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INTRODUCTION

The first section gives the measure of uncertainty given by
Shannon (1948) and the generalizations thereof by Schiitzenberger
(1954), Kullback (1959), Renyi (1951, 1965), Kapur (1967, 1958), and
Rathie (1970). It gives some postulates characterizing Shannon’s
entropy, Renyi’s entropy of order « and our entropy of order « and
type 8. It also gives some properties of this most general type of
entropy. ' -

In the second section an optimization problem is formulated
and solved in the case of Shannon’s and Renyi’s entropies by the use
of the principle of optimality. It is shown that this principle fails to
so lve the problem in the case of entropy of order « and type B and
this leads to an interesting problem in non-linear integer fractional
functional programmmg

In the third section, we discuss the connection between the
concepts of entropy in information theory and physics and show how
Shannon’s entropy leads to Boltzman distribution of statistical

" mechanics but fails to give the Fermi-Dirac and Bose-Einstein dis-

tributions of quantum mechanics. We find the entropies which lead
to these distributions, but these do not satisfy an important property
satisfied by Shannon’s entropy. This may give us some insight into
quantum mechanical systems.

In the fourth and last section, we obtain some properties of .
Bose-Einstein and Fermi-Dirac entropies obtained in the third
section.

§ Contributed for the Silver Jubilee Session of the Indian Society of
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* Present Address; Meerut Unjversity, Meerut.
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2. MEASURES OF UNCERTAINTY

Itis important to be able to measure the amount of informa-
* tion obtained from any scientific experiment or investigation. This
can be measured by the amount of uncertainty removed by the ex-
periment or investigation. The greater the uncertainty removed, the
greater is the information communicated.

Thus let 4;, 4,,...,4, be n possible outcomes of an experiment
A and let py, p,,...,p, be the respective probabilities of these
outcomes before the experiment is performed. After the experiment
is performed, one of these outcomes has happened and so the uncer-
tainty as to the outcome has been removed. We give below some
postulates which we expect any measure of uncertainty to satisfy.

(i) It should be a function of p;, ps,eee.pn. We denote it by
H(py, pss..., Pu) Or by Hy(py, Pss-.., Pu) if we want to indicate
specifically the number of possible outcomes of the
experiment.

(if) If there are small changes in p’s, there should result a small
change in the measure of uncertainty, so that H(py, ps,...,0n)
should be a continuous function of p,, p,,-.., pa.

(iii) If p;=1 and the other probabilities are all zero, there is no
uncertainty about the outcome. As such H(py, ps,ee..pn)
should vanish whenever one of the probabilities is unity and
the others are zero. :

() From (iii), the minimum uncertainty is zero. The maximum
uncertainty arises when all the outcomes are equally likely,
i.e., when

1

P=pr= e =pa=—r A ey

(v) If we add an impossible outcome to the »# outcomes, the
uncertainty does not change, so that

H(pb Dasseesy Pgu O) = H(pla D2y +eos p'n)' (2)

(vi) If we simply interchange the names of the .outcomes, the »

uncertainty does not change so that H(pj, Pz,--» Pn) IS @
symmetric function of the arguments.

(vii) The information given by two independent experiments is
the sum of informations given by the two separately so that
if 4 and B are independent experiments, then

H(AB) = H(4) + H(B) 3
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where
g ses . By,
4is ( Ards A")and Bis (Ble ) @)
P1Ps .Pn 919z - qm ] .
i 20, g;2>0 (i=1, 2, myj =1, 2,..m) 5
and ' '
‘ n m _ .
Epi =1 an =1. ()
i=1 j=1 .
(viii) It the experiments are not independent, we expect intuitively
that : i
H(4B) < H(A) + H(B) _ @)

Let Hy(B) be the amount of information given by experiment
B when it is known that the experiment A4 has resulted in the kth
outcome. We then postulate

H(AB) = H(4) + Yp. Hu(B). @®)
k=1 ’

It may be noted that here we have used a purely mathematical
construct viz the concept of mathematical expectation.

