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A note on entropies of 1-max stable, p-max stable, generalized Pareto
and generalized log-Pareto distributions

Sreenivasan Ravi, Ali Saeb

Department of Studies in Statistics, University of Mysore, Manasagangotri, Mysore 570006, India

Abstract. Limit laws of partial maxima of independent, identically distributed random variables under
linear normalization are called extreme value laws or I-max stable laws and those under power normal-
ization are called p-max stable laws. We derive entropies of these and related laws and also of associated
generalized Pareto, generalized log-Pareto and related distributions. Some illustrative graphs are also
given.

1. Entropies of limit laws of normalized partial maxima

Shannon (1948) defines entropy of an absolutely continuous random variable (rv) X with distribution
function (df) Fx and probability density function (pdf) fx as

H(X) = E(-In fx(x)) = - fm fx(x) In fx(x)dx, 1)

with the convention that the integral is over all real values for which the density is positive. Since then
many authors have studied entropy and its properties. A df that maximizes entropy within a class of dfs
often turns out to have favourable properties as is known that the normal df has maximum entropy in the
class of dfs having a specified variance. Johnson (2006) is a good reference to the application of entropy
and information theory to limit theorems, especially the central limit theorem. See also Barron (1986) and
Gnedenko and Korolev (1996) for important work on entropy related to limit theorems.

Extreme value laws have found applications in modelling partial maxima of independent, identically
distributed (iid) random variables (rvs). Extreme value laws are limit laws of linearly normalized partial
maxima of iid rvs. Limit laws of power normalized partial maxima of iid rvs have been called p-max stable
laws.

In this note, our main interest is to derive entropies of extreme value laws, p-max stable laws and the
related generalized Pareto, generalized log-Pareto distributions and a few of their generalizations. In the
next sub-section we state and prove a few preliminary results on entropies which will be used in subsequent
sections. Section 1.2 introduces extreme value laws followed by a sub-section on entropies of these laws.
Section 1.4 is an introduction to the p-max stable laws followed by a sub-section on their entropies. Section
2 is on entropies of generalized Pareto and generalized log-Pareto laws. After introducing generalized
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Pareto laws in Section 2.1, we discuss their entropies in Section 2.2. Section 2.3 introduces the generalized
log-Pareto laws and Section 2.4 is on the entropies of these laws. An appendix contains some illustrative
three dimensional graphs of entropies discussed in this note.

Notation 1.1. Unless otherwise specified, throughout this note, we shall use the following notations. Let X be an
absolutely continuous rv with df Fx and pdf fx and let a > 0, b € R, and ¢ > 0 denote scale, location and shape
constants, respectively. The df of rv'Y is denoted by Fy and its pdf by fy. Let A = {x : fx(x) > 0}. The Euler’s constant

with approximate value 0.577 is denoted by y = — fooo(ln u)e " du.

1.1. A few preliminary results on entropy

Lemma 1.2. IfY = (X —b)/a, then the entropy of Y is given by H(Y) = —(Ina) +H(X).

Proof. We have

Fy(y)
H(Y)

O

P(X<ay+b)=Fx(ay+b), fy(y)=afx(ay+b), so thatfrom (1),
- f (In(afx(ay + b)) afx(ay + b)dy

= —f (In(afx(2))) fx(z)dz
= —(Ina) + H(X).

Lemma 1.3. If X is positive valued and Y = (X° — b)/a, then the entropy of Y is given by

H(Y) =

- (ln g) + (c = 1)Ex(InX) + H(X).

Proof. We have

Fy(y)

fr(y)

P(X < (ay+ D)) =Fx(@y+)?), y> -2,

a 1= 1 b
Jay+0) 7 f(@y+0)7), y> -,

and as in the proof of the previous lemma, we have

H(Y)

O

- f (ln (gzl_c fx(z))) fx(z)dz, upon simplification,
0

- (ln g) + (c = )Ex(InX) + H(X).

Lemma 1.4. If X is negative valued and Y = —((=X)° — b)/a, then the entropy of Y is given by

H(Y) =

- (ln ‘g) + (e = 1)Ex(In(=X)) + H(X).

