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Abstract

In this paper, we point out several problems in the different definitions (and related results) of penalty functions found in the
literature. Then, we propose a new standard definition of penalty functions that overcomes such problems. Some results related to
averaging aggregation functions, in terms of penalty functions, are presented, as the characterization of averaging aggregation func-
tions based on penalty functions. Some examples are shown, as the penalty functions based on spread measures, which happen to be
continuous. We also discuss the definition of quasi-penalty functions, in order to deal with non-monotonic (or weakly/directionally
monotonic) averaging functions.
© 2016 Published by Elsevier B.V.
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1. Introduction

Aggregation functions [1,2] are mainly used for obtaining a single output value from several input values. This
procedure is indispensable in many applications, such as fuzzy rule based systems and classification systems [3—5],
pattern recognition, image processing [6] or decision making [7,8]. Examples of aggregation functions are t-norms and
t-conorms, uninorms, overlap and grouping functions, weighted quasi-arithmetic means, ordered weighted averaging
(OWA) functions, Choquet and Sugeno integrals (see, e.g., [3,4,9-11]).
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In particular, averaging aggregation functions [1,12] provide output values that are bounded by the minimum and
maximum of the inputs, representing a consensus value of the inputs. They include a large class of functions (e.g.,
quasi-arithmetic means, medians, OWA functions and fuzzy integrals), which are often used in preference aggregation,
aggregation of expert opinions, judgments in sports competitions. See [12] and the references therein.

Penalty functions have been defined as a measure of deviation from such a consensus value, or a penalty for not hav-
ing a consensus, and have been studied by several authors, e.g., [8,11-20]. Examples of functions that minimize some
penalties, called penalty-based functions, are the weighted arithmetic and geometric means, the median and the mode.

After the early works by Yager [13], Yager and Rybalov [14] and Calvo et al. [15], Calvo and Beliakov [11]
provided a general definition of penalty function (and the corresponding penalty-based function) in 2010 and tried
to show that every averaging function can be represented as a penalty-based function, studying a large class of such
averaging aggregation functions. This definition did not encompass all the required features to agree with the intuition
carried by the concept of penalty, and for this reason, other different definitions of penalty functions appeared in the
literature (see, e.g., [8,16-18]).

However, we have found several problems in those different definitions, as well as in their related results, which
prevent their use in real world applications and also in further theoretical research. Then, the objectives of this paper
are:

e To shortly describe the evolution of the idea of using penalty functions in aggregation/fusion processes, by pre-
senting the different definitions of penalty functions found in the literature, pointing out several problems we have
encountered;

e To analyze and discuss such problems, proposing a new standard definition of penalty functions that overcomes
all of them, that is, encompassing the most important compatible properties of the existing definitions, but sup-
pressing the controversial ones;

e To present some important results related to averaging aggregation functions, as the characterization of penalty-
based averaging aggregation functions;

e To present some examples, as the continuous penalty functions based on spread measures [21], which formalize
the measures of absolute spread known from statistics, exploratory data analysis and data mining (e.g., the sample
variance, the standard deviation and the range), and are able to measure the deviation that exists among the
different inputs (and so, they are conceptually related to penalty functions);

e To sketch the definition of quasi-penalty functions, in order to deal with non-monotonic (or weakly/directionally
monotonic) averaging functions, (e.g., the mode, which is weakly monotone, robust estimators of location and the
least median of squares estimators) [12,18,22].

The paper is organized as follows. Section 2 presents some preliminary concepts, including new results that are
necessary for the development of the paper. Section 3 recovers the evolution of the definition of penalty functions
since it was initially proposed, analyzing and discussing the problems we have encountered. Our proposal for a new
standard definition of penalty functions, and the related results, are introduced in Section 4, which also discusses
the use of spread measures to obtain continuous penalty functions and mentions the role of quasi-penalty functions.
Finally, Section 5 is the Conclusion.

2. Preliminaries

For the sake of completeness, we recall here some mathematical notions and results that will be useful for our
subsequent developments. We also introduce some results that are necessary for the development of the paper, and fix
some notations.

We denote by I a closed subinterval of the extended real line, i.e., I = [a, b] C R. We start by recalling the notion
of convex and quasi-convex function.

Definition 2.1. A function f : 1 — R is convex if for every x, y € I and for every X € [0, 1] the inequality

fOx+A-=Dy) =Afx)+A =D fQ)
holds.
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Definition 2.2. A function f : 1 — R is quasi-convex if for every x, y € I and for every A € [0, 1] the inequality

SOx + 1 —=2r)y) <max{f(x), f(M}
holds.

Proposition 2.1. Consider 1 = [a, b] C R and a function g : 1 — R. If there exists ¢ € | such that g is decreasing on
[a, c] and increasing on [c, b, then g is quasi-convex.

