the other hand, in-
formation resources in the real world that we can easily ac-
cess to utilize include several data such as text data, digi-
tally processed audio, image or video data. Most of them
have memory and are mathematically modeled by Markov
information sources. Hence, considering applications of the
random number generation in practical situations such that
we only have a few choices of information resources avail-
able as generators of coin random sequences, we inevitably
face to the study of the random number generation in the
case of Markov coin tossing.

In this paper we derive explicit results on the perfor-
mance analysis of the interval algorithm for random number
generation using an expression of real numbers in the unit
interval [0,1). On the expression of real numbers in the unit
interval, we establish a kind of generalized number system
based on the stochastic structure of the coin random pro-
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cess. Using the above representation of real numbers on the
interval, we find an explicit expression of the interval algo-
rithm. We further present a rigorous analysis of the interval
algorithm using the expression of the algorithm.

We discuss the difference between the expected num-
ber of the coin tosses in the interval algorithm and their up-
per bound derived by Han and Hoshi and show that it can
be characterized explicitly with the established expression
of the interval algorithm.

An explicit representation of the interval algorithm de-
veloped by the author [6] can be extended to the case of
Markov coin tossing. However, this case yields some spe-
cific difficulty in the performance analysis of the interval
algorithm. To state this difficulty we define a map ¢ repre-
senting the interval algorithm. We further define a random
variable S which generates the target random variable X by
@, that is, ¢(S) = X. Precise definitions of those quantities
will be stated in Sects.2 and 4. Performance of the inter-
val algorithm is measured by an expected number of coin
tossing denoted by L. In the case where coin random se-
quences are from a stationary memoryless source we have
H(S) = LH, where H is the entropy rate of the descrete
memoryless source. In this case the performance analy-
sis for the interval algorithm is reduced to an evaluation of
H(S). However, as stated in [3], this equality does not hold
in general in the case of Markov coin tossing. In this paper
we present a class of stationary Markov information sources
having a symmetrical property on their stochastic matrices.
We prove that for Markov information sources belonging to
this class the above equality holds. For Markov informa-
tion sources not belonging to this class, another method of
evaluating L will be necessary.

The results of this paper were presented in part at [7],
where several arguments are omitted because of page con-
straint. Furthermore, it contains a mistake. In this paper
we provide those arguments and give a complete proof of
our main result on the performance analysis of interval al-
gorithm. We also fix the above mistake in [7].

2. Interval Algorithm for Random Number Genera-
tion

Let X be random variables taking values in a finite set X :=
{0,1,--- ,N — 1}. Let px := {px(x)}xex be a probability
distribution of X. Let {Y¥;};2, be a stationary Markov source.
For eacht = 1,2,---, Y, takes values in a finite set Y :=
{0,1, --- ,M — 1}. The stationary Markov source {¥;},2, is
specified with the M x M stochastic matrix denoted by P =
[P;;], where

Pij=Pr{Yy = jlY, =i}, fort=1,2,--- .

We also write P;;, (i, j) X Y? as P;; = py(jli). Let Y* denote
the set of all finite sequence emitted from the above infor-
mation source. We write a string from information source
as Yy == YY1 Ym € Y*. If | > m, the string y)" means
null string denoted by 4. When / = 1, we frequently omit

the suffix 1 of 4" and write y™ = y1ys---yu. Let py(y/
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denote the probability of y". Since the information source

is a stationary Markov source, we have

prW) = pyWdPyy., -+ Py g

Here {py(a)}.cy is a stationary distribution computed from
P. The probability of the null string A assumes to be one.

In this paper we deal with the variable to fixed ran-
dom number generation problem of generating target ran-
dom variable X by using the coin random sequence Y,
Y,---Y;--- from a stationary Markov information sources
{Y;}2,. A formal definition of the variable to fixed ran-
dom number generation problem is the following. Repeated
tosses of the coin random variable Y produces random se-
quence Y1,Y>,- - from a Markov source. The coin toss ter-
minates at some finite time L to generate a random variable
X with a prescribed distribution py. L is a random vari-
able specified in terms of a deterministic two valued func-
tion such that f(¥Y’) = ‘Continue’ for 1 < i < L -1 and
f(YL) =*Stop’. The output X is expressed as X = y(¥%)
with some deterministic function .

For the given generating algorithm (f,y) of random
number generation let S, x € X be a set of all input strings
yl € Y* that generate x. It is obvious that S,,x € X are
disjoint. Set

S:= st,
xeX

where we have used the notation ‘)’ for the sum of disjoint
sets instead of ‘U’. Hereafter, to distinguish the sum of dis-
joint sets from the union of sets, we use the notation ‘+’ or
3, for the sum of disjoint sets.

In the above random number generation problem Han
and Hoshi [3] proposed a simple algorithm called interval
algorithm and evaluated its performance. Let I = [0, 1).
Define the cumulative probabilities for py by

cy(0) :=0,
cvly) = ) pr(i)1<y<M—1.
i<y
Using these probabilities, define the decomposition of 7 by
Iy(y) = [ey(®), cy(®) + py(y)).

For px, we use the same notations and definitions as those
for py. For given y; € Y, define the cumulative probabilities

for py(ly1) = {py(Waly},,cy by

cy(Olyy) := 0,

cr(yalyr) = Zpy(ilyl), l<y<M-1

i<yr

For k = 1,2,---, and any string v =y oy € Y-, de-
fine the semi-open interval Iy(y*) := [Ly(y/*), Uy(y/")) by the
following recursions:

Ly(y1) = cy(y1),

Uy(y1) = cy(y1) + py(y1)

Ly(y) = Ly(y™") + py(y ey wilyi-n),

Uy(y') = Ly(y") + py(y), for2 <i < k.

