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Abstract We apply non-regular extensions of the large deviation theory to non-regu-
lar location shift families. Our calculation contains the location shift families generated
by Beta distribution, Weibull distribution, and Gamma distribution. We point out the
optimal estimator depends on the choice of our criterion in the non-regular case. The
limits of relative Rényi entropies play an important role in our derivation.
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1 Introduction

In statistics, we often treat Beta distribution, Weibull distribution, and Gamma distri-
bution. However, these distributions have a limited support. That is, if we consider the
location shift family generated by Beta distribution, Weibull distribution, or Gamma
distribution, the support depends on the location. In the conventional estimation
theory, we assume that the support does not depend on the true parameter and evaluate
the accuracy of the asymptotically best estimator based on Fisher information. When
the location shift family is generated by a probability density function with a limited
support, Fisher information cannot be defined in general. So, we cannot apply the
conventional estimation theory. However, the fact that the support depends on the true
parameter gives an advantage for increasing the accuracy of our estimator. Therefore,
we can expect to overcome the accuracy of the estimator in the conventional case.
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690 M. Hayashi

The main points of this problem are finding an asymptotic optimum estimator and
evaluating the accuracy of the estimator in the non-regular location shift family. This
problem has been discussed by Akahira (1996) and Akahira et al. (1995) from the view-
point of information loss. Recently, using Bahadur (1960, 1967, 1971) large deviation
theory, Hayashi (2008) formulated a general estimation theory of non-regular family.
Hayashi’s formulation has two types of criteria α1(θ) and α2(θ) in large deviation
theory, in which these two criteria coincide in the regular case. As is mentioned in
Hayashi (2008), the first criterion α1(θ) corresponds to the interval estimation, and
the second criterion α2(θ) does to the point estimation.

Although the previous paper (Hayashi 2008) treated how to avoid the super effi-
ciency of Bahadur (1960, 1967, 1971) large deviation theory in the non-regular case
pointed by Ibragimov and Has’minskii Ibragimov et al. (1981), it did not apply its
formulation to concrete examples. Further, while it derived the upper bounds of α1(θ)

and α2(θ), the attainability of these upper bounds were not investigated sufficiently.
In order to clarify the effectiveness of this formulation and the obtained upper bound,
it is required to apply it to several specific statistical models and discuss the following
issues. (1) Comparison and calculation of two types of criteria α1(θ) and α2(θ) on
several statistical models. (2) Checking whether their upper bounds derived in Hayashi
(2008) can be attained on several statistical models.

The main purpose of the present paper is to apply the formulation in Hayashi
(2008) to several realistic examples and check the attainability of upper bound given
in Hayashi (2008). For this purpose, the present paper focuses on a specific non-regular
location shift family generated by the following support-limited probability density
function. When the support is a closed interval [a, b], the probability density function
behaves as A1(x − a)κ1−1 and A2(x − b)κ2−1 at the neighborhood of the boundary.
Our analysis depends on the two shape parameters κ1 and κ2, and contains the half-
line support case by substituting 0 into A2. That is, it covers location shift families
generated by Beta distribution, Weibull distribution, and Gamma distribution. As is
summarized in Tables 1, 2 and 3, we calculate both bounds and discuss the attainabil-
ity of both upper bounds. Through this type discussion, we clarify that the optimum
estimator depends on the shape parameters and the choice of the criterion. The max-
imum likelihood estimator (MLE) and the convex combination of extremal statistics
give good performances in the second criterion (point estimation), while the likelihood
ratio estimator (LRE) and a modification of extremal statistics give good performances
in the first criterion (interval estimation). Further, we discuss the relation among their
performances, optimal values, and the shape parameters.

The present paper is organized as follows. In Sect. 2, a general large deviation theory
for non-regular families is reviewed as Hayashi (2008) extension of Bahadur (1960,
1967, 1971) large deviation theory. In Sect. 3, we summarize the limits of relative
Rényi entropies, which are calculated in Hayashi (2002b) In Sect. 4, we review the
existing results concerning the calculation of the performances of respective estima-
tors. In Sect. 5, which is the main part, we calculate the performances of respective
estimators and the optimum performances α1(θ) and α2(θ) in the location shift fam-
ilies depending on the shape parameters. In Sect. 6, we apply the main result to the
location shift families generated by Gamma distribution, Weibull distribution, and
Beta distribution.
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Large deviation theory for non-regular location shift family 691

2 General theory

Bahadur (1960, 1967, 1971) proposed a large deviation theory, which is fundamental
for a general large deviation theory for non-regular families by Hayashi (2008) and is
summarized as follows. Given n-i.i.d. data ω1, . . . , ωn , the error probability pn

θ {|Tn −
θ | > ε} goes to 0 exponentially. That is, the rate of the quantity − log pn

θ {|Tn −θ | > ε}
is in order n. Hence, for the estimator T = {Tn}, we focus on the following exponential
decreasing rate of the error probability with a fixed error bar Bahadur (1960, 1967,
1971):

β(T, θ, ε) := lim inf
−1

n
log pn

θ {|Tn − θ | > ε}. (1)

This exponential rate β(T, θ, ε) can be written by the estimator T = {Tn} is written
by the exponential rates of half-side error probabilities as

β(T, θ, ε) = min{β+(T, θ, ε), β−(T, θ, ε)},

where the exponential rates of half-side error probabilities are given by

β+(T, θ, ε) := lim inf
−1

n
log pn

θ {Tn > θ + ε}

β−(T, θ, ε) := lim inf
−1

n
log pn

θ {Tn < θ − ε}.

When an estimator T = {Tn} satisfies the weak consistency

pn
θ {|Tn − θ | > ε} → 0 ∀ε > 0, ∀θ ∈ Θ,

using the monotonicity of KL-divergence, we can prove the inequality

β(T, θ, ε) ≤ min{D(pθ+ε‖pθ ), D(pθ−ε‖pθ )}. (2)

Note that if, and only if, the family is exponential, there exists an estimator attaining
the equality (2) at ∀θ ∈ Θ,∀ε > 0. Therefore, for a general family, it is difficult to
optimize the exponential rate β(T, θ, ε).

Instead of the exponential rate β(T, θ, ε), We usually consider the slope of the
exponential rate:

α(T, θ) := lim
ε→+0

1

ε2 β(T, θ, ε). (3)

In this case, when the Fisher information Jθ satisfies the condition

Jθ :=
∫

lθ (ω)
2 pθ (dω) = lim

ε→0

2

ε2 D(pθ+ε‖pθ ), lθ (ω) := d

dθ
log pθ (ω), (4)
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692 M. Hayashi

the inequality

α(T, θ) ≤ 1

2
Jθ (5)

holds.
However, when the support depends on the true parameter, the KL-divergence

D(pθ+ε‖pθ ) does not have a finite value. In order to resolve this problem, we use the
relative Rényi entropies I s(pθ‖pθ+ε) := − log

∫
psθ(ω)p1−sθ + ε(ω)dω (0 < s <

1). In general, the order of I s(pθ‖pθ+ε) is not necessarily ε2 at the limit ε → 0. How-
ever, its order is independent of the parameter s, as is guaranteed by the inequalities

2 min{s, 1 − s}I
1
2 (pθ‖pθ+ε) ≤ I s(pθ‖pθ+ε) ≤ 2 max{s, 1 − s}I

1
2 (pθ‖pθ+ε),

which are proven in Hayashi (2008). In several cases, the order of the exponential
rate β(T, θ, ε) coincides with the order of the relative Rényi entropies I s(pθ‖pθ+ε).
In the following, we use a strictly monotonically decreasing function g(x) such that
I s(pθ‖pθ+ε) ∼= O(g(ε)) and g(0) = 0.

