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Full Robustness in Bayesian Modelling of a
Scale Parameter

Alain Desgagné *

Abstract. Conflicting information, arising from prior misspecification or outly-
ing observations, may contaminate the posterior inference in Bayesian modelling.
The use of densities with sufficiently heavy tails usually leads to robust posterior
inference, as the influence of the conflicting information decreases with the impor-
tance of the conflict. In this paper, we study full robustness in Bayesian modelling
of a scale parameter. The log-slowly, log-regularly and log-exponentially varying
functions as well as log-exponential credence (LE-credence) are introduced in or-
der to characterize the tail behaviour of a density. The asymptotic behaviour of
the marginal and the posterior is described and we find that the scale parameter
given the complete information converges in distribution to the scale given the
non-conflicting information, as the conflicting values (outliers and/or prior’s scale)
tend to 0 or o0, at any given rate. We propose a new family of densities defined on
R with a large spectrum of tail behaviours, called generalized exponential power
of the second form (GEP3), and its exponential transformation defined on (0, 00),
called log-GEP2, which proves to be helpful for robust modelling. Practical consid-
erations are addressed through a case of combination of experts’ opinions, where
non-robust and robust models are compared.

Keywords: Bayesian robustness, conflicting information, log-exponentially vary-
ing functions, log-regularly varying functions, log-slowly varying functions, LE-
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1 Introduction

In Bayesian analysis, conflicting information may contaminate the posterior inference.
Conflict can arise from outlying observations as well as prior misspecification. The
outcome depends on the relative tail behaviour of the involved densities. The conflict
is usually resolved by modelling the densities with sufficiently heavy tails.

Outlier rejection in Bayesian analysis was first described by e Fmetd ([[IG), where
the simplest case with a single observation having mean 6 was considered. The theory
has mostly evolved for location parameter inference, see for instance Dawid ([IZJ),
(M, MURR, [TE0), (o) and Desgagné and Angerd (PO4).

Robustness for scale parameter inference was first considered by Bndrade and O'Hal

gzm (P008). They show that modelling with regularly varying densities leads to partial
robust inference, in the sense that the influence of conflicting information is limited.
They first consider the simple case of one observation combined with the prior. It is
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then generalized to multiple observations when one group of outliers moves to infinity as
a block. Andrade and O Hagan (BII) also consider partial robustness for the location-
scale parameter inference. A good description of the existing literature is given in this

paper.

In our paper, we study robustness in Bayesian modelling of a scale parameter. In
contrast to Andrade and O Hagan (PO0d), we give some conditions to obtain full robust-
ness, in the sense that the information provided by the conflicting densities is completely
rejected in the posterior inference. Our context is also more general, as we consider mul-
tiple observations with many conflicting sources (prior and/or observations) that move
to 0 or co at any given rate.

In Section O, we define three classes of functions called log-slowly, log-regularly and
log-exponentially varying functions. Analogously to the regularly varying functions used
in Andrade and O Hagan] (PO0A), these classes describe the tail behaviour of a function.
We find that modelling densities with log-exponentially varying functions may lead to
full Bayesian robustness in a scale parameter inference. In connection with these classes,
we also define log-exponential credence (LE-credence) as a measure of tail behaviour,
which proves to be useful to characterize and order different tails.

In Section B, the resolution of conflicts in a scale parameter model is analysed. We
start with the description of the mathematical context in Section BEl. The Bayesian
model consists of positive conditionally independent random variables X; | o sharing
the same scale parameter 0. We also detail the meaning of robustness in our context,
especially its asymptotic nature.

In Section B3, the main result of this paper is given. The asymptotic behaviour
of the marginal and the posterior is described and we find that the random variable o
given the complete information converges in distribution to the random variable o given
the non-conflicting information, as the conflicting values (outliers and/or prior) tend to
0 or oo, at any given rate. Conditions for the achievement of this full robustness are
given. They concern the tail behaviour of the prior and the likelihood.

In Section B3, we derive two special cases. We analyse the classical case of a single
observation combined with the prior. We see that a conflict can be resolved either in
favour of the prior or the observation, depending on their relative tail behaviour. A
useful case in practice, where the tail behaviour is the same for all densities, is also
studied. We see that full robustness is achieved if the non-conflicting values exceed the
conflicting values.

In Section I, we propose the exponential transformation of densities defined on
the real line as a method to devise appropriate densities defined on (0,0) to achieve
robustness in our context. Using this approach, we also propose in Section I a new
family of densities defined on R, called generalized exponential power of the second form
(GEP3), and its exponential transformation defined on (0,00), called log-GEPs. The
large spectrum of tail behaviours of the log-GEP2 density is useful for robust modelling.
Special cases of this density are given in Section I3, such as the well-known log-normal.

An example is given in Section B, where non-robust and robust models are com-
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pared. Practical considerations are addressed through a case of combination of experts’
opinions. Finally we conclude in Section B and the proofs are given in Section @.

2 Log-exponentially varying functions

2.1 Definitions

Tail behaviour is a key component for robust Bayesian modelling. Therefore, we in-
troduce three classes of functions called log-slowly, log-regularly and log-exponentially
varying functions, following the idea of regularly varying functions developed by [Karad
matd ([C30).

We assume that every function is defined on (0, 00), continuous and strictly positive.
Definitions and results are given for the asymptotic behaviour at oo, with the differences
for the asymptotic behaviour at 0 put in square brackets.

We say that the functions f(z) and g(z) are asymptotically equivalent at co[0], writ-
ten f(z) ~ g(z) as z — ©[0], if

f(2)/9(2) = 1 as z — [0].

Definition 1 (Log-slowly varying function). We say that a measurable function g is
log-slowly varying at oo[0], written g € Lo(00)[Lo(0)], if for all v > 0, we have

g(*) ~ g(=) as = — [0].

For instance, the functions 1 and log |log z| are both log-slowly varying at 0 and co.

Definition 2 (Log-regularly varying function). We say that a measurable function g
is log-regularly varying at oo[0] with index p € R, written g € L,(00)[L,(0)], if for all
v > 0, we have

9(2")/9(z) = v™" as z — 0[0],

or equivalently (for p # 0), if there exists a constant A > 1 such that for z = Az < 1/4],
g can be written as

g(z) = |log z| 7P S(z), where S € Lo(0)[Lo(0)].

Definition 3 (Log-exponentially varying function). We say that a measurable func-
tion g is log-exponentially varying at 0[0] with index (7,9, a), written g € Lo 54(0)
[Ly.5,0(0)], if there exists a constant A > 1 such that for z > Alz < 1/A], g can be
written as

9(z) = exp(—6|log z[")|log 2|~ *5(2),

where S € Lo(0)[Lo(0)], v = 0,5 = 0, e R.

By convention, we set v = 0 if and only if 6 = 0. The class of log-exponentially
varying functions includes the class of log-regularly varying functions (when v = 4§ =0
and « = p), which includes itself the class of log-slowly varying functions (when p = 0).
Notice that g(z) € L 5,4(0) if and only if g(1/2) € L, 5,0(0).
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Definition 4 (LE-credence). We say that the right [left] LE-credence of a measurable
function g is (7,0, ) if g € Ly 5.0(0)[Ly 5a(0)].

The concept of LE-credence has interesting properties and interpretation regarding
the tails of a function, as described in Section . We can also define the ordering of
LE-credence as follows.

Definition 5 (Ordering of LE-credence). For two given LE-credences denoted by (71,
01, 1) and (72,02, an), we write

i) (1,01,00) = (y2,02,2) if 71 = 72, 01 = 02, oy = g and we say that the LE-
credences are equal,

ii) (71,01, 01) > (72,02, 02) if y1 > 72 0ry1 = Y2, 61 > b2 or Y1 = Y2, 61 = 02, 1 > Q2
and we say that (1,01, 1) is larger than (2,02, a2).

2.2 Properties

For two functions ¢g; and g, that are log-exponentially varying at co[0], we can order
the asymptotic behaviour of their tails, using LE-credence, as follows.

Proposition 1 (Ordering of tails). If g1 € L, 5,,q, (0[0]) and
92 € L727527042 (OO[O])} then

(71,01, 1) > (y2, 02, an) implies that g1(2)/g2(z) — 0 as z — ©[0].

If (m1,01,01) = (72,02,a2), then the ratio of the log-slowly varying part of g1 and go
determines the tails dominance.

Proof. It is omitted since it is mostly algebraic.