Proof. We have

Fy(y)
fr(y)

= P(X < —(-ay + b)%) = Fx (—(—ay+ b)%), y<bla,
= S(-ay+0) fi(~(-ay+ b)), y<ba,
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and as in the proof of Lemma 1.2, we have

H(Y)

_ f ’ (ln (_g(—z)l’c fx(z))) fx(z)dz, upon simplification,

—00

- (ln g) + (e = 1)Ex(In(=X)) + H(X).

O

Remark 1.5. Note that the entropies in the above lemmata do not depend on the location parameter b.

1.2. Extreme value laws
If X1, X5, ..., X, n>1,areiid rvs with common df F, M, = X; V...V X,, and

lim P(M,, < a,x +b,) = lim F'(a,x + b,) = G(x), x € C(G), 4)

n—oo

for some norming constants a, > 0, b, € R, and some non-degenerate df G, where C(G) is the set of all
continuity points of G, we then say that F belongs to the max domain of attraction of G under linear

normalization and denote it by F € 9;(G). Using logarithms and the fact that lim,_,; (_11_nxx) =1, it is easy to
see that (4) is equivalent to
lim #n {1 — F(a,x + b,)} = —=InG(x), x€{y:G(y) > 0}. (5)

n—oo

Limit dfs G satisfying (4) are the well known extreme value types of distributions, namely,

the Fréchet law: @,(x) = { e’(’gi“ g Z S,
_(_x)/.!
the Weibull law: W,(x) = { e : , g 2 2,

and the Gumbel law: A(x) = ¢*, xeR;

a > 0 being a parameter, with respective pdfs,

. . 0, x<0,
the Fréchet density: ¢,(x) R 0 < 1

the Weibull density: 1,(x)

alx|*le M x <0,
0, 0<ux;
and the Gumbel density: A(x) = e e, xeR.
Here two dfs G and H are said to be of the same type if G(x) = H(Ax + B), x € R, for constants A > 0, B € R.
Criteria for F € D(G) are well known (see, for example, Embrechts et al. (1997); Galambos (1987); Resnick
(1987)).

It is well known that if G is an extreme value distribution, then G is max stable in the sense that G
satisfies G"(a,x + b,) = G(x), x € R; for some constants a, >0, b, € R. If rv X has a max stable distribution

G then for scale and location constantsa > 0,b e R, Y = XT‘b hasdf Fy(y) = P(X <ay+b) = G(ay +b), y € R.
For constants ¢, > 0, d, € R, we then have

Fi(cay +dy) = G"(alcuy +d,) +b) = G"(ac,y +ad, +b),
= G'an(ay+b)+b,) =Glay+b) =Fy(y), yeR,

with a, = ac, > 0, and b, = ad,, + b(1 — a,). Hence the df of Y, Fy is also max stable.
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If rv X has the Fréchet law @,, then therv Y = X¢, ¢ > 0, has df ®., since P(Y < y) =

y > 0. Similarly, if rv X has the Weibull law W, then therv Y =
y) = PX < -[y])

=", y<o.

1.3. Entropies of extreme value laws

Theorem 1.6. If rv X has

(i) Fréchet law then its entropy is given by H(X) = —Ina + Ly + 1;

(ii) Weibull law then its entropy is given by H(X) = —Ina + <=1y + 1;

(iii) Gumbel law then its entropy is given by H(X) =y + 1.

Proof. (i) From (1), we have

H(X)

- ) = - ” —a-1,-x7¢ —a—1 —x @
Jy tnnconne == [ imfar e e

~(na)+(@+1) | (nx)ax e dx + f X ax~ e " dx,
0 0

a+1

—(Ina) - f (Inw)e™du + f ue "du, upon simplification,
0 0

—(Ina) + %y +1.

(ii) As in the proof of (i) above, we have

H(X)

- f O (In (a(=2)* =) ) a(-x)* e d,

1 00 00
—(Ina) - f (Inw)e™du + f ue”"du, upon simplification,
0 0

—(Ina) + aT_ly +1.