We ask, at this stage, the question whether there exists 4 func-
tion satisfying all the eight postulates and whether it is unique. The
answer to the first part is in the affirmative [Khinchin (1957)] and the
function which satisfies all the postulates is

n

H(p1, poresPn) = — A Epi log p ©
i=1 '
where A is arbitrary and this arbitrariness is dueto the fact that none
of our postulates specify a scale. If we add the postulate
(ix) HEY =1, (10)
we get a unique function viz

n

H(p1, PayersPn) = — 2 pe log, pi.

i=1

1

This is Shannon’s entropy given in 1948,
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We can prove a large number of properties for Shannon’s
entropy and we can replace the above postulate system by other
postulate systems. Some of these postulate systems have been dis-
cussed in Reza (1961), Khinchin (1957), Feinstein (1958), Terberg
(1958), Kullback (1959), Renyi (1961), Aczel (1968, 1970), Daroczy
(1969), Kendell (1964), Lee (1964), and Aczel Daroczy (1971).

We may note that out of the above postulates, (viii) is on a
different footing from others in the sense that it is less intuitive than
others and is based on a mathematical construct. We can replace it
by another postulate of the same nature, e.g. Renyi (1961) replaces
it by

_ g (HA)) + WDg(Ha(B))

Giii)  glHasm (AUB)] W) (12

where g is a monotone increasing function,

RELE P o
and ,

W(P) = p1 + pa + . +Pn (14)

W) = g1 + g2+ «» +Ym (15)

are the weights of the two schemes.

Renyi (1961) considered the case of generalized probability
distributions for which

wiP) <1, w(@) <1 (16)
and he postulated (12) to hold when ) '
w(P) + w(@) < L. a7

For these generalized probability distributions, he obtained the
entropy of order

H, (P) =
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We (1967) replaced the above postulate (viii’) by

wg (P)e(Ha (4)) + w (Qe(Hu(B) 10y

(i) g(Hurn(AUB)
wp @) + wg (@)

where
wa (P)=pi +psf +...4p,P .(20)
w, Q=0 +a.° +.otgn® e (21)
to get the entropy (;f ordef o and type B |

'

pia+[3—-1
H (P)=y—; logs — 1 (@1). o (22)

B

M5 My

D:

i=1

This will make the corresponding version of (17) applicable for
a wider class of incomplete probability distributions.

We can get a still more general measure of uncertainty by
using

wr (P) = f(p) + f(p) + i + f(Pa) (23)
wAQ) = f(g) + (@) + - + f(@Gn) (24)
to get the measure’ ‘ '
él pia—l flpd
H (P~ log: =1 @#£D). .29
:):__—_lf(l’i)

This is the most general measure of uncertainty obtained so far.
If f(py= pf , we get entropy of order « and type f. |
If f(p))= p# , a— 1, we get the measure of uncertainty -

n
5 s 3 p# log, p:
H (P)= Lt H (P)=— "f——1 .(26)
1> %
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If f(p;) = p:, we get Renyi’s entropy of order a. -

n

Iff(p) = ps« =1, S p; = 1, we get Shannon’s entropy.

I_

If e o, we get

H o (P) = — logy P maa- ' 27

which is in a sense, the simplest ‘measure of uncertainty, It satisfies
.the first seven postulates and to use it we need not know all the

- probabilities; we have to know precisely only the maximum proba-
bility of any outcome. In many cases, it may-be easier and less costly
to determine this than to determine all the probabilities.

Rathie (1970) had generalized (22) to give

.E pi“'l‘ﬁz
R (28)
' 3 pfi
i=1

but this measure violates the symmetry postulate (vi) which has a
strong intuitive basis.

Before proceeding further, we state some properties of entropy

" of order « and type B, some of which will be found useful later.

@) Hx B(pppas--sDn) is indcpendent of both « and B and for

)

iii)
(iv)

generalized probability distributions with given weight &, it is a
monotonic increasing function of ».

. n '
a® (P)=0= ;1;:,-@ (pl-‘H —1)=0 .(29)
o =

'~ so thatthis entropy vanishes when exactly one probability is

unity and the rest are all zero.

H; e (P) is a monotonic decreasing functlon of a, for a fixed B,

Hoc (pl: Dasee ’Pn)<H (pljpz > pl—z*-pa’ D3s ooy p’n) (30)

H (pl, D2 sees Pn) < H , 3

Pukbetps g ) . (31)

(1’1 +pstPs  prtpetps
3 2



MATHEMATICAL PROGRAMMING AND PHYSICS 53

and, in general, this measure increases with the coming closer of pro-
babilities. This is also expected on intuitive grounds. Thus

" HB(I’I_ P PP P P
« > LAA ]

my P my U my  my T my T my

Pn. Pn Pn 8

R N DY S NS T
so that this entropy is always increased by a subdivision of the
outcomes.

This last property leads to the optimization pfoblem discussed
below.