The terminology LE-credence follows the idea of credence defined in (Cgam),
which describes essentially the tails that behave like |z| 8. Analogously, LE-credence de-
scribes the tails that behave like the function exp(—d|log z|7)|log z| ~*S(z). LE-credence
can be interpreted as a measure of the tail’s thickness. According to Proposition 0O, the
function with the smallest LE-credence has the heaviest tail. For instance, if f(z) is
the density of a log-normal distribution with parameter 72 = 1/2 (see Section E33), it
can be verified that the left and right LE-credences of zf(z) are given by (2,1,0). If
f(z) is the density of a log-double-Pareto distribution with parameter A = 1 (see Sec-
tion E3), it can be verified that the left and right LE-credences of zf(z) are given by
(0,0,2). According to Definition B, we have (2,1,0) > (0,0,2), which means that the
tails of the log-double-Pareto are heavier than those of the log-normal. As it will be
seen in Section B, in case of conflict between two sources of information, the source with
the largest LE-credence will be preferred to the other one (with additional conditions).
LE-credence is therefore a measure of confidence in a source of information in case of
conflict. In our example, the source modelled using the log-normal would be preferred
in case of conflict.
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LE-credence is also useful to determine if a log-exponentially varying function is
integrable, as described in the next proposition.

Proposition 2 (Integrability). For a function zf(z) € L. 50(0[0]), there exists a
constant A > 1 such that f(z) is integrable on z > Alz < 1/A], if

i) (v,6,a) > (0,0,1), 43) (v,d,) = (0,0, 1), with the log-slowly varying part of zf(z)
having a decay sufficiently fast (e.g. (log|logz|)~?, with f > 1).

Proof. Tt is omitted since it is mostly algebraic.

In particular, if f is a probability density function, we know from Proposition @ that
LE-credences larger than (0,0,1) in both tails of zf(z) are sufficient to guarantee that
f is proper.

An important characteristic of a log-exponentially varying function with LE-credence
sufficiently small is its asymptotic scale invariance, as shown in the next proposition.

Proposition 3 (Scale invariance). If g € L, 54(0[0]) and v < 1, then we have, for
o >0,
g(oz) ~ g(z) as z — ©[0].

Or equivalently, if zf(2) € Ly 5,0(0[0]) and v < 1, then we have, for o > 0,
(1/0)f(z/0) ~ f(2) as z — 0[0].

Proof. See Section .

In particular, if f is a probability density function, we know from Proposition B that
f(z) is scale invariant as z — oo[0] if the first term (vy) of the right [left] LE-credence of
zf(z) is smaller than 1.

In the next proposition, we give the asymptotic behaviour, as z — [0], of the
density (evaluated at z) of the product of two independent and identically distributed
random variables with density f. Though the connection is not apparent yet, this result
is essential for the proof of our results of robustness given in Section B.

Proposition 4 (Product of random variables). If f is a proper density, such that zf(z)
has a right [left] monotonic tail and zf(z) € L 5,o(0[0]) with v < 1, then

) [ " (1/0)f(2/0) f(0) do ~ 2£(2) as = — 0[],

and
i6) sup [(2/0)1(0)/ f(2) — s (2) as z — [0}

a>0

Proof. See Section 3.

Note that ii) is still valid if we relax the condition that f needs to be a proper density
to the condition that o f(c) is bounded on ¢ > 0, to allow for the cases v = § = 0 and
0 < a < 1. Only a minor and trivial change has to be done in the proof.
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Notice that for a proper and continuous density f defined on (0,00), it is easy to
show that the function o f(o) is bounded (which is not necessarily the case for f(o) as
o —0), with of(6) > 0as o — 0 or o — .

By monotonicity of the right [left] tail of zf(z), it is meant that

y = z [y < z] implies that yf(y) < zf(z) as z — o[0]. (1)

3 Resolution of conflicts in a scale parameter model

3.1 The scale parameter model and notations

The Bayesian structure is given as follows.

i) Let X1,...,X,, be n random variables conditionally independent given ¢ with their

conditional densities given by X; | o 2 (/o) fi(xi /o),
ii) the prior density of o is given by o | ¢ L2 (1/¢)m(c/d),

where x1,...,x,, 0, ¢ > 0.

As in Section B, we assume that f1,..., f, and 7 are defined on (0, ), continuous
and strictly positive. In addition, we assume that each density is proper. The only
exception is the possibility for the prior to be modelled by a non-informative (hence
considered as non-conflicting) improper density (such as 7(o)ocl/o), as long as o7 (o)
is bounded on ¢ > 0.

It necessarily means that the functions zf1(z),. .., 2f,(2) and z7(z) are bounded on
z > 0, with a limit of 0 in their tails as z — 0 and z — o (except for an improper prior).
Notice that the limit of the densities f1(2),..., fn(2),7(2) at 0 can be anything ranging
from 0 to infinity. We also assume that both tails of zf1(z),...,2fn(2) and zm(z) are
monotonic, as defined in ().

The scale parameter of the prior, ¢, is considered known. The parameter ¢ represents
the information provided by the prior, and in this sense plays in our inference the same
role as the observations xi,...,x,. Any other hyperparameters are assumed to be
known and are implicitly included in the densities.

We study robustness of the inference on ¢ in the presence of extreme observations z;
and/or misspecification of the prior’s scale ¢. The nature of the results is asymptotic,
in the sense that some xz; and/or ¢ are going to 0 or ov. We find conditions on the
densities to obtain full robustness, given by the complete rejection of the information
provided by the conflicting values.

Among the n observations, denoted by x,, = (21,...,%,), we assume that k of them,
denoted by the vector xy, form a group of non-outlying observations or fixed values. We
assume that [ of them, denoted by the vector x), are considered as left outliers (smaller
than the fixed values) and r of them, denoted by the vector x,, are considered as right
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outliers (larger than the fixed values), with k + [ + r = n. Similarly, the prior scale ¢
can be considered as a fixed value, left outlier or right outlier.

For i = 0,1,...,n, we define three binary functions k;,l; and r; as follows. If x;
is a fixed value, we set k; = 1; if it is a left outlier, we set I; = 1; and if it is a right
outlier, we set r; = 1. Similarly, if ¢ is a fixed value, we set ky = 1; if it is a left outlier,
we set lp = 1; and if it is a right outlier, we set ry = 1. These functions are set to 0
otherwise. We have k; +1; +7; =1fori =0,1,...,n, with > | k; =k, >, l; = and
Z?=1 r; = r. If the prior is a non-informative improper density, ¢ is treated as a fixed
value, with kg = 1.

We assume that each conflicting value (outlier/prior) is going to 0 or co at any given
rate. They can move as a block, as assumed in Andrade and O Hagan] (E003), but they
are not restricted to any patterns. The conflicting values can therefore be combined in
one variable w, defined as follows:

i) w=min(1/p,1/x1,%,) if lop = 1, ii) w = min(1/xy, xy) if ko = 1,
i) o = min($, 1/x, %) if 7o = 1.

If we let w — o0, it means that each component of the vector is going freely to oo at
any given rate.

Let the posterior density of o be denoted by (o | Xn,¢) and the marginal density
of X1,...,X, be denoted by m(xy | ¢), with

(0 | Xn, 0) = m(xa | ¢) 7 (1/8)7(0/0) | [(1/0) fi(x
i=1

Let the posterior density of o considering only the fixed values xj and ¢*0 (¢pko = ¢ if
ko = 1; ¢*o =1 if kg = 0) be denoted by 7(c | X, $*) and its corresponding marginal
density be denoted by m(xy | ¢¥°), with

n

(0 | xic, %) = m(xic | ") 7 (1/0)((0/¢)m(0/d))" [ [(1/o) filwi/o))™.  (2)
i=1
In this case, the prior density is (1/0) x ((o/¢)m(c/¢))*, or equivalently (1/¢)m(c/¢)
lfko =1lor 1/0’ lfk() =0.

Similarly, we define the posterior density of o considering only the left conflicting
values x; and ¢! and that considering only the right conflicting values x, and ¢™ as

follows: .

(o | x1,¢)oc(1/0)((0/@)m(o /o)) | [((1/0) fi(xi/o))" and (3)
i=1

(o | xe, 7)o (1/0) (o/$)m(a/d)™ [ [((1/0) filwi/o))™ (4)
i=1

Furthermore, we have

om(0 | %n, d)ocom(o | i, 9*°) x on(o | x1,6") x om0 | Xc, ™).
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It is interesting to notice that the posterior considering the whole information can be
seen as a combination of three posterior densities considering the fixed values, the left
and the right conflicting values.