In the present paper, as the criteria of the asymptotic accuracy of the estimator, we
focus on the two quantities

α1(θ) := lim sup
ε→+0

1

g(ε)
sup

T
inf

θ−ε≤θ ′≤θ+ε
β(T, θ ′, ε) (6)

α2(θ) := sup
T
α2(T, θ), (7)

which are defined as two extensions of Bahadur’s bound (slope) α(θ), where

α2(T, θ) := lim inf
ε→+0

1

g(ε)
inf

θ−ε≤θ ′≤θ+ε
β(T, θ ′, ε). (8)

These two bounds correspond to the point estimation and interval estimation, as is
mentioned in Hayashi (2008).

The following propositions hold concerning these two quantities:

Proposition 1 (Hayashi 2008) When the convergence limε→0
I s (pθ−ε/2‖pθ+ε/2)

g(ε) is
uniform for 0 < s < 1, the inequality

α1(θ) ≤ α1(θ) := 2κ sup
0<s<1

I s
g,θ (9)

holds, where κ and I s
g,θ are defined by

I s
g,θ := lim

ε→+0

I s(pθ−ε/2‖pθ+ε/2)
g(ε)

1 ≥ s ≥ 0 (10)

xκ = lim
ε→+0

g(xε)

g(ε)
. (11)
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Large deviation theory for non-regular location shift family 693

Note that the function s → I s
g is concave and continuous because the function

s → I s(pθ− 1
2 ε

‖pθ+ 1
2 ε
) is concave and continuous. Therefore, when I s

g,θ = I 1−s
g,θ , we

have

α1(θ) = 2κ I
1
2

g,θ . (12)

Proposition 2 (Hayashi 2008) If the convergence limε→0
I s (pθ−ε/2‖pθ+ε/2)

g(ε) is uniform
for s ∈ (0, 1) and θ ∈ K for any compact set K ⊂ R, the inequality

α2(θ) ≤ α2(θ) :=

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

sup0<s<1
I s
g,θ

s(1−s)

(
s

1
κ−1 + (1 − s)

1
κ−1

)κ−1
if κ < 1

2I
1
2

g,θ if κ = 1

inf0<s<1
I s
g,θ

s(1−s)

(
s

1
κ−1 + (1 − s)

1
κ−1

)κ−1
if κ > 1

(13)

holds.

When we choose g(x) = x2, we have κ = 2, I s
g,θ = 1

2 Jθ s(1 − s), and the relations

α1(θ) = 4 max
0≤s≤1

I s
g,θ = 1

2
Jθ

α2(θ) = min
0≤s≤1

I s
g,θ

s(1 − s)
= 1

2
Jθ

hold. In particular, if the distribution family satisfies the concavity of the logarithmic
derivative lθ (ω) for θ and some other conditions, the bound 1

2 Jθ is attained by the
MLE. Thus, the relations α1(θ) = α2(θ) = α1(θ) = α2(θ) = 1

2 Jθ hold.
As a relation between two bounds α1(θ) and α2(θ), we can prove the following

theorem.

Proposition 3 (Hayashi 2008) The inequality

α1(θ) ≥ α2(θ) (14)

holds, and (14) holds as an equality if and only if the equations

α1(θ) = 2κ I
1
2

g,θ (15)

2κ I
1
2

g,θ = α2(θ) (16)

hold. When κ ≤ 1, (14) holds as an equality if and only if Eq. (15) holds.

When I s
g,θ is differentiable, condition (15) is equivalent to d

ds I s
g,θ |s= 1

2
= 0.
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694 M. Hayashi

3 Limits of relative Rényi entropies

In order to calculate the upper bounds α1(θ) and α2(θ), we need to calculate the limits
of relative Rényi entropies. In this section, we summarize the calculation in the case
of location shift family, which is given in Hayashi (2002b)

3.1 Interval support case

In this subsection, we discuss the location shift family generated by a C3 continuous
probability density function f whose support is an open interval (a, b) ⊂ R. We
assume conditions (17) and (18) for f :

f1(x) := f (a + x) ∼= A1xκ1−1 as x → +0 (17)

f2(x) := f (b − x) ∼= A2xκ2−1 as x → +0, (18)

where κ1, κ2 > 0. In addition, if κi �= 1, we assume the following conditions:

f ′
i (x) ∼= Ai (κi − 1)xκi −2 as x → +0 (19)

f ′′
i (x) ∼= Ai (κi − 1)(κi − 2)xκi −3 as x → +0 if κi �= 2 (20)

x f ′′
i (x) → 0 as x → +0 if κi = 2. (21)

If κi = 1, we assume the existence of the limits limx→+0 f ′
i (x) and limx→+0 f ′′

i (x).
If κi > 2, we assume that

J f :=
∫ b

a
f −1(x)( f ′)2(x)dx < ∞. (22)

For example, when f is the beta distribution f (x) = 1
B(α,β) x

α−1(1 − x)β−1 whose
support is (0, 1), the above conditions are satisfied and we have

κ1 = α, κ2 = β, A1 = A2 = 1

B(α, β)
. (23)

In this paper, we denote the beta function by B(x, y). Then, we have the following
theorem:

Proposition 4 (Hayashi 2002b) Assume that κ := κ1 = κ2, we obtain the following
relations:
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Large deviation theory for non-regular location shift family 695

lim
ε→+0

I s( fθ‖ fθ+ε)
εκ

=

⎧⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎩

1−κ
κ

(
A1s B(s + κ(1 − s), 1 − κ)

+A2(1 − s)B(1 − s + κs, 1 − κ)
)

A1s + A2(1 − s)
A1s(1−s(κ−1))B(s+κ(1−s),2−κ)

κ

+ A2(1−s)(1−(1−s)(κ−1))B(1−s+κs,2−κ)
κ

0 < κ < 1

κ = 1

1 < κ < 2

(24)

lim
ε→+0

I s( fθ‖ fθ+ε)
−ε2 log ε

= (A1 + A2)s(1 − s)

2
κ = 2

lim
ε→+0

I s( fθ‖ fθ+ε)
ε2 = s(1 − s)

2
J f 2 < κ,

where fθ (x) := f (x −θ). These convergences are uniform for 0 < s < 1. If κ1 < κ2,
substituting κ := κ1, A2 := 0, we obtain the above equations.

The cases κ > 2 and κ = 1 were proved by Akahira (1996). However, he did not treat
the uniformity of 0 < s < 1, which is essential for the discussion in Propositions 1
and 2. The case κ > 2 is an example where relation limε→+0

I s (pθ‖pθ+ε )
ε2 = Jθ s(1−s)

2
holds, but relation (4) does not. Further, when fi (x) goes to zero faster than x , i.e.,
fi (x)/x → 0 as x → 0, similarly, the relation limε→+0

I s (pθ‖pθ+ε )
ε2 = Jθ s(1−s)

2
holds, but relation (4) does not. Note that when 0 < κ < 2, in general, the equation
limε→+0

I s ( fθ‖ fθ+ε )
εκ

= limε→−0
I s ( fθ‖ fθ+ε )

|ε|κ does not hold.

Proof Since I s( fθ‖ fθ+ε) = I s( f−ε‖ f0), Lemma 1 yields Eq. (24). 
�
Next, we introduce two quantities for any c ∈ (a, b) as

I −
s (c, f, ε) :=

∫ c

a
f 1−s(x) f s(x + ε)dx −

∫ c

a
f (x)dx − f (c)sε − s

2
f ′(c)ε2,

I +
s (c, f, ε) :=

∫ b−ε

c
f 1−s(x) f s(x + ε)dx −

∫ b

c
f (x)dx + f (c)sε + s

2
f ′(c)ε2.