The entire theory of information is based on Shannon’s entropy
and Chabbra (1969) has made an investigation as to how far the
results of this theory remain 'valid for entropy of order « and for
entropy of order « and type B.

3. THE OPTIMIZATION PROBLEM

Suppose an experiment
A: (41’ AZ!"" A")
D1 Dasesss Pn

is performed and H(p,, ps,-.., Pn) is any one of the entropies obtained
above, for this experiment,

Now suppose more funds become available so that each of the
possible outcomes can be investigated in greater detail. The more
detailed experiment is indicated by

J(Alli Al?a reey Alml A2]’ A225 reey A27n2 Anls Aﬂ25 sety Anmn )“(33)
Pi1s Pizs ++os Pim1 Pers Dags -++s Pama  DPni1s Pa2s «++s Pamn

where

m;

Y pu=p (=12 ., 0). (34)
Jj=1

We have seen above that this will increase the information
obtained. The problem is to maximize the gain in information viz

H(A)—H(4)
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or )
H(prts o> Pamy 5 Pavs - s Pamy 5 o5 Pitsees Pamy)—H(P1, Paseers Pu)
- «..(35)

subject to
Silm) +falm) + .. - fulm)<B -..(36)

where fi(m;) is the cost of carrying out m1; experiments of the ith
category, B is the budget available and m’s are integers >1.

Since m’s are required to be integers, Lagrange’s method of
undetermined multipliers is not available, However fortunately the
technique of dynamic programming is applicable in the case of
Shannon’s and Renyi’s entropies. We may note that here decision
or control variables are my, m,,..., #ip.

We may make an initial simplification by noting that the
entropy is increased by making probabilities as nearly equal as pos-
sible so that we take the objective function as

H(P. P Pr P2 P2, Pn &___gn_)
my " my? " my  my T my T my omy T my,
» —H(p1, Pas +es Pn)- ...(37)

(i) In the case of Shannon’s entropy, theé objective function is
n n

—E mifniilog %—{— Ep,- log pi= Zpi log m;. ...(38)
i=1

i=1 i=1

Let ¢,(B) denote the maximum of this objective function (38)
subject to (36), m's being integers > 1, then the principle of optima-
lity of dynamic programming [Bellman (1957), Bellman and Dreyfus
(1961)] gives

BB = [pulog mu-taas_ (B—ratma)] (n=2, 3. ) (@9
1€m, <M,

$:1(B)=p, log M, v« (40)

where M, is the integer for which B —f1(M;) is minimum and M, is
the integer for which

B—fu M)~ —Fi1), ey —faa(D)

s the smallest.
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(i) In the case of Renyi’s entropy or order «, the objective
function is

n )4 o n

5 m(m‘) s pe
S W A S et (41)
=« %8 Tu Pi 1—a %8 "

3 mig” Zp;

i=1 é i=1

n
so that if 0<a<C1, we have to maximize 121 pime—1and if «>1,

we have to minimize the same quantity subject to (36) and m’s being
integers >1.

The principle of optimality gives for the case 0<a<1

max p" _Pa"
WO [ NG f,.<m,.>] (n= 23 ))
‘ 42)
$,(B)= ...(43)

1

Similar equations are obtained when «>1.

(iii) In the case of H (P), the objective function

P Pn
__log max(ﬁl , i;' . m—”)-{—’]og max (Pg, Daseses Pu) ---(44)

We have thus to find m;, m,, ..., m, so that the largest of

128 ) P s vers Pn , is minimized so that the recurrence relation is
my ’ my m,’
min n
$u(B)= { max (";n_'s $n— (B—fu(ma ‘))} n=2,3,.)
1<m, <M, n
...(45)
By=%-. ...(46)
$:(B)= M1 (46)

The particular cases of the above when (36) is replaced by
m1+m2+.--+mn:M :--(47)
were discussegi by us in Kanpur (_19_68a). _ ’
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(i) For the entropy of order « and type B, the objective function
is :

n pi \ot+p—1 . n «tf—1
zi My "_“— : px ._]_7(
1 i=1 . 1 i=1 48
= log - IR log ————...(48)
121"1‘("’—‘ ) t'z=lpiﬁ

so that we have to maximize (when 0<a<1)
n patb—1
i=1 mi“*_'ﬂ—l
“ f
=1 mf1

..(49)

subject to (36) and m’s being integers S>1. When o>1, we have to
minimize the expression (49).

Unlike the earlier case, this is not sepafable and the technique
of dynamic programming i3 not applicable.