(iif) Similar to the proof of (i) above, we have

H(X)

O

- I : (ln (e‘xe“?_x)) e dx,

(Inu)e™dx + f ue™"du, upon simplification,
0

y + 1L

Remark 1.7. If U ~ @y, then V = = ~ W, and W = alnU ~ A. Note that H(V) =

HU) +(Ina) —%. Also, H(U) and H(V) decrease as o increases which can also be seen from the gmphs given in the

Appendix.

Theorem 1.8. Ifrv X has

(a) Fréchet law, then the entropy of Y = =2

H(Y) =

—(ln%) C+a)/+1

P(X < ye ) eV
-1XI has df W, since P(Y < y) =
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. O X[=b s
(b) Weibull law, then the entropy of Y = —=— is given by

a—c

H(Y):—(ln%)+ y+1;

[24

(c) Gumbel law, then the entropy of Y = %2 is given by

H(Y)=-(lna)+y+1.

Proof. Using Lemma 1.3 and (i) of Theorem 1.6, we have

H(Y) = —(ln§)+(c—1)EX(1nX)+H(X),
= —(lna—w)+g +0(Jr1 +1
B c a ’ a T

—(ln@)+c+ay+1,
c a

since Ex(In X) = fooo ax e (Inx)dx = -1 fooo(ln u)e du = g, proving (a).
To prove (b), we use Lemma 1.4 and (ii) of Theorem 1.6, to get

H(Y) = - (ln ”El) + (c = 1)Ex(In(=X)) + H(X),

an a—cC
= —(I —)+ +1,
(nC a 7

since Ex(In(-X)) = f_ooo a(—x)* e (In(—x))dx = _31_’_
Similarly, to prove (c), we use Lemma 1.2 and (iii) of Theorem 1.6, to get

H(Y) = —(Ina) + HX) = —(Ina)+1+7.

O

1.4. The p-max stable laws

If the normalization in (4) is of the form (6,, | x |Pr sign(x)) with sign(x) = -1, 0 or 1 according as
x <0, =0 or > 0 instead of (a,x + b,), for some norming constants 6, > 0, 8, > 0, then

lim P(M, < & |x/"" sign(x)) = lim F" (6, xt" sign(x)) = K (), x € C(K), ©)

for some non-degenerate df K and we say that F belongs to the p-max domain of attraction of K and denote
it by F € D,(K). Similar to (5), note that (6) is equivalent to

ggg n{1 — F(5, |x|P" sign(x))} = —InK(x), x € {y : K(y) > 0}. (7)

The limit laws K satisfying (6) are the p-types of the six p-max stable laws, namely,

, 0, x <1,
the log-Fréchet law: K ,(x) = { 0] <y,
0, x <0,
the log-Weibull law: Ky ,(x) = et <y <,
1, 1<x

q)l (x)/ X € R/

the standard Fréchet law: %(x)
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0, x < -1,
the negative log Fréchet law: Ky ,(x) = eI 1 <x <0,
1, 0<x
—(In(-x))* _
the negative log-Weibull law: K5 ,(x) = { ¢ 1 Ji1< < ch’

the standard Weibull law: %G (x) Vi(x),x € R;

a > 0 being a parameter, with pdfs,

-1 —a—1,—(Inx)™®
the log-Fréchet density: xq,,(x) { ax”(Inx)*e x21,

0, x<1;
. . ax (= Inx)*le=(-n? 0<x<1,
the log-Weibull density: «y,(x) = { 0, x<0,1<x
the standard Fréchet density: x3(x) = ¢1(x),x € R;

. . . 3 a(=x)" (= In(=x)) @ e~ 1 <x <0,

the negative log Fréchet density: x4.(x) = { 0, r<-10<x
—) Y n(=x))2 e~ (In(=x))* —

the negative log-Weibull density: «s5,(x) = { a(=x)"(In( )(;)) ¢ ! Ji 1< < ch’

the standard Weibull density: x4(x) P1(x), x € R.