3.2 Resolution of conflicts

Using the Bayesian context described in Section BT, the main theorem of this paper is
now presented.

Theorem 1 (Robustness). If the following conditions are satisfied:
i)

Z7r(z) c L"/o,%,au (OO) ’U}Zth ’2/0 <1 zf lop =1;
Loy o100 (0) with v < 1; ifro =1,

ii) fori=1,...,n,
L., s;0;(0) withy; <1; ifr, =1;
Zfl(Z) © {L:;75;7QIZ_ (0) with ’71/» < 1 Zf li = 1,
iii)
Cr) LI (AR o
((1/2)m(1/2))° [ [;=1 (2fi(2))"
iv)

G Ty (R0
((1/2)m(1/2) T, ()T |

then we have the following results:

a) m(xa | 6) ~ m(xi | %) ((1/0)m(1/6))" ™ [Tiy filw)' " as w — oo,
b) (0 | Xn,d) — 7(0 | Xk, p*), 0 >0, as w — o,
c) on(o | Xn,¢) — 0, as |logo| — w0, w — ©,

d) 0|xn,¢—D>o\xk,¢k0 as w — .

Proof. See Section 3.

The four conditions involve only the tails of the densities. More precisely, the right
conflicting values (X, ¢™) imply the right tail of z7(z) if ¢ is fixed and its left tail if
¢ — o0, and the left tail of zf;(2) if x; is fixed or its right tail if z; — 00, i =1...,n.
The left conflicting values (x1, ¢'°) imply the opposite tails.
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In conditions i) and ii) we require, for the concerned tails of the conflicting densities,
that zm(z) and zf;(z) are log-exponentially varying with 0 < v < 1, which ensures
that these tails are sufficiently heavy. Notice that there are no such contraints on the
densities of the fixed values; we could for instance choose densities with lighter tails.

Using equations (B), (B) and (@), conditions iii) and iv) can be written respectively
as
om(o | Xk, ¢ = 1)
(1/o)m(1/o | x1, Pl = 1)
om(o | xi, o0 = 1)
(/o) (1/o | X, ¢ = 1)
where 1 is a vector of 1. The interpretation of conditions iii) and iv) is easier with
this writing. The left tail of om(o | xi, ¢ = 1) must be lighter than the right tail of
om(o | x1,¢% = 1) and the right tail of on(o | Xi, ¢* = 1) must be lighter than the
left tail of o (o | xp, ¢™ = 1).

— 0 as o — 0, and

— (0 as o0 — o,

Notice that this interpretation may suggest that the left or right conflicting values
are treated as a block, even if we specified earlier that they go to 0 or co at any given
rate. However there is no contradiction since rejecting conflicting values when they
move as a block requires the strongest conditions.

The asymptotic behaviour of the marginal and the posterior are given respectively
in results a) and b). For any fixed value o > 0, the posterior considering the entire
information behaves as the posterior considering only the non-conflicting values. The
conflicting information is then completely rejected. The convergence of o (o | Xp, @)
to 0 is established in result ¢), as o,w — o or 1/o,w — o at any given rate. It means
in particular that om(o | Xn,¢) converges to 0 for any area around the conflicting
values, and that an eventual mode at these values will also decrease to 0. Notice that
om(o | Xn, ®)/(o7(0 | X, #*)), as w — o0 and |log | — o0, has a form of 0/0 and its
limit can be anywhere between 0 and o0, depending on the relation between ¢ and w.
In result d), the convergence in distribution is understood as

Pr[o < d | Xn, ¢] — Pr[o < d | xk, #*°], for any d > 0, as w — 0.

Therefore any estimators of ¢ based on quantiles of the posterior density are robust to
outliers and misspecified priors.

3.3 Special cases
A single observation

Two interesting special cases are described in this section. We first study the inference
with a sample of a single observation. While not realistic in practice, it gives some
intuition of how the robustness works. The Bayesian structure is simplified as follows:

i) let X; be a random variable with its conditional density given by
X1 |0 R (1) fi(1/o),
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ii) the prior density of o is given by o | ¢ 2 (1/p)m(c/d),

where x1, 0, ¢ > 0. We assume that the densities 7 and f; are proper. We must
decide which source of information we trust in case of conflict, between the prior and
the observation.

Consider first that we choose to resolve an eventual conflict in favour of the prior,
or stated another way, the conflicting value would be the observation z;. Starting from
the general context, weset n =1, k =0, l+r =1, ky =1, lg =19 =0, k1 =0,
h+rm=1,%Xa=21,xk =, w=1/z1ifl; =1 and w = 23 if r; = 1. We can verify
that

m(xx | ¢™) = 1 and 7(o | xi, ") = (1/¢)7(0/9).

Theorem 0O is then simplified as follows:

If the following conditions are satisfied:

L o ith 1, ifr =1,
Zfl(Z) c { ¥1,01, 1(00) Vﬁ.ll 71 < 1 8!
Ly 510, (0) with oy < 15 if Iy =1,

and
L(Z')—»OaSZﬁOandL(z)ﬁOasz—»oo,

(2f1(2))n (zf1(z)"

then we have the following results:

a) m(z1 | ¢) ~ fi(z1) as w — o0,
b) 7(o | x1,¢) — (1/¢)n(0/9), o > 0, as w — w0,

c) on(o | z1,9) — 0, as |logo| — ©, w — ©,
D
d) o|x1,0 >0 |¢asw— 0.

In practice, we may wish to be protected against a potential outlier in any direction,
that is too small or too large. It suffices then to satisfy the conditions for both I; = 1
and r = 1. We choose f such that zf1(z) is log-exponentially varying at 0 and oo (not
necessarily with the same LE-credence) with 1,7 < 1. And we choose 7 such that
7(2)/f1(z) = 0, as z — 0 and z — oo, that is the left and right tails of 7 are respectively
lighter than the left and right tails of f;.

It follows that the marginal of X; behaves asymptotically as f; (z1) and the posterior
behaves as the prior, the source that we decided to trust in case of conflict. The outlier
is completely rejected.

Consider now that we choose to resolve an eventual conflict in favour of the obser-
vation, or stated another way, the conflicting value would be the prior’s scale ¢.
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In this case, weset n=1,k=1,14+r=0,ky=0,lg+1r9o=1, k1 =1, =7, =0,
Xp =Xk =1, w=1/pif [ =1 and w = ¢ if ro = 1. We can verify that

m(xx | (bko) = 1/z1 and 7 (o | Xy, oF0) = (1/0)(x1/0) f1(z1/0).

Theorem [ is then simplified as follows:

If the following conditions are satisfied:

onlz) € Ly 50,00 (00) with vo < 1;  if Iy = 1;
L (0) with 7 < 1; if ro = 1,

7h:00,

and
zf1(2) 0 as 2 — o0 and zf1(2)

(2m(2))l0 (27 (2))"

—0as z—0,

then we have the following results:

a) m(zy | @) ~ (1/21)(1/¢)m(1/¢) as w — 0,
b) w(o | z1,¢) = (1/0)(x1/0) fi(z1/0), 0 > 0, as w — 0,
c) on(o | x1,¢) — 0, as |logo| — 0, w — o0,

d) 0|x1,¢—D>0|x1 as w — 0.

In practice, we may wish to be protected against a potential misspecification of the
prior’s scale in any direction, that is too small or too large. It suffices then to satisfy the
conditions for both [y = 1 and 7o = 1. We choose 7 such that z7(z) is log-exponentially
varying at 0 and o (not necessarily with the same LE-credence) with 79,7 < 1. And
we choose f1 such that fi(z)/7(z) — 0, as z — 0 and z — o0, that is the left and right
tails of f1 are respectively lighter than the left and right tails of .

It follows that the product of x; with the marginal of X; behaves asymptotically
as (1/¢)m(1/¢) and the posterior behaves as (1/0)(x1/0) f1(x1/0). The latter is based
exclusively on the information provided by the likelihood, that is the observation x;
and the density fi, which is the source that we decided to trust in case of conflict. The
information provided by the prior (1/¢)m(c/¢), that is the scale parameter ¢ and the
density 7, is completely ignored. Notice that the limiting posterior can be interpreted
as the posterior density given z1, where 1/ plays the role of the prior. It is interesting
to observe that even if the chosen prior in the model is completely rejected, it still
remains the non-informative prior 1/0, inherent in the Bayesian structure. In result d),
the random variable o | z; has the density given in result b).
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The same tail behaviour for each source of information

A simple and practical model consists in choosing the same tail behaviour for each tail
of each density, that is

zm(z) ~ zf1(2) ~ -+ ~ zfn(2), as z —> 0 or z — 0.