The problem belongs to the domain of non-linear integer
fractional functional programming.

The first attack is to try to solve this problem without the
requirement of m’s being integers. Evén this is not easy and only
some cases of fractional functional programming have been solved.

As is well-known, for a mathematical programming problem,
whether a local maximum or. minimum is also a global maximum or
minimum, and the necessary and sufficient conditions for the existence
of a local or global optimum depends very much on the nature of the
objective and constraint-functions. Magasarian (1969) and Postein
(1967) have studied seven types of convexity. Gupta and Bector
(1967) have made a systematic study of the nature of products,
quotients and rational powers of convex-like functions and their
relevant results are given in the following table :

f CX SX SX CV CV SV SV CX CX SX SX
>0 >0 >0 20 20 >0 >0 <0 <0 <0 <0

g SV CV SV CX SX CX SX CX SX CX CcX
>0 >0 >0 >0 >0 >0 >0 >0 >0 >0 >0
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oq ™

EQX EQX EQX QV EQV EQV EQV QX EQX EQX EQX

f cx cx §X SX'CV CV SV CV CV CV SV SV
S0 30 >0 >0 30 30 >0 >0 <0 <0 <0 <0

g CYX SX CX SX CV SV CV CV CV SV CV CV
<0 <0 <0 <0 <0 <0 <0 <0 >0 >0 >0 >0

L. v EQV EQV FQV X EQX EOX EQV OV EQV EQV EQV

f CX CV SX CX SX SV CV SV
<0 <0 <0 <0 <0 <0 <0 <0

g CV CX CcVv SV SV CX SX SX
<0 <0 <0 <0 <0 <0 <0 <0

% OV QX EQV EQV EQV EQV EQV EQV

Here CV, SV, QV, EQV, SDV are abbreviations for concave,
strictly concave, quasi-concave, explicitly quasi-concave and pseudo
concave functions respectively. In the same way CX, SX, QX, EQX
and SDX stand for convex, strictly convex, quasi-convex, explicitly
quasi-convex and pseudo convex functions respectively. The results
are simplified when the functions are differentiable.

4, GENERALIZED ENTROPIES AND STATISTICAL MECHANICS

To make connection with statistical mechanics, we ask ourselves
the question : “In what quantum state is the system ?” Let p; be the
probability for the system being in the ith state. The probability
distribution must, of course, be consistent with the observed know-
ledge. According to the information-theoretic point of view, we
choose a set of probabilities which maximize the entropy, consistent
with observed knowledge, since this is the most non-committal view.
According to Gibbs the state of equilibrium is the state of maximum
entropy. From the information theoretic point of view, it is
the state in which all the random motions which can take place
are taking place so that the observer knows as little about the system

\
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as it is possible for him to know beyond the knowledge of the
constants of motion.

From quantum mechanics, we know that the system can be in
state i with energy &; (i=1, 2,..., n), If. we make an observation of
¢, the best we can do so is to infer that it represents the expected

energy €, since this is the repeatable quantity associated with the
motion. To find the appropriate distribution, we maximize
H(py, pgs.-.. Ps) subject to -

n [
% pi=l , -(30)
i=1 .

n
S piEi= € ..(51)
i=1 )

Equation (50) states that the system is always in one of the states
and ‘equation (51) states that ¢ is the expected energy.

Using Shannon’s measure of uncertainty, we seek to maximize
] ,
—Z ) pi log p; : ..(52)
i=

subject to (50) and (51).

Using” Lagrange’s method of undetermined multipliers, we get
the probability distribution

~—Bodes .
Di=e (i=1, 2,....,n) (53)

where ¢ and B, are determined from the equations

n n
.z . e—BoEi:e"p 2 E‘e—BOE‘ = g g(p. ...(54)
=

=T

It can be shown that B, is equal to 1/kT where k is the Boltz-
man constant and T is the temperature of the system. (53) gives then
the classical Boltzman distribution. However, in statistical mechanics,
we come across the distributions

-1 . i
pi= Wl' (Fermi-Dirac)  ...(55)
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and

1

g = Bose-Einstein 56
’ = Gwb,_ ( y 69
e -

of which (54) is a limiting form when particle density is low and
the temperature is high. '

We now attempt to answer the following questions.

(/) How should the expression (52) for entropy be modified so_that
its maximization may lead to (55) or (56) instead of to (53)?