(1)
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The procedure of computing upper and lower end points of
the interval corresponding to a given sequence is equivalent
to the encoding algorithm in the arithmetic coding. On inter-
vals generated by the above recursion we have the following
property.

Property 1: For any n > 2, any a" € Y", we have that
foranyl <m<n-1,

n

[Ly(@), Ly@) = > > In(@y), b)
k=m+1 y<ay

(U@, Uy@) = > " In(@ 'y, 3)
k=m+1 y>ay

Proof of Property 1 is given in Appendix. This property
will be a basis of a key important result, which yields an
explicit representation of the interval algorithm. We derive
this key result in the next section.

Interval algorithm by Han and Hoshi [3] can be stated
in the following.

Interval Algorithm (Han and Hoshi [3]):

1) Seti=k=1,yy = A

2) Given y;_;, generate a letter y; € Y according to the
transition probability py(y;ly;—1) of the coin random
variable. Here for i = 1, the quantity py(yilyo) =
pr(y1l1) = py(y;) is the stationary probability of the
coin random variable.

3) Compute Iy(y') = [Ly(y'), Uy(y')) according to the re-
cursion (1).

4) If Iy(y") C Ix(x) for some x € X, then output x as the
value of target random variable X and stop the algo-
rithm.

5) Seti=k+1and goto 2).

In the above interval algorithm the target random vari-

able X can exactly be produced.

3. An Explicit Representation of the Interval Algo-
rithm

In this section we give two expressions of real numbers in
the interval I = [0, 1) on the number system. There is some
complementary relation between the above two expressions.
Using those expressions we give an explicit form of the in-
terval algorithm.

3.1 Representation of Real Numbers

For z € [0, 1), define the sequence {a;}, € Y* such that
zelyd),i=1,2,---.

It can easily be verified that using a;,as,-- -, z can be ex-
pressed in the following manner:

z= Z pr(@dh Z py(alai-1)

k>1 a<ay
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= Z py(@ Ney(arlag-y).

k=1

Here we assume that ag = A for k = 1. The same rule of
notation will be used in the subsequent arguments. We call
the above expression the py-ary representation of the real
number z and write as

z=0.a1aasz--- . 4)

In the above expression, if we wish to express z with the sum
of the number having the expression

0.aiazas - --a;00- - -
and the other remaining term, we write
z=0aiaz---a; + 0.04,04, ---0ga111 -+, 5)

where the second term is defined by
0.04,04, -+ - O, ap41 -+ 2= Z pr(@d Hey(aa-1).
k>t+1

Next, for z € [0, 1), set Z = 1 — z. Using the sequence {a;}i>1
appearing in the py-ary representation of the real number z,
Z has an expression

= Z pr(dh Z pr(alag-1).
k>1 a>ay
Then, adopting the notation
ey(@acr) == ) prlilax),
i>a
we obtain the following expression
2= pr(@ ey(@dac ).
k=1

We call the above expression the py-ary co-
representation of the real number z and write as

z=0.a1aza3 - . (6)

Let z™ denote the real number which is obtained by round-
ing off z to n-digits in the py-ary representation, that is,

= 0.aiay - - ay.

Similarly, let 7z denote the real number which is obtained
by rounding off 7 to n-digits in the py-ary co-representation,
that is,

7 = 0.a,a - - .

It can easily be verified that the py-ary representation and
the py-ary co-representation of the real number z satisfy
the following.

Property 2:

a) Forany i, z € Iy(a)).
b) cy(ailai-1) + cy(Gilai—1) = 1 - py(ailai-1).
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¢) Forz=0.a1ay --a,--- €[0,1), we have
Z(n) + Z(n) =1-= py(an).
From Properties 1 and 2, we have the following lemma.

Lemma 1: We assume that z has the following py-ary ex-

pression:
z=0.aq1ay---a,---€[0,1).

Then for any m > 1, we have the following:

D0 @y, )

k>m+1 y<ay

[ Uy@) = > > @y, @®)

k>m+1 y>ay

[Ly(a™),2) =

Proof: By Property 1, we have

[Ly(@™),7™) = [Ly(a™), Ly(a"))

- Z D vy, ©)

k=m+1 y<ay

[ + py(@"), Uy(a™) = [Uy(@"), Uy(@™)

_ Z Z Iy(ak’ly). (10)
k=m+1 y>ay

Note that

lim 7 = hm (z(”) + py(@")) = z.

n—oo

Hence by letting n — co in (9) and (10), we have

[Lr@),)= Y > Iy@y),
k>m+1 y<ai
[ Uy@) = Y, > Iv@y),
k>m+1 y>ay
completing the proof. O

Lemma 1 plays an important role in deriving an ex-
plicit representation of the interval algorithm. The detail of
derivation is stated in Sect. 5.

Kanaya [8], Oohama et al. [9] point out that the py-
ary representation has a close connection with the arithmetic
coding and the Markov shift. In the following we explain
this connection. Let A be a set of 4> € Y2 such that py(y*) >
0. Note that

DD =LY ) =1.

yreA yeY
Define ry : I - I and ¢y : [ — Y by
(@ = (prwly2) ™" (z = Lvy)) + Ly ),

for > € Aand z € Iy(y?),
¢y(z) =y, fory € Y and z € Iy(y).