Notice that the shape of each density may be distinct since the conditions involve only
the asymptotic tail behaviour. In case of conflict, we choose to give the same weight to
each source of information.

Since zm(z) ~ (1/z)w(1/z) and zf;i(z) ~ (1/2)f:(1/z), conditions iii) and iv) are
simplified as follows:
(zf1(z))kotR)=UoH+D) 0 and (zf1(z))*etR) =+ 0 as 2 — oo,
which is equivalent to ko + &k > max(lp+1,r9+7) since zf1(z) — 0 as z — 00. Theorem [
is then simplified as follows:
Iffori=1,...,n, we have
2m(z), 2fi(2) € Ly,54(0) and 27m(2), 2fi(2) € Ly5a(0), with v <1,
and
ko + k > max(lp + ,79 + 1),
then results a) to d) follow.

For instance, there are up to 10 conflicting values at left and 10 others at right that
could be rejected with a group of 11 fixed or non-conflicting values.

If all the conflicting values are on the same side, we have
max(lp +lL,ro+7)=(n+1) — (ko + k),

and
ko +k>max(lo +l,ro+7r) = ko + k> (n+1)/2,

that is the conflicting values will be completely rejected if they are less numerous than
the fixed values, in other words, if the non-conflicting values represent more than half
of the sources of information.

4 Log-exponentially varying densities

An important condition of robustness, given in Theorem 0, requires choosing log-
exponentially varying densities in our modelling, with tails sufficiently heavy. How-
ever, for most of the known densities f defined on (0,00), the function zf(z) is not
log-exponentially varying, and if it is the case, its tails are not sufficiently heavy for
robustness.
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For instance, if a gamma density is given by
f(z) =€ #"7I0(0) 7, (5)

where § > 0 and T'($) = SSC uS~l e du is the gamma function, then we have zf(z) ~
e *2°T(6)! as z — o0, and

2f(2) ~ 2°T(6) 7" = exp(—d|log 2|)['(6) " as z — 0.

We observe that zf(z) € L1 50(0), with the log-slowly varying part equal to I'(§)~!, but
it is not sufficiently heavy. Furthermore, zf(z) is not log-exponentially varying at oo.

A special attention should be paid to the left tail of a density defined on (0, c0). For
a density f such that zf(z) € L, 54(0), that is

f(z) = (1/z) exp(—d|log z|7)|log z|~*S(z), when z < 1/A for some A > 1,

we can show that the limit of f(z) as z — 0 is

i) a constant t > 0 if (y,0,a) = (1,1,0) and the log-slowly varying function S(z)
converges to t as z — 0,

ii) 0if (y,6,) > (1,1,0) or (v,d,a) = (1,1,0) and S(z) — 0 as z — 0,

iii) oo if (v,4,a) < (1,1,0) or (7,6, ) = (1,1,0) and S(z) — o as z — 0.

Notice that f(z) ~ S(z) as z — 0 if (v,4,a) = (1,1,0). For instance, for the gamma
density given by (O) with an LE-credence of (1,6,0), we can verify that f(z) — 1 if
0=1; f(z) >0if 6 > 1; f(2) > 0 if § < 1. It means that the condition of robustness
~ < 1 implies that f(z) — o as z — 0.

To help the search of valid densities for robustness purposes, we propose in Sec-
tion I a method of transformation of densities defined on R in order to devise a
density f such that zf(z) is log-exponentially varying in both tails. In Section I3, we
propose a family of densities resulting from this method of transformation.

4.1 Exponential transformation of densities defined on the real line

A simple method to devise densities defined on (0, 00) consists of the exponential trans-
formation of densities defined on R. For most of the known densities on R, the trans-
formation results in densities f such that zf(z) is log-exponentially varying at 0 and
0.

A well-known case is the exponential transformation of the standardized normal
density in a log-normal density f. The function zf(z) is then log-exponentially varying
at 0 and oo and its LE-credence is (2,1/2,0) in both tails, which is however too large for
robustness purposes.
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In general, we start with a random variable Y having a density g(y) defined on R
that is unimodal, symmetric with respect to the origin (g(y) = g(—y)), with a scale
parameter set to any value (1 by default). Let the cumulative distribution function of a
random variable Y be denoted by Fy (:) and its a-quantile be denoted by Qy (a), such
that

1 - Fy(Qy(a)) = Pr[Y > Qy(a)] = a.

Notice that by symmetry we have F(—y) = 1 — F(y) and Qy(a) = —Qy (1 — a), for
0<a<1,with Qy(1/2) =0.

We proceed now to the exponential transformation Z = exp(7Y’). The density of Z
is then given by

f(z) = (12)"'g(r7 og 2),

where 2,7 > 0. Notice the symmetry given by zf(z) = (1/2)f(1/z) resulting from
9(y) = g(—y), which means that the tail behaviour of zf(z) is the same at 0 and oo. If
we add a scale parameter s > 0, we have

Z|s R (1/s)f(2/s) = (r2) " g(r " log(2/s)).

It follows that F|s(z) = Fy (7~ !log(z/s)) and we obtain the relation of symmetry given
by Fzs(s/2) = 1 — Fyz5(s2). It also can be verified, for 0 < a < 1, that

Qz|s(a) = sexp(tQy (a)) and Qzs(1 — a) = s/ exp(TQy (a)) = 5*/Qs(a).
In particular, the median is Qz|(1/2) = s. The geometric mean of Qz,(1 — a) and
Qz|s(a) is hence the median s.

The parameter 7 can be used to control the dispersion of the density f. To simplify
the choice of 7, we can proceed as follows. For a given probability 1 — a (for instance
1 —a = 0.95), we choose an interval (1/b,b), where b > 1, that includes 1 — a of the
mass of the density f(z), that is such that

b
1-a=Pr[1/b<Z<b] = f(z)dz.
1/b

It necessarily follows that b = exp(7Qy (a/2)), and solving for 7, we find

7 = (logd)/Qy (a/2). (6)
Notice that the choice of 7 in (B) does not depend on the median s.

It is equivalent and possibly easier to choose an interval (s/b,sb) around a given
median s that includes 1 — a of the mass of the density (1/s)f(z/s), since

b sb
f(z)dz = f (1/8)f(z/s)dz = Pr[s/b< Z < sb| s].
1/b s/b
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It it also equivalent, in a Bayesian context, to choose a (1 — a)-credibility interval
for s given by (z/b, zb), since

b b 2b
f(z)dz = f(s)ds = f (1/s)(z/s)f(z/s)ds = Pr[z/b < s < zb | 2],
/b /b 2/b

where (1/s)(z/s)f(z/s) represents the posterior density of s given the observation z,
with 1/s as the non-informative prior and (1/s)f(z/s) as the model.

For example, we can choose g(y) = C(v)(v + y?)~“*TY/2 a Student density with
v > 0 degrees of freedom, where C(v) is the appropriate normalizing constant. Then
the “log-Student” density with parameters v and 7 is given by

f(2) = C(w)(m2) v + (log z)?/r?)~+1/2, (7)

where z,7 > 0. The function zf(z) is log-exponentially varying at 0 and oo with its
LE-credence given by (0,0,v + 1) in both tails, for any values of 7. Therefore, the
log-Student is a good candidate for robust inference.

Two other examples are the exponential transformation of the symmetric Laplace
and logistic densities, that behave as g(y) ~ exp(—|y|) as |y| — 0. It can be verified
that the “log-Laplace” and “log-logistic” densities behave as zf(z) ~ exp(—(1/7)|log z|)
as |z| — 0 or |z| — oo, with their LE-credence given by (1,77!,0). However, their tails
are not sufficiently heavy for robustness purposes.

To facilitate the search of appropriate densities for robustness’s sake, we introduce
in the next section a new family of densities.

4.2 The log-GEP, distribution

The generalized exponential power (GEP) density was first introduced by ()
and then by [Desgagné and Angerd (PIH) with a minor modification about the sign of
some parameters. It is a symmetric density around the origin, defined on the real line,
with a constant part in the center. Its interest lies in the large spectrum of its tail
behaviour. We propose in this section a modified GEP density with no constant part,
called generalized exponential power of the second form (GEP3), and its exponential
transformation defined on (0, ), called log-GEPs5.

