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Abstract. The Jensen’s inequality plays a crucial role to obtain inequalities for di-
vergences between probability distributions. In this chapter, we introduce a new
functional, based on the f-divergence functional, and then we obtain some esti-
mates for the new functional, the f-divergence and the Rényi divergence by apply-
ing a cyclic refinement of the Jensen’s inequality. Some inequalities for Rényi and
Shannon entropies are obtained too. Zipf-Mandelbrot law is used to illustrate the
results.
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7.1 Introduction

Divergences between probability distributions have been introduced to measure the dif-
ference between them. A lot of different type of divergences exist, for example the f-
divergence (especially, Kullback—Leibler divergence, Hellinger distance and total variation
distance), Rényi divergence, Jensen—Shannon divergence, etc. (see [45] and [51]). There
are a lot of papers dealing with inequalities for divergences and entropies, see e.g. [44] and
[50] and the references therein. The Jensen’s inequality plays a crucial role some of these
inequalities.
First we give some recent results on integral and discrete Jensens inequalites. We need the
following hypotheses:

(Hp) Let 2 < k < n be integers, and let py,...,p, and Aq,...,A; represent positive
probability distributions.

(Hy) Let C be a convex subset of a real vector space V, and f : C — R be a convex
function.

(H3) Let (X, %, 1) be a probability space.

Let [ > 2 be a fixed integer. The o-algebra in X! generated by the projection mappings

pro: X' =X (m=1,...,])
Prm (X1, ,X1) = X
is denoted by %'. u'! means the product measure on 4': this measure is uniquely (u is
o-finite) specified by
u' (Byx...xB)):=u(By)...u(B)), Bn€B, m=1,..,I

(Hy) Let g be a u-integrable function on X taking values in an interval I C R.
(Hs) Let f be a convex function on I such that f o g is u-integrable on X.
Under the conditions (Hy) and (H3-Hs) we define

Cint = Cint (f,g,,u,p,l)

k-1
1 goljﬁpw 78 (Xitj)
=y (2 7Lj+1pi+j> /f = pa du" (x1,...,x,), (7.1
J Xn

i—1 \i—0
! Y Ajr1pivj
Jj=0

and forz € [0, 1]

n k—1
Cpar (1) = Cpar (t.f.gu,p,A) == 2 (2 )~j+1pi+j>
i=1 \j=0
k—1
_;0 Aj+1Di+ j8 (Xt j)
= F-0) [gdu [ eon), 02)

1
Xxn _Zolj+1pi+ j X
]:
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where i + j means i+ j —n in case of i+ j > n.
Now we state cyclic renements of the discrete and integral form of Jensens inequality
introduced in [20] (see also [36]):

Theorem 7.1 Assume (Hy) and (H;). If vy,...,v, € C, then

f (2 Pivi> < Cyis = Cais (f,v,p, 1) (7.3)
i=1
k-1
1 .golj+lpi+jvi+j \
= 2 (2 )Lj+1pi+j> f jkfl— < Zpif(vi)
=TS0 ZO)LjJrlPHj =
=

where i+ j means i+ j—n in case of i+ j > n.

Theorem 7.2 Assume (H,) and (H3-Hs). Then

f /gdu gcpar(t)écimé/fogdu, t€10,1].
X X

To give applications in information theory, we introduce some denitions. The following
notion was introduced by Csiszdr in [2] and [37].

Definition 7.1 Lez f:]0,00] — ]0,0[ be a convex function, and let p := (py,...,pn) and
q:= (41, .-,qn) be positive probability distributions. The f-divergence functional is

I1(p.q) :== Y.qif (2—) -
i—1 i

It is possible to use nonnegative probability distributions in the f-divergence func-
tional, by defining

£(0):= lim £(1); Of(g) = 0; Of(g) ::lgl&tf<?), a>0.

Based on the previous denition, the following new functional was introduced in [9].

Definition 7.2 Let J C R be an interval, and let f:J — R be a function. Let p :=
(P1s---,pn) ER", and q = (q1,--.,qn) € ]0,00[" such that

Picy i=1.. . .n (7.4)
qi
Then let

Ir(p,q) := i‘lif (ﬁ)-

i=1 qi
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As a special case, Shannon entropy and the measures related to it are frequently applied in
fields like population genetics, molecular ecology, information theory, dynamical systems
and statistical physics(see [21, 22].

Definition 7.3 The Shannon entropy of a positive probability distributionp := (p1,...,pn)
is defined by

H(p):= *ipilog (pi)-
i=1

One of the most famous distance functions used in information theory [27, 30], mathe-
matical statistics [28, 31, 29] and signal processing [23, 26] is Kullback-Leibler distance.
The Kullback-Leibler distance [13, 25] between the positive probability distributions

p=(pi1,...,pn) and q = (q1,...,qu) is defined by

Definition 7.4 The Kullback-Leibler divergence between the positive probability distri-
butions p := (p1,...,pn) and q = (q1,...,qn) is defined by

n p
l
D(pllg) := ¥ pilog (—) :

i=1 qi
We shall use the so called Zipf-Mandelbrot law.

Definition 7.5 Zipf-Mandelbrot law is a discrete probability distribution depends on three
parameters N € {1,2,...}, g € [0,o0] and s > 0, and it is defined by

1
iN,q,s) i = ————, i=1,...,N,
f(i:N.q.s) (T s
where
N
Hy,6:= ) ——.
N.q,s kzzll(k_i_q)s

If ¢ =0, then Zipf-Mandelbrot law becomes Zipf’s law.

Zipf’s law is one of the basic laws in information science and bibliometrics. Zipf’s law
is concerning the frequency of words in the text. We count the number of times each word
appears in the text. Words are ranked (r) according to the frequency of occurrence (f).
The product of these two numbers is a constant: r- f =c.

Apart from the use of this law in bibliometrics and information science, Zipf’s law
is frequently used in linguistics (see [39], p. 167). In economics and econometrics, this
distribution is known as Pareto’s law which analyze the distribution of the wealthiest mem-
bers of the community (see [39], p. 125). These two laws are the same in the mathematical
sense, they are only applied in a different context (see [42], p. 294).

The same type of distribution that we have in Zipf’s and Pareto’s law can be also
found in other scientific disciplines, such as: physics, biology, earth and planetary sciences,
computer science, demography and the social sciences. For example, the same type of
distribution, which we also call the Power law, we can analyze the number of hits on web
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sites, the magnitude of earthquakes, diameter of moon craters, intensity of solar flares,
intensity of wars, population of cities, and others (see [48]).

More general model introduced Benoit Mandelbrot (see [46]), by using arguments on
the fractal structure of lexical trees.

The are also quite different interpretation of Zipf-Mandelbrot law in ecology, as it is
pointed out in [47] (see also [43] and [52]).

7.2 Estimations of /- and Rényi divergences

In this section we obtain some estimates for the new functional, the f-divergence func-
tional, the Sannon entropy and the Rényi divergence by applying cyclic renement results
for the Jensens inequality. Finally, some concrete cases are considered, by using Zipf-
Mandelbrot law.