Proof. Consider ¢ € I such that g is decreasing on [a, c] and increasing on [c, b], x,y € I, A € [0, 1] and define
z=Ax + (1 — A)y. Then, one has the following cases:

1. If x < ¢ < y then we have that x < z <y and:
(a) If z < c then, since g is decreasing on [a, c], we have that g(z) < g(x) and, then,

glx + (1 —21)y)=g(z) <max{g(x), g(y)}.

(b) If ¢ <z then, since g is increasing on [c, b], we have that g(z) < g(y) and, then,

gOx + (1 —A)y) =g(z) =max{g(x), g(y)}
2. If max{x, y} < c then, since g is decreasing on [a, c], we have that g(z) < g(x) and g(z) < g(y). It follows that

glx + (1 —2)y)=g(z) <max{g(x), g(y)}.

3. If ¢ < min{x, y} then, since g is increasing on [c, b], we have that g(z) < g(x) and g(z) < g(y). It follows that

glx + (1 —=A)y) = g(z) <max{g(x), g(»)}.
O

Proposition 2.2. Consider the function g : 1 — R. Then it holds that:

(i) If g is monotonic then g is quasi-convex,
(ii) If g is convex then g is quasi-convex;
(iii) If g is convex then g has a minimizer in L.

Proof. To prove (i), consider Proposition 2.1 and observe that whenever g is increasing then ¢ = a, and if g is
decreasing, then ¢ = b. The proofs of (ii) and (iii) are immediate [23,24]. O

Example 2.1. Consider ¢ € R. The constant function g. : I — R, defined, for all x € [, by

gc(x) =c, (D

is convex, and thus, quasi-convex. Additionally, whenever % : [ — R is a quasi-convex function, then, for all k € R,
the function gy x : I — R, defined, for all x € [, by

&hk(x) =h(x) +k, 2
is also quasi-convex. In fact, for all x, x» € I and for each A € [0, 1], one has that:
ghik(Ax1 + (1 —2)x) = h(Ax; 4+ (1 —Vxp) +k
< max{h(xy), h(x2)} + k
=max {gn i (x1), gk (x2)},

which shows that g,  is quasi-convex.
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Example 2.2. Consider § € R. The function gjg : I — R, defined, for all x € I, by
g =160—y| 3)

is convex, and, hence, by Proposition 2.2(ii), it is quasi-convex.

From the point of view of the present work, the most relevant fact about quasi-convex functions is the following
property shown in [24]:

Proposition 2.3. Let f : 1 — R be a quasi-convex function. Then, the set of minimizers of f is either empty or a
connected set.

Observe that on the real line, a connected set must be an interval which can be closed, open or semiopen.
Along with the definition of quasi-convexity, and since we are going to require that the set of minimizers of the
considered quasi-convex functions is not empty, we also need the notion of lower semicontinuity [23].

Definition 2.3. A function f : I — R is lower semicontinuous at xo € I if

lim inf f(x) > f(xo0).
X—>Xq

Analogously one defines upper semicontinuity. Observe that a function is continuous at xo € I if and only if it is
upper and lower semicontinuous there [23].

Lower semicontinuity on a compact domain ensures that the set of minimizers of a function is not empty [25]. It
follows that:

Proposition 2.4. Let f : 1 — R be a lower semicontinuous function, with 1 bounded. Then, the set of minimizers of f
is not empty.

Combining Propositions 2.3 and 2.4, we get the following result, which is key for our subsequent developments.

Corollary 2.1. Let f : 1 — R be a quasi-convex and lower semicontinuous function, with I bounded. Then, the set of
minimizers of f is a connected non-empty set.

In the rest of this section, we consider n-ary functions, with n > 2.
Now, we recall here the definition of idempotent function.

Definition 2.4. A function F : " — R is idempotent if, for every x € I it holds that
F(x,...,x)=x.
We also review the notions of aggregation and averaging aggregation functions.
Definition 2.5. [1,2] A function A : [0, 1] — [0, 1] is said to be an n-ary aggregation function if:
(A1) Ais increasing1 in each argument: for each i € {1,...,n}, if x; <y, then A(xy,...,x,) < A(x1,...,Xi—1,),
Xitls s Xn)3

(A2) A satisfies the boundary conditions: A(0,...,0) =0and A(1,...,1)=1.

Definition 2.6. An aggregation function f : [0, 1]" — [0, 1] is called averaging if it is bounded by the minimum and
maximum of its arguments, that is, for all (xy, ..., x,) € [0, 1]", it holds that:

min{xy,...,x,} < f(x1, ..., X)) <max{xy,..., xp}.

U In this paper, an increasing (decreasing) function does not need to be strictly increasing (decreasing).
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Due to the monotonicity of aggregation functions f, the averaging behavior is equivalent to the idempotency

property.
Finally, we present the notion of spread measures, introduced by Gagolewski in [21], which are not aggregation
functions in general. Spread measures formalize the measures of absolute spread.