The GEP; density is built with the right tail of the GEP density (proportional to
exp(—dy")y~*(logy)~?), translated to the origin and doubled.

Definition 6. A random wvariable Y has a GEPy distribution, written Y ~ GEPs (v,
0, v, 3,0), if its density is given by

9(y) = (1/2)K (7,8, 8,0) exp(=8([y| + 6)7)(ly| + 6)~*(log(|y| + 6)) 7",
where ye R, v2 0,0 20,aeR,eR,0 >0, and

(K(v,6,a,B,0))"" = LOO exp(—dy)y~*(logy) Pdy. (8)
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By convention, we set v = 0 if and only if § = 0. In order for g to be strictly positive,
continuous and proper, these additional constraints must be satisfied: i) 0 > 1 if 8 # 0,
%) 0>0if =0,aa#0,4i) a>1lora=1,>1ify=0=0.

The GEP5 density is symmetric with respect to the origin and is generally unimodal,
except possibly when a < 0 and/or 8 < 0. In this case, it suffices to choose 6 large
enough to guarantee unimodality, such that

¥007 + o+ 8/log 0 = 0. (9)
In particular, if 8 = 0, equation (8) is simplified as 8 > |a|'/7(y8) =17 if a < 0.

The log-GEP5 density is devised using the method of transformation described in
Section EI.

Definition 7. A random variable Z has a log-GEPs distribution, written Z ~ log-GEP,
(7, 9,, 8,0, 7), if its density is given by

f(2) = (1/2)K(v,6,a, 8,0)(12) " exp(=d(r~ | log 2| + 6)7)
x (17| log z| + 6)~*(log(7 | log z| + 6)) =7,

where z > 0, 7 > 0. The domain and constraints on the other parameters are given
in the definition of the GEPs distribution and the constant K (v, 6, , 3,0) is given by

equation (B8).

Ify<lorvy>1la=08=80=0,it can be verified that zf(z) is log-exponentially
varying at 0 and oo with LE-credences given by (v, /77, «). Notice that the parameter
6 has no impact on the tails if ¥ < 1. The term (log(7!|log z| + 0))~? is log-slowly
varying at 0 and oo since it behaves as (log|log z|)™? in both tails. A scale parameter
can be added, and as noticed in Section I, it corresponds to the median.

4.3 Special cases of the log-GEP, distribution

We now describe in more detail some special cases of the log-GEP, density for which
the normalizing constant is analytically tractable.

Log-normal distribution

Ify=20=1/2,a = =0 =0, then Z has a log-normal density with parameter 7,
given by
f(2) = (2m) 72 (72) 7  exp(—(log 2)?/(277)). (10)
The function zf(z) is log-exponentially varying at 0 and oo with LE-credence given by
(2,(27%)71,0). We have
Fy(2) = ®(1 ' log2) and Qz(a) = exp(r®~ (1 — a)),

where @ is the usual cumulative distribution function of a standardized normal.
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Log-Laplace distribution

Ify=606=1,a=p=0=0, then Z has a log-Laplace density with parameter 7, given
by
f(2) = (272) Lexp(—(1/7)|log 2|) = (272) 1z~ (1/7) sienlogz),

The function z f(z) is log-exponentially varying at 0 and oo with LE-credence given by
(1,771,0). Furthermore, we have

Fz(z) = (1/2) exp(—(1/7)|logz|) if 2 < 1

and
Qz(a) = exp(—7log(2a)) if a < 1/2.

Notice that Fz(1/z) = 1 — Fz(z) and Qz(1 — a) = 1/Qz(a). Furthermore, we can
simulate Z using Z = Qz(a) if a is generated from a uniform distribution.
Log-double-Pareto distribution

Ify=6d=p8=0,a=A+1,0 =1, where A > 0, then Z has a log-double-Pareto density
with parameters A and 7, given by

f(2) = A272) Y7 log 2| + 1)~ D, (11)

The function zf(z) is log-exponentially varying at 0 and oo with LE-credence given by
(0,0, A + 1). Furthermore, we have

Fz(z) = (1/2)(77logz| + 1) if 2 < 1 and

Qz(a) = exp(r((2a) V> = 1)) if a < 1/2.

Log-exponential-power distribution

Ifv>0,0>0a=0,8=86=0, then Z has a log-exponential-power density with
parameters vy, 6 and T, given by

f(z) = 767201 /7)) (r2) " exp(—67 | log 2|").

The function zf(z) is log-exponentially varying at 0 and oo with LE-credence given by
(v,6777,0). Furthermore, we have
1/7,07[log 2|7) .

if z<1,
2I'(1/)

where I'(a, b) = SZC u®~ ! e~"du is the incomplete gamma function, for a > 0 and b > 0.
In particular, I'(a,0) = I'(a) is the gamma function.

Fa(z) = 0

Notice that the log-exponential-power distribution includes the log-normal if v = 2,
0 = 1/2 and the log-Laplace if y = ¢ = 1.
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Log-double-generalized-gamma distribution

Ify>0,0=1,a=1-A(A>0),3=0,0>0,withf > 0if A # 1and § > ((A\—1)/y)"/7
if A > 1, then Z has a log-double-generalized-gamma density with parameters -, A, 6
and 7, given by

f(2) = (20 (N/7,607)) " (72) " exp(—(r"[log 2| +6)7)(7 " |log 2| + 6)* 1.

The function zf(z) is log-exponentially varying at 0 and oo with LE-credence given by
(v, 777, 1 =N ify<lory>1 A=1,60=0. Otherwise if v > 1, the parameter 6 has
an impact on the exponential term and zf(z) is no longer log-exponentially varying.
However it is not a problem for robustness, since v < 1 must be satisfied for conflicting
densities. Furthermore, we have

z < 1.

LM/, (rlog 2 + 6)7) .
Fy(z) = 00N, 07) if

Notice that the log-double-generalized-gamma(y, A, 0, 7) distribution includes the
log-exponential-power(v,d = 1,7) if A =1 and 6 = 0.

5 Example

Table 1: Prior and experts’ predictions, with their 95% credibility intervals.

Prior Experts
1 2 3 4 5
Predictions ¢, x1,...,25 4.5 | 2.25 4 4.5 5.2 12
Left bound ¢/by or z;/b; 1.25 1.5 2.5 3 3.2 10
Right bound ¢bg or x;b; 16.2 | 3.375 6.4 6.75 8.45 14.4
b; 3.6 1.5 1.6 1.5 1.625 1.2
7; (log-normal) .6535 | .2069 .2398 .2069 2477 .0930
7; (log-double-Pareto) | 1.5610 | .4941 .5728 14941 .bo17 2222
7; (log-Student) 14983 | .1577 .1828 1577 .1889  .0709

We consider a simple example of a portfolio manager that needs a prediction on the
volatility of a stock index represented by o, where the volatility is measured say by the
standard deviation of the next twelve monthly returns. He asks 5 experts (quantitative
models for instance) for their prediction on the volatility o, represented by the obser-
vations x1,...,x5, as well as a measure of confidence on their prediction, denoted by
b; > 1, where (x;/b;, x;b;) represents a 95% credibility interval for o, for ¢ = 1,...,5.
The manager wants to combine this information with his prior beliefs using the Bayesian
model described in Section BEOl. The prediction given by the prior is based on the histor-
ical median of the volatility, represented by ¢, and the measure of confidence is denoted
by by > 1, where 95% of the past volatilities lie in the interval (¢/bg, ¢bo).
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Data are given in Table M. The predictions and intervals are expressed in percent-
ages. Each of the densities «, f1, ..., f5 are modelled using three different distributions,
namely the log-normal(;) as given by (I0) with LE-credence given by (2, (277)~!,0), the
log-double-Pareto(A = 5, 7;) as given by () with LE-credence given by (0,0, 6), and the
log-Student(v = 5, 7;) as given by (@) with LE-credence given by (0,0,6),7 =0,1,...,5.
Notice that 7y is associated to w and 7; to f;. For each distribution, the parameter 7; is
set according to (O), where a = 0.05. The values of 7; are given in Table 0
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Figure 1: Example of non-robust modelling.

The inference on o is performed using its posterior density given by

on(alxs, d)oc(a/0)m(7/6) | [(@i/) filwi/o).