It is generally common to take log with base of 2 in the introduced notions, but in our
investigations this is not essential.

7.2.1 Inequalities for Csiszar divergence and Shannon entropy

In the first result we apply Theorem 7.1 to IAf(p,q).

Theorem 7.3 Let 2 < k <nbeintegers, andlet A := (Ay,...,A) be a positive probability
distribution. Let J C R be an interval, letp := (py,...,pn) €ER", andlet = (q1,...,qn) €
10,00[" such that

Picy i=1,..n
qi

(a) If f:J — R is a convex function, then

Ir(p,q) = Yaif (%)
i=1 i

i=1
2 A 1dit - >f| 5| 2a (7.5)
=0 Y Aj1Gitj Yai | =
J=0 i=1

)

i=1

k-1 n
k—1 z /1j+lPi+j Zpi n

If f is a concave function, then inequality signs in (7.5) are reversed.
(b) If f : J — R is a function such that x — xf (x) (x € J) is convex, then

# . Di
i=1 !



172 7 IMPROVEMENTS OF THE INEQUALITIES FOR THE f-DIVERGENCE...

n _ ZO)L]HPlﬂ ZP[ n
=) (2 Aj Hp,ﬂ) flg—— | 25— | 2p- (7.6)
= i=1

=0 T Aj41qitj D
j=0 i=1

Ifx — xf (x) (x €J) is a concave function, then inequality signs in (7.6) are reversed.
In all these inequalities i+ j means i+ j —nin case of i+ j > n.

Proof. (a) By applying Theorem 7.1 with C:=J, f := f,

we have

—1
kz 2 qi+j Pitj
P JH17n di+j

; 3 2.4
§ (2%)'2 Z%H e

AR S )| Sy
- qi
i=1
k=1
0 Aj+1Di+j
Jj=0
= (2}%161#1) N
= Y Ajr1qitj
j=0
n
Zpi n
=1
>f| 5| Xaw
Yai | !
i=1
(b) We can prove similarly to (a), by using f :=1id;f.
The proof is complete. O

Remark 7.1 (a) Csiszdr and Korner classical inequality for the f-divergence functional
is generalized and refined in (7.5).

(b) Other type of refinements are applied to the f-divergence functional in [40], [41]
and [35].

(c) For example, the functions x — xlogy, (x) (x > 0, b > 1) and x — xarctan (x) (x € R)
are convex.
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‘We mention two special cases of the previous result.
The first case corresponds to the entropy of a discrete probability distribution.

Corollary 7.1 Ler2 <k <nbe integers, andlet A := (Ay,...,A) be a positive probability
distribution.
(a)Ifq:=(q1,--.,qn) €]0,[", and the base of log is greater than 1, then

n
— Y qilog(q:)
i=1

k-1 - .
<= (2}“1#1%4;') log (2 lj+161i+j> <log nn Y qi. (7.7)
=1 \j=0 =

—1 \ j= i—0 i=1
i Jj 2‘1[ i
i=1

If the base of log is between 0 and 1, then inequality signs in (7.7) are reversed.
(b)Ifq:=(q1,...,qn) is a positive probability distribution and the base of log is greater
than 1, then we have estimates for the Shannon entropy of q

n k—1 k—1
H(q)<—-Y (2 )Lj+1%'+j> log (2 )LJ'H‘]!'H) < log(n).

i=1 \j=0 j=0

If the base of log is between 0 and 1, then inequality signs in (7.7) are reversed.
In all these inequalities i+ j means i+ j — n in case of i + j > n.

Proof. (a) It follows from Theorem 7.3 (a), by using f :=logand p := (1,...,1).
(b) It is a special case of (a). O

The second case corresponds to the relative entropy or Kullback-Leibler divergence
between two probability distributions.

Corollary 7.2 Let2 <k <nbeintegers, andlet A := (Ay,...,A) be a positive probability
distribution.

(a) Let p:= (p1,...,pn) €0, and q := (q1,--.,qn) € ]0,o0[". If the base of log is
greater than 1, then

Y pilog (’;—) (7.8)

i=1 l

k—1 n
= ZO%'HPHJ' >ril o,
= ~
22(2/1”11?1-”)10% - >log | 57— | X pi- (7.9)
=TV Y Aj+1giv Nagi | =t
j=0 i=1

If the base of log is between 0 and 1, then inequality signs in (7.9) are reversed.
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(b) If p and q are positive probability distributions, and the base of log is greater than
1, then we have

_ 2 Aj+1pt+j
D(plq) > Zl (2/1,+1p,+,> log 27 > 0. (7.10)
= 2 )L]+1%+j

If the base of 1og is between 0 and 1, then inequallty signs in (7.10) are reversed.
In all these inequalities i+ j means i+ j —nin case of i+ j > n.

Proof. (a) We can apply Theorem 7.3 (b) to the function f := log.
(b) It is a special case of (a). O

Remark 7.2 We can apply Theorem 7.3 to have similar inequalities for other distances
between two probability distributions.

7.2.2 Inequalities for Rényi divergence and entropy

The Rényi divergence and entropy come from [49].

Definition 7.6 Ler p := (p1,...,pn) and q:= (qi,-..,qn) be positive probability distri-
butions, and let o > 0, ot # 1.
(a) The Rényi divergence of order o. is defined by

1 " A\
Da(p,q) := —— log (2%’(%) ) (7.11)
i=1 4

(b) The Rényi entropy of order o of p is defined by

alog (;pi ) ) (7.12)

The Rényi divergence and the Rényi entropy can also be extended to nonnegative prob-
ability distributions.

If @ — 1in (7.11), we have the Kullback-Leibler divergence, and if ¢ — 1 in (7.12),
then we have the Shannon entropy.

In the next two results inequalities can be found for the Rényi divergence.

He (p) =

Theorem 7.4 Let 2 < k < n be integers, and let A := (Ay,..., Ax), p:= (p1,-..,pn) and
q:=(q1,---,qn) be positive probability distributions.
(a)If0< o < B, a, B # 1, and the base of log is greater than 1, then
=

N o—1 o—
n k—1 2 A’j+lpl+] (Cl+1>
D < 1 A =0 : 7.13
(X(paq) = ﬁ 1 og 2 2 j+1Pi+j —1 ( . )
i=1

~
J ZOMHPH j
iz
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< Dg(p,q)

The reverse inequalities hold if the base of log is between O and 1.
(b) If 1 < B, and the base of log is greater than 1, then

Di(p.q) =D (pllg) = szlog< )

k

(B-1) 2 hjiipisjlog (B4
> exp ;
2 Aj1Ditj
j=0

< B—1 log 2 <Zﬂ'j+1pl+j

< Dg(p,q),

where the base of exp is the same as the base of log.
The reverse inequalities hold if the base of log is between 0 and 1.
(¢)If 0 < a < 1, and the base of log is greater than 1, then

Dq(p,q)

3

i=1

ZA i+1Di+j 1 SDl(paq)

oc o—1 —
Y Ajr1pivj
=0

i oa—1
( _ ) jZOAjJr]pth (%ﬂ)
log

The reverse inequalities hold if the base of log is between 0 and 1.
In all these inequalities i + j means i+ j — n in case of i+ j > n.