Lemma 1 (Hayashi 2002b) We obtain the following relations:

lim
ε→+0

I−
s (c, f, ε)

εκ1
=

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

−1 − κ1

κ1
A1s B(s + κ1(1 − s), 1 − κ1) 0 < κ1 < 1

−A1s κ1 = 1

− A1s(1 − s(κ1 − 1))B(s + κ1(1 − s), 2 − κ1)

κ1
1 < κ1 < 2

(25)

lim
ε→+0

I−
s (c, f, ε)

−ε2 log ε
= − A1s(1 − s)

2
κ1 = 2

lim
ε→+0

I−
s (c, f, ε)

ε2 = − s(1 − s)

2
J−

f,c 2 < κ1
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696 M. Hayashi

and

lim
ε→+0

I +
s (c, f, ε)

εκ2

=

⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

1 − κ2

κ2
− A2(1 − s)B(1 − s + κ2s, 1 − κ2)) 0 < κ2 < 1

−A2(1 − s) κ2 = 1

− A2(1 − s)(1 − (1 − s)(κ2 − 1))B(1 − s + κ2s, 2 − κ2)

κ2
1 < κ2 < 2

(26)

lim
ε→+0

I +
s (c, f, ε)

−ε2 log ε
= − A2s(1 − s)

2
κ2 = 2

lim
ε→+0

I +
s (c, f, ε)

ε2 = − s(1 − s)

2
J+

f,c 2 < κ2,

where J−
f and J+

f are defined as

J−
f,c :=

∫ c

a
f −1(x)( f ′(x))2dx, J+

f,c :=
∫ b

c
f −1(x)( f ′(x))2dx .

These convergences are uniform for 0 < s < 1.

3.2 Half-line support case

In this subsection, we discuss the case where the support is the half-line (0,∞) and the
probability density function f is C3 continuous. Similar to (17) and (18), we assume
that

f (x) ∼= Axκ−1 as x → 0. (27)

When κ �= 1, we assume the following conditions:

f ′(x) ∼= Ai (κ − 1)xκ−2 as x → +0 (28)

f ′′(x) ∼= Ai (κ − 1)(κ − 2)xκ−3 as x → +0 if κ �= 2 (29)

x f ′′(x) → 0 as x → +0 if κ = 2. (30)

When κ=1, we assume the existence of the limits limx→+0 f ′(x) and limx→+0 f ′′(x).
In addition, we assume that there exist real numbers c > 0 and ε > 0 such that

∫ ∞

c
f −1(x)( f ′(x))2dx < ∞ (31)
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Large deviation theory for non-regular location shift family 697

∫ ∞

c
sup

0≤t1≤ε
f (x + t1) sup

0≤t2≤ε
| f −3(x + t2)( f ′)3(x + t2)|dx < ∞ (32)

∫ ∞

c
sup

0≤t1≤ε
f (x + t1) sup

0≤t2≤ε
| f −2(x + t2) f ′(x + t2) f ′′(x + t2)|dx < ∞ (33)

∫ ∞

c
sup

0≤t1≤ε
f (x + t1) sup

0≤t2≤ε
| f −1(x + t2) f ′′′(x + t2)|dx < ∞. (34)

For example, when f is Weibull distribution αβxα−1eβxα , the above conditions are
satisfied and we have

κ = α, A = αβ. (35)

When f is gamma distribution f (x) = βα

Γ (α)
xα−1eβx , the above conditions are satis-

fied and

κ = α, A = βα

Γ (α)
. (36)

Now, we obtain the following theorem:

Proposition 5 (Hayashi 2002b) We obtain

lim
ε→+0

I s( fθ‖ fθ+ε)
εκ

=

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

1 − κ

κ
(As B(s + κ(1 − s), 1 − κ) 0 < κ < 1

As κ = 1

As(1 − s(κ − 1))B(s + κ(1 − s), 2 − κ)

κ
1 < κ < 2

(37)

lim
ε→+0

I s( fθ‖ fθ+ε)
−ε2 log ε

= As(1 − s)

2
κ = 2

lim
ε→+0

I s( fθ‖ fθ+ε)
ε2 = s(1 − s)

2
J f 2 < κ,

where

J f :=
∫ ∞

0
f −1(x)( f ′)2(x)dx . (38)

These convergences are uniform for 0 < s < 1.

For a real number c > 0 satisfying (31)–(34), we define

I +
s (c, f, ε) :=

∫ ∞

c
f 1−s(x) f s(x + ε)dx −

∫ b

c
f (x)dx + f (c)sε + s

2
f ′(c)ε2.

Similar to Propositions 4 and 5 is proven from Lemmas 1 and 2.
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698 M. Hayashi

Lemma 2 We obtain

lim
ε→+0

I +
s (c, f, ε)

ε2 = − s(1 − s)

2
J+

f,c (39)

where

J+
f,c :=

∫ ∞

c
f −1(x)( f ′(x))2dx

and the convergence of (39) is uniform for 0 < s < 1.

4 Large deviation type performances of useful estimators

In this section, in order to discuss the bounds α1(θ) and α2(θ) in the case of location
shift family, we focus on the following estimators:

For the first criterion α1(θ), we focus on the likelihood ratio estimator θ L R,ε :=
{θL R,ε,n(x1, . . . , xn)} and the estimator θε := {θε,n := θn − ε}. For the second crite-
rion α2(θ), we focus on the maximum likelihood estimator θ M L := {θM L ,n}, and the
two extremal estimators θn := max{x1, . . . , xn}−b and θn := min{x1, . . . , xn}−a. In
order to strike a balance between two exponential rates β+(T, θ, ε) and β−(T, θ, ε),
we use the convex combination (CC) estimator θCC,λ := {θCC,λ,n := λθn +(1−λ)θn}
with the ratio λ : 1−λ of the two estimators θ and θ , where 0 < λ < 1. The following
formulas are obtained in Sect. 5 of Hayashi (2008):

First, we discuss the performances related to the first criterion α1(θ). The modified
extremal estimator θ ε satisfies

β(θ ε, θ, ε) ∼= A1
2κ1

κ1
εκ1 + o(εκ1). (40)

Further, when f (x) is monotonically decreasing, it also satisfies

lim
ε→+0

β(θ ε, θ, ε)

g(ε)
= α1(θ). (41)

When the function log f (x) is concave, the likelihood ratio estimator θ L R,ε satisfies
the equation

lim
ε→+0

β(θ L R,ε, θ, ε)

g(ε)
= α1(θ). (42)

Next, we discuss the performances related to the second criterion α(θ). Two extre-
mal estimators θ and θ satisfy

β(θ , θ, ε) ∼= A1

κ1
εκ1 + o(εκ1), β(θ , θ, ε) ∼= A2

κ2
εκ2 + o(εκ2). (43)
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Large deviation theory for non-regular location shift family 699

When κ1 = κ2 = κ , the convex combination estimator θCC,n satisfies the equations

β+(θCC,λ, θ, ε) ∼= A1

κλ
εκ + o(εκ), β−(θCC,λ, θ, ε) ∼= A2

κ(1 − λ)
εκ + o(εκ).

When λ0 := A
1
κ
1

A
1
κ
1 +A

1
κ
2

= argmax0≤λ≤1 min{ A1
κλ
, A2
κ(1−λ) }, the relations

β+(θCC,λ0 , θ, ε)
∼= β−(θCC,λ0 , θ, ε)

∼= (A
1
κ

1 + A
1
κ

2 )
κ

κ
εκ + o(εκ) (44)

hold. When the function x �→ log f (x) is concave, the MLE θ M L satisfies

α(θ M L , θ) ≥ α1(θ)

2κ
. (45)

Under the same assumption, Fu (1973) essentially proved

β+(θ M L , θ, ε) = supt≥0 − log
∫ b−ε

a
exp

(
−t

f ′(x)
f (x)

)
f (x + ε)dx . (46)

Further, when f (x) is monotonically decreasing, the MLE θ M L satisfies

β(θ M L , θ, ε) ∼= A1

κ1
εκ1 + o(εκ1). (47)

5 Large deviation bounds depending on the shape parameter κ1 and κ2

In this section, we calculate the bounds α1(θ), α1(θ) α2(θ), and α2(θ) in the case
of location shift family, depending on the shape parameter κ1 and κ2. Using facts in
Sect. 4, we can calculate limε→+0

β(θ L R,ε ,θ,ε)

g(ε) , limε→+0
β(θε ,θ,ε)

g(ε) , maxλ α(θCC,λ, θ),
and α(θ M L , θ). Before proceeding to the discussion of this section, we summarize
these calculations and the main results concerning the bounds α1(θ), α1(θ) α2(θ), and
α2(θ) by Table 1.