The functions (o/¢)w(c/¢) and (z;/0) f;(x;/0), as well as their product om(o|xs, ¢), are
plotted in Figure 0 when the densities are log-normal and in Figure @ when the densities
are log-Student. The graph for the log-double-Pareto densities is similar to Figure @ and
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Posterior as a Combination of Each Source
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Figure 2: Example of robust modelling.

hence is not shown. We see that experts 2, 3 and 4 (thin solid lines) provided similar
information. The prior information (dotted line) is also similar, but much more diffuse.
However, the information provided by experts 1 and 5 (dashed lines) seems in conflict
with the other sources, the common area shared with the others being small.

For the non-robust log-normal model (Figure M), the posterior information (thick
solid line) lies in an area largely ignored by most of the other sources of information,
except for the quasi non-informative prior and for expert 3. For the robust log-Student
model (Figure B), the posterior information (thick solid line) agrees with the prior and
experts 2, 3 and 4, but shares only a small area with the information given by experts
1 and 5, suggesting that the outliers are mostly rejected.

Posterior estimation of o is done using either the expectation E(o | x5,¢) or the
median Q|x,,6(1/2). Results are given in Table B. Different scenarios are considered:
i) experts 1 to 5 are included in the model; ii) experts 1 and 5 are excluded; iii) only
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Table 2: Posterior estimation of o.

Experts
Model Estimator | 1,2,3,4,5 2,34 2,345 1,2,3,4

1) Log-normal | E(o | x5,9) 7.37 4.56 8.64 3.74
Qomes(1/2) | 7.36 4.52 8.62 3.71

9) Log Student | E(o | xs,6) |  4.51 155 1.95 117
(log-normal prior) Qa\x5,¢(1/2) 4.48 4.52 4.87 4.17
3) Log-d.-Pareto | E(o | xs,¢) 4.53 4.53 4.74 4.35
(log-normal prior) Qa‘x5y¢(1/2) 4.50 4.50 4.67 4.35
4) Log-Student | E(c | x5,9) 4.51 4.55 4.92 4.18
(truncated prior) Qo‘x5’¢(l/2) 4.48 4.52 4.86 4.18
5) Log-d.-Pareto | E(o | x5,¢) | 4.52 152 1.68 138
(truncated prior) Q(r\x5,¢(1/2) 4.50 4.50 4.61 4.39

expert 1 is excluded; iv) only expert 5 is excluded.

For the model where each density is log-normal (model 1 in Table B), the posterior
expectation and the moments exist. However, if each density is either log-Student or log-
double-Pareto, the moments do not exist even if the posterior is proper, its tails being
too heavy. In this case, the inference can be done using quantiles such as the median.
Credibility intervals can also be calculated. If one prefers working with expectation and
moments, we propose two solutions.

A first solution is to use a log-normal density for one source of information. Ideally,
we choose a source that we absolutely trust in case of conflict (since it will never be
rejected) or that is so diffuse that a conflict with other sources is practically impossible,
as is the case in our example with the prior. This way, the moments exist and we can
estimate o with the posterior expectation. In our example, we use a log-normal for the
prior in models 2 and 3 (see Table O).

A second solution is to use a truncated prior. In our example, we use a truncated
log-Student in model 4 and a truncated log-double-Pareto in model 5. We can choose
points of truncation, say 1/t and ¢, with ¢ > 1 as large as we want, in accordance
with our context. For the calculation of the median with truncation, it would suffice to
choose t large enough to approach the median without truncation as close as we want,
since the posterior is proper. Theoretically, the (absolute) moments being infinite, their
value calculated with truncated prior increases with ¢. However, in practice it happens
that it increases at such a slow rate that it is not noticeable. It is the case in our
example, where the calculation of moments seems totally insensible to the points of
truncation beyond a certain threshold. Whether we choose ¢ = 30 or ¢t = 1000, it makes
no difference in the calculation of the expectation and variance, at a precision of at least
6 decimals. In our context, we are quite sure that the volatility will fall between 0.001%
and 1000%. This solution is interesting only if the moments are practically insensitive
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to the chosen points of truncation for ¢ beyond a certain threshold. Further analysis
would be necessary to better understand when this method works. For instance, we
noticed in our example that this insensitivity increases with the number of observations
in the model.

Using Theorem O, we know how the posterior behaves in the presence of conflicting
information. Robustness with the log-normal model is not guaranteed, since its LE-
credence is too large. For the log-Student or log-double-Pareto models, where every tail
has the same behaviour, robustness is guaranteed if the number of non-outlying values
is larger than the maximum between the number of left and right conflicting values. In
our example, it means that information given by experts 1 and 5 would be rejected as
they move away in each direction. Even if the results of Theorem 0 are asymptotic, we
see in Table B that rejection occurs efficiently with finite observations.

Notice first that every model gives essentially the same results when the conflicting
values (experts 1 and 5) are excluded, see the second column of Table B. That was
expected (and desirable) with the way we chose the parameters 7;. We can also observe
that estimation using either the posterior expectation or median gives similar results. In
the same way, estimation using a truncated or a log-normal prior for the robust models
gives similar results. Even the robust log-Student and log-double-Pareto models give
comparable results, which can be explained by their identical LE-credence.

We see that the log-normal model is largely influenced by expert 1 (E(o | Xn,®) =
3.74) and by expert 5 (E(o | Xn,¢) = 8.64) when they are added separately in the
model. The log-normal model is still contaminated when they are both added in the
model (E(o | Xpn, ¢) = 7.37). For the robust models, the influence of experts 1 and 5 is
already quite small and theory tells us that it would decrease to nothing if the conflict
would increase.

6 Conclusion

Full robustness has been investigated in Bayesian modelling of a scale parameter. The
log-exponentially varying functions have been introduced to provide a framework for
the characterization of the eligible densities that lead to robust inference. LE-credence
has been defined as the vector of parameters associated with a log-exponentially varying
function and has proved to be useful to characterize the thickness of a tail and to order
different tails. The log-regularly and log-slowly varying functions have also been defined
as a subclass of the the log-exponentially varying functions.

The main results are given in Theorem 0. Their nature is asymptotic, not in the
classical way where the sample size n — o0, but in the sense that the conflicting values
(some observations and/or the prior’s scale) move to 0 or oo. Nevertheless, the results
are still useful with finite information as it is shown in our example of combination of
experts’ opinions.

Essentially, robustness is guaranteed if: 1) the appropriate tail of a conflicting den-
sity, say f(z), is sufficiently heavy, more precisely if zf(z) is log-exponentially varying;
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2) if the right tail of the posterior density considering only the non-conflicting values is
lighter than the left tail of the posterior density considering only the large conflicting
values; 3) if the left tail of the posterior density considering only the non-conflicting
values is lighter than the right tail of the posterior density considering only the small
conflicting values. These conditions are intuitive and easy to verify. They are based
only on the densities of the model and on some limits; there are no integrals, derivatives
or cumulative distribution functions involved.

The principal result of robustness is given by the convergence in distribution of the
random variable o given the complete information to the random variable o given the
non-conflicting information, as the conflicting values (outliers and/or prior) tend to 0
or o0, at any given rate. Full robustness is achieved asymptotically, as the influence of
the conflicting values disappears completely as they move apart. We also found that
if the tail behaviour is the same for all densities, full robustness is guaranteed if the
non-conflicting values exceeds the conflicting values.

Practical concerns have also been addressed. The log-GEP, density has been intro-
duced to compensate for the rarity of densities appropriate for full robustness in a scale
parameter structure. A log-GEP; density, say f(z), has the property that zf(z) has the
same tail behaviour at 0 and oo, which is useful if we want to be equally protected against
conflicting values in all directions. Its large tail behaviour can be helpful for a user: it
includes the log-normal density, the log-Laplace and a diversity of log-exponentially and
log-regularly varying functions.

Practical considerations have also been addressed through an example of combina-
tion of experts’ opinions. Prediction of a scale parameter of interest is given by different
experts, as well as a measure of confidence on their prediction. It is shown how to reflect
this confidence in the modelling of the densities. The non-robust log-normal model is
compared with the robust log-Student and log-double-Pareto models. Even though the
theoretical results are asymptotic, the phenomenon of rejection occurred quite well in
this example with only five observations.

We also proposed solutions for the cases where modelling leads to posterior inference
with no existence of the moments, for instance when all densities are log-Student. One
can simply use quantiles, median and credibility intervals. If working with moments is
preferred, one solution is to model a non-informative or diffuse source of information
(usually the prior) with the lighter-tailed log-normal distribution. A second solution is
to use a truncated prior. We found that in practice (at least in our example), the choice
of the points of truncation beyond a certain threshold has no perceptible impact on the
posterior moments, at a precision of at least 6 decimals. While not conventional, we
think it is worthwhile to further investigate this approach.