Definition 2.7. The mapping V : I — R is a spread measure if:

(V1) For each ¥ <, x/ it holds that V(¥) < V (x');
(V2) For any x €I it holds that V(x,...,x) =0

where <, is a preorder on [" defined by
X=pX Vi, j=1,...,n:(x —xj)(xl{—x}) >0 A |xi—xj |§|xl{—x} [, 4)
and meaning that ¥ does not have greater absolute spread than x’.”

When the property (V2) is replaced with a stronger property (V2’) V(X) = 0 if and only if X = (x, ..., x), the
spread measure is said to be strong.
Define

)_5<nx’<:)(\7’i,j:l,...,n:(x,~—xj)(xf—x})EO/\ |x,~—xj|§|xl{—x} D
A@rse{l, ... on}:(x —x)(x, —x) = 0A | x, — x5 |<| x| — x5 |),

meaning that ¥ has strictly smaller absolute spread than X',
When X <,, x’ and this implies the strict inequality V(X) < V(x’ ), we say that this spread measure is strict.

Remark 2.1. Consider c € T and X = (xq,...,X,),c=(c,...,¢),Xc = (x1 + ¢, ..., x, +c) € I". Then, it is easy to
check that ¢ <,, X. However, whenever there exist r, s € {1, ..., n}, such that x, # x;, then one has that ¢ <, x. On the
other hand, since X <, x. and x, <, X, then, for any spread measure V : [" — R™, it holds that V (x.) = V (X), that
is, V is shift invariant in the sense of Gagolewski [21] (a constant change in every input does not result in a change of
the output).’

Proposition 2.5. Any strict spread measure V : 1" — R is strong.

Proof. Lgt V be a strict spread measure. From (V2), it js immediate that if ¥ = (x, ..., x) €I, then V(¥) = O;Now,
consider x’ = (c, ..., c) € [" and ¥ € I, such that X # x’. Suppose that V(¥) = 0. By Remark 2.1, one has that x’ < X.
However, by (V2), one has that

V) =V(e,...,c) =0 £0=V(),

which is a contradiction, since V is strict. Then, one concludes that X = (c, ..., ¢). Therefore, V is strong. O

Example 2.3. Examples of spread measures include the variance and the standard deviation. The variance can be
computed as:

n—1 n

V) =— ZZ(x, —x))>.

i=1 j>i

Another useful spread measure is the mean absolute deviation MD, given by:

2 Tn the definition of the preorder <, (Eq. (4)), the condition Vi, j =1, ..., n:(x;— xj')(xi/ — x;) > () means that X and +/ should be comonotonic
[2].

3 Observe that there is another notion of shift invariance related to aggregation functions given by Lazaro et al. [26] (a constant change in every
input should result in a corresponding change of the output), which also appears in [2], but, in this case, not every spread measure is shift invariant.
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l n n
MDE)=—3 > Ixi—xl

i=1 j=I

Both spread measures are strict.
3. Different definitions of penalty functions

Yager [13] in 1993 has attempted to present the initial ideas related to the use of a penalty function to help aggrega-
tion processes. In that paper, Yager introduced the notion of a penalty cost that may be attributed to some input datum
x;, whenever one disregards it by concluding as a result of the aggregation process some value y that conflicts with x;.

Later, in 1997, Yager and Rybalov [14] have considered the idea of using the minimization of a penalty function as
amethod for obtaining a fused value of a collection of n observations,* organized in an input vector X = (x1, ..., x,) €
R". We formalized their approach here, as follows:

Definition 3.1. The function L P : R> — R is said to be a local penalty function if, for any x;, x i»y€e€Randi, j=
1,...,n, it satisfies:

(LP3.1-1) LP()C[, y) = 0, ifx,' =Yy;
(LP3.1-2) LP(xj,y) > 0,if x; # y;
(LP3.1-3) LP(x;,y) > LP(xj,y),if |x; —y|>|x; — |,

where y is called the fused value related to each observation in X.

Remark 3.1. Note that the conditions (LP3.1-1) and (LP3.1-2) are equivalent to:

LP(x;,y) =0 if and only if x; = y.

Definition 3.2. Let L P : R — R* be a local penalty function. A penalty function P : R"+! — R+ is defined, for any
XeR"and y € Ras:

P(F,y)=) LP(x;,y), (5)

i=1

where y € R is called the fused value of x € R".

The function P measures the total penalty incurred, whenever y is the fused value of the vector X. The best
(optimum) fused value of the elements in X is the value y* that minimizes the penalty function P. Thus, the fused
value of X, namely, f(x1,...,X,), is obtained as the value y* such that

P(X,y*) =min P(%, y).
1

The function f, in more recent works, is called a penalty-based function, or P-function, for short.
In the Problem 1 bellow, we point out an important issue related to Yager and Rybalov’s approach:

Problem 1. It is clear that the output y* minimizing the total penalization P (X, -) in general need not exist, or there
can exist more than one solution [14].