Bt
Proof. (a) By applying Theorem 7.1 with C :=10,00[, f :]0,00[ = R, f(¢) :=t T,

we have

A\ o
n k—1 2 A’j+1pl+} <q1+j> n ) ﬁ,]
<X (2 %Hp,ﬂ) = <3 pi <&) (7.14)
=1 \J= Y Aji1pivj
=0

if either 0 < o <1 < f orl<a<f,and the reverse inequalities hold in (7.61) if 0 <
o < f < 1. By raising the power ﬁ, we have from all these cases that

1

Ba(2))"
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1
-1 —
NG

<3

i=1

21 i+1DPi+j —1
= Y Ajr1pivj
=0

(3 () ) (3 2))

Since log is increasing if the base of log is greater than 1, it now follows (7.13).

If the base of log is between 0 and 1, then log is decreasing, and therefore inequality
signs in (7.13) are reversed.

(b) and (¢) When o = 1 or B = 1, we have the result by taking limit.

The proof is complete. O

[

Theorem 7.5 Let 2 < k <n be integers, and let A := (A1,..., M), p:= (p1,...,pn) and
q:=(q1,--,qn) be positive probability distributions.

If either O < o0 < 1 and the base of log is greater than 1, or 1 < o and the base of log
is between 0 and 1, then

Wlilpi (%)allog (%) < (a_l)i;i(ﬂ)al X

2 Aj j+1Pi+j ( H])OFI

qi+j

n k—1 oa—1
XZ(ZMpr(’q’ f) >log < Dy(p,q) (7.15)

2 Aj1Ditj
=0

n
S 2| XApi = < Di(p.q)
i=1

= 2 Ajv1Ditj
=0

oa—1
_ 2 )'j+lpl+](§ij>
( >log

If either 0 < a0 < 1 and the base of log is between 0 and 1, or 1 < o and the base of
log is greater than 1, then the reverse inequalities holds.
In all these inequalities i + j means i+ j — n in case of i+ j > n.

Proof. We prove only the case when 0 < o < 1 and the base of log is greater than 1, the
other cases can be proved similarly.

Since 5 1 < 0 and the function log is concave, we have from Theorem 7.1 by choosing
C:= ]O,oo[ f:=log,
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that
1 n i a—1
D = 1 (B
o(p,q) = —— log Zpl(qi)

i=1

ZAJ‘FIPH'] —1
= Y Aji1pivj
j=0

1 n pi o—1 n pi
< — ilo = = ilog (| — | = D1(p,
_a_ll_;p g (qi> l;lp g(qi) 1(p,q)

and this gives the desired upper bound for D (p,q).
Since the base of log is greater than 1, the function x — xlog (x) (x > 0) is convex, and

therefore ﬁ < 0 and Theorem 7.1 imply that

Dy (p,q) := al, plog (,.Izllp" (%)al>

n
)
i=1

Ot

—1 " a—1
( _ > jZo/lﬁlpzﬂ (qﬂ)
log

i=1

2 P 2 <2A’j+1plﬂ> X

(o —I)ZP (&) v
: o—1
2 Aj+1Pt+/ ‘I+J 2 AjJrllerJ q,+j)
X
2 )L]+1pl+j 2 )L]+1pl+j

n

Aj+1Dit
(O‘—I)ipi(sl)allzl<2 1p (

j=0

k—1
Y Ajr1pivj
Jj=0

N o—1
2 )L]+1pl+j (q1+11)
>log
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which gives the desired lower bound for D (p,q).
The proof is complete. g

Now, by using the previous theorems, some inequalities of Rényi entropy are obtained.

Denote % = ( 1 ,ll) be the discrete uniform distribution.

PR
Corollary 7.3 Let 2 < k < n be integers, and let A := (Ay,..., Ax) and p := (p1,...,Pn)
be positive probability distributions.

(a) If0< o < B, a, B # 1, and the base of log is greater than 1, then

B1

k—1 a—

1 n (k=1 EO)LJHP%J

Hy (p) > —p log 2 Z%‘Hpiﬂ F E— > Hg (p).
=1 \Jj=0 _Zoijﬁpiﬂ

]:

The reverse inequalities hold if the base of log is between 0 and 1.
(b) If 1 < B, and the base of log is greater than 1, then

H(p) = _iPiIOg (pi) > log(n)
i=1

n
log 2

i=1

Z)L]+1Pl+j

k—1
Y Ajr1Divj
Jj=0

k—1
_ (ﬁ - 1) ;0/1;'+1Pi+j10g (”Pi+j)
( ) exp =

> Hg (p),

where the base of exp is the same as the base of log.
The reverse inequalities hold if the base of log is between 0 and 1.
(c)If0 < a < 1, and the base of log is greater than 1, then

1 o [kl EO)'JHPHJ

Hy (p) > 1o (2 /1;+1Pt+1> log P > H(p)
=V ZO)'HIPiJrj

j=

The reverse inequalities hold if the base of log is between 0 and 1.
In all these inequalities i + j means i+ j — n in case of i+ j > n.

n
[ log (21??) :
i=1

Proof. If q =1, then
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and therefore ;
Ho.(p) =log (n) — Da(p, ). (7.16)

(a) It follows from Theorem 7.4 and (7.16) that

He (p) =log(n) — Da(p, %)

ﬁ_*}

n 2 A’j+]pl+j

5| 13 () | 227

=0 2 )L’]+1pl+j

1
2 log(n) —Dg(p, ) = Hp ().
(b) and (c) can be proved similarly.

The proof is complete. O

Corollary 7.4 Ler 2 < k < n be integers, and let A := (Ay,..., &) and p :== (p1,...,pn)
be positive probability distributions.

If either 0 < a0 < 1 and the base of log is greater than 1, or 1 < o and the base of log
is between 0 and 1, then

1 1
i log(pi) = log (n) — ————=—x

Zp“’ ! (c—1) Y p¥

n _ gOAJﬂLlpth
] O T P e LG
=1 \j=0 gofljﬂptﬂ

k-1
1 n k—1 Zolj+1pﬁj
J
2T 0. (2 )~j+lPi+j> log| "/— [ =H(p)
=1 AJ=0 _ZO)LjJrlPHj
]:

If either 0 < o0 < 1 and the base of log is between 0 and 1, or 1 < o and the base of
log is greater than 1, then the reverse inequalities holds.
In all these inequalities i + j means i+ j — n in case of i + j > n.

Proof. We can prove as Corollary 7.3, by using Theorem 7.5. O

We illustrate our results by using Zipf—-Mandelbrot law.
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7.2.3 Inequalities by using the Zipf-Mandelbrot law

We illustrate the previous results by using Zipf-Mandelbrot law.