This paper can be generalized in different ways. While the class of log-exponentially
varying functions is quite large, it still can be widened. We think the class of slowly
varying functions could be a good starting point, as suggested by Proposition B. Fur-
thermore, our results of robustness could be extended to include convergence of the
posterior expectation of functions. Finally, a thorough investigation on how the robust-
ness performs in practice with different modelling would be interesting.
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7 Proofs

Notice that, as mentioned in Section O, the square brackets distinguish asymptotic
behaviour at 0 from that at co.

7.1 Proof of Proposition 3

Since g € Ly 5.4(0[0]), we can write g(z) ~ exp(—d|logz|7)|logz|~*S(2), with S €
Ly(0[0]), as z — 0[0]. Then, considering o > 0 and using the Taylor series develop-
ment of |log z + log o|?, we have, as z — o0[0],

g(zo)  exp(—dllogz +loga|?)|log z + log 0| ~*S(z0)

9(2) exp(—6]log z|7)[log z[~*5(2)
o (sign(log 2) log o)y - (v —=1)--- (v = (k= 1)) | S(z0)
T exp (‘6 ,;1 k1| Tog 2[F— ) S(2)
~ S:SE(ZS)) exp (—6 (sign(log z)(log o)y|log z| ==
+ (logo)?y(y — 1)(1/2)|log 2|~ =) + ))
N S(zo)
S(z)

as long as 0 < v < 1. It suffices now to show that S(zo) ~ S(z), for any o > 0. The
power invariance of S(z) can be written as follows: VA > 1, we have, as z — o0[0],
1/ A<v< A= 5(2")/S(z) — 1, or equivalently

min(z'/*, 2*) < a < max(z'*, 2*) = S(a)/S(z) — 1.

If max(z,1/z) is large enough, specifically if max(z,1/2) = AMA=1 then it can be
verified that
min(z'*, 2*) < 2/ < 2X\ < max(z1/?, 2%).

It follows that, as z — o0[0],

z/IA<a<zA= 5(a)/S(z) > lor 1/ A< o< \= S(20)/5(z) — 1.

7.2 Proof of Proposition @

The proof for the case z — 0 is omitted since it is similar to the case z — o0. Using the
symmetry of f(z/0)f(0) around ¢ = 4/z, it can be verified that

o0 vz
f (1/0)f(2/0)f(0)/f(2)d0=2L (1/0)f(2/0) f(0)/F(2) do

0

Vz
= 2L (1/0)(z/0)f(z/0)0 f(a)/(2](2)) do
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Consider an intermediate variable 7 — oo as well as z — o0. We first choose a value
of 7 > 1 as large as we want, and once 7 chosen, we can choose a value of z as large as
we want. We split the integral in three parts between 0 < 1/7 <7 < 4/z.

Firstly, if 0 < o < 1/7,

(2/0)f(z/0)0f(0)/(2f(2)) < 0 f(0) > 0as 0 <1/7 =0,

using the monotonicity of the right tail of zf(z) for any z larger than a certain constant,
since z/0 = z1 = z for any 7 > 1. Similarly we have

1r 17
2f (1) f(z/0)f(0)/f(z)do <2 | f(o)do — 0 as 7 — .

0 0
Secondly, if 1/t <o < T,
lim f(2/0)[(0)/f(2) = o/ (o), (12)
using Proposition B since 1/7 < o0 < 7 and z — 0. We have

of(o)< sup of(o) > supof(o) as T — 0.
1/7<o<T >0

Notice that for a chosen 7, if z is large enough, equation () means that
f(z/o)f(o)/f(2) is bounded by say 20f(o) for 1/7 < o < 7. Therefore, we can use
Lebesgue’s dominated convergence theorem to pass the limit z — oo inside the integral
and we have

lim 2JT (/o) f(z/o)f(0)/f(2)do =2 ’ flo)do — 2 as 7 — .

20 1/ 1/7

For the third part of the integral, consider first v = 6 = 0, that is zf(2) € Ly (0),
where (7,4, @) is the LE-credence of zf(z). If 7 < 0 < 4/%,

VZI(WZ)

(/o)1) S/ (e (2) < Y25 2o )

~2%f(oc) >0as o =1 — w0,

using the monotonicity of the right tail of z f(z) for any z larger than a certain constant
since z/o > y/z, and using the definition of zf(z) € L, (00). Similarly we have

T

\/E o0
2J (1)) f(2)0) f(0)/ () do < 21+af F(o)do — 0 as T — .
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Consider now 0 <y <1, >0 and a € R. If 7 < 0 < 4/z, we have

(2/0)f(z/o)of(0) _ exp(—d(log(z/0))7)exp(—d(log o)) g(z/0)g(0)
2f(2) exp(—d(log 2)7) 9(2)
exp(—d(log(z/0))”) exp(—d(log o)”)
exp(—d(log 2)7) exp(—4(2 — 27)(log 0)7)
9(z'"")g(0)
9(z)
< 21 exp(=d(log 2)7 (1 — )Y + (27 = 1)7 — 1))
x exp(—0(2 = 27)(log o)) exp(¢(log o))

< 29l exp(—6(2 =27 —4)(logo)?) > 0 as 0 = 7 — w0,

x exp(—3(2 — 27)(log o)")

In the first equality, since 7 < 0 < /2 < z/0 < z/7 < 2, it suffices to choose 7 large
enough to write af(a) = exp(—d(loga)?)g(a) with g(a) € L,(0), where a € {0, z/c, z}.
In the second equality, we defined v = (logo)/logz, so we can write o = z” and
z/o = 217, Furthermore, we can verify that 0 < v < 1/2if 1 < 7 < 0 < /2. In the first
inequality, we used the definition of g(2) € L,(0), that is g(2*7%) ~ g(2)(1 —v)~%, and
since 1/2 <1—v <1, g(2' ") < g(2)2/°l. We also defined 1 such that 0 < ¢ <2 —27.
This means that exp(—¢(log0)?)g(o) < 1 for o = 7, if 7 is chosen large enough since the
exponential term dominates the log-regularly varying ¢g(o). In the second inequality, it
can be verified that the function (1—v)7+ (27 —1)v” —1 is non-negative for v € (0,1/2],
since it is concave and finds its minimum at v = 0 and v = 1/2 for a value of 0.

Similarly we have
ﬁ
2 [* /o) (a/0) 1)/ 1) do
< 2tlel F % exp(—6(2 — 27 — ) (logo)?) do

Q0
= 2l f exp(=0(2 =27 = 1))§7) df — 0 as T — ox.
log T

7.3 Proof of Theorem [

The proof of results a) to d) of Theorem [ are given in this section. We first need to
introduce intermediate functions and results. Let the function H (o, ¢, x,) be defined
as

W”*’”)H <<1/>f</>) (13

H(o,¢,%n) = 7(0 | xi, ™) ( (1/¢)m(1/¢) fi(:)

We can verify that

m(xn | §)7(0 | Xn, 9) (14)

o) = G T (U)o [Ty Fiw )
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Note that our assumptions on the densities =, f1,..., f,, imply that the posterior 7 (o |
Xi, ¢*) and 7(o | Xn, ) are proper densities. Considering that, and using (Id), we
obtain

m(Xn | ¢)
i | ) ((1/8)m(1/6) oo [Ty Frlw )i

From (I3), we see that result a) can be written as follows:

f: H(o, 6, %) do (15)

0
J H(o,¢,xpn)do — 1 as w — o0,
0
where H(o, ¢,%y) is given by (I3). Furthermore, dividing (IA) by (I3), we find
a0
70 | X0 8) = H(o,0050) | [ H(o.0.%0) o (16)
0

Equation (D) is useful for the proof of result ¢). Finally, from (I3) and (D), we have

(o | Xn, @) _ L ((a/@w(a/@)lm
m(o | xi,0%)  §F H(o,¢,xn)do \ (1/0)7(1/9)

n 1/0) f;(x;/o Li+r;
] (S

Equation (I0) is useful for the proof of result b). We now present some results.

Lemma 1. Conditions iii) and iv) of Theorem O are respectively equivalent to the
following equations:
om(o | X, pF°)
l l;
((1/o)m(1/a))* T (o filo))
om(o | xi, pF°)

(/o) (1)) TTi=y (o fil0))™

—0aso—0, and

— 0 as 0 — 0.