Here two dfs K and L are said to be of the same p-type if K(x) = L(Alx|Psign(x)), x € R, for constants A > 0,
B> 0.

Pancheva (1984) studied limit laws of partial maxima of iid rvs under non-linear normalization and in
particular, power normalization. For criteria for a df to belong to a p-max domain, we refer to Mohan and
Ravi (1993), wherein it was also shown that if a df F € 9;(G) for some max stable law G then there always
exists a p-max stable law K such that F € D,(X) and that the converse need not hold always. This shows
that p-max stable laws attract more dfs to their max domains than the I-max stable laws. See also Falk et al.
(2004) for criteria for dfs to belong to p-max domain of p-max stable laws.

It is well known that if K is a p-max stable law, then K satisfies K" (6, |x[Pr sign(x)) = K(x), x € R; for
some constants 6, >0, B, > 0.If rv X has a p-max stable distribution K then for scale and shape constants

a>0andc>0,thervY = ﬁsign(X), has df Fy(y) = P(X < a |y ‘ sign(y)) = K(a |y

a
constants 0;, > 0, ;, > 0, we then have

‘ sign(y)), v € R. For

b

‘ sign(y)), 8)

P&, |y[™ sign(y)

y y

K" (a(é;)?
1\Bu
e oo f s,

K(a |y

“sign(y)) = Fy(y), y€R,

with &, = al=P» (6,’;)%, and B, = B;,. Hence the df of Y, Fy is also p-max stable.

1.5. Entropies of p-max stable laws
The following theorem gives the entropies of the p-max stable laws.

Theorem 1.9. Ifrv X has
(i) the log-Fréchet law, then its entropy is given by

H(X) = —(Ina) + “T”y+r(1 - §)+1, a>1;



S. Ravi, A. Saeb / ProbStat Forum, Volume 05, July 2012, Pages 62—79

(ii) the log-Weibull law, then its entropy is given by
H(X) = ~(na) + 22 — r(l + l) +1;
! a
(iii) the negative log-Fréchet law, then its entropy is given by
H(X) = —(Ina) + “7”;/ —r(1 - §)+ 1, as1;

(iv) the negative log-Weibull law, then its entropy is given by

a

-1 1
HX)=-(Ina)+ " y+F(1+ E)+1'

68

Remark 1.10. Note that in the above and the next theorem, for a < 1, the entropies of the log-Fréchet and the negative

log-Fréchet laws do not exist.

Proof. (i) From (1), we have

HX) = - f1 (In 1 ()10 (),

- -1 —a=1,~(lnx)™ -1 —a=1,~(Inx)™
fl In (ax (Inx) e )(ax (Inx) e )dx,

00
— —— —ya —— e . (e .
- f In (ae Uy maleu )(au a-lemu )du, upon simplification,
0

a+1
a

—(Ina) +

1
y+1+1“(1—a), a>1.
(ii) As in the proof of (i), we get

H(X)

(o]

a-1 1
—(1 —y+1-T (1 —).
(Ina) + Y + + "
(iii) Similar to the proof of (i), we observe that

H(X)

00
- f In (ae”u_a_le_”ia) (Ocu_“_le_”ﬂ) du, upon simplification,
0

—(lna)+aT+1y+1—F(l—%), a>1.

(iv) Here we get

0
HX) = - f In (ae“(—u)“‘le‘(_”)“)(a(—u)“‘le_(_”)u)du, upon simplification,

00

o

1 1
1+T(1+ =),
re1er(ieg)

—(Ina) +

0
- f In (ae‘“(—u)“‘le‘(‘“)a) (a(—u)“‘le‘(‘“)“) du, upon simplification,
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Theorem 1.11. If rv X has
L B . . _ X°—b .
(a) the log-Fréchet distribution, then the entropy of Y = =— is given by

an a+1

c

H(Y):—(ln )+CF(1—§)+1+ Y, a>1;