In Tables 1, 2 and 3, (C) means that the value is calculated only when log f (x)
is concave. (D) does that the value is calculated only when f (x) is monotonically
decreasing. In the above table, we consider the case of A1 ≥ A2 > 0. In this case,
there is no example such that f is monotonically decreasing and κ �= 1. Also, there is
no example such that log f (x) is concave and 1 > κ > 0.

Table 1 is simplified in the case A1 = A2 = A as Table 2.
Further, when A2 = 0 or the support of f is the half line (0,∞) and when A1 = A,

the table is simplified as Table 3.
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Table 1 Slopes in the general case (κ1 = κ2 = κ)

κ κ > 2 κ = 2 2 > κ > 1 κ = 1 1 > κ > 0

g(ε) ε2 −ε2 log ε εκ ε εκ

α1(θ) Jθ
A1+A2

2 ? 2 max{A1, A2} ?

α1(θ) Jθ (C) A1+A2
2 (C) α1(θ) (C) 2 max{A1, A2} ?

lim
ε→+0

β(θ L R,ε ,θ,ε)
g(ε) Jθ (C) A1+A2

2 (C) α1(θ) (C) 2 max{A1, A2}(C) ?

lim
ε→+0

β(θε ,θ,ε)
g(ε) 0 0 A1

2κ
κ 2A1 A1

2κ
κ

α2(θ) Jθ
A1+A2

2 ? A1 + A2 ?

α2(θ) Jθ (C) A1+A2
2 (C) ? A1 + A2 ?

α(θ M L , θ) Jθ (C) A1+A2
2 (C) ≥ α1(θ)

2κ (C) A1 (D) ?

maxλ α(θCC,λ, θ) 0 0
(A

1
κ
1 +A

1
κ
2 )

κ

κ A1 + A2
(A

1
κ
1 +A

1
κ
2 )

κ

κ

Table 2 Slopes when A1 = A2 = A

κ κ > 2 κ = 2 2 > κ > 1 κ = 1 1 > κ > 0

g(ε) ε2 −ε2 log ε εκ ε εκ

α1(θ) = α2(θ) Jθ A
A2κ−1(3−κ)B( 1+κ

2 ,2−κ)
κ 2A

A2κ (1−κ)B( 1+κ
2 ,1−κ)

κ

α1(θ) Jθ (C) A (C) α1(θ) (C) 2A ?

lim
ε→+0

β(θ L R,ε ,θ,ε)
g(ε) Jθ (C) A (C) α1(θ) (C) 2A (C) ?

lim
ε→+0

β(θε ,θ,ε)
g(ε) 0 0 A 2κ

κ 2A A 2κ
κ

α2(θ) Jθ (C) A (C) ? 2A ?

α(θ M L , θ) Jθ (C) A (C) ≥ α1(θ)
2κ (C) A (D) ?

α(θCC,1/2, θ) 0 0 2κ A
κ 2A 2κ A

κ

Table 3 Slopes when A1 = A and A2 = 0 or the half-line case. t0 will be given in (63)

κ κ > 2 κ = 2 2 > κ > 1 κ = 1 1 > κ > 0

g(ε) ε2 −ε2 log ε εκ ε εκ

α1(θ) Jθ
A
2

A2κ
κ (κ ≤ 2 − t0) 2A A2κ

κ

α1(θ) Jθ (C) A
2 (C) α1(θ) (C or κ ≤ 2 − t0) 2A A2κ

κ

lim
ε→+0

β(θ L R,ε ,θ,ε)
g(ε) Jθ (C) A

2 (C) α1(θ) (C) 2A(C) ?

lim
ε→+0

β(θε ,θ,ε)
g(ε) 0 0 A 2κ

κ 2A A 2κ
κ

α2(θ) Jθ
A
2 ≤ Aπ(κ−1)

κ sin π(κ−1) A A
κ

α2(θ) Jθ (C) A
2 (C) ? A A

κ

α(θ M L , θ) Jθ (C) A
2 (C) ≥ A

κ (C) A (C) or (D) A
κ (D)

α(θ , θ) 0 0 A
κ A A

κ
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5.1 Semi-regular case

From Proposition 4, when κ1, κ2 > 2, the relation

lim
ε→+0

I s( fθ‖ fθ+ε)
ε2 = s(1 − s)

2
J f (48)

holds, where this convergence is uniform for s and J f is defined by

J f :=
∫ b

a

(
d f (x)

dx

)2

f (x)−1dx .

Hence, it is suitable to choose g(x) = x2.

Theorem 1 When x �→ log f (x) is concave, we obtain κ = 2 and the relation

α1(θ) = α1(θ) = α2(θ) = α2(θ) = 1

2
Jθ . (49)

Proof Using (48), we have

α1(θ) = 4 max
0≤s≤1

I s
g,θ = 1

2
Jθ

α2(θ) = min
0≤s≤1

I s
g,θ

s(1 − s)
= 1

2
Jθ .

Since the function log f (x) is concave, relation (46) implies

β+(θ M L , θ, ε)

≥ − log
∫ b−ε

a
exp

(
−ε f ′(x)

f (x)

)
f (x + ε)dx

∼= − log

(∫ b−ε

a

(
1 − ε

f ′(x)
f (x)

+ ε2

2

(
f ′(x)
f (x)

)2
)

×
(

f (x)+ ε f ′(x)+ ε2

2
f ′′(x)

)
dx + o(ε2)

)

∼= − log

(∫ b−ε

a
f (x)− ε2

2

(
f ′(x)2

f (x)
+ f ′′(x)

)
dx + o(ε2)

)

∼= − log

(
1 −

∫ b

b−ε
f (x)dx − ε2

2

∫ b−ε

a

f ′(x)2

f (x)
dx + o(ε2)

)

∼= − log

(
1 − ε2

2

(∫ b−ε

a

f ′(x)2

f (x)
dx − f ′(b − ε)

)
+ o(ε2)

)
.
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Thus, we obtain

lim
ε→0

1

ε2 β
+(θ M L , θ, ε) ≥ 1

2
lim
ε→0

(∫ b−ε

a

f ′(x)2

f (x)
dx − f ′(b − ε)

)
= 1

2
J f .

Similarly, we can prove that

lim
ε→0

1

ε2 β
−(θ M L , θ, ε) ≥ 1

2
J f .

Hence, the relation α2(θ M L , θ) ≤ 1
2 J f yields the equation

α2(θ M L , θ) = 1

2
J f ,

which implies (49). 
�

5.2 The case that κ1 = κ2 = 1a

From Proposition 4, when κ1 = κ2 = 1, the equation

lim
ε→+0

I s( fθ‖ fθ+ε)
ε

= A1s + A2(1 − s)

holds, where this convergence is uniform for s ∈ (0, 1). Letting g(x) = |x |, we have
κ = 1.

Theorem 2 The relations

α1(θ) = α1(θ) = 2 sup
0<s<1

I s
g,θ = 2 max{A1, A2} (50)

α2(θ) = α2(θ) = 2I
1
2

g,θ = A1 + A2 (51)

hold. Therefore, α1(θ) = α2(θ) if and only if A1 = A2.