By providing different forms for the penalty function, Yager and Rybalov [14] presented different forms of fusion
methods. For example, in one of these methods the penalty function is described by the absolute difference between
an input x; and the fused value y, which resulted in the median type aggregation.

4 In [14], the observations may be of any type, even of non numeric type. For the sake of simplicity, in this paper we consider just numerical
values.
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When assuming that each of the observations has an associated weight function (e.g., the weight can be a measure
of the importance or reliability of a certain sensor), the weighted penalty function is obtained as follows:

Definition 3.3. Let L P : R> — R* be a local penalty function. The weighted penalty function w P : R*t! — R¥ is
defined, for any X € R” and y € R as:

wP (%, y) =Y w;LP(xi,y), (6)
i=1

where w; > 0 is the weight associated to the observation x;, withi =1, ..., n.

Remark 3.2. Observe that there are no conditions imposed on the weights w; associated to the observations other
than w; > 0and )/, w; > 0.

Let I = [a, b] C [—00, +00]. In 2004, Calvo et al. [15] have slightly modified the approach proposed in [14],
introducing the following definition’:

Definition 3.4. The function LP : 12 — [0, oo] is a local penalty function on I if and only if, for any x,y € I, it
satisfies:

(LP3.4-1) LP(x,y)=0ifx =y, and
(LP34-2) LP(x,y) > LP(z,y), wheneverx >z>yorx <z =<y.

Considering the local penalty LP : 1> — [0, oo], a penalty function P : I"*t! — [0, co] is defined similarly to
Equation (5).
To avoid Problem 1, Calvo et al. [15] restricted their considerations to local penalty functions satisfying

LP =Ko f, thatis, LP(x,y) = K(f(x), f()), 7

where f : 1 — [—00,400] is a continuous strictly monotonic function and K : [—o0, +00]? = [0, oo] is a local
penalty function, which is convex in each component. Such local penalty function is called a faithful local penalty
function.

Adopting faithful local penalty functions LP : 1> — [0, 0o], a penalty function P : I"*! — [0, 0o] is defined
similarly to Equation (5). Then, Calvo et al. [15] introduced the following definition:

Definition 3.5. Let L P : 1> — [0, oo] be a faithful local penalty function. A function fp : Upen I" — 1, defined for
all x eI" and n € N, by

Iz +r3
2 9

frx) =
where

I;=influel|VYvel: P(xX,u) < P(X,v)}

ry=sup{lu €l |Vvel: P(X,u) < P(X,v)}

is called a penalty-based function, or P-function, for short.

Analogously to Definition 3.3 and considering faithful local penalty functions, Calvo et al. [15] have incorporated
quantitative weights into the definition of penalty functions.

5 In [15], the local penalty function of Definition 3.4 was called simply penalty function. We decided to maintain the nomenclature introduced in
[14] in order to facilitate the comparison between the approaches.
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Remark 3.3. Equation (5) may be rewritten as:

P(E,y)=)_ D(x,y),

i=1

where the dissimilarity D is given in the form

D(x,y) = K(f(x) = f(»),

for a convex function K : [—o00, +00] — [0, co] and a continuous strictly monotonic function f : I — [—o0, +00].
By Proposition 2.2(iii), K has a minimum. Observe that convex real functions having a unique minimum K (0) =0
can be constructed easily. Moreover, the penalty function P is, in fact, related to a one-variable functions, which can
be seen as a distance function. In this case, one always obtains an idempotent aggregation function, which in case
that f is linear then is also shift invariant in the sense of Gagolewski [21] (see Remark 2.1). This approach is related
to the so-called Daréczy means, where one does not look for minimizers, but for solutions of Z;’zl ¢ (xi,y) =0,
where ¢, for each fixed y, is continuous and strictly decreasing in x and ¢ (y, y) = 0 (e.g., in case of smooth «-means,

¢(x,y) =k (f(x) = fFM)).

In fact, although the approach by Calvo et al. [ 15] is very simple and sound, one can point out an important problem,
which has motivated the researchers to the search for other complementary approaches:

Problem 2. The weakness of the approach of Calvo et al. [15] is that not all idempotent aggregation functions can
be obtained by this method, as idempotent uninorms® and nullnorms.” This is the case of the idempotent uninorm
U : [0, 11> — [0, 1], defined by

max{x, y} ifx,ye]0,e]
min{x, y} otherwise,

Ux,y)= {
where e € ]0, 1] is the neutral element of U [27].