(b) the log-Weibull distribution, then the entropy of Y = £ is given by

an a—1

H(Y):—(lnT)—cl‘(1+i)+1+

Vi

c

u*b is given by

(c) the standard Fréchet distribution, then the entropy of Y = £
H(Y) = —(1n§) ety 41,

=X)-b

(d) the negative log-Fréchet distribution, then the entropy of Y = ——— is given by
1 1
H(Y) = —(ln”—“)—cr(l— —)+1+ L, a1
c a a
(e) the negative log-Weibull distribution, then the entropy of Y = — (_X;C_h is given by
H(Y) = _(1n%)+cr(1+ l)+1+ a-l,
c a
(f) the standard Weibull distribution, then the entropy of Y = —(7}2%’ is given by

H(Y):—(ln§)+(1—c)y+1.

Proof. Using Lemma 1.3 and (i) of Theorem 1.9, we have

H(Y) = - (ln g) + (c = DEx(In X) + H(X),

—(ln@)+cr(1—l)+1+a+ly,
c a a

since Ex(In X) = flw ax (Inx)" ¢ le= N gy =T (1 - i) , a>1,proving (a).
To prove (b), we use Lemma 1.3 and (ii) of Theorem 1.9, to get
HY) = - (ln g) + (c = Ex(In X) + H(X),

an a—-1

= —(ln—)—cl"(1+l)+1+
c a

since Ex(In X) = J(;l a(nx)x (= Inx)*le=Cn) gy = T (1 + %) :
We prove (c) by using Lemma 1.3 and (i) of Theorem 1.6, to get

Vs

HY) = - (ln g) + (c = Ex(In X) + H(X),

= —(ln§)+(c+1)y+1,

69
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since Ex(In X) = fooo x 2 Inxdx = y.
(d) is proved by using Lemma 1.4 and (iii) of Theorem 1.9, to get

H(Y)

- (ln g) T (c = DEx(In(=X)) + H(X),
_(1n%)—cl"(1— %)+1+ a(—;l%

since Ex(In(=X)) = f_ol aIn(—=x)(=x) (= In(=x)) @ e~ gy = T (1 - %) a>1.
To prove (e), we use Lemma 1.4 and (iv) Theorem 1.9, and get

H(Y)

- (ln g) + (c = DEx(In(=X)) + H(X),

—(lna—a)+cf(1+l)+1+a—y,
C a o

since Ex(In(-X)) = | ! aIn(=x)(=x) " (In(—x))*~ 1~ gy = T (1+1).
Finally, (f) is proved by using Lemma 1.4 and (ii) of Theorem 1.6, to get

HY) = - (ln g) + (¢ = DEx(In(=X)) + H(Y1),

—(1n§)—(c—1)y+1,

since Ex(In(—X)) = LODO e In(—x)dx = —y. O

2. Entropies of generalized Pareto laws

2.1. The generalized Pareto laws

The generalized Pareto distributions (gPDs) are limit laws of linearly normalized conditional excesses
over a high threshold as the threshold tends to infinity. These have been used to model exceedances over
high thresholds and were first studied by Balkema and de Haan (1974). It is well known that the extreme
value laws or I-max stable laws and the gPDs are related by the relation W(x) = 1 + In G(x), x € R, where
G is an extreme value law and W is the corresponding gPD. Because of this relationship, it is easy to see
that location and scale versions of gPDs are gPDs and introduction of a shape parameter in a gPD will
again lead to a gPD as is true for extreme value laws as seen earlier in Section 1.2. The gPDs also satisfy
stability relations similar to the extreme value laws and we omit these details as these can be derived from
the corresponding stability relations for the l-max stable laws given in Section 1.2.