Proof The second and third equations of (50) and (51) follow from the formula I s
g,θ =

A1s + A2(1− s). In the following, we prove the first equations of (50) and (51). Since
(44) implies

max
0≤λ≤1

α2(θCC,λ, θ) = A1 + A2,

we obtain the first equation of (51).
Next, we prove the first equation of (50) in the case where A1 ≥ A2. From (40),

the estimator θ ε satisfies

lim
ε→+0

1

ε
β(θ ε, θ, ε) = 2A1,
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which implies the first equation of (50). When A2 ≥ A1, we can similarly prove it.

�

5.3 The case that κ1 = κ2 = 2

From Proposition 4, when κ1 = κ2 = 2, the equation

lim
ε→+0

I s( fθ‖ fθ+ε)
−ε2 log |ε| = (A1 + A2)s(1 − s)

2
(52)

holds, where this convergence is uniform for s ∈ (0, 1). When we choose g(x) =
−x2 log x , the parameter κ defined in (11) is equal to 2. Then, Eq. (52) implies

α1(θ) = 4 sup
0<s<1

I s
g,θ = A1 + A2

2

α2(θ) = inf
0<s<1

I s
g,θ

s(1 − s)
= A1 + A2

2
.

(53)

Theorem 3 When the function x �→ log f (x) is concave, the relations

α1(θ) = α1(θ) = α2(θ) = α2(θ) = A1 + A2

2
(54)

hold.

Proof When a + δ < x < b − δ, we can approximate that

exp

(
−ε f ′(x)

f (x)

)
f (x + ε) ∼= f (x)+ ε2

2

(
f ′′(x)− ( f ′(x))2

f (x)

)
. (55)

Therefore, from relation (46), we can evaluate

β+(θ M L , θ, ε)

≥ − log

(∫ b−ε

a
exp

(
−ε f ′(x)

f (x)

)
f (x + ε)dx

)

∼=− log

(∫ b−δ

a+δ
exp

(
−ε f ′(x)

f (x)

)
f (x + ε)dx +

∫ δ

0
exp

(
−ε A1

A1x

)
A1(x + ε)dx

+
∫ δ

ε

exp

(
+ε A2

A2x

)
A2(x − ε)dx

)

∼= − log

(∫ b−δ

a+δ
f (x)dx +

∫ a+δ

a
f (x)dx +

∫ b

b−δ
f (x)dx

+ A1

∫ δ

0

(
exp

(
−ε 1

x

)
(x + ε)− x

)
dx

+ A2

∫ δ

ε

(
exp

(
+ε 1

x

)
(x − ε)− x

)
dx + o(−ε2 log ε)

)
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∼= − log

(
1 + A1 + A2

2
ε2 log ε + o(−ε2 log ε)

)

∼= − A1 + A2

2
ε2 log ε + o(−ε2 log ε), (56)

where the relation (56) follows from Lemma 6 in Appendix A. Thus,

α2(θ M L , θ) = A1 + A2

2
. (57)

Using (53) and (57), we obtain (54). 
�

5.4 The case that 1 < κ1 = κ2 < 2

From Proposition 4, when 1 < κ1 = κ2 < 2, the equation

lim
ε→+0

1

εκ1
I s( fθ‖ fθ+ε) = A1s(1 − s(κ1 − 1))B(s + κ1(1 − s), 2 − κ1)

κ1

+ A2(1 − s)(1 − (1 − s)(κ1 − 1))B(1 − s + κ1s, 2 − κ1)

κ1

holds, where this convergence is uniform for s ∈ (0, 1), and B(x, y) is a beta function.
Letting g(x) = |x |κ1 , we have κ = κ1.

α1(θ) = 2κ sup
0<s<1

I s
g,θ = 2κ

κ
max

0≤s≤1
[A1s(1−s(κ−1))B(s + κ(1 − s), 2 − κ)

+ A2(1 − s)(1 − (1 − s)(κ − 1))B(1 − s + κs, 2 − κ)]

α2(θ) = inf
0<s<1

I s
g,θ

s(1 − s)

(
s

1
κ−1 +(1−s)

1
κ−1

)κ−1
= inf

0<s<1

⎡
⎢⎢⎢⎣(A1s(1−s(κ−1))B(s+κ(1−s), 2 − κ)

+ A2(1 − s)(1 − (1 − s)(κ − 1))B(1 − s + κs, 2 − κ))

×

(
s

1
κ−1 + (1 − s)

1
κ−1

)κ−1

κs(1 − s)

⎤
⎥⎥⎥⎦

≤ 1

κ
(A1 + A2)2

κ−2(1 − κ)B

(
1 + κ

2
, 2 − κ

)
, (58)

where the last inequality is obtained by substituting s = 1
2 .

Theorem 4 If, and only if, A1 = A2, the equality

α1(θ) = α2(θ)
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Large deviation theory for non-regular location shift family 705

holds. In this case,

α1(θ) = α2(θ) = A12κ−1(3 − κ)B
( 1+κ

2 , 2 − κ
)

κ
. (59)

Proof When A1 �= A2, (73) and (74) in Lemma 3 guarantee that

d

ds
I s
g,θ

∣∣∣∣
s= 1

2

= (A1 − A2)
(κ − 1)(3 − κ)

4
π tan

2 − κ

2
πB

(
1 + κ

2
, 2 − κ

)
�= 0.

From the concavity and the continuity of the maximized function, we have α1(θ) >

2κ I
1
2

g,θ . When A1 = A2, we have I s
g,θ = I 1−s

g,θ . The relations

α1(θ) = 2κ I
1
2

g,θ = A12κ−1(3 − κ)B
( 1+κ

2 , 2 − κ
)

κ
(60)

follow from the concavity. Since the minimums

min
0≤s≤1

(
s

1
κ−1 + (1 − s)

1
κ−1

)

and

min
0≤s≤1

(
(1 − s(κ − 1))B(s + κ(1 − s), 2 − κ)

1 − s

+ (1 − (1 − s)(κ − 1))B((1 − s)+ κs, 2 − κ)

s

)

are achieved at the same point s = 1
2 (See Lemma 5), the relation

min
0≤s≤1

(
s

1
κ−1 + (1 − s)

1
κ−1

)κ−1
(
(1 − s(κ − 1))B(s + κ(1 − s), 2 − κ)

1 − s

+ (1 − (1 − s)(κ − 1))B((1 − s)+ κs, 2 − κ)

s

)

= 2κ−1(3 − κ)B

(
1 + κ

2
, 2 − κ

)
(61)

holds. Thus, Eq. (59) follows from (60) and (61). 
�
Next, we consider the case A2 = 0. Substituting 0 into s, we obtain

α2(θ)= inf
0<s<1

[
A1

κ

(1 − s(κ − 1))

1 − s
B(κ−(κ − 1)s, 2 − κ)

(
s

1
κ−1 +(1 − s)

1
κ−1

)κ−1
]

≥ A1

κ
B(κ, 2 − κ).

Concerning α1(θ), we have the following proposition.
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Theorem 5 The inequality

α1(θ) ≥ A1
2κ

κ
(62)

holds. When 1<κ < 2−t0, the above equality holds, where the real number t0 ∈ (0, 1
2 )

is uniquely defined by (see Lemma 4 and Fig. 1)

2t0 + t0(1 − t0)(ψ(1 + t0)− ψ(1)) = 1, (63)

where ψ(x) is the D-psi function defined by ψ(x) := d
dx logΓ (x).