In order to have a more general definition, and towards to have solution for Problem 2, in [11], Calvo and Beliakov
introduced the following definition of a penalty function:

Definition 3.6. The function P : I"*! — [0, o] is a penalty function if and only if it satisfies:

(P3.6-1) P(%,y) >0, forall X,y;
(P3.6-2) P(x,y)=0if x =y, and®
(P3.6-3) For every fixed ¥, the set of minimizers of P (X, y) is either a singleton or an interval.

Definition 3.7. A penalty-based function f : " — I is defined, for all X € X", by
f(X) =argmin P(x, y), (8)
y

if y is the unique minimizer, and y = # if the set of minimizers is the interval ]a, b[ (or [a, b]).

We abbreviate penalty-based function as P-function.

6 A uninorm is a bivariate aggregation function U : [0, 1]2 — [0, 1] that is associative, commutative, and with neutral element e € ]0, 1[. [1]
7 A nullnorm is a bivariate aggregation function V : [0, 1]2 — [0, 1] that is associative, commutative, and such that there exists an element
a €10, 1] verifying: (i) V¢ € [0,a] : V(t,0) =¢, (i) YVt € [a, 1] : V (¢, 1) =1 [1]
8 Observe that the vector ¥ should be defined as y = (y, ..., y), although the authors did not mentioned that in [11].
——

n times
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Remark 3.4. In Definition 3.6, observe that:

1. The condition (P3.6-1) is redundant, since this is a consequence of the fact that the range of the function P is
[0, oo].
2. A singleton can be seen as a degenerated interval {k} = [k, k].

Definition 3.6 presents some problems identified below.
Problem 3. Consider I = [—o00, +00] and the penalty function P (X, y) = 0. Then, the P-functionis f(X) = w
However, the paper does not provide an algebra for [—o0, +00], so the value is not properly defined.

Problem 4. Calvo and Beliakov claim that “any P-function is idempotent” [11, page 1424, paragraph before Note 3],
which is a reasonable property for developing some applications. However, we found that their definition of penalty
function may give rise to a P-function that is not idempotent. For example, consider P : [0, 11" — [0, 0o] defined
by

0 ify<uxi;

P(xi,...,x,,y)= .
(x1 nY) 1 otherwise.

Clearly, P is well defined and satisfies (P3.6-1) and (P3.6-2). P also satisfies (P3.6-3), since the set of minimizers of

P(x1,...,x,,y) 1s [0, x1]. Therefore, according to Definition 3.6, P is a penalty function. However, the P-function
f:10,11" — [0, 1] is defined by f(X) = %, for each x1, ..., x, € [0, 1], and, thus, f is not idempotent.

In [17], Beliakov and James discussed the problem of aggregating some special kind of discontinuous intervals,
which they called non-convex intervals, providing a different definition of penalty function, as follows:

Definition 3.8. The function P : [0, 17! — [0, oo] is a penalty function if and only if it satisfies:

(P3.8-1) P(x,y)=0ifx; =y, forall i;
(P3.8-2) P(%,y) > 0if x; # y for some i, and
(P3.8-3) For every fixed X, the set of minimizers of P(X, y) is either a singleton or an interval.

The concept of penalty-based function, for a penalty function in the sense of Definition 3.8, is defined analogously
to Definition 3.7.

Definition 3.8 is not equivalent to Definition 3.6. For instance, the function P = 0 considered in the discussion of
Problem 3 above is not a penalty function in the sense of Definition 3.8.

Remark 3.5. In Definition 3.8, the Problems 3 and 4 are solved. In particular, conditions (P3.8-1) and (P3.8-2)
guarantee that any P-function is idempotent.

Observe that the restriction of the domain to [0, 1]’”rl is not very significant, since the results can be extended to
any other bounded interval in a straightforward way.

As pointed in [ 17, Remark 1], the conditions (P3.8-1) and (P3.8-2) of Definition 3.8 are equivalent to the condition
(P3.8-1) substituting the “if” by “if and only if”’ (as made, more recently, in [18]). With this in mind, we can infer that
the P-functions based on the notion of penalty function provided in Definition 3.8 are necessarily idempotent.

Now observe that there are many averaging functions that are P-functions. For example, the arithmetic mean AM
can be generated from

> (xi —y)?
i=1

P()?,y)=T»

which is a penalty function in the sense of Definition 3.8.
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A question arises: “Is each averaging aggregation function a P-function?” To answer this question, Calvo and
Beliakov in [11, Theorem 1] provided the following theorem:

Theorem 3.1. /11, Theorem 1] Let f :1" — 1 be an idempotent function. Then there exists a penalty function
P 1" — [0, ccl, such that

fx) =argmyinP(f,y)-

Remark 3.6. The proof of [11, Theorem 1] is not valid when one considers the Definition 3.8. In fact, if
A :[0,1]" — [0, 1] is an averaging aggregation function, then the function P, : [0, 17"t — [0, 1], defined by
Pa(X,y) =| A(X) — y |, is not a penalty function in the sense of Definition 3.8, since, whenever one takes y = A(X),
it holds that P4 (X, A(X)) = 0, for each ¥ € [0, 1], and, thus, the property (P3.8-2) fails.