The map 7y is called the Markov shift in the terminology
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Fig.1 The maps 7y and ¢y for P given by (11). The quantities ¢; =
4/35, ¢, =23/35, and ¢3 = 59/75 satisfies Tf,(ci) =c¢,i=1,2,3.

of ergodic theory since it can be regarded as a shift on the
Markov process specified with P. As an example of (ty, ¢y),

we consider the case where M = |Y| = 3 and
0 05 05
P=10250.5 0.25]{. (11
0.250.250.5

In this example A = Y? — {(0,0)}. The stationary distri-
bution is (py(0), py(1), py(2)) = (0.2,0.4,0.4). The maps
Ty and ¢y for P given by (11) are shown in Fig.1. Let
z € [0,1) be an initial value. We consider the sequence
Py (Ddy(Ty(2) - - ¢y(1571(2)) generated by the initial value
Z, the map 7y and the quantizer ¢y. Then, we have the fol-
lowing property.

Property 3 (Kanaya [8], Oohama et al. [9]):

a) Iy(ajay - - ay) is equal to the set of initial values z gen-
erating ¢y (2)py(ty(2)) - - - ¢y (t5 () = araz - - - ax.

b) The sequence {¢y (5 '(2))};2, coincides with the py-
ary representation of z.

¢) The procedure of producing sequence using iteration of
Ty and quantization by ¢y is equivalent to the decoding
process in the arithmetic coding.

The followings are two examples of py-ary representa-
tions of z € I.

Example 1: We consider the example where P is given by
(11). The map 7y is shown in Fig. 1. In this figure the quan-
tities ¢; = 4/35, ¢ = 23/35, and ¢z = 59/75 satisfies
T%,(C,') = ¢;,i = 1,2,3. The line segments L;,i = 1,2 are
related to the computation of ¢;,i = 1,2. Those are explic-
itly given by

L1 ZTy(Z) =
L2 ZTy(Z) =

4z + 0.2 forz € [0,0.2),
2z — 1.2 for z € [0.6,0.7).

The line segments L;, i = 3,4 are related to the computation
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of c3. Those are explicitly given by
L3 :1y(z) =4z — 1.4 for z € [0.5,0.6),
Ly :ty(z) =4z — 2.6 for z € [0.7,0.8).

It can be seen from Fig. 1 that we have

dy(c1) =0, ¢y(ry(c1)) = 2,
dy(c2) = 2, ¢y(ty(c2)) = 0,
dy(c3) = 2, py(ry(c3)) = 1.

Then by (12) and Property 3 parts a) and b), the py-ary rep-
resentations of ¢;,i = 1,2, 3 are

(12)

c; =0.02020202 - - - , ¢ = 0.20202020- - - ,
c3 =0.21212121--- .

Example 2: We consider the case where M = | Y| = 3 and

P=102505 0.25

0.250.250.5

13)

0.250.250.5 }

In this example A = Y2. The stationary distribution is
(pr(0), py(1), py(2)) = (1/4,1/3,5/12). The maps 7y and
¢y for P given by (13) are shown in Fig. 2. In this figure the
quantities ¢} = 1/7, ¢}, = 7/9 satisfies 73(c}) = ¢},i = 1,2.
In Fig.2, the line segments L;,i = 1,2 are related to the
computation of ¢{. Those are explicitly given by

Ly :ty(z) = (10/3)z+ 1/6 forz € [1/8,1/4),
L, :ty(z) = (12/5)z = 7/5 forz € [7/12,11/16).

The line segments L;,i = 3,4 are related to the computation
of ¢}. Those are explicitly given by

L :1y(z) = 57— 23/12 for z € [1/2,7/12),

Ty
A
1
L3
L N
N >
g —— [A- ¥
12 L4
7y (2)| Lo Y p(ch) = ¢f
1 e i=1,2,
T c'= %,
> - .
L 7%
: ; | 5
0i Zef 1 7 ch i1
4
I,0 : I,(1) Iy(2)
Y Y Y
v vy
0 1 2

Fig.2  The maps 7y and ¢y for P given by (13). The quantities ¢; = 1/7,
¢, =17/9 satisfy t3(c}) = ¢/, i = 1,2.
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Ly :ty(z) = (16/5)z — 39/20 for z € [11/16, 19/24),
It can be seen from Fig. 2 that we have

pr(c)) = 0,¢y(ty(c))) =2, (14)
¢Y(C’2) =2, ¢Y(TY(C;)) =1.

Then by (14) and Property 3 parts a) and b), the py-ary rep-
resentations of ¢/,7 = 1,2 are

¢} =0.02020202-- -, ¢, = 0.21212121 - - - .

3.2 An Explicit Representation of the Interval Algorithm

In this subsection, we give an explicit form of the interval
algorithm by using the py-ary representation and py-ary co-
representation of the real number in the interval 7 = [0, 1).
It can easily be seen from the definition of the interval al-
gorithm the interval Ix(x) = [Lx(x), Ux(x)) corresponding
to the target random number x € X has a form of a disjoint
sum of the intervals Iy(-). In our previous work we obtained
an explicit form of the disjoint sum in the case where the
source {Y;}2 representing coin tossings is a discrete mem-
oryless source. In the present case where {Y;}, is a station-
ary Markov source the same result holds. This result is as
follows.