(i) Do these modified forms satisfy the postulates laid down by
Shannon for (52) ? In particular which postulates have to be
modified ? o

(iii) How are these modified forms related to the generalized entro-
pies of order « and type 8 ?

To answer these questions we replace (52) by
n
) &)
where the choice of function fis at our disposal. Maximizing

it subject to (54), we get

S (p)=By(ei—p). (58)
If (55) is to be a solution, we get

1 ) '
N — ' (Y 1 _ 1—-
f ( et+1 =por f (y)—logy(7—1 ) = log __—yy

or
S () =—ylog y—(1—y) log y+c. . 9

The constant ¢ depends on the choice of the base of the
logarithm so that

n n ] .
S=—3p log p; —i§ ) (1—p;) log (1—py) T ..(60)

for the Fermi-Dirac case.

Similarly for the Bose-Einstein case, we get

n . n

3 (14p) log 1 +p)— 2 pi log p;. ‘ v (61)
. 1= . .

i=1
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Let us now consider the properties of (60) and (61).

(i) Each is a continuous symmetric function of the arguments
(taking p; log p;==0 when p;=0).

(i) Each is maximum when p1=p2=...=p,,=%

[see Section 4].
- (#ii) For each S(py, pyy..., P, 0)=S(py, Pg» .., Pu).

(iv) In the case of certainty, i.e, when one of the states is bound
‘to occur and the rest are bound not to occur (60) gives
zero and (61) gives 2 log 2, so we can make this also zero
by defining : ‘

n n - ' ‘
S=21(1 +p:) log (I,eri)——,‘z“‘l Pilogp; —21log2.  ..(62)
= I=

(v) For two independent schemes, (60) gives
S(AB)—S(4)—S(B)

mn n m n -

==—2 3 g logpigi— 3 3 (1—p.py) log (1—p; g)
J=1 i=1 J=1li=1 .

n m n ‘ -
+% N log p«leq; log q:{rzl (1—py) log (1—py)
I= J= =1 .

m
+3 (19 log (1—g)

m n

n
=—3 3 gl—piqf) log (1—p; g,) +21 (1—py) log (1—p))
i .

J=li1=

I Ma

+j 1(1_41) log (1—g,). ...(63)

In the special case

Az, Ayy iy 4, q1s a5 ++s m :
A=y L 10 71T p TR N (64)
n n n .m m —E ’ -
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we get -

L

S(4B)—S(4)— xm=ﬂm(1-—

=)
[+ ]
. AN
|

-
Q
oq
S
—
|

N’

= — (nm——l) log

D-l |- .
®. ‘
sl~ ’E\
S 2|~ §|~
—

| » ‘ + (n—l) log(l— -——)

‘ +(@m—1) log (1———)
G B %Y"—l
| -(1_ ﬁ)nm—l
£0 (65

so that we conclude that for two independent schemes S(4B) is not
necessarily equal to S(4)+S(B). The same result is also easily seen
to be true for Bose-Einstein entropy.

Thus we find that Fermi-Dirac and Bose-Einstein entropies do
not satisfy postulates (vii) and (viii) of section 1.

However our generalized entrépy of order & and fype' B and
Renyi’s entropy of order « satisfy (vii) and so it is observed that these
cannot lead to (60) or (61).

The earlier generalizations referred to generalizations of postu—>
‘late (vm) We need to modify postulate (vii) also

For Renyls entropy, it is easily seen that the probability
distribution is given by . .

1
= (66)

p=(4+B &)
when A and B-are determined from -~
' D D : 1

n. C e . T R T e
3 B <L, 3a (B )T S1 6D
I= 1= . . .
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5. BOSE-EINSTEIN AND FErMI-DIRAC ENTROPIES

@ Wc e first prove by usmg the principle of optimality that Bose-
Emstem entropy is maximum when all the probabilities are equal. Let

S= .21 (c+p0) log (c+p) ~ _El pilogp;  ...(68)
= . =
and let it be desired to maximize this subject to -

n
2 p=cp >0 -..(69)
Let fo.(c) be the desired maximum value, then the principle of
optimality gives

max

fald= . {(c+Py) log (c+Pw)—pn 108 pu-t-fom(c—pa)} . (70)
0<p e

Py
Ji(e)=2c log c—c log c. . (1)
Suppose the result is true for the case of (»—1) outcomes, then (70) _
gives

Jalc) = {(c+pn) log (¢+pu)—pn log pa-t-(cn—p,) log

BPa_ (e po) log L 2]

= oo B0 ] (72
then - ..
Sod-logipog Sty
¢"(p")— p»(c+pn) (c;-;(,.;(:rzl)—pn) <0. -+ (74)
H(py) is therefore maximum when
Po= o o . (15)

Using the principle of induction and putting c=1, we get the result.