We give below the gPDs and their entropies are given in the next section. Corresponding to the three
types of extreme value laws, there are three possible types of gPDs, namely,

{ 0, x<1,

the Pareto law: W1 4(x) 1— 1<

0, x < -1,
the negative Beta (1,1) law: Wp,(x) = 1-(—x)7, -1<x<0,
1/ O < X,

and the standard exponential law: W3(x)

0, x <0,
1-¢* O0<x
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a > 0 being a parameter, with respective pdfs

1
the Pareto density: wy,(x) = { ax?;_l ch Z xl‘
- <
the negative Beta (1,1) density: wy,(x) = { a(_gsa—l i1< < ch <& 0O =
. . 0, x<0,
and the standard exponential density: w3(x) = o 0<x

2.2. Entropies of the gPDs
Theorem 2.1. If rv X has

(i) the Pareto law then its entropy is given by H(X) = —(Ina) + %;
(ii) the negative Beta(1,1) law then its entropy is given by H(X) = —(Ina) + %1;
(iii) the standard exponential law then its entropy is given by H(X) = 1.

Proof. For proving (i), we have, from (1),

- f i Inwy o (X)ws,q(x)dx = — f ) (ln (ax’“‘l)) ax™*ldx,
1 1

a+1

H(X)

—(Ina) +

00
f ue™"du, upon simplification,
0

- —(nay+ 2L

(ii) follows since

0
H(X) _(11'1 a) - (01 - 1) fl(ln(_x))a(_x)a—ldxl

-1
= —(na)+ Z L’ upon simplification.

Similarly, (iii) follows since H(X) = fooo xe*dx=1. O

Theorem 2.2. If rv X has

(a) the Pareto law, then the entropy of Y = £ is given by
H(Y) = —(lna—a)+ c+oz;
c a

(b) the negative Beta(1,1) law, then the entropy of Y = —@ is given by

H(Y):—(ln@)+ a-c
C o

(c) the standard exponential law, then the entropy of Y = X2 is given by

H®Y)=—-(na)+1.
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Proof. From Lemma 1.3 and (i) of Theorem 2.1,

H(Y) = —(ln Iz)+(c—1)EX(lnX)+H(X),
an c—1 a+1
_ (ln—)+—+ ,
C 04 o4

( aa) a+c
—(In—]+ ,
c a
since Ex(In X) = flm ax * (Inx)dx = i, proving (a).

To prove (b), we use Lemma 1.4 and (ii) of Theorem 2.1, to get

H(Y)

- (ln ”l) + (c = DEx(In(=X)) + H(X),

ac\ a-—c
(ln—)+ ,
c a

since Ex(In(~X)) = [ a(=x)*~(In(=x))dx = ~1.
For proving (c), from Lemma 1.2 and (iii) of Theorem 2.1, we get

H(Y) = —(Ina) + HX) = —(Ina) + 1.

2.3. The generalized log-Pareto laws

Similar to the gPDs, one can introduce the generalized log-Pareto distributions or the glPDs using the p-
max stable laws in place of the extreme value laws. Some properties of the glPDs were studied in Cormann
and Reiss(2009). Properties satisfied by the scale and shape versions of the p-max stable laws similar to
those discussed in Section 1.4 are also satisfied by the gIlPDs and we omit the details as these are straight
forward. We list out the glPDs below and give their entropies in the next section. The glPDs are p-types of

the following laws:

the log-Pareto law: Q,(x) =

the log-negative Beta(1,1) law: Qy.(x)

the standard Pareto law: Q3(x) = 1-

the negative log-Pareto law: Q4 ,(x)

the negative log-negative Beta(1,1) law: Qs ,(x)

the standard negative Beta(1,1) law: Qg(x) =

0,
- (lnx a4, x>e

+ X,

I

{
L
{ - (- ln(x ), —el<x <0,
A
"

x<e,

x<el

1-(- lnx)“ el<x<l,

1<x;

x<1;
x>1,

x < —el,

0<x

X < —e,

- (ln( X)), —e<x<-1,

-1<x;

x < -1,
-1<x<0,
0<x;
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a > 0 being a parameter, with respective pdfs,

a
—(Inx)™1, x>e,
X = X
ql,a( ) { 0, x<e
04 _ _
Dalt) = ;(—lnx)“ v el<x<1,
2 0, x<el & 1<z
) = 0, x<1;
13\x) = X2, x>1,
04 o _
Galt) = —;(— In(—x))~*1, -1 <x<0,
. 0, x<—el & 0<1;
) = —%(ln(—x))“’l, —e<x<-1,
“ 0, x<—e & —-1<x;
) = 1, -1<x<0,
6% = V0, x<-1&0<nx.