Corollary 7.5 Let p be the Zipf-Mandelbrot law as in Definition 10.1, let 2 < k < N be
integers, and let A == (Ay,...,A) be a probability distribution. By applying Corollary 7.3
(c), we have:

If0 < a < 1, and the base of log is greater than 1, then

N
o= (= e

N,q,si=1 (i + q)(xs

kLA

1
1—

n (k-1 Iy 1 5 ita®
O B e L e B
o2 \j=o (i+j+q) Hyg,s Hy s ¥ Ajrl

=0 (ia)”
. N log(i+q)
- HN7q7Si:1 (l—"—q)g

The reverse inequalities hold if the base of log is between 0 and 1.
In all these inequalities i+ j means i+ j —n in case of i+ j > n.

+log(Hyqs) =H(P)

Corollary 7.6 Ler p; and py be the Zipf-Mandelbrot law with parameters N € {1,2,...},
q1, q2 € [0,00[ and sy, s3 > 0, respectively, let 2 < k < N be integers, and let A :=
(A1, ..,Ak) be a probability distribution. By applying Corollary 7.2 (b), we have:

If the base of log is greater than 1, then

N . N
1 (i+q2)"” Hy g5,
D(pi|p2) =Y — log <(i+ql)s. HNZZ iz
[ s ) 541551

k

N (k=1 1 j:()}'j“ (i+)+q1) T Hy g, 5,
> A —— lo >0. (7.17)
2 Jgo a (l"']"'%)s1 Hy g, s, 5l 1

j=0 J+1 (H’J‘f’qZ)SZ HN,qz.SZ

If the base of log is between 0 and 1, then inequality signs in (7.17) are reversed.
In all these inequalities i+ j means i+ j —nin case of i+ j > n.
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7.3 Cyclic improvemnts of inequalities for entropy
of Zipf-Mandelbrot law via Hermite interpolating
polynomial

In order to give our main results, we consider the following hypotheses for next sections.
(M) Let I C R be an interval, x := (x,...,x,) € I" and let py,...,p, and Ay,..., A rep-
resent positive probability distributions for 2 < k < n.

(M) Let f : I — R be a convex function.

Remark 7.3 Under the conditions (M), we define

J (f) Jl X pv)t’ f sz xl Cdis(faxapax)

JZ(f):Jl(Xapax;f) —Cdts(fax pa (21’1)@)

where f : I — R is a function. The functionals f — J,(f) are linear, u = 1,2, and Theorem
7.1 imply that
Ju(f)>0, u=1.2

if f:1 — R is a convex function.
Assume (H;) and (H3-Hs). Then we have the following additional linear functionals

J3(f) :J3(f7g7:u7p)2’) = /‘fogd:uicim (f)gnuap)ﬂ’) Z 07
X

J4(f) :J4(tafagnuapaﬂ') = /.fogdu7C,Dar(t7f7ga,u'7p72’) ZO’ re [071]7
X

Js(f)=Js(t, f.g, 1, A) = Cins (f,8,14,P;A) — Cpar (1, f, 8,14, P,A) >0, 1 €[0,1],

Jﬁ(f):‘,6(tafaghuapax)' pal (t fvg ‘Ll,p,)L /gd.u* >0 te[ovl]-
Forv=1,...,5, consider the Green functions G, : [ot, 0] X [0, 0p] — R defined as
(0p—2) (0 —7) .
_ ) Tama o sTsZm
Gi(z,r) = { (“2;:’),(3171), i<r<a (7.18)

op—r ap <r<gz

o —2z, 2<r<a. (7.19)

Ga(z,r) = {
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_Jz—0p, 0 <r<g

G3(z,r){r_a27zgr§a2. (7.20)
_Jz—ou, o <r<g

Gy(z,r) = { o 2 <1< oy (7.21)
_Joo—rn o <r<gz

Gs(z,r) = { 2 << o (7.22)

All these functions are convex and continuous w.r.t both z and r (see [33]).

Remark 7.4 The Green’s function G (-, -) is called Lagrange Green’s function (see [34]).
The new Green functions G, (+,-), (v =2,3,4,5), introduced by Pecari¢ et al. in [33].

For I = [a, 0], consider the following assumptions .
k—1
_goljﬂﬂwzz'ﬂ
(A1) For the linear functionals J,(-) (u = 1,2), assume that =Z——— € [, o] for
go)LjJrlPiJrj

i=1,...m

k-1
X Ajerpirjf(zie))

(Ay) For the linear functionals J,(+) (u = 3, ...,6), assume that = - € [og, ]
_20 Avi1Pitj
=

fori=1,...m.

7.3.1 Extensions of cyclic refinements of Jensen’s inequality
via Hermite interpolating polynomial

The proof of the results of this section are given in [16]. We start this section by
considering the discrete as well as continuous version of cyclic refinements of Jensen’s in-
equality and construct the generalized new identities having real weights utilizing Hermite
interpolating polynomial.

Theorem 7.6 Let mk €N, py,...,pm and Ay, ..., Ax be real tuples for 2 < k < m, such
k=1 m k

that Y, Ajy1piyj#Ofori=1,...mwith ¥, pi=1and ¥ A;=1. Alsoletz € [o,00] CR
j=0 i=1 j=1

and z € [0, 00]™. Assume f € C"[ay, o] and consider interval with points —es < o) =
by <by-- < b =0 < oo (l > 2) such that f(OCl) = f(OCz), f/(Otl) =0= f/(OQ) and
Gy, (v=1,...,5) be the Green functions defined in (10.4)—(7.22), respectively. Then for
u=1,...,6 along with assumptions (A,) and (A;), we have the following generalized
identities:

(a)

w=10=0

Tu(f(2)) = i Zw £ (o), (ch(z)> +7Ju (Gy,n(z, r)) D (ar. (7.23)
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(b)
Ju(f(2)) = 7‘21,, (Gv(z, r)) wztll ;iof(cru) (bo)How (r)dr
" 7 27 2"” <Gv (&, r)> Grna(r,&) " (§)dEdr (1.24)

where Hgso are Hermite basis and GH,n(z, r) be the Hermite Green function (see

[32]).

Now we obtain extensions and improvements of discrete and integral cyclic Jensen type
linear functionals, with real weights.

Theorem 7.7 Consider f be n-convex function along with the suppositions of Theorem
7.6. Then we conclude the following results:

(a) If forallu=1,...,6,

Ju (GH,n (Z, I‘)> > 07 re [OZ] R 062] (7.25)

holds, then we have

2 2 119 (Haw< )) (7.26)

w=10=0
foru=1,...,6.
(b) Ifforallu=1,...,6 andv=1,...,5

Ju (Gv(z, r)) >0, re oy, ) (7.27)

holds, provided that s, is odd for each ® =2,3,4,--- ,t, then

/Ju <Gv 7 > D 2 £ (by)Hoe (r)dr. (7.28)

w=10=

foru=1,...,6.

(c) If (7.27) holds for all u =1,...,6 and v =1,...,5, provided that sy is odd for
each @ =2,3,4,--- .t — 1 and s; is even then (7.28) holds in reverse direction for
u=1,...,6.