Theorem 1: For x € X, let Ix(x) = [Lx(x), Ux(x)) be an
interval corresponding to the target random variable X tak-
ing values in X. Suppose that lower and upper endpoints
Lx(x) and Ux(x) have the following py-ary representation
and py-ary co-representations:

Lyx(x)=0.a1ay---, Lx(x)=0.a1a---,

Ux(x)ZO.b]bz et
For each x € X, there exists an integer ¢ = #(x) such that rep-

resentations of Ly(x) and Ux(x) have first different values at
the #-th place at their py-ary representations. Then, we have

px<x)=py<a"1>[ > prlala, )

a;<a<b,

+ Z {PY(arl'ar—l)cY(akmk—l)

k>t+1

+py<bf‘|a,_1>cy(bk|bk_l>}}, (15)

where

> prlala) =0

a;<a<b,

when b, = a, + 1. Furthermore, we have the following de-
scription of Ix(x) with the disjoint sum of intervals corre-
sponding to the target random sequences in the interval al-
gorithm:

()= ) Iy@'y)

a;<y<b,
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Iy (at1)
— = —
I ) .
Downward Upward
T

> 1, (aty) S I(aty) |~ S (bY)
Peg ) e ; (' et

— ——

Ly (x)

Fig.3 Upward and downward sequences of intervals.

k>t+1 \y>ax y<by

+ ) {Z @'y + ) 1y<b""y>}. (16)

Proof of the equality (15) in Theorem 1 is quite parallel
with that of the similar equality with respect to px(x), x € X
in [6]. For the equality (16) in Theorem 1, we give a simple
and rigorous proof of this equality without depending on the
equality (15). Lemma 1 is a key result for the proof. This
lemma together with some simple observations on the py-
representations of two endpoints Lx(x) and Ux(x) of Ix(x),
x € X yields (16). The detail of the proof of Theorem 1 is
given in Sect. 5.

It can be seen from the above presentation that the in-
terval X, <cp, Iy(a’'y) is in the middle of the interval Ix(x)
and that the sequence of intervals {3, Iy(d*y)is: en-
tirely covers the lower part of the interval Ix(x). Those in-
tervals are called downward sequences in Han and Hoshi
[3]. We also know that the sequence of intervals {Zy<bk
Iy(bk‘ly) }ksr+1 10 the third term in the right member of the
above equation entirely covers the upper part of Ix(x). This
sequence of the intervals are called upward sequence in Han
and Hoshi [3]. The result of Theorem 1 can be regarded
as giving an explicit form of upward/downward sequences
of intervals in the interval algorithm. Those sequences of
intervals is shown in Fig. 3.

Based on the expression of px(x), x € X in Theorem 1,

set
Z)t,xzz{y’ Yyt =d e <y < b,}. (17)
Furthermore, for [ > ¢ + 1, set
D=y g =d"a <y, (18)
Ui=ly' oy~ =a ™y =0 <b). (19

Then, we have the following.

s=> {z),,x + ) Dt )y u,x} : (20)

xeX I>t+1 I>t+1

For x € X, define
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Dy=Dp+ » Dy, Ugi= Y Uy,

I>t+1 I>t+1

Itis obvious that S, = D, +U,, x € X. In the remaining part
of this section we present two examples of random number
generation. For each example, we compute Sy, D, and U,
for x € X.

Example 3: We consider the case where M = 3, N = 4.
The target random variable X has the following distribution:

rx = (px(0), px(1), px(2), px(3))
=(4/35,19/35,68/525, /16/75).

We assume that the stationary Markov process {Y;};=; spec-
ified with (11) in Example 1 generates coin random se-
quences. The py-array representation for this example is
discussed in Example 1. In the random number generation
problem treated here the choice of py is closely related to
the periodic point of the map 7y defining the Markov shift.
In fact, we have Ly(1) = 4/35 = ¢y, Lx(2) = 23/35 = ¢,
Lx(3) =59/75 = c3, where ¢;,i = 1,2, 3 are the same quan-
tity as those in Example 1. Those are the periodic points
of 7y satisfying T2Y(c[) = ¢, i = 1,2,3. Using the py-array
representations of ¢;,i = 1,2,3 in Example 1, we have

Lx(1) = 0.02020202 - - -, Lx(2) = 0.20202020- - - ,

Lx(3) = 021212121 -+ - .

Applying the formula (16) on Ix(x), x € X in Theorem 1 to
the present example, we have the following:

Ix(0) = Y > Iy(0[201"y),

k20 y<2

Ix(1) = Iy() + > " Iy([02]Y)

k=1 y>0

+ 33 (1201,

k1 y<2

x(2) =) > IyC021'y)

k>0 y>0

> {Z Iy(2[12]1y) + Iy(2[121k+10)} :

k>1 | y<2

Ix(3) = Z Iy(2[12]%2).

k>0
Hence the sets S, D,, and U, for x =0, 1,2,3 are
So = Uy = {01200, 012011}
S =D, +U,
Dy = {1} + {[0211, [021°2
{ful = {12010, [201"1] _ .
S =D + Uy,
{1)2 = {20211, 21022}, ,
U, = (20121410, 2[12]¢11, 2[12]*0}

k>0’

)

k>1

>

k>0
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Sy =D, = {2[12]’<2}k20.

Example 4: We consider the case where M = 3, N = 3.
The target random variable X has the following distribution:

px = (px(0), px(1), px(2)) = (1/7,40/63,2/9).

We assume that the stationary Markov process {Y;},=; spec-
ified with (13) in Example 2 generates coin random se-
quences. The py-array representation for this example is
discussed in Example 2. In the random number generation
problem treated here the choice of py is closely related to
the periodic point of the map 7y defining the Markov shift.
In fact, we have Ly(1) = 1/7 = ¢}, Lx(2) = 7/9 = ¢},
where ¢}, i = 1,2 are the same quantity as those in Example
2. Those are the periodic points of 7y satisfying T%,(c; )=ci,
i = 1,2. Using the py-array representations of ¢;,i = 1,2 in
Example 2, we have

Lx(1) = 0.02020202 - - - , Ly(2) = 0.21212121 --- .