The number t0 is enumerated by t0 ∼= 0.432646, as is checked by the following graph.
Further, when x �→ log f (x) is concave, from (40), we have

lim
ε→+0

α(θ L R,ε, θ, ε)

εκ
= A12κ

κ
. (64)

Hence, when 1 < κ < 2 − t0,

α1(θ) = α1(θ) = A12κ

κ
. (65)

Proof Inequality follows by substituting 1 into s. In this case, since the function
s �→ s(1 − s(κ − 1))B(s + κ(1 − s), 2 − κ) is concave, Lemma 4 guarantees that

d

ds
s(1 − s(κ − 1))B(s + κ(1 − s), 2 − κ))

≥ d

ds
s(1 − s(κ − 1))B(s + κ(1 − s), 2 − κ)|s=1

= (3 − 2κ)+ (2 − κ)(κ − 1)(ψ(3 − κ)− ψ(1)) ≥ 0
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Fig. 2 Slopes when A1 = A2 = A = 1. solid curveα(θCC,1/2, θ) = A2κ
κ , dots curve

A(3−κ)B( 1+κ
2 ,2−κ)

2κ

for s ∈ (0, 1). Thus,

α1(θ) = A12κ

κ
max

0≤s≤1
s(1 − s(κ − 1))B(s + κ(1 − s), 2 − κ)

= A12κ

κ
1(1 − 1(κ − 1))B(1 + κ(1 − 1), 2 − κ) = A12κ

κ
,

which implies the equality. 
�

Next, we compare α(θCC,1/2, θ) = A2κ
κ

and α(θ M L , θ) in the case of A1 = A2.

When log f (x) is concave, α(θ M L , θ) has the lower bound
A(3−κ)B( 1+κ

2 ,2−κ)
2κ . As is

illustrated by Fig. 2,

A(3 − κ)B
( 1+κ

2 , 2 − κ
)

2κ
≥ A2κ

κ
(66)

if and only if κ ≥ κ0 = 1.85238799. That is, for κ ≥ κ0, the maximum likelihood
estimator θ M L is better than the convex combination estimator θCC,1/2.

5.5 The case that 0 < κ1 = κ2 < 1

From Proposition 4, when 0 < κ1 = κ2 < 1, the equation

lim
ε→+0

I s( fθ‖ fθ+ε)
εκ1

= 1 − κ1

κ1
(A1s B(s + κ1(1 − s), 1 − κ1)

+ A2(1 − s)B(1 − s + κ1s, 1 − κ1))
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holds, where this convergence is uniform for s ∈ (0, 1). Letting g(x) = xκ1 , we have
κ = κ1.

α1(θ) = 2κ max
0≤s≤1

I s
g,θ

= 2κ max
0≤s≤1

(1 − κ)

× A1s B(s + κ(1 − s), 1 − κ)+ A2(1 − s)B(1 − s + κs, 1 − κ)

κ

α2(θ) = sup
0<s<1

I s
g,θ

s(1 − s)

(
s

1
κ−1 + (1 − s)

1
κ−1

)κ−1

= sup
0<s<1

(1−κ) A1s B(s+κ(1 − s), 1 − κ)+ A2(1 − s)B(1 − s + κs, 1 − κ)

κs(1 − s)

×
(

s
1
κ−1 + (1 − s)

1
κ−1

)κ−1
.

Theorem 6 If, and only if, A1 = A2, the equality

α1(θ) = α2(θ) (67)

holds. In this case, the equation

α1(θ) = α2(θ) = 1

κ
A12κ (1 − κ) B

(
1 + κ

2
, 1 − κ

)
(68)

holds.

Proof Using (75) and (76) of Lemma 3, we obtain

d

ds
I s
g,θ

∣∣∣∣
s= 1

2

= (A1 − A2)
1 − κ

2
π cot

1 − κ

2
πB

(
1 + κ

2
, 1 − κ

)
.

Since 1−κ
2 π cot 1−κ

2 πB( 1+κ
2 , 1 − κ) > 0, Proposition 3 yields this sufficient and

necessary condition for (67). Equation (15) implies (68). 
�

However, since the function x �→ (κ − 1) log x is convex on (0,∞), the function
x �→ log f (x) is not concave on (a, b). There does not exist an example in which (42)
can be applied. Thus, it is an open problem whether there exists an example such that

α1(θ) = α1(θ)

in this case, except for the case A1 A2 = 0.
In the following, we consider the case when A2 = 0.
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Theorem 7 We have

α1(θ) = α1(θ) = A12κ

κ
(69)

α2(θ) = α2(θ) = A1

κ
. (70)

Proof Since the function s �→ s B(s + κ(1 − s), 1 − κ) is concave, we have

d

ds
s B(s + κ(1 − s), 1 − κ) ≥ d

ds
s B(s + κ(1 − s), 1 − κ)|s=1

= 1 + (1 − κ)(ψ(1)− ψ(2 − κ))

≥ 1 + (1 − κ)(ψ(1)− ψ(2)) (71)

= 1 − (1 − κ) = κ > 0, (72)

where inequality (71) holds because ψ(x) is monotonically increasing in x ∈ (0,∞),
and the first equation of (72) follows from the formula ψ(x + 1) = ψ(x)+ 1

x . Thus,

α1(θ) = A12κ(1 − κ)

κ
max

0≤s≤1
s B(s + κ(1 − s), 1 − κ)

= A12κ(1 − κ)

κ
B(1, 1 − κ) = A12κ

κ
.

From (40), we can check that the estimators {θε} achieve the bound A12κ

κ
. Hence,

Eq. (69) hold.
The other upper bound α2(θ) is calculated as

α2(θ) = A1(1 − κ)

κ
max

0≤s≤1
B(s + κ(1 − s), 1 − κ)

((
1 − s

s

) 1
1−κ + 1

)−(1−κ)
.

Note that the beta function B(x, y) is monotonically decreasing for x, y > 0. Since

both max0≤s≤1 B(s+κ(1−s), 1−κ) and max0≤s≤1((
1−s

s )
1

1−κ +1)−(1−κ) are achieved
at the same point, s = 1, we have

α2(θ) = A1(1 − κ)

κ
B(1, 1 − κ) = A1

κ
.

This bound is achieved by the estimator θ because of (43). Therefore, we have (70).

�

6 Examples and graphs

In the previous section, we treat our problem separating our cases by the shape param-
eters κ1 and κ2. In this section, we treat it separating our cases into two cases, i.e., the
case A1 = A2 and the case A1 = A, A2 = 0. That is, we fixed the parameters A1 and
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Fig. 3 Slopes when A1 = 1 and A2 = 0, thick curve α1(θ), solid curve α2(θ), dash curve

limε→+0
β(θε ,θ,ε)

εκ
, dots curve α(θ , θ)
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Fig. 4 Slopes when A1 = A2 = 1, thick curve α2(θ) = α1(θ), solid curve α(θCC,1/2, θ)

A2, and focus on the dependence of the slopes on the shape parameters κ1 and κ2. When
A1 = A = 1 and A2 = 0, in the latter case, the slopes α1(θ), α2(θ), α(θ , θ), and

the limit limε→+0
β(θε ,θ,ε)

εκ
are illustrated as the function of κ ∈ (0, 2) in Fig. 3. This

case is essentially equivalent with the half-line-support case. When A1 = A2 = 1, the
slopes α1(θ), α2(θ), and α(θCC,1/2, θ) are illustrated as the function of κ ∈ (0, 2) in
Fig. 4.

Next, we treat the same problem in three cases, the Gamma distribution, Weibull
distribution, and Beta distribution, respectively.