Proof. The proofs for conditions iii) and iv) being similar, we only present them for
the latter. We show both directions of the equivalence. Let p = min(¢,xy) and ¢ =
max(¢p, xx) if kg = 1, or let p = min(xx) and ¢ = max(xy) if kg = 0. We have, as
o — o,

o (o | X, $™) \e/9)ml(o/d)" T, ((xi/o) filwifo))"
(Vo)1 /o) TIZ, (ofilo)™  ((o)mn(1/o) ™ T, (o fi(o)”
_ (o/@)m(o/e) "™ TTiy ((wi/o) filwi/o)™
((a/o)m(a/0)) " TTi_ ((o/a) filo/a)™
_ (/aym(o/a) ™ T}, (
= ((g/o)m(a/o)) " T (

q

—0aso/q— 00— ©.

(q/0) fi(q/o)"
(o/q)fi(a/q)"

1
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If we consider the opposite direction of the equivalence, we have

(om(0) [Ty (/) i1/ (omlo))™ [T, (1/0)fi(1 /o))"
(/o) T (@)™~ (@ apm (/) [T (o) lon)”
_ ((op/0)m(op/0)" T, G4/ (o) s/ (op) "
= (W flonr( /o) Ty ((on) filon))”
; (op)n(op | x0) ,
(o)1 /lop)) " [T, ((op) Filom)”

Scale invariance for conflicting densities and monotonicity of the tails of 27w (z) and z f;(2)
are used. O

—0asop —> 00— ©.

Corollary 1. There exists a non-decreasing step function hy(o) defined on (0,1) such
that hy(o) > 0 as 0 — 0 and

om(o | xk,gbk“)
((1/o)m(1/0) T, (o fi(0))"

and there exists a non-increasing step function ho(o) defined on (1,00) such that ha(o)
— 0 as o — o and

< hy(o), foro <1,

om(o | X, ¢)

(1/o)w(1/0))" [ iz (a fil0))™

< ha(o), foro > 1.

The existence of the functions hy (o) and ha(o) simply arises from the definition of
limit.
Proposition B (scale invariance) and Proposition B (product of random variables)

can be used on the tails involved in conditions i) and ii). A corollary of Proposition O
is given as follows.

There exists a constant K > 1 such that
o]
| W Gro10)/5) do < K, as 2 = ool
0
and

sup f(2/0) f(0)/f(2) < K, as z — oo[0].

o>0

And by a change of variable ¢/ = 1/0, we also have

Jo (1/o)f(z0)f(1/0)/f(2)do < K, as z — o[0],
and
(Srlilgf(w)f(l/a)/f(z) < K, as z — o[0].

Notice that K can be chosen large enough to be valid for all involved densities.
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Proof of result a) of Theorem [

Consider an intermediate variable 7 — o0 as well as w — o0. We first choose a value
of 7 > 1 as large as we want, and once 7 chosen, we choose a value of w as large as we
want. The integral of result a) is divided into three parts between 0 < 1/7 < 7 < 0.

Ifl/r<o<r,

lim H(o,$,%xn) = 7(0 | Xk, $*°),

w—00

using Proposition B since 1/7 < ¢ < 7 and w — . Notice that for a chosen 7, if w
is large enough, it means that H (o, ¢, xy,) is bounded by say 27 (o | xx, ¢*) for 1/7 <
o < 7, which is integrable. Therefore, we can use Lebesgue’s dominated convergence
theorem to pass the limit w — oo inside the integral and we have

lim H(a,qﬁ,xn)dazf m(o | Xk, ¢*)do — 1 as 7 — 0.

w—®0 1/ 1/

If o > 7and rg+ 7 >0, then

GH(Uv ¢a Xn)

- UW(U\Xk,cﬁ’W) (W(U/ )™ (1/0)>T° <fi($¢/0)fi(ff))”
((1/o)m(1/0)" [Ty (o fi(o))" m(1/¢) i1 )

fi(w;
e (P

i=1
S hy()K™ > 0as 7 — .

R)

Monotonicity of the tails of z7w(z) and z f;(z) is used in the first equality for any w larger
than a certain constant since 0 = 7 > 1. In the second inequality, we use ha(0) < ha(7T)
for ¢ = 7 > 1 from condition iv). Proposition O is used in the last inequality. Similarly,
we have

LOOH(U, ¢,Xn) do

<no 5 (%) (a5 @

< ho(T)K™! - 0 as 7 — 0.

If o =7 and rog +r =0, we have

oH(0,¢,%y) < om(0 | X3, ¢") - 0 as 0 = 7 — 0,
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and

0 o0
J H(o,¢,%xn)do SJ 7(o | xi, 9" )do — 0 as 7 — 0.

If o <1/7 and Iy + 1 > 0, then

oH(0,$,%n)

_ om(o | X, ¢k°> (w(a/eﬁ)w(l/o))“ ﬁ <fi<xi/o>fi<a>)“
(1/o)m(1/o) TTiy (o fi(o)) \ 7(1/9) fi(w:)
w(o/)n(1/o)\" 1% ( filzi/o) fi(o)\"
hl(””( w(1/9) ) H( Ji(@) )
hi(1/T)K' - 0as 7 — o0,

i=1

Monotonicity of the tails of zw(z) and zf;(z) is used in the first equality for any w
larger than a certain constant since ¢ < 1/7 < 1. In the second inequality, we use
hi(o) < hy(1/7) for ¢ < 1/7 < 1 from condition iii). Proposition O is used in the last
inequality. Similarly, we have

1/7
H(o,¢,xn)do

o[ (4530 (Y

< h(1/7)KY - 0 as 7 — .

0

If o <1/7 and iy +1 = 0, we have
oH(0,¢,%y) < on(0 | X, ¢*) - 0 as 0 < 1/7 — 0,

and

1/ 1/
H(o,$,xn)do < J (0 | X, 9*)do — 0 as 7 — 0.
0 0

Proof of result b) of Theorem 0O
From equation (I4), we find that

(0 | Xn, §)
(o | Xk, ¢F0)

for any o > 0, using result a) of Theorem O and Proposition B.

— 1 as w — o0,
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Proof of result c) of Theorem O

From equation (@) and result a), we have

om(o | Xn, P) = aH(U,¢7xn)/Loc H(o,¢,%xp)do

~ oH(o,¢,%y) as w — .
And as shown in the proof of result a),
ocH(o,¢,xn) > 0asw — o0 and 0 — 0 or 0 — o0,

at any given rate.

Proof of result d) of Theorem 0

We first write result d) as follows. Yd > 0, we have, as w — o0,
0 0
U 70 X 9)do = [ (o x10647) do| 0,
d d

We also write result b) as follows. V7 > 1, we have, as w — o0,

11 <o <7=m(0]|Xn, ¢)/m(0 | xx, ™) — 1.

We choose any fixed d > 0. Then consider an intermediate variable 7 — o0 as well
as w — 0. We choose a value of 7 as large as we want, and once 7 is chosen, we choose
a value of w as large as we want, to make the difference in absolute values as close as
we want to 0. In particular, we choose 7 = max(1/d,d) < 1/7 < d < 7, which means
that (d,7) € (1/7,7).

Firstly, since 7(o | xi, ¢*) is a proper density, we have,

Q0
J (o | Xk, p*) do — 0 as 7 — 0.

T

Secondly, considering that 7(o | xi, ¢*°) and 7(c | xn, @) are proper densities and
using result b), we have, as w — o0,

T

fooﬂ(o | Xp, @) do < l—fT (0 | Xn, @) do ~ 1—f 7(o | Xk, p*°) do

T 1/7 1/

— 0, as 7 — o0.
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Thirdly, using result b), we have, as w — 0,

JT (o | Xn, ¢) do — JT 7o | xi, ¢*) do

d d

< L |7(0 | Xn, @) — 7(0 | X1, ¢)| dor

~ [ 700 13066 In(o | xa,6)/(0 | 30,6%) = 1] do

< [0 [, 0)/x(0 [ 300:6) 1| [ (o | 3000 dor

< (0" | 30 0)/7(0" | 350, 6) — 1] — 0, a5 w0 > o0,
for a o* € (d,7) € (1/7,7).

Combining these three results, we have

JOO (0 | Xn, ¢)do — J:O (o | xk,d)ko) do

d

<

JT 7w(o | Xn, ¢)do — fT (o | xx, o*) do

d d

+ joc 7w(o | Xn, @) do + JOO (o | Xk, gbk") do

T T

—0as 17,w — 0.
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