Applying the formula (16) on Ix(x), x € X in Theorem 1 to
the present example, we have the following:

Ix(0) = Y > Iy(0[201"y),

k20 y<2

Ix(1) = Iy() + > " Iy([02]Y)

k>1 y>0
+>) {Iy(2[12]"0) £, M[zl]k“w} :
k>0 y<2

Ix(2) = Z Iy(2[12]%2).

k=0
Hence the sets Sy, D,, and U, for x = 0,1, 2 are
So = Uy = {01200, 0[20]1}
S =D + U,
Dy = {1} +{[02F1, [021%2},
U, = (201210, [211%10, [21]4+11}

k>0’

k>0’

S, =D, = {2[12]’<2}k20.

4. Performance Analysis of the Interval Algorithm

In this section we present a rigorous performance analysis
of the interval algorithm using the expression of the interval
algorithm we gave in the previous section.

4.1 Some Preliminaries
We define several quantities necessary for describing our re-
sult on the performance analysis of the interval algorithm.

Let S € S be a random variable with the distribution

Pr{S =y €S} = pry)prwaly)) - pr(ylyi-)-
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For ' € S define the map ¢ : S — X such that
o) = xify' € Dy, or y e U . 21
Define ¢; : § — {0, 1} by
0 ify' e D
N y I.x
901(!/) = {1 lfyl c wl,x~ (22)

Set V := ¢(S). Furthermore, define the map ¢, : § — Y?
by ©2(4)) = i—1,y). Set W := ¢a(S). For each (d’,a)
€ Y x (Y - {0}), consider the set of integers [ that satisfy
Y € Dy and (Y, Y1) = (@' a). Let by gy b gr -+ be
its elements arranged in the increasing order. By definition
it is obvious that

t=1<hoa<baa<  <lhaa<lhsraa<--.

Similarly, for each (b’,b) € Y X (Y — {M — 1}), consider
the set of integers [ satisfying y'*! € U, and (y;, y111) =
(b, b). Let l~|,hr,h, l~2,b/,b, -+ be its elements arranged in the
increasing order. By definition it is obvious that

t<hpp<bpp <+ <bpp<bprpp<---.
Let
Lt at] ’ _
pS|VWX(ka : |O$asasx)3k_1’29”'9

denote conditional probabilities of S = y««*! for given
V =0,W = (d,a), and X = x. Let psywx(-0,d’,a, x)
denote the probability distribution which consists of those
probabilities. Similarly, let

Psvwx @ LY b x), k= 1,2,

denote conditional probabilities of S = y%»»*! for given
V=1W=(@,b), and X = x. Let psywx(-|1,5",b,x)
denote the probability distribution which consists of those
probabilities. In the remaining part of this subsection we
compute the above two probability distributions, which will
be useful for later arguments on the performance analysis of
the interval algorithm. By the expression of px(x) using the
coin random sequences we obtain

Pr{s =yt vV =0,W = (@, a),X = x}
- - led a hed a

:Pr{yt 1 :at l’Ytk. a+l :atk. ,a}

lk.u’,a

= py(a,; “ala""py(@™")

(a) Leata _
= pr(a/"“ala,)py(a), (23)

where if [, , = t — 1, we define ai"“/"' = 1. Step (a) fol-
lows from the Markov property of coin random sequences.
Similarly, we obtain

Pr{s =yl V= 1,W = (V/.b).X = 1}
= py(b} " bla,)py(@™). (24)

Set
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no(@,a, xa1) == ) pria“ala,y), (25)
k>1
m,b,xiar) = ) (b blaiy). (26)
k>1

From (23) and (25), we have

Pr{V=0W=(d,a),X=x}= 21
k>1

X Pr{s =yt vV =0,W = (@, a),X = x}
It a -
= > pr(@ " “ala)py(@™)

k>1

= o(a’, a, xlai-1)py(a™. @7
Similarly, from (24), and (26), we have
Pr{V=1,W=(@,b),X = x}
= m®', b, xa,-1)py@a@™. (28)
From (23) and (24), we have
psvwx(y™ <10, ,a, x)

=Pr{S = yho |V =0,W = (d,0), X = x}

ha a

_ prlg alaz-l). (29)
no(a’, a, xla,—1)
Similarly, from (24) and (28), we have
1Y7S|wa(yi“”+1 |L,b", b, x)
Ty
b’ bla,_
_ py(b;""Dla1) 30)

C @b xar-)
Define two probability distributions on positive integers by

0
PV a, x,aim0)

liata
S alagy) no(a s a, xla,-1))

= (PY(a
PVCB b, x,ar )

= (py<b?-”’~bb|a,_1)/m(b',b, x|a,_1>)

k=12,

k=12,

Then we have

psvwx(l0,d’,a,x) = pPCld’, a, x, a,-1), 31)
pswwxCILb  b,x) = pPCIb b, x,a,1). (32)

4.2 Performance Evaluation of the Interval Algorithm

In this subsection we state our main result on the perfor-
mance analysis of the interval algorithm. In the follow-
ing arguments, H(-) designates the entropy of a probability
distribution or a random variable and D(:||-) designates the
Kullback-Leibler divergence between two probability distri-
butions.