Example 1 (Gamma distribution) Consider the case where the pdf f is the Gamma
distribution function f Γα,β(x) := βα

Γ (α)
xα−1e−βx . The case of α = 1 is called an expo-

nential distribution, which the time of nuclear decay obeys. In this case, the parameter
κ is equal to α, and the parameter A is equal to βα

Γ (α)
. The uniformity in Proposition 5

for s is also satisfied.
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If α ≤ 1, f Γα,β(x) is monotonically decreasing. Then, we can use (41), i.e., the mod-

ified external estimator θ ε attains α1(θ) = α1(θ) = (2β)α

αΓ (α)
. The maximum likelihood

estimator θ M L has the same performance as the extremal estimator θ . If α ≥ 1, the
function log f Γα,β(x) = log βα

Γ (α)
+ (α − 1) log x − βx is concave. Then, we can use

(42), i.e., the likelihood ratio estimator θ L R,ε attains α1(θ) = α1(θ). When α > 2,

the Fisher information Jθ is β2

α−2 . Hence, we can calculate many values in Table 3.

Example 2 (Weibull distribution) Consider the case where the pdf f is the Weibull
distribution function f W

α,β(x) := αβxα−1e−βxα . The case ofα = 2 is called a Rayleigh
distribution. This distribution describes the fading in radio wave propagation. Also it
is treated in acoustics. The parameter κ is equal to α, and the parameter A is equal to
αβ. The uniformity in Proposition 5 for s is also satisfied.

If α ≤ 1, f W
α,β(x) is monotonically decreasing. Then, we can use (41), i.e., the mod-

ified external estimator θ ε attains α1(θ) = α1(θ) = β2α . The maximum likelihood
estimator θ M L has the same performance as the extremal estimator θ . If α ≥ 1, the
function log f W

α,β(x) = logαβ + (α − 1) log x − βxα is concave. Then, we can use
(42), i.e., the likelihood ratio estimator θ L R,ε attains α1(θ) = α1(θ). When α > 2, the

Fisher information Jθ is (α − 1)2Γ (1 − 2
α
)β

2
α − 2(α − 1)Γ (2 − 1

α
)β

1
α + 2. Hence,

we can calculate many values in Table 3.

Example 3 (Beta distribution) Consider the case where the pdf f is the Beta distribu-

tion function f B
α,β(x) := xα−1(1−x)β−1

B(α,β) with the support (0, 1).
The case of α = β = 1 is called a uniform distribution. The parameter α corre-

sponds to κ1 and the other parameter β does to κ2. The parameter A is equal to 1
B(α,β) .

The uniformity in Proposition 4 for s is also satisfied.
When α = β > 1, the function log f B

α,β(x) = (α − 1) log x + (β − 1) log(1 − x)
is concave. Then, we can use (42), i.e., the likelihood ratio estimator θ L R,ε attains

α1(θ) = α1(θ) = 2α−1(3−α)B( 1+α
2 ,2−α)

αB(α,α) . When α ≥ κ0, the maximum likelihood
estimator θ M L is better than the extremal estimator θ . However, when α = 1, the
maximum likelihood estimator θ M L is better than the extremal estimator θ . It is not
clear whether α2(θ) can be attained. When α = β < 1, the function f B

α,β(x) is mono-
tonically decreasing. Then, we can use (41), i.e., the modified external estimator θ ε

attains α1(θ) = α1(θ) = 2α(1−α)B( 1+α
2 ,1−α)

αB(α,α) . It also is not clear whether α2(θ) can be
attained. When α = β = 1, The bound α2(θ) = α1(θ) = 2 can be attained by the
convex combination estimator θCC,1/2.

7 Conclusion

Applying general large deviation theory for non-regular family (Hayashi 2008), we
have calculated the two criteria α1(θ) and α2(θ) depending on the parameters A1
and A2 and the shape parameters κ1 and κ2. This analysis essentially depends on the
limiting behaviors of the relative Rényi entropies, which were calculated by Hayashi
(2002b). As mentioned in Hayashi (2008), the first criterion α1(θ) corresponds to the
interval estimation, and the second criterion α2(θ) corresponds to the point estimation.
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In the regular case, the maximum likelihood estimator has the asymptotically best
performance. Even in the non-regular case, it has a good performance in the second
criterionα2(θ). However, it does not always have the asymptotically best performance.
The likelihood ratio estimator has good performance in the first criterion α1(θ). The
estimators based on the extremal statistics have a good performance in both the criteria.

Throughout the obtained result, we have found that the two criteria α1(θ) and α2(θ)

do not coincide when A1 �= A2 and κ1, κ2 < 2. This fact indicates that we should be
careful for the choice of our criterion. This type difference appears in quantum setting
(Nagaoka 1994, 1992; Hayashi 2002a). Further, we have found that estimators suitable
for the first criteria α1(θ) are different from that suitable for the second criteria α2(θ).
This result suggests that we should choose our estimator depending on the choice of
our criterion. Even if the criterion is fixed, the optimal estimator depends on the shape
parameter κ1 and κ2. Therefore, even in location shift families, it seems difficult to
construct an asymptotic optimal estimator universally.

However, we could not calculate α1(θ) and α2(θ) perfectly. Hence, it is required
as a future study to calculate the value that is not calculated.

The extremal statistics are given by one of order statistics while they play an impor-
tant role in the both criteria. Hence, it is suitable to treat nth order statistic for arbitrary
n for improvement. As another research direction, we can discuss the relation with
Finsler geometry. Indeed, Amari (1984) pointed out the relation between the geometry
of non-regular location shift family and Finsler geometry. Our result seems to indicate
that a non-regular family gives a new geometrical structure.

Acknowledgments The author thanks the referees for helpful comments concerning this manuscript.

Appendix A: Lemmas concerning beta and D-psi functions

In this section, we prove some formulas concerning the beta and D-psi functions used
in Sect. 5.

Lemma 3 When 1 < κ < 2, we have

d

ds
s(1 − s(κ − 1))B(s + κ(1 − s), 2 − κ)

∣∣∣∣
s=1/2

= (κ − 1)(3 − κ)

4
π tan

2 − κ

2
πB

(
1 + κ

2
, 2 − κ

)
> 0 (73)

d

ds
(1 − s)(1 − (1 − s)(κ − 1))B((1 − s)+ κs, 2 − κ)

∣∣∣∣
s=1/2

= − (κ − 1)(3 − κ)

4
π tan

2 − κ

2
πB

(
1 + κ

2
, 2 − κ

)
< 0 (74)
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When 0 < κ < 1, the equations

d

ds
s B(s + κ(1 − s), 1 − κ)

∣∣∣∣
s=1/2

= 1 − κ

2
π cot

1 − κ

2
πB

(
1 + κ

2
, 1 − κ

)
> 0

(75)
d

ds
(1 − s)B((1 − s)+ κs, 1 − κ)

∣∣∣∣
s=1/2

= −1 − κ

2
π cot

1 − κ

2
πB

(
1 + κ

2
, 1 − κ

)
< 0 (76)

hold.

Proof Using the function ψ(x) := d
dx logΓ (x), we can calculate

d

ds
s(1 − s(κ − 1))B(s + κ(1 − s), 2 − κ)

∣∣∣∣
s=1/2

=
(
(2 − κ)+ (3 − κ)(1 − κ)

4

(
ψ

(
1 + κ

2

)
− ψ

(
5 − κ

2

)))
B

(
1 + κ

2
, 2 − κ

)

=
(
(2 − κ)+ (3 − κ)(1 − κ)

4

(
ψ

(
κ − 1

2

)
+ 2

κ − 1
−ψ

(
3 − κ

2

)
− 2

3 − κ

))

×B

(
1 + κ

2
, 2 − κ

)
(77)

=
(
(2 − κ)+ (3 − κ)(1 − κ)

4

(
π cot π

3 − κ

2
+ 8 − 4κ

(κ − 1)(3 − κ)

))

×B

(
1 + κ

2
, 2 − κ

)
(78)

= (κ − 1)(3 − κ)

4
π tan

2 − κ

2
πB

(
1 + κ

2
, 2 − κ

)
(79)

where we use the formulaψ(x+1) = 1
x +ψ(x) in (77), the formulaψ(1−x)−ψ(x) =

π cot πx in (78), and the formula cot(π2 + x) = − tan x in (79). We obtain (73).
Similarly, we can prove (74).