We will finish the present section by the following generalizations of cyclic refinements of
Jensen inequalities:
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Theorem 7.8 If the assumptions of Theorem 7.6 be fulfilled with additional conditions
m
that py,...,pmand Ay, ..., A be non negative tuples for 2 < k < m, such that ¥, p; =1 and

i=1
k
Y Aj = 1. Then for y : [0y, ] — R being n-convex function, we conclude the following
j=1
results:
(a) If (7.26) is valid along with the function

Sw

= 3 3 Howl@ ) b0). (7.29)

w=10=0

to be convex, the right side of (7.26) is non negative, means

L(y)>0, u=1,..6. (7.30)

(b) If 54 to be odd for each w =2,3,4,--- ¢, (7.28) holds. Further

2 2 How(r) {17 (by) > 0. (7.31)

w=10=0

the right side of (7.28) is non negative, particularly (7.30) is establish for all u =
,6andv=1,...,5.

(c) Inequality (7.28) holds reversely if s, is odd for each w =2,3,4,--- ;t — 1 and s; is
even. Moreover, let (7.31) holds in reverse direction then reverse of (7.30) holds for
allu=1,...,.6 andv=1,...,5.

7.3.2 Cyclic improvements of inequalities for entropy
of Zipf-Mandelbrot law via Hermite polynomial

Remark 7.5 Now as a consequences of Theorem 7.7 we consider the discrete extensions
of cyclic refinements of Jensen’s inequalities for (u = 1), from (7.26) with respect to n-
convex function f in the explicit form:

k—1
m m (k-1 ,gofljﬂptﬂzw
Zpif(zi) _Z <2 )Lj+1Pi+j> f jk,l— >
o A Y Ajr1Dit
j=0
t S
> Y [P (ba) | %
w=10=0
k—1
m k—1 'gokjﬂLlpH»jZH’j
Pilloo (zi) — 2 (2 lj+1p,+]> Hsq Fk—l— , (7.32)
i=1 i=1 \j=0

Y Ajr1pivj
=0
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where Hg(, are Hermite basis.

Theorem 7.9 Let mk € N (2 < k <m), Ay,...,A be positive probability distributions.
Letp:= (p1,...,pm) ER™, and q:=(q1,...,qm) € (0,00)™ such that

Pi €la, ), i=1,....m.
qi

Also let f € C"|oy, 0] and consider interval with points —eo < o) = by < by < by =
0 < oo, (t > 2) such that f is n-convex function. Then the following inequalities hold:

—1

m k—1 2 A’j+1pl+}
zf~<p,q>zz<zx,~+1q,-ﬂ>.f i

i—1 \j=0
J Aj1qivj

»—AO

j=0
13

(Z 2 £ )
w=10=
m Di m (k=1 _§0/1/+1pz+;
Y ¢iHsw (q—l) -y (2 Atj+1‘]i+j> Hg 2717 . (7.33)
=1 Y EEA=o Y Aj+1Giv;
j=0
Proof. Replacing p; with ¢g; and z; with % for (i=1,...,m)in (7.32), we get (7.33). O

We now explore two exceptional cases of the previous result.
One corresponds to the entropy of a discrete probability distribution.

Corollary 7.7 Let m,k € N (2 <k <m), Ay,..., A be positive probability distributions.

(@) IFQ:= (41, ,dm) € (0,5)" and (n = even), then

Z%lnqz > 2 (2/1 +1qz+j> In (2/1 +1q,+]>
(2555
1

m m [ k—1 1
Y diHow (—) - <2 Amqiﬂ) Hoo | 4 | |- (734

=1 i/ =i
: =V Y Ajr1qitj
J=0

(b) If q:=(q1,--.,qm) is a positive probability distribution and (n = even), then we get
the bounds for the Shannon entropy of q.
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m
H(q) < - 2 Z)L]+1%+j In ZAJﬁquH'j
i=1
1)!
3 § Ce )
w=10=0

m 1 m k—1 1
Y ¢iHsw <q_) -y (2 Atj+1‘]i+j> Hoo | 7m— [ |- (735
= Yo EEA=0 Y Ajs1givj
=0
If (n = odd), then (7.34) and (7.35) hold in reverse directions.
Proof.

(a) Using f(x) := —Inx and p := (1,1,...,1) in Theorem 7.9, we get the required re-
sults.

(b) It is a specific case of (a).
O

The second case corresponds to the relative entropy or Kullback—Leibler divergence
between two probability distributions.

Corollary 7.8 Let m,k € N (2 <k <m), A,...,A be positive probability distributions.
(@) Ifq:=(q1,---,qm),P := (P1,---,Pm) € (0,00)™ and (n = even), then

m _ m k=1 2 Aj+1qt+j
D qiln (&> >y (2 lj+1qz'+j> In ,17 +
=1 b =1 AJ=0 2 )L]+1pl+j
(5,527
w=10=0
k—1
m _ m Y Ajr1pivj
qiHse <&) 2 <2A'j+l%+j> Hse ;:(1)7 . (7.36)
=1 “ro= Zolj+1qz'+j
j=

(b) If If q:= (q1,---,qm),p := (P1,...,Pm) are positive probability distributions and
(n = even), then we have

+

k-1
m e _EO)LH»IQHj
D(q| p) 22(2%+1qm>1 _

Y Ajr1pitj
=
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(EE0)

k—1
m pi m k—1 jzo)tj+1pi+j
Y difloo (—) - kaqlﬂ Hoo | ' | |- (73D
=1 ' =1 \j=0 2 Ajr1giv

If (n = odd), then (7.36) and (7.37) hold in reverse directions.
Proof.
(a) Using f(x) := —Inx in Theorem 7.9, we get the desired results.

(b) It is particular case of (a).

O
Letme {1,2,...},¢ >0, s> 0, then Zipf-Mandelbrot entropy can be given as:
s &ln(i+1)
Z(H,t,s) = : +1n 7.38
(Ho19) = g 3 e+ ) (738)
Consider .
qi = f(izmt,s) = (7.39)

(1) Hmss)
Now we state our results involving entropy introduced by Mandelbrot Law:
Theorem 7.10 Let m,k € N (2 <k <m), Ay,..., A be positive probability distributions

and q be as defined in (7.39) by Zipf-Mandelbrot law with parameters m € {1,2,...}, ¢ >0,
d > 0. For (n = even), the following holds

)
m [k—1 Ajjtl N 1 k—1 Aijl B
= _i:I <2 ((l+]+C) Hm,c,d)) : <Hm,c,d12) ((iJerrt)S))

j=0
v (=1%o - < .
(2 0'2::0 (bw)c ) (2 l+C) nzcd)HGw (((l+c)de’c’d)>> *

i=1

QD% -DN [ & (S Aj1 1
(wzlczo (bo)® ) ;(,20((14-]4-6) mCd))HGw ’E‘ At

=0 ((H‘j+c>de‘c‘d)

(7.40)

If (n = odd), then (7.40) holds in reverse direction.
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Proof. Substituting this ¢; = in Corollary 7.7(b), we get the desired result.