For each i € Y, let Y, (i) be a random variable with the
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distribution {P; j}jﬂial. Entropy rate of {Y,}, is the follow-
ing:

M-1 M-1

H(YalY1) = )" py() ), Pyl—log Pyj]
o
= Zol Pr(DH(Y(0).
Define
Hun(Y2()) := min H(Y(0). (33)
Huan(V2()) :=  max H(Y(0). (34)

Then we have
Huin(Y2(1) < H(Y2|Y1) < Hipax(Y2(4).

Here we have a certain nontrivial class of information
sources where the above two bounds Hp;,(Y>(-)) and
Hyox(Y2(+)) match. For given Y; = y; € Y, we define a
probability distribution Q,, by

le = PY(|!/1) = {Pylyz}yzey

Let .#(Y) denote the representation of the symmetric group
of permutations of Y by the |Y| X |Y| permutation matrix.
We consider the following condition.

Condition: We call that the stochastic matrix P satisfies
a symmetrical property if for any y,y| € Y, there exists
Il € 7 (Y) such that Oy = Q,,I1.

Then we have the following.

Lemma 2: If the stochastic matrix P of the stationary
Markov information source {Y;};=; ... satisfies a symmetri-
cal property, we have

Huyin(Y2(-)) = H(Y2|Y1) = Hiax(Y2(")).

Proof: Let iy, € Y be the symbol i such that it at-
tains Hyin(Y2(+)) defined by (33). Similarly, let i, € Y be
the symbol i such that it attains Hy,x(Y2(-)) defined by (34).
Since P satisfies a symmetrical property, we have that

0i.., = 0;.. 11 for some IT € L (Y). (35)
Then we have the following chain of equalities:

Hin(V2() = H(Q;,,.) € H(Q;,, T Y H(Q;,)

= max(YZ('))-

Step (a) follows from (35). Step (b) follows from that the en-
tropy is invariant under the permutation on the components
of the probability vector Q;_ . ]

In the following we show three examples of P with a
symmetrical property.

Example 5: We consider the case where M = 3. Set
0; := Py, i = 0,1,2. The following three stochastic ma-
trices P;,i = 1,2, 3 are examples of P having a symmetrical
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property.
6o 61 6> 0o 01 6> 6o 61 6>
P =|60010,|,P,=1016,6y|,P3=|6y 6, 0,
6y 61 6, 6, 6y 6, 6y 01 6>

The above three examples have some specific properties.
When P = P, the source becomes the stationary memo-
ryless source specified with py = (py(0), py(1), py(2)) =
(69, 01,6,). P, is a doubly stochastic matrix. When we
choose 6y = 6, = 0.25, 6, = 0.50 in P3, P = P3 coincides
with the stochastic matrix in Example 2.

The efficiency of the interval algorithm is measured by
the average number of coin tosses necessary to obtain the
target random variable. We denote it by L. According to
Han and Hoshi [3], we have the following:

Lemma 3 (Han and Hoshi [3]):
LHpin(Y2(-)) < H(S) < LHnax (Y2()).

Specifically, if the stochastic matrix P of the stationary
Markov information source {Y;};=1 ... satisfies a symmetri-
cal property, we have LH(Y,|Y) = H(S).

From this lemma we can see that an evaluation of L is
reduced to an estimation of upper bound of H(S). On the
upper bound of this quantity, we have the following lemma.

Lemma 4:
H(S) < HX) +log{2M(M — 1)} + ¢, (36)

where ¢ := H(S|VWX). For the quantity £, we have

M-1M-2

;= Zpy(a’(") ‘){ Zm(a a, xla 1)
'=0 a

0
1 (P00, a1)
M-1M-1
+ nl(blrb7-x|at—l)
b'=0 b=1

x H (p\ (11, b, x, a,_l))}. 37)

Proof: We first prove (36). We have the following:

H(S) = H(@(S)e1(S)pa(S)S) = HXVWS)
= H(X) + HVWIX) + HS|VWX)
< H(X) + log(2M(M — 1)} + H(S|VWX),

where the last inequality follows from that V is a binary ran-
dom variable and that W takes values in Y X (Y — {M — 1})
if V = 1 and takes values in Y X (¥ — {0}) if V = 0. From
(27), (28), (31), and (32), we have (37). O
Han and Hoshi [3] used several complicated arguments
to derive the upper bound of H(S|VWX). Their result is the
following.
Theorem A(Han and Hoshi[3]):
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H(X) i< H(X) log{2M(M — 1)}
max(y2( )) min(Y2(')) Hmin(YZ('))
h(Pmax)
s 38
(1= P Hoin(V20)) %)
where
Pmax := max P,

(y1.y2)eY?

and A(-) is the binary entropy function.
Define the geometrical distribution p* with parameter

Pmax by
pri= (Pmaxk_l(l - pma"))k:l,z,...

Our main result on the performance analysis of the interval
algorithm is the following.
Theorem 2:

HX) _;_  HX) log2M(M - 1)}

Hmax(YZ(')) - h Hmin(Y2(')) Hmin(YZ('))
h(Ppmax) A
- s 39
(= P Hin(V20))  Hoin(V20)) &9

where A is a nonnegative number defined by

N-1 M-1M-1
A=) py(@™) {Z > 0@ a, xlag-1)

x=0 a’=0 a=1

x D( pyCla’, a, x,a,-)|| p°)
M-1M=-2
+ nl(b,7b7 -xla[—l)
=0 b=0

x D py (I, b, x,a,)|| p*)}. (40)

Sy

Specifically, if the stochastic matrix P of the stationary
Markov information source {Y;},=1 ... satisfies a symmetri-
cal property, we have