(i) We next prove, again by using the .principle of optimality,
that Ferml-Dzrac entropy is maxtmlzed when all the probabzl:ttes are
equal. .
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We consider the maximization of
n ) n )
S=— 3 pilogp;— 2 1(c—pi)\log (c—ps) «..{76)
i=1 = .

subject to (69)

The principle of optimality gives
max

Jule)= {—DPn log py—(c—py) log (c—pPw)+fu (c—Pn)}
0<ppse
(1T
Sie)=—c log ¢ \ ...(78)
If the result is true for the case of (1—1) outcomes "
max (. S (
fo= oo { ~ o Tog pa—(c—p,) Iog (c-—pn)—(c—P)
2e-+p,) log: cn— 2c-{—pn}
n—1
= h . Cen(7
< {¢ (Pn)}_ (say) (78)
Then
’ . C—Pn C—Pn
¢ (pn)—log—pnl +log =265 .--(79)
¢ (Pn)=— i <0 ...(80)

p,.(c—pn) (¢—pu)(cn—2c+pn)
$(pn) is therefore maximum when

¢
Pn= 'n—. | . ...(81)
Again using mathematical induction and putting c=1, we get
the result. , .
(iii) Alternative proofs of the above two results are easily obtamed
by using the convexity of the functions
x log x—(14x) log(14-x) and x log x+(1—x) log (1—x) ...(82)
in the interval 0<x<{1 and the mequahty
n
1 , 1
i=1 i=1
which holds for any continuous convex function.

(iv) Weé now show that both Bose-Einstein and Fermi- Dzrac
entropies are increased by subdivision of events.
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For the Bose-Einstein case, we have to show that
n n
. bi P \_ Pi 150l
{E i (H_ mi) 10g(1+ mi) Zmi g 08 1y
° i

12

i n .
= ,21 (A-+p) log (1+p)+ = pslog p‘} >0
1=

ie,
o
¥ (et m og{ 14 2 ) (1-+) log (1-+p)-+p. Tog mi)>0.
i=1 . ...(84)
Let

Su)=(p+x) log (1+ —;— )—(1+p) log (1-+p)+p log x ...(85)

then
)= P .
f)= log(l+ < ) ...(86)

Since f(1)=0and f'(x) >0 for x >1, it follows that f(x)>»0
for x2>1. It follows that (84) is always satisfied when m’s are
integers >1.

Similarly for the Fermi-Dirac case, we have to show that

n
¥ {-@n—ratog (1= 2 )+ -p) tog (1—p) +pilogme} >0
i=1 '

..(87)
Let

#9=—(x—p) log (1= £-)+(1—p) log (1~) 4 p log:x .. 89)
then

x
x—p°

¢'(x)=log ...(89)

A Since ¢(1)=0, ¢'(x)>0 for x2>1, it follows that ¢{x)>0 for
x21. It follows then that (87) is always satisfied when m’s are
integers >1.
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(") We now use dynamic programming to optimize the gain in

Bose-Einstein and Fermi-Dirac entropies subject to the budget cons-
traint (36).

The recurrence relations for the Bose-Rinstein case are given by
_ max Lo Pn_
D= o cor, (Ortm) Tog (1422 ) py tog iy
(B—fu(mu))}n=2, 3,...) ...(90)
$1(B)=(p,+M,) log ( 1+ %‘)”' log My.  ...091)
i

The same relations for the Fermi-Dirac case are given by

_ max N _ . IZL
BB)= | D (palog (o, p,,)log(l mn)

+Par(B—fulm))} .. (92)

$1B)=py log Mu—(d—p) log (1 -2 .9
\ 1
Since the objective functions are separable, the method of
dynamic programming is applicable.

\

6. SUMMARY

The problem of allocating resources for carrying out experiments
to maximize the gain in information when the budget is fixed is solved
when Shannon’s and Renyi’s entropies are used.

For our entropy of order « and type P, this problem leads to a
problem in non-linear integer fractional functional programming,

Shannon’s entropy leads to Boltzman distribution of statistical
mechanics. Bose-Einstein and Fermi-Dirac entropies which lead to
the corresponding distributions of statistical mechanics. have been

. obtained and some of their properties have been studied.
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