2.4. Entropies of the generalized log-Pareto laws
Theorem 2.3. If rv X has
(i) the log-Pareto law then its entropy is given by

202 -1

H(X) = —(11’10() + m,

a>1;

(ii) the log-negative Beta (1,1) law then its entropy is given by

HX) = ~(na) =~

(iii) the standard Pareto law then its entropy is given by H(X) = 2;

(iv) the negative log-Pareto law then its entropy is given by

HX)=-(Ina) -

! a>1;
ala—1)’ !

(v) the negative log-negative Beta (1,1) law then its entropy is given by

202 -1

H(X) = —(11’10() + m,

(vi) the standard negative Beta (1,1) law then its entropy is given by H(X) = 0.

73

Remark 2.4. Note that in the above and the next theorem, for a < 1, the entropies of the log-Pareto and the negative

log-Pareto laws do not exist.
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Proof. From (1), for & > 1, we have

1
HX) = - f (ln (oce‘”% u's )) du, upon simplification,
0

1 1
—(lna)+f u—ldu—“”f(lnu)du,
0 o 0

- _(na)+ 24 2L
a—-1 a

2

207 -1
= —(11'10()+ m,

For proving (ii), from (1), we have

proving (i).

H(X)

1 1 4
- f (ln (ae“ﬁ u's )) du, upon simplification,
0

a a-1
a —(lnaz)—er o __(lna)_a(a+1)'

Similarly, from (1), we have

0o 1
HX)=2 f (Inx)x2dx = -2 f (Inu)du = 2, proving (iii).
1 0

Again from (1), for a > 1, we have

1
HX) = - f (ln (ae”f%u%)) du, upon simplification,
0
a+1
- _(lna)_a—l a '
1 L
= —(lna)- aa-1 proving (iv).

For proving (v), we have, from (1),

1 .
HX) = - f (ln (ae‘”u%l)) du, upon simplification,
0
a—1 2a% -1
(na)+a+1+ o (na)+a(a+1)

Similarly, for proving (vi), we have, from (1), H(X) =0. O

Theorem 2.5. If rv X has

(a) the log-Pareto distribution, then the entropy of Y = £t is given by
3 ae\ alc—-1) 2a2-1 '
H(Y) = (lnc)+ P R T

(b) the log-negative Beta(1,1) distribution, then the entropy of Y = =2 is given by

B a\ a(c—1) 1
HY)= _(lnT)_ a+l ala+1)’

74
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(c) the standard Pareto distribution, then the entropy of Y = =t is given by

a

H(Y):—(ln%l)+c+1;

(=X)'—b
a

(d) the negative log-Pareto distribution, then the entropy of Y = —

is given by

a(c—1) 1
a-1 _a(a—l)

H(Y):—(ln%)— ,a>1;

(e) the negative log-negative Beta(1,1) distribution, then the entropy of Y = — FX;Lb is given by
_ aw)  alc-1)  2a*-1
HY) = (lnC)+ a+l  a@+1)
(=X

H)C_h is given by

(f) the standard negative Beta(1,1) distribution, then the entropy of Y = —

H(Y)z—(lng)—c+1.

Proof. Using Lemma 1.3 and (i) of Theorem 2.3, for a > 1, we have

H(Y)

- (ln g) + (c = DEx(In X) + H(X),

—(ln%)+ alc—1) . 202 -1

c a-1  al@-1)

since Ex(In X) = fem ax (Inx)"* ldx = fol u"x = -4 for proving (a).
For proving (b), we use Lemma 1.3 and (ii) of Theorem 2.3, to get

H(Y) = - (ln g) + (c = 1)Ex(In X) + H(X),

104

—(lna?)—(c—l)

e __1
a+l al@+1)

since Ex(In X) = f;l a(nx)x (= Inx)*tdx = - fol uv = -

To prove (c), we use Lemma 1.3 and (iii) of Theorem 2.3, to get

H(Y)

- (ln g) + (c = DEx(In X) + H(X),

—(ln§)+(c—1)+2 = —(ln§)+c+1,

since Ex(In X) = flm x~2(Inx)dx = — fol(ln u)ydu = 1.