H(X) H(X) N log{2M(M — 1)}
H(Y,|Y1) H(Y»|Y1) H(Y»|Y)
h(pmax) _ A
(I = pma)H(Y2|Y1)  H(Y2|Y1)
Proof of Theorem 2 is given in the next section. Let the

upper bound of L by Han and Hoshi [3] in (38) be denoted
by Lyy. Then our upper bound of L in Theorem 2 is

L<

IA

(41)

L<u-—m (42)
H min(Y 2())

Note that A is nonnegative and may almost always be pos-
itive. Hence our upper bound improves Lyy. The bound
(42) is equivalent to Lyy — L > A/Hpin(Y2(+)), implying that
the quantity A/Huin(Y2(+)) serves as a lower bound on the
deviation of Ly from the true value of L.
Remark: In [7], the author made a mistake in the derivation
of the upper bound of L. Hence the upper bound of L given
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by (8) in [7] is incorrect. This upper bound should be re-
placed by that of L given by (39) in this paper. The formula
of A given by (9) in [7] is also not appropriate. This formula
should be replated by that of A given by (40) in this paper.

5. Proofs of Theorems 1 and 2

In this section we prove Theorems 1 and 2. We first prove
Theorem 1. We next present Lemma 5 necessary for the
proof of Theorem 2. Using Lemmas 3-5, we show Theorem
2. Proofs of Lemma 5 and Theorem 2 are quite simple and
elementary.

Proof of Theorem 1: We first prove the equality (15).
Using Ux(x) and Lx(x), the probability px(x) of x € X for
the target random variable X can be expressed in the follow-
ing manner:

Px(x) = Ux(x) — Lx(x) = Ux(x) + Lx(x) — 1
=0bby--- + 0.qar---—1.
Based on the above expression, set

n

00 () := > {pr@* ey (balbi1)
k=1

+pr(@d Ney(@la-) - 1.
The quantity 95?)(x) can also be written as
00 (x) = 0.byby -+ by + 0.1y -+ @y — 1.

It is obvious that {Qg)(x)};’;l is a monotone increasing se-
quence and satisfies

lim 60(x) = px(x).

Since Lx(x) and Ux(x) first differs at the #-th place of their
representations , we have a; = b; fori = 1,2, --- ,t— 1 and
b; > a,; + 1. Then we have the following:
OV (x) = 0.a1ar - @y + 0318+ Gy — 1
={l-py@az---a)) =1 =-py@@™) <0,
00 (x) = 0.araz -+~ @by + 0.3z - @13y — 1
=0.ajay---a,; +0.a1az---a,- — 1
+ 0.04,04, - -+ 0q4,_,bs + 0.05,05, - -
= py(a@™Mey(bilar-1) + ey(@la-1)} = pyr@™)
= py(aDey(bilay) + cy(@la,y) - 1}

=pr@™) ) priala, 1) = 0.

a,<a<b,

-0g,_,a;

Hence we obtain

px(x) = 60(x)+0.04,04, - - 0, , 0, drs1drs2 -+ -
+0-0u10a2 e Oa,,lob,bt+lbz+2 e

=py<a"1>[ D" priaaiy)

a;<a<b,
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Iy (at1)

X Iy(atty)
ly(at) at<'v<h"z, Iy(bt)
/_/H

—

0

0

L, (0

L )
Iy (x)

Fig.4 Relations between Iy(a'™!), Iy(a’), Iy(b'), and Ix(x).

+ 3" pr@laey(@dac)

k>t+1

) pﬂbf‘l|a,_1)cy<bk|bk_1>}.

k>t+1

We next prove the equality (16). We first observe that under
the assumption on the py-array representations of Lx(x) and
Ux(x), we have the following:

Ix(x) C Iy(a'™), (43)
a'=p"1a < b, }
(44)
Lx(x) € Iy(a"), Ux(x) € Iy(b").

The four intervals Iy(a’™"), Iy(a"), Iy(b"), and Ix(x) satis-
fying (43) and (44), are shown in Fig.4. On the form of
Ix(x), x € X created by the interval algorithm, we have the
following chain of equalities:

Iy € I 0 1@ = Y Ix() 0 1@y

yey
(b) -
= > @'y

a;<y<b,

+[Lx(x), U(@") + [L("), Ux(x))

© -
2 @™y

a;<y<b,
+ 12 @+ Y vy (45)
k>t+1 \y>ay y<by

Step (a) follows from (43). Step (b) follows from (44). Step
(c) follows from Lemma 1. |
Lemma 5: For ny(d’, a, xla;—1) and n,(b’, b, x|a,—) previ-
ously defined, set

L a
€= ) kpylaaa, ),

k>1
Y
€= ) kpy(b""bla; ).
k>1

Then, we have

¢y < M@ aay) (b )
- I = pmax T I = pmax ’
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Proof of Lemma 5: 1t suffices to prove the first inequal-
ity. Multiplying pmax to both sides of the equation of defi-
nition of &, we have

bk a
g =) kpy(a““ala.), (46)
k=1
b a
Pmax&o = Z PmakaY(a,k' “ala;—1)

k>1

@ lkata ,

2 kpmaxpr(@“la,)py(ala’)
k=1

® st a :
> > kpy(@;™“la, 1 )py(ala’)

k>1
(C) Z k lk+la aa|at71)
k>1
L a
= > (k= Dpy(a; “ala, ). (47)
k>2

Steps (a) and (c) follow from the definition of [;, ,,i =
1,2,---, and the Markov property of the coin random se-
quences. Step (b) follows from