In this paper, we answer the question discussed in Remark 3.6 providing a stronger theorem than the (non-proved)
Theorem 1 in [11] in the context of Definition 3.8:

Theorem 3.2. A function f :[0,1]" — [0, 1] is a P-function, for a penalty function in the sense of Definition 3.8, if
and only if f is idempotent.

Proof. (=) If P : [0, 1]"*! — [0, oc] is a penalty function in the sense of Definition 3.8, then, by the conditions
(P3.8-1) and (P3.8-2), the set of minimizers of P(X, ) when X = (x, ..., x) is {x}. Therefore, one has that

f(x,...,x)=argmin P(x,...,x,y)=x,
y

and, thus, f is idempotent.
(<) Consider an idempotent function f : [0, 1]* — [0, 1], € > 0, and the function Py : [0, 11"+ = [0, +o0],
defined by

if x; = y for each i

PGy =1°
X, = o ;
7 | f(X) —y| + € otherwise.

Clearly, P(X, y) > 0if x; # y for some i (P3.8-2), and, additionally, P (X, y) > 0 if x; # y for some i (P3.8-1). Now
observe that the set of minimizers of Py (X, -) is the singleton { f (X)} (P3.8-3), and, thus, we have that Py is a penalty
function, in the sense of Definition 3.8, and f(X) = argmin Py(X,y). O

y

Note that Py can be defined for any function f, and the corresponding Py-function g : [0, 1]* — [0, 1], for ¢ €
[0, 1], is given by

g(x)={c ifx=1(c,...,c);

f(x) otherwise,

and hence g = f if and only if f is idempotent.
It follows that each averaging aggregation function is a P-function, for a penalty function in the sense of Defini-
tion 3.8.

Remark 3.7. The proof of Theorem 3.2 uses the same argument as that in [11], but with an extra term, which makes
the penalty function discontinuous. Later we show that one can define a continuous penalty function, e.g., by using a
suitable spread measure [21].

More recently, Wilkin and Beliakov [18] discussed the non-monotonic averaging problem by using weakly mono-
tonic aggregation functions (see also [3,22]). For example, the mode is non-monotonic but weakly monotonic idem-
potent function. They introduced the following definition of a penalty function [18, Definition 10], which overcomes
some restrictions:
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Definition 3.9. For any closed, nonempty interval I C [—o00, +o¢], the function P : " S Risa penalty function if
and only if it satisfies:

(P3.9-1) P(%,y) >c,forall ¥ €I",y €1, for some constant ¢ € R;
(P3.9-2) P(%,y)=cifandonlyifall x; =y, foralli=1...n, and
(P3.9-3) P is quasi-convex in y for any X.

Remark 3.8. In this definition, negative penalties are allowed, although one may consider ¢ = 0. Observe that there
exists in the literature the use of some negative “penalty” parameters, but in other different contexts, such as (i) partial
differential equations, in order to keep the error due to the violation of the constraints within a desired tolerance [19],
and (ii) linear systems of equations, for the modeling of tyings (constraints that relate multiple degrees of free-
dom) [20]. In the context considered in this paper, as discussed in Section 2, negative penalties have no meaning.
We also observe that, in [8], Bustince et al. used a definition of penalty function that is a particular case of Defini-
tion 3.9 by considering only non-negative penalties.

Remark 3.9. Observe that, whenever one considers P (X, y) > ¢ in (P3.9-1), then one has that P —c¢>0and P — ¢
is also a penalty function giving the same output. Although one can point out that there is no need to consider such
general lower bound ¢, we remark that this is not a problem of Definition 3.9.

Remark 3.10. In this definition, Problem 4 is solved. In particular, condition (P3.9-2) guarantees that any P-function
is idempotent. However, Problem 3 remains. In fact, consider ¢ € R and the function P : [—oo0, +oo]”+1 — R, defined
by:

PG.y) ¢ ifxj=y, foralli=1...n
X,y)=
Y 2c¢ otherwise.

It is immediate that P satisfies (P3.9-1) and (P3.9-2). Moreover, for a fixed X, one has the following cases:

Case 1: There does not exist z € [—00, +00] such that X = (z, ..., z). In this case, it holds that:
P(X,Ay1 + (1 = A)y2) =2c =max{P (X, y1), P(X, y2)}.
Case 2: There exists z € [—00, +00] such that X = (z, ..., z). Thus, whenever Ay; + (1 — A)y2 = z, then
P(X,Ay1 + (1 —N)y2) =c <max{P(x, y1), P(X, y2)}.
Otherwise, if Ay; + (1 — X)y» # z, then one has that either y; # z or y» # z. Suppose y; # z. Then it holds that
P (X, y1 + (1 = 1)y2) =2¢ =max{2c, P(X, y2)}.