For proving (d), from Lemma 1.4 and (iv) of Theorem 2.3, for a > 1, we get

HY) = - (ln g) + (c = 1)Ex(In(=X)) + H(X),
_(lna_oz)_oz(c—l)_ 1
c a-1  a@-1)

I

since Ex(In(—X)) = f_ogq a(In(—x))(=x)"1(= In(—x)) ¢ 1dx = - fol ua
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To prove (e), using Lemma 1.4 and (v) Theorem 2.3, we have

H(Y) = —(lng)+(c—1)EX(ln(—X))+H(X),

B _(ln@)_'_a(c—l)_’_ 202 -1
- c a+1  al@+1)

since Ex(In(—X)) = f__gl a(In(=x))(—x) "1 (In(-x))* dx = j(;l urdy = -

a+l®
Finally, to prove (f), using Lemma 1.4 and (vi) of Theorem 2.3, we Jflave

HY) = - (ln g) + (c = DEx(In(=X)) + H(X) = — (ln ‘g) —c+1,

since Ex(In(~X)) = [ (In(~x))dx = -1. O

76

We next give an appendix giving several graphs for chosen values of the a and the shape parameters.

Some remarks about the behaviour of entropies discussed in the text are also made .

3. Appendix

3.1. Graphs of entropies of I-max stable laws

fdonu3

(a) Entropy of Fréchet law with1 < ¢ <10,1 <a <10 (b) Entropy of Weibull law with1 <¢ <10,1 <a <10

Remark 3.1. Observe that the entropy of the Fréchet law decreases as the parameter « increases for fixed ¢ and the

entropy of the Weibull law is decreasing as the parameter « increases for fixed c.
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3.2. Graphs of entropies of p-max stable laws

fdogu3

(a) Entropy of log-Fréchetlaw 1 < ¢ <10,1 <a <10 (b) Entropy of Log-Weibull law with 1 < ¢ <10, 0.5 <
a<10

Remark 3.2. Observe that the entropy of the Log-Fréchet law is increasing as c increases for fixed o and the entropy
of the log-Weibull law is decreasing as c increases for fixed .

‘ ZZ

2er
STl

O T
s e
2R R
e e
277

Adonu3x
Adonu3l

(a) Negative log-Fréchet law with 1 < ¢ < 10,1 < a < 10.(b) Negative log-Weibull law with 1 < ¢ < 10,05 < a <
10

Remark 3.3. Note that the entropy of the negative log-Fréchet law decreases as c increases for fixed o and the entropy
of the negative log-Weibull law is increasing as c increases for fixed .
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3.3. Graphs of entropies of generalized Pareto laws

Adonug

(a) Entropy of Pareto law with 1 <¢ < 10,1 < a < 10. (b) Entropy of negative Beta with 1 <c <10,1 < a < 10.

Remark 3.4. Observe that the entropy of the Pareto law is increasing as c increases for « fixed and the entropy of the
negative Beta law is decreasing as o increases for fixed c.

3.4. Graphs of entropies of generalized log-Pareto laws

‘_A
e i ||\
=

Adonu3

(a) Entropy of Log-Pareto with 1 < ¢ < 10,1 < a < 10. (b) Entropy of Log-negative-Beta with 1 < ¢ <10, 0.5 <
a<10
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Adonu3l
Adonu3l

(a) Negative log-Pareto with 1 < c <10 and 1 < & < 10 (b) Negative log-negative-Beta with 1 < ¢ < 10and 0.5 <
a <10.

Remark 3.5. Observe that the entropy of the log-Pareto law is increasing as c increases for « fixed and the entropy
of the negative log-Pareto law decreases as c increases for fixed a.
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