L a
pmapr(atL la;-1)

ls1.d a Ikt a

= py(a,” " lay,, )py(ala;1)
o1t

= py(a, """ “lair)

for k > 1. Reducing both sides of (47) from (46), we obtain

! aa ’
(1 = pma)éo < D pria““ala, 1) = no(@’, a, xlai 1),
k=1

completing the proof. O
Proof of Theorem 2: We first observe that
H(pY (' a,x,a1-1))

leat a I a

py(a,“ala,1) . py(a/ala, 1)

>1 T]O((l/,a, -xlal‘—l) T](](Cl/,a, -x|at—1)

_ Py(a“ “ala;-y)
i o(a’, a, no(a’, a, xlar-1)
Ikt a
«log py(a; “ala,_)

pmdxk_l(l = Pmax)7o(a’, a, xla; 1)

(@, a, xla 1) xlaf ) 2 pric”da)

k>1

1 — Pz
x log {pmk(ﬂ)}
Pmax

1-
=" D(P(;?)('W, a, X, a,,l)”p*) - log(%)

max
_ 10g Pmax
no(@’, a, xla;_1)

it a
D kpy(al “ala, ).

k>1

Applying Lemma 5 to the last term of the above inequality,
we have
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H(pY ¢l a,x,a,-1)
<-D( Pl a.x.a)| p)
“log ( 1- Pmax) _ log pmax
Pmax 1 = pmax
— ©), * h(pmax)
=-D(pYCld a.x.a)||p’) + ——=. (48)
1 = pmax
Similarly, we obtain
H(py (b, b, x,a,-1))
<-D(p{ (. boxacy|p)+ T 49)
— Pmax

Combining Lemma 4, (48), and (49), we obtain the desired
bound. O

6. Conclusion

We have given an explicit expression of interval algorithm
based on number systems. We have evaluated the expected
number of the Markov coin tosses in the interval algorithm
and have shown that it can be characterized explicitly with
the established expression of the interval algorithm.

The quantity A/Hpin(Y2(+)) indicates a lower bound of
the deviation of the upper bound of L obtained by Han and
Hoshi [3] from the true value of L. This quantity is char-
acterized with the py-ary representation and the py-ary co-
representation of the endpoints of the intervals correspond-
ing to the target random numbers.
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Appendix: Proof of Property 1

In this appendix we prove Property 1. We first prepare a
lemma necessary for the proof.

Lemma 6: For any 1 < k < n, any ¢ € Y*, and any

(y,y') € Y? satisfying y < a; < y’, we have that if py(a"),
py(d~'y), and py(a*~'y’) are positive, then

Uy(d"™'y) < Ly(a*) < Ly(@") < Uy(a"), (A1)
Ly(a") < Uy(a") < Uy(a") < Ly(@'y). (A-2)

Proof: Under the condition that py(a*'y), py(a*'y),
y < a; <y, and py(a") are positive, we have that Iy(ak’ly),
Iy(@d~'y’), and Iy(a") are not void and disjoint. We ob-
serve that Iy(a“'y) is in the left-hand side of Iy(a*) and
that Iy(a*~'y’) is in the right-hand side of Iy(a*). We fur-
ther observe that Iy(a”) C Iy(a*). Those relations between
the four intervals are shown in Fig. A- 1. From the above re-
lations between Iy(a“'y), Iy(d“'y’), Iy(d"), and Iy(a"), for
1 <k<ny<a <y, wehave (A-1) and (A-2) in the
lemma. O

Proof of Property 1: We first observe the following:

L@ - Iy@d) = Y @'y, (A-3)

y<dy,
y>ax

Taking union of both sides of (A- 3) with respect to k = m +
1,---,n, we have the following:

Iy(@™) - Iy(d) =J+ J, (A-4)

where we set

n

Ji= 0 Y nd My,

k=m+1 y<ay

n

V= )Y @y,

k=m+1 y>ay

To obtain the relation (A- 4), we have used two facts. One is
that

Iy(@) 2 Iy(@™™)y 2 - 2 Iy(d").

The other is that the (n — m)(M — 1) intervals

n

@y, kyye | (K x W)y

k=m+1

I<k<n y<ap<y':

IY'(_Li:')
) ——)
— ~ ~—
Iy (@) 1,(a%) I, (axy")

Fig.A-1 Relations between Iy(a*~'y), Iy(a*~'y’), Iy(a*), and Iy(a") for
l<k<nmy<a<y.
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are disjoint. On the other hand, we have

Iy(a™) — Iy(a")
= [Ly(a™), Ly(a")) + [Uy(a"), Uy(a™)).

From (A-4) and (A-5), we have

(A-5)

[Ly(a™), Ly(a") + [Uy(@"), Uy(a™) = J+ J'.  (A-6)
From (A- 6), we have

J C [Ly(@™), Ly(@") + [Uy(a"), Uy(@™)). (A7)
By (A- 1) in Lemma 6, we have

Uy(d'y) < Uy(@") forany m + 1 <k < n,y < ay,
implying that

JN[Uy(@"), Uy(a™) = 0. (A-8)

From (A-7) and (A-8), we have that J C [Ly(a™), Ly(a™")).
Similary, from (A-: 6), we have

[Ly(a™), Ly(a")) € J +J". (A-9)
By (A-2) in Lemma 6, we have

Ly(a") < Ly(ak"y) foranym+1 <k <n,y > a,
implying that

[Ly(d™), Ly(@)nJ = 0. (A-10)

From (A-9) and (A- 10), we have that [Ly(a™), Ly(a™)) C J.
Hence we have

[Ly(@™), Ly(a") = J,[Uy(d"), Uy(a™)) = J',

completing the proof. O
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