Analogously, one shows the same result for y, # z.

This proves that P is quasi-convex in y, for any x. Thus, P is a penalty function in the sense of Definition 3.9.
Then, the P-based function f : [—o0, +00]" — [—00, +00] is such that f(X) = _°°2+°°, when X satisfies the Case 1
above.

Remark 3.11. In [ 18, Theorem 1], the authors state that any idempotent function can be represented as a P-function,
and, in [18, Corollary 1], they affirm that any averaging aggregation function can be expressed as a P-function. How-
ever, the proofs are not presented. In particular, the problem discussed in Remark 3.6 in the context of Definition 3.9
remains.

Problem 5. Contrary to what is claimed in [ 18], quasi-convexity does not guarantee non-empty sets of minimizers (see
Corollary 2.1). Since an empty set is trivially convex, quasi-convex functions may have an empty set of minimizers.
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Example 3.1. Consider the function P : [0, 1]3 — R, defined by

0 ifxi=x=y;
P(x1,x,y) =1y ify> 12
1 ify <232 A {x1,x0) # {y)
Trivially, P satisfies (P3.9-1) and (P3.9-2) for ¢ = 0. Consider y;, y» € [0, 1] and A € [0, 1]. Without loss of generality,
we assume that y; < y. Consider y = Ay; + (1 — A)y>. Then, we have that y; <y < y,. It follows that:

1. If x; =x3 =y then P(x1,x2,y) =0 <max{P(x1, x2, y1), P(x1,x2, y2)}.
2. If y > 132 then
P(x1,x2,y) =y
=»n
= max{P(x1, x2, y1), y2}
=max{P(x1, x2, y1), P(x1, x2, y2)}.
3. Ify < % and {x1, x} # y then

P(x1,x2,y)=1
=max{l, P(xy, x2, y2)}
=max{P (x1, x2, y1), P(x1,x2, y2)}.

Therefore, one concludes that P satisfies (P3.9-3), that is, P is quasi-convex in y for any (x1, x2). Now, consider the
P-function f(x1, x2) = argmin P(xy, x2, y). For x; = 0.4 and x, = 0.6, the set of minimizers is empty.
y

4. A proposal for the definition of penalty functions and related results

Taking into account all the problems in the definitions of penalty function existing in the literature, as we discussed
in the previous section, in the following we propose a new definition that encompasses all conditions for it to satisfy
the desired properties of the notion of penalty, allowing for its use in applications.

Denote by I € R any closed real interval.

Definition 4.1. For any closed interval I C R, the function P : I"*! — R™ is a penalty function if and only if there
exists ¢ € R such that:

(P4.1-1) P(Z,y)>c,forallx e,y el;
(P4.1-2) P(X,y)=cifandonlyif x; = y,foralli =1...n, and
(P4.1-3) P is quasi-convex lower semi-continuous in y for each x € I".

Remark 4.1. Observe that, differently from Definition 3.9, Definition 4.1 considers only non-negative ¢ values (see
Remark 3.8).

Definition 4.2. Let f : " — I be a function and P be a penalty function in the sense of Definition 4.1. Then f is said
to be a P-function if, for each X € I"*, one has that

a+b

fo=2

)
where

la,b] =cl(Minz(P(X,-)))
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P, P
A f

F(X)—a+c+e

b-F(X)+c+e

r 2
(F(%) =x=y,)
Fig. 1. A penalty function Py : [a, bt 5 R
and Minz(P(X,-)) is the set of minimizers of P (X, -), that is:
Minz(P(X,-))={yel| P(X,y) < P(X,z), foreachz €}, (10)

and cl(S) is the closure of § C II.

Remark 4.2. Regarding Definition 4.2, observe that, from Corollary 2.1, the properties of quasi-convexity and lower
semicontinuity of a penalty function P imply that the set of minimizers of P (X, -) is either a singleton or an interval
(see Definition 3.6 and 3.8).

Theorem 4.1. A function f :1" — L is a P-function in the sense of Definition 4.2 if and only if f is idempotent.

Proof. (=) If P : "t — R™ is a penalty function in the sense of Definition 4.1, then, considering the conditions
(P4.1-1) and (P4.1-2), the proof is analogous to the proof of Theorem 3.2 (=).

(<) Consider an idempotent function f : 1" — I, € > 0, ¢ > 0 and the function Py : "*+! — RT, defined, for all
X e€l" and y €1 by:

if x; =y for each i

) (11)
| f(X) —y|+c+e otherwise.