L
((i+c)dH a)
Since it is interesting to see that Z qi = 1. Moreover using above g; in Shannon entropy

(7.3), we get Mandelbrot entropy(7 38). O

Corollary 7.9 Ler m,k € N (2 <k <m), Ay,...,A be positive probability distributions

and for cy,cy € [0,00), dy,dy >0, let Hyeray = W and Hy, ¢, 4, = m. Now using
1 1 , .
qi = m and Pi = m mn Corollary 78(1?), with (n = even),
then the following holds
= 1
D(q || p) 2 ln <l+C2) mC2;d2
( +C1) mC|,d| (l+C1) mC|,d|
k—1 3 1
=D 21 Aji1 1 ;Eo P o) e, 4
= n
i=1 (l+]+C1) mcl,dl kil)', { 1
j=0 h (i+j+02)d2Hm.c2.d2

o Se m ((l+C2) mcz,dz)
(wzlczo ) (;21 l+c1) leqdl)HGw (((1+Cl) Hm,q,ah)))

(EEEEEY)-

S P S

m (k-1 A’j+1 j§0 J+1 (i+j+c) Hye1
2 2 = Hso P (7.41)

i=1 <l+]+C1) mC|,d| 2)' l+

o T it jre2) 2 Hy ey

If (n = odd), then (7.41) holds in reverse direction.

Remark 7.6 It is interesting to note that, in the similar passion we are able to construct
different estimations of f-divergences along with their applications to Shannon and Man-
delbrot entropies using the other inequalities for n-convex functions constructed in Theo-
rem 7.7 for discrete case of cyclic refinements of Jensen inequality.

Remark 7.7 We left for reader interest to construct upper bounds for Shannon, Relative
and Mandelbrot entropies by considering Type(n,n — 11)C and Two-point TC instead of
HC in the above results.
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7.4 A refinement and an exact equality condition for
the basic inequality of f-divergences

Measures of dissimilarity between probability measures play important role in probability
theory, especially in information theory and in mathematical statistics. Many divergence
measures for this purpose have been introduced and studied (see for example Vajda [14]).
Among them f-divergences were introduced by Csiszar [2] and [37] and independently
by Ali and Silvey [1]. Remarkable divergences can be found among f-divergences, such
as the information divergence, the Pearson or y2-divergence, the Hellinger distance and
total variational distance. There are a lot of papers dealing with f-divergence inequalities
(see Dragomir [39], Dembo, Cover, and Thomas [4] and Sason and Verdu [50]). These
inequalities are very useful and applicable in information theory.
One of the basic inequalities is (see Liese and Vajda [45])

Dy (P,Q) > f(1).

In this section we give a refinement and a precise equality condition for this inequality.
Some applications for discrete distributions, for the Shannon entropy, and some examples
are given.

7.4.1 Construction of the equality conditions and related
results of classical integral Jensen’s inequality

The classical Jensen’s inequality is well known (see [7]).

Theorem 7.11 Let g be an integrable function on a probability space (Y, 2,V) taking

values in an interval I C R. Then / gdv lies in 1. If f is a convex function on I such that

Y
fogis v-integrable, then

7 ./‘gdv < /fogdv. (7.42)

Y Y

The following approach to give a necessary and sufficient condition for equality in this
inequality may be new. First, we introduce the next definition.

Definition 7.7 Ler (Y, %, V) be a probability space, and let g be a real measurable func-
tion defined almost everywhere on Y. We denote by essint, (g) the smallest interval in R

for which
v (g € essinty (g)) = 1.
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Remark 7.8 (a) Obviously, the endpoints of essint, (g) are the essential infimum
(essinfy (g)) and the essential supremum of g, and either of them belong to essint, (g)
exactly if g takes this value with positive probability.

(b) It is easy to see that either essint, (g) = / gdv » (in this case g is constant v-a.e.)
Y

or /gdv is an inner point of essint, (g).

Y
(c) The interval essinf, (g) is connected with the essential range of g, but not the same

set (for example, the essential range of g is always closed, and not an interval in general).

Lemma 7.1 Assume the conditions of Theorem 7.11 are satisfied. Equality holds in (7.42)
if and only if f is affine on essinty (g).

Proof. 1t is easy to see that the condition is sufficient for equality in (7.42).
Conversely, if essint, (g) contains only one point, then it is trivial, so we can assume
that m := /gdv is an inner point of essint, (g). Let
Y

LR—R, 1(0)= £} (m)(t—m)+ f(m).

If f is not affine on essinty, (g), then by the convexity of f, there is a point #; €essint,, (g)
such that f(7;) > [(7;). Suppose t; > m (the case #; < m can be handled similarly).
Since f is convex, f(r) >1(r) (t€I) and f(t) >1(¢) (t €1, t >1). It follows by us-
ing v(g >1) >0, that

/fogdv: /fogdv—i— /fogdv
Y

(8<t1) (8>11)

> /logdv+ /fong>/long=f(m)»
(g.<l|) (g>11) Y

which is a contradiction.
The proof is complete. |

The next refinement of the Jensen’s inequality can be found in Horvéth [8].

Theorem 7.12 Ler I C R be an interval, and let f: 1 — R be a convex function. Let
(Y, 9B, V) be a probability space, and let g : Y — I be a v-integrable function such that

n
fogisalso v-integrable. Suppose that ¢y, . .., 0, are nonnegative numbers with Zai =1
i=1
Then

(a)
dv | < o, g (X dav™ (x ey Xp) < ogdv.
f /8 _./f<i§1, 8( )) (x1 ) /f 4

yn Y
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(b)
1 n+1 ' p .
/f n+ll:2]g(x‘) v (‘x17"'7xn+1)
yn+1
1 n
< /f (;Zg (xi)> av" (x17~~~7xn) < /f( ;g ()Ci)) av” (xl,...,xn),
yn i=1 yn i=1

By analyzing the proof of the previous result, it can be seen that the hypothesis “f o g
is v-integrable” can be weaken.

Theorem 7.13 Let I C R be an interval, and let f : I — R be a convex function. Let
(Y, 2B, V) be a probability space, and let g : Y — I be a v-integrable function such that the

integral / fogdv exists in |—oo,0|. Suppose that o, ..., 0, are nonnegative numbers with

Y
n

ZOQ = 1. Then the assertions of Theorem 7.12 remain true.
i=1

We assume throughout that the probability measures P and Q are defined on a fixed
measurable space (X,.o/). It is also assumed that P and Q are absolutely continuous with
respect to a o-finite measure p on 7. The densities (or Radon-Nikodym derivatives) of P
and Q with respect to u are denoted by p and ¢, respectively. These densities are p-almost
everywhere uniquely determined.

Let

F:={f:]0,0o] - R | f is convex},

and define for every f € F the function
* * 1
f :]0700[_>R7 f (t) = tf ? .