Next, we prove (75). We can calculate

d

ds
s B(s + κ(1 − s), 1 − κ)

∣∣∣∣
s=1/2

=
(

1 + 1 − κ

2

(
ψ

(
1 + κ

2

)
− ψ

(
3 − κ

2

)))
B

(
1 + κ

2
, 1 − κ

)

=
(

1 + 1 − κ

2

(
ψ

(
1 + κ

2

)
− ψ

(
3 − κ

2

)
− 2

1 − κ

))
B

(
1 + κ

2
, 1 − κ

)
(80)

= 1 − κ

2
π cot

1 − κ

2
πB

(
1 + κ

2
, 1 − κ

)
, (81)
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where (80) follows from the formula ψ(x + 1) = 1
x + ψ(x) and (81) follows from

the formula ψ(1 − x)− ψ(x) = π cot πx . Similarly, we obtain (76). 
�
Lemma 4 Assume that 1 < κ < 2. There uniquely exists t0 ∈ (0, 1

2 ) satisfying (63),
and the inequality

(3 − 2κ)+ (2 − κ)(κ − 1)(ψ(3 − κ)− ψ(1)) ≥ 0 (82)

holds if, and only if, 1 < κ ≤ 2 − t0.

Proof In the following, this lemma is proven by replacing κ with 2 − t . Define the
function h(t) := 2t − 1 + t (1 − t)(ψ(1 + t)− ψ(1)). When t < 1

2 , we have

h′(t) = 2 + (1 − 2t)(ψ(1 + t)− ψ(1))+ (t − 2t2)ψ ′(1 + t) > 0

because ψ ′(x) ≥ 0 for x > 0. Therefore, h(t) is strictly monotonically increasing in
(0, 1

2 ). Since h(0) = −1 < 0, h( 1
2 ) = 1

4 (ψ(
3
2 )−ψ(1)) > 0, there uniquely exists the

number t0 ∈ (0, 1
2 ) satisfying (63). Also, in this case, the inequality h(t) ≥ 0 holds if

t ≥ t0.
Next, we consider case t ≥ 1

2 . Given the relations,

2t − 1 ≥ 0, t (1 − t) ≥ 0, ψ(1 + t)− ψ(1) ≥ 0,

h(t) ≥ 0. 
�
Lemma 5 The minimum

min
0≤s≤1

(
(1 − s(κ − 1))B(s + κ(1 − s), 2 − κ)

1 − s
+ (1 − (1 − s)(κ − 1))B((1 − s)+ κs, 2 − κ)

s

)

is attained at s = 1
2 .

Proof Since the minimized function is invariant for the replacement s �→ 1 − s, it
is sufficient to show its concavity. Since d2

dx2 eh(x) = (h′′(x)+ (h(′x))2)eh(x), we can

show its concavity by proving the concavity of the function s �→ log 1−s(κ−1)
1−s B(s +

κ(1 − s), 2 − κ). We can evaluate

d2

ds2 log B(s + κ(1 − s), 2 − κ)

= (1 − κ)2
(
ψ ′(s + κ(1 − s))− ψ ′(s + κ(1 − s)+ 2 − κ)

)
> 0

because ψ ′(x) is monotonically decreasing for x > 0. Also, we have

d2

ds2 log
1 − s(κ − 1)

1 − s
= (2 − κ)(κ − 2(κ − 1)s)

(1 + κs + (κ − 1)s2)2
> 0

because κ > 2(κ − 1). The proof is now complete. 
�
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Appendix B: A lemma used in Sect. 5.3

Lemma 6 For any δ > 0, we have

lim
ε→0

1

ε2 log ε

∫ δ

0
exp

(
−ε 1

x

)
(x + ε)− xdx = 1

2
(83)

lim
ε→0

1

ε2 log ε

∫ δ

ε

exp

(
+ε 1

x

)
(x − ε)− xdx = 1

2
. (84)

Proof we can calculate

∫ δ

ε

exp

(
+ε 1

x

)
(x − ε)− xdx =

∫ δ

ε

∞∑
n=1

− nεn+1

(n + 1)!xn
dx

= −ε
2

2
(log δ − log ε)

+
∞∑

n=2

n(n − 1)

(n + 1)!
(
εn+1

δn−1 − ε2
)
.

Since ε2

ε2 log ε
→ 0, we obtain (84). Similarly, we can calculate

∫ δ

ε

exp

(
−ε 1

x

)
(x + ε)− xdx = −ε

2

2
(log δ − log ε)

+
∞∑

n=2

n(n − 1)(−1)n

(n + 1)!
(
εn+1

δn−1 − ε2
)
.

Since

0 ≤
∫ ε

0
exp

(
−ε 1

x

)
(x + ε)dx ≤

∫ ε

0
(x + ε)dx = 3

2
ε2

∫ ε

0
xdx = 1

2
ε2,

we obtain (83). 
�
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123



716 M. Hayashi

Bahadur, R. R. (1967). Rates of convergence of estimates and test statistics. Annals of Mathematical
Statistics, 38, 303–324

Bahadur, R. R. (1971). Some limit theorems in statistics. In Regional conference series in applied
mathematics (Vol. 4). Philadelphia: SIAM.

Fu, J. C. (1973). On a theorem of Bahadur on the rate of convergence of point estimator. Annals of Statistics,
1, 745–749.

Hayashi, M. (2002a). Two quantum analogues of Fisher information from a large deviation viewpoint of
quantum estimation. Journal of Physics. A: Mathematical and General, 35, 7689–7727. Also appeared
as Chap. 28 of Asymptotic theory of quantum statistical inference, M. Hayashi (ed.), 2005.

Hayashi, M. (2002b). Limiting behavior of relative Rényi entropy in a non-regular location shift fam-
ily. Annals of Institute of Statistical Mathematics. Latest version: http://arxiv.org/abs/math/0212077.
doi:10.1007/s10463-008-0182-4.

Hayashi, M. (2008). Two non-regular extensions of large deviation bound. Special Issue—Recent Advances
in Statistical Inference. Communications in Statistics: Theory and Methods (accepted). Latest version:
http://arxiv.org/abs/math/0604197.

Ibragimov, I. A., Has’minskii, R. Z. (1981). Statistical estimation. New York: Springer.
Nagaoka, H. (1992). On the relation between Kullback divergence and Fisher information—from classical

systems to quantum systems. In Proceedings of Joint Mini-workshop for data compression theory and
fundamental open problems in information theory (pp. 63–72). Originally written in Japanese. Also
appeared as Chap. 27 of Asymptotic theory of quantum statistical inference, M. Hayashi (ed.), 2005.

Nagaoka, H. (1994). Two quantum analogues of the large deviation Cramér-Rao inequality. In Proceedings
of 1994 IEEE International Symposium on Information Theory (p. 118).

123

http://arxiv.org/abs/math/0212077
http://dx.doi.org/10.1007/s10463-008-0182-4
http://arxiv.org/abs/math/0604197

	Large deviation theory for non-regular location shift family
	Abstract
	1 Introduction
	2 General theory
	3 Limits of relative Rényi entropies
	3.1 Interval support case
	3.2 Half-line support case

	4 Large deviation type performances of useful estimators
	5 Large deviation bounds depending on the shape parameter κ1 and κ2
	5.1 Semi-regular case
	5.2 The case that κ1=κ2=1a
	5.3 The case that κ1=κ2=2
	5.4 The case that 1<κ1=κ2 < 2
	5.5 The case that 0 < κ1=κ2 < 1

	6 Examples and graphs
	7 Conclusion
	Acknowledgments
	Appendix A: Lemmas concerning beta and D-psi functions
	Appendix B: A lemma used in Sect. 5.3
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