If f € F, then either f is monotonic or there exists a point #y € ]0,eo[ such that f is
decreasing on ]0,7o[. This implies that the limit

lim t
o f(1)
exists in | —eo, eo], and

£(0):= tim £(7)

—0+"

extends f into a convex function on [0,ec[. The extended function is continuous and has
finite left and right derivatives at each point of |0, eo[.
It is well known that for every f € F the function f* also belongs to F, and therefore

t—0+ U—oo Y

We need the following simple property of functions belonging to F.
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Lemma 7.2 If f € F, then f*(0) > f' (1). This inequality becomes an equality if and
only if
fO=fOC=D+f(1), =1 (7.43)

Proof. Since f is convex,

fOZfAME-D)+f(1), t>1,

and therefore

ro=tim > g ).

[—00

If (7.43) is satisfied, then obviously f*(0) = f (1).
If there exists 71 > 1 such that £/, (r;) > f% (1), then by the convexity of f,

fO) 2 o) t—n)+f(n), t>n,
and hence f* (0) > f% (1). It follows that f* (0) = f’ (1) implies
fi(t):fjr(l)a tZtlv

and this gives (7.43) (see [43] 1.6.2 Corollary 2).
The proof is complete. |

The next result prepares the notion of f-divergence of probability measures.

Lemma 7.3 For every f € F the integral

[ at)s (M) du (o)

: q(o)
(g>0)

exists and it belongs to the interval | —oo, o).
Proof. Since f is convex,
fO =M=+ f(1), 120
This implies that for all ® € (¢ > 0)
1)1 (Z)) 2 h(@) =1L () (p(@) - g(@) + F(Da(@). 044

Elementary considerations show that the function % is u-integrable over (g > 0), and
this gives the result by (7.44).
The proof is complete. O

Now we introduce the notion of f-divergence.
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Definition 7.8 For every f € F we define the f-divergence of P and Q by

D/ (P0)= [atw)r (22} ) an(o).

where the following conventions are used

0
Of(g) =xf"(0) ifx>0, Of <6) =0f"(0):=0. (7.45)

Remark 7.9 (a) For every f € F the perspective £ : ]0,o0[ x ]0,00[ — R of f is defined by

fy)=yf (;—C) :

Then (see [49]) f is also a convex function. Vajda [14] proved that (7.45) is the unique rule
leading to convex and lower semicontinuous extension of f to the set

{(x,y) eR? |x,y20}.

(b) Since f* (0) € |—oo, 0], Lemma 7.3 shows that D¢ (P, Q) exists in | —eo, | and

_ [ (rl®) ] _
prro)= [ 7(%e)aow) s 0Pq=0). 740

(g>0)

It follows that if P is absolutely continuous with respect to Q, then

p(w)
D¢ (P,Q) = / f(—)dQ w).
£ ( (@) (w)
(¢>0)
Various divergences in information theory and statistics are special cases of the f-
divergence. We illustrate this by some examples.
(a) By choosing f :]0,e0] — R, f () = ¢In(¢) in (7.46), the information divergence is
obtained
_ p(w) _
I(P.Q)= [ p(w)ln 7(®) dp(w)+eP(qg=0). (7.47)
(g>0)
(b) By choosing f : ]0,e[ — R, f (t) = (¢ — 1)* in (7.46), the Pearson or x2-divergence
is obtained

) B (p(0) —q(w))* P —
X (P,Q)—(q 4 T it () + P (g = 0). (7.48)

(¢) By choosing f :]0,eo[ — R, f () = (Vi — 1)2 in (7.46), the Hellinger distance is

obtained
(1.0 = [ (Vp©) - Va(©)) du (). (7.49)

X
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(d) By choosing f :]0,o[ = R, f () = |t — 1| in (7.46), the total variational distance is
obtained

V(20 = [ Ip(@) - g(@)|u(@). (7.50

X

We need the following lemma.

Lemma 7.4 Letty:=P(q>0).
(a) For every € >0

Q<§<t0+£,q>0> > 0.

(b)
essian (S) <t

Proof. (a) Obviously,
P _ 14
Q(— <to+E, 4>0) 1Q<—Zto+8, q>0).
q q

The result follows from this, since

)4 1
- > = 1 <
Q(q _to+£,q>0) ./q (§2z0+s,q>0)d“— / to+8pd“
X (¢>0)

N th+ €

<1.

(b) It comes from (a).
The proof is complete. |

The following result contains a key property of f-divergences. We give a simple proof
which emphasizes the importance of the convexity of f, and give an exact equality condi-
tion.

Theorem 7.14 (a) For every f € F

Dy(P,Q) > f(1). (7.51)

(b) Assume P(q=0) = 0. Then equality holds in (7.51) if and only if f is affine on

into (2
essintg (q )
(c) Assume P(q=0) > 0. Then equality holds in (7.51) if and only if f is affine on

essintg (%) U[1,e0].
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Proof. (a)If Dy (P,Q) = o, then (7.51) is obvious.
If Dy (P,Q) € R, then the integral

) 4 | f (%) do () (152)

is finite, and therefore either Q (p =0) =0 or Q(p =0) > 0 and £ (0) is finite. It follows
that Jensen’s inequality can be applied to this integral, and we have

D)= f| [ pau|+r ©O)P@a=0) (7.53)
(4>0)
=f(P(g>0))+f"(0)P(g=0). (7.54)

Let 7y := P (g > 0). By using Lemma 7.2, 7y € [0, 1], and the convexity of f, it follows
from (7.54) that

Dy (P,Q) > f(to) + f1 (1) (1 —10) (7.55)

> M)+ (D) (o= 1)+ (1) (1—10) = f(1). (7.56)

(b)If Dy (P,Q) = f (1), then D¢ (P, Q) is finite.
Assume P (g = 0) = 0. Then by (7.53) and (7.54), Dy (P,Q) = f (1) is satisfied if and
only if equality holds in the Jensen’s inequality. Lemma 7.1 shows that this happens exactly

if f is affine on essinty (5)
(c) Assume P (g =0) > 0. Then (7.53), (7.54), (7.55) and (7.56) yield that there must
be equality in the Jensen’s inequality, f* (0) = f_ (1), and

Flo)=rF()+ (1)@ —1). (7.57)

By Lemma 7.1 and Lemma 7.2, the first two equality conditions are satisfied exactly if f
is affine on essinty (5) U[1,e0].

Now assume that f is affine on essinty (5) U[L,ee[. In case of 7y > 0, Lemma 7.4 (b)
and the continuity of f at ¢y show that (7.57) also holds. In case of zy = 0, it is easy to see
that Q (5 = O) =1, and hence 0 €essinty (%) which implies (7.57) too.

The proof is complete. |

Remark 7.10 (a) Consider the subclass Fi C F such that f € F; satisfies f(1) = 0. In
this case inequality (7.51) has the usual form

D¢ (P,Q) > 0.

(b) The usual equality condition is the next (see [45]): if f is strictly convex at 1, then
D¢ (P,Q) = f (1) holds if and only if P = Q. Theorem 7.14 (b) and (c) give more precise
conditions.
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7.4.2 Refinements of basic inequality in f-divergences
and related results

n
Suppose that ¢, ..., o, are nonnegative numbers with Zai =1. Let
i=1

A" = ®...04, withn factors,
and define the probability measures Q" and R on <" by
0":=0®...20, withn factors,

and

n i
Ry =) 0i0®..000PR0®...Q0.
i=1

In case of o; = % (i=1,...,n) the probability measure R, will be denoted by R,,.
These measures are absolutely continuous with respect to u” on .<7". The densities of
R and Q" with respect to u" are

n

n
®q:X"—>R, (a)l,...,a),,)—>Hq(a)i),
i=1 =

and
i

((0],.. » @ 2%‘] (D] 15 ) --q(wn)? ((l)],...,(l)n)EXn,

respectively.
It is easy to calculate that

<®q 0) =1—Ryqy <®q>0> =1-Ry((g>0)"

i=1

flea, 0(g>0""P(g>0)=1-P(qg>0)=P(qg=0).

It follows that for every f € F

iaiq(wl)...p(wi)...q(wn)
Df(Roc,Q"): / f i=1 . dQ"(wl,...,a)n)




7.4 A REFINEMENT AND AN EXACT EQUALITY CONDITION... 197

/ (2051 )dQn( )+ (0)P(g=0) (7.58)
)

(g>0

n

= /HQ(wi).f<iilO€izE

(g>0y !

3;)du"(wl,...,wn)+f*(0)P(qo)_

1

By applying Theorem 7.12, we obtain some refinements of the basic inequality 7.51.

n

Theorem 7.15 Suppose that o, ..., 0, are nonnegative numbers with Zai =11Iffe
i=1

F, then

(a)
Dy (P,Q) = Dy (Re, Q") = Dy (Ry, Q") = f(1). (7.59)

(b)
Dy (P,Q) =Dy (R,,0")
> ... > D (Ru, Q") > Dy (Ryi1, Q") > .2 F(1), m>1.

Proof. (a) The third inequality in (7.59) comes from Theorem 7.14.
So it remains to prove the first two inequalities in (7.59). By (7.46) and (7.58), it is
enough to show that

/’(%)”@( / (2% ) " (o1, 0p) (7.60)
(g>0)"

(g>0)
‘ 1 & p(a) 0
d ) s
Z./nf<,1q( )>Q< 2 n)
(g>0)

which is an immediate consequence of Theorem 7.13.
(b) We can proceed similarly as in (a).
The proof is complete. O

By considering the special f-divergences (7.47-7.50), we have after each other
(a) the information divergence

I(Rg, Q") =P (q=0)

v [ 3| woITaton 1n(i'zllai’;gzlfg)duﬂ(wl,...,wn»

ni=1 j=1
(4>0) i
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(b) the Pearson divergence
%’ (Ra, Q") =

2
- / [la(o (2061T(a)i)> du" (wy,...,w,)+<P(qg=0),

o~
(c) the Hellinger distance

2

) 1/2
w; n
w£)> -1 d,LL (wl7"'7wn)7

H? (Ra, Q") = / Hq ;) (iazz((

( >0)n i= =

(d) the total variational distance

V(Rey Q") = / Hq )
(g>0yr =

du" (oy,..., o).

Yo Ll o)

Now, we consider the special case, important in many applications, in which P and Q
are discrete distributions.

Denote T either the set {1,...,k} with a fixed positive integer k, or the set {1,2,...}.
We say that P and Q are derived from the positive probability distributions p := (p;),c; and
q = (i);cr- respectively, if p;, q; >0 (i€ T),and Y pi= Y ¢g; = 1. In this case X =T,

i€T i€T
7 is the power set of T, and u is the counting measure on <7

n
Corollary 7.10 Suppose that oy, ..., o, are nonnegative numbers with Zai =1. Sup-
i=1
pose also that P and Q are derived from the positive probability distributions (p;);cr and
(i) ;e respectively. If f € F, then

(a)

n i,
qu ( )Z 2 H%] (2061—1>
€T qi (i1 yemsin ) ETN j= i=1 qu

1 pt]
> ) qu, ( ¥ >Zf(1)_
(i1 yeenin) ETM j= j= 14955
(b)

D(PO)Z..> 2 qu] (1’2%)

j=14i;

n+1 1 n+1pl._
> ) qu, ( HZ—")z...zf(l), n> 1.

(i1 yensing 1) ETj= j=14ij
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Proof. This comes from Theorem 7.15 immediately. O
Finally, we give an example to illustrate the previous result. We consider only Corollary
7.10 (a).

Example 7.1 (a) By choosing f :]0,o0[ = R, f(x) = —In(x) and p; = % (i=1,...,k)in
the previous corollary (in this case T = {1,...,k}), we have

. k
_izzlqim (qul) =1In (k) + Y giln(g;)

i=1

> qu]1n<i ) 0= 2 f[ql'fm(i%)

(i) - ) ET"

= Hq”ln(lmi 1)

(il 5. ln) Tn]

=In(kn)— ) qu]1n<2 >>0

(i1 yemsin) €T j=1 j=141

It can be obtained from this some refinements of the classical upper estimation for the
Shannon entropy

_lﬁ]qim(qi)g > qu]m(Z )

(i1 yeesin) €T j=1 j=14i;

<-In(n)+ Y qu]1n<2 ) <In(k).

(i} yoensin)ET™ =14ij

(b) If f :]0,00[ = R, f (x) = xIn(x) in the previous corollary, then we have the follow-
ing estimations for the information or Kullback—Leibler divergence:

n pl n n n pl
P,Q)= Y piln (—> > Yy Yoaipi[lay |In| Y o=~
i=1 qi 1 =1 4

J

(i1yein)eT? \ j=1

>

S |-

n n 1 n plj
Yoo Xpi]an (=X >o0. (7.61)
(it ,in)eT \ j=1 "I=1 ni=14i;
I#j

(c) The Zipf-Mandelbrot law (see Mandelbrot [46] and Zipf [15]) is a discrete proba-
bility distribution depends on three parameters N € {1,2,...}, g € [0,o0[ and s > 0, and it
is defined by
1

=1\
(i+q)’ Hy g,s

f(isN,q,s) ==
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where
N
Hy,6:= )Y ——.
N,q,s kzzll (k + q)s
Let P and Q be the Zipf-Mandelbrot law with parameters N € {1,2,...}, g1, g2 € [0,0[
and s1, s > 0, respectively, and let 2 < k < N be an integer. It follows from the first part
of (7.61) with T = {1,...,N} that

N : 52
1 H
1(PO)=Y 10g<(l.+q2)sl ”")
i:1(1+ql) Hy g5, (i+q1) Hy 4,5,
n 1 n 1
> a;
(i1,0ensin)ETM ng j( +q1)" Hy g, 51 1= 1(’1+‘12) HN g5,
' I#j

n
lj+Q2 HNq,s
(2 o 22 ) >0.

j=1 lj+ql)1HN61181

This is another type of refinement for I (P, Q) than it is given in [9].
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