Pr(X,y) = {
Fig. 1 helps to follow the proof. It is immediate that: (P4.1-1) P(X, y) > c,forall X € I", y € I, and (P4.1-2) P(X, y) =
c if and only if x; =y, for all i = 1...n. To prove (P4.1-3), we firstly show that Py is quasi-convex in y for each
fixed X € I". For that, observe that one of the following cases holds:

1. Py (X, y) = c. In this case, one has that Pf()?, y) = gc(y), where g, is the constant function defined in Equa-
tion (1), with ¢ > 0, which is quasi-convex as shown in Example 2.1.
2. Pf()?, y) =| f(X) — y | +c + €. In this case it holds that:

Pr(X,y) =g r@ () +c+€=gg . cre) (V)

where 8lIFE is defined by Equation (3), with 6 € [0, 1], and 8y /@) (c+e) is defined by Equation (2), with k =
¢+ € > 0. By Corollary 2.2, one has that g| s(z) is quasi-convex. Then, as shown in Example 2.1, g¢ ¢/ (c+¢) 18
also quasi-convex. .
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It remains to show that Py is lower semi-continuous in y. Since f is idempotent, then, for all yo € I and xel,
whenever x; = yg, for all i, then one has that f(X) = f(yo, ..., yo) = Yo. It follows that:

lim inf Py(X,y) =] f(X) —yo|+c+e=c=Pr(x, yo),
y—>Yo - ’

where liminf is the limit inferior (of the function Py at point yg) for a fixed X. This concludes the proof that P is
a penalty function in the sense of Definition 4.1. In addition, since the set of minimizers of Py (X, -) is the singleton
{f ()}, we have that f(X) =argmin Pf(X,y). O

y o

Observe that Theorem 4.1 provides a method for the construction of a penalty function Py for each considered
idempotent f. However, such penalty function Py is not continuous (see Remark 3.7). In the following example,
we show that using spread measures it is possible to define a continuous penalty function Py, for an idempotent
function f.

Example 4.1. Consider an idempotent function f :I" — I, ¢ > 0 and the function Py : "+ — R*, defined, for all
X el and y €I by:

Pr(X,y)=| f(X) =y | +V(¥) +c, (12)
where V is a strict continuous spread measure. We show that Py is a continuous penalty function:
(P4.1-2) If P;(X, y) = c then one has that f(X) —y =0 and V(X) = 0. Since V is strict, by Proposition 2.5, V is

strong, and thus, X = (k, ..., k), for some k € I. Since f is idempotent, it follows that x; = k = y, for all i. On the
other hand, whenever x; =y, for all i, then, since f is idempotent, it holds that:

Pr(y,....y, »)=1fQ,....») =y +V(Q,....,y) +c=c.
——
n
(P4.1-1) Clearly, P(X, y) > c if x; # y for some i.
(P4.1-3) The function Py is clearly continuous (and, thus, lower semicontinuous), and, for each fixed X, it is defined

on a bounded, closed interval, so it attains a minimum. Furthermore, considering Example 2.1 and Corollary 2.2, one
has that

Pr(X, ) = &g 0, (V@) +0) ()

and, then, Py is quasi-convex in y (note that the quasi-convexity in y does not depend on V). Thus, by Corollary 2.1,
the set of minimizers is in fact a non-empty connected set. Then, Py is a continuous penalty function (in all variables),
in the sense of Definition 4.1, and f(¥) = arg min Pr(X,y).

y

The next example shows another way of constructing penalty functions.

n

Example 4.2. Consider I = [a,b] C R, a # b. Let W = (wy, ..., wy,) be a weight vector, with Y w; = 1, and
i=1

A :T" — I be an aggregation function such that

n
A(xl,...,xn):Zwixi S X1 =...=X;.

i=1
Then the function P4 : I"t! — R, defined, for all ¥ € I" and y €1, by:

n
ly — A, ..., x) | ify=) wix;,
Pa(x1, ..., Xp,y) = i=1

b—a otherwise
is a penalty function. It follows that, considering ¢ = 0, trivially, (P4.1-1) holds for all X € I" and y € I. To show
n

(P4.1-2), observe that whenever P4(x, ..., x,,y) =0 then y = A(xy, ..., x,). Thus, one has that y = ) w;x; =
i=1
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n n
A(x1, ..., xp), and, then, it holds that x; = ... =x, = x, thatis, y = Y w;x; =x Y_ w; = x. On the other hand, if
i=1 i=1

n
X|=...=Xx, =y, thenone has that y = > w;x; = A(xy, ..., X,), and, thus, P4(xy, ..., x,,y) =0.
i=1
Before we prove the property (P4.1-3), observe that, since A is clearly idempotent (and, then, it is an averaging
function), for each x € I"* it holds that

min{xy, ..., x,} < A(x1, ..., X;) <max{xy,...,x,}.

Thus, for each y € I, one has that

b—a>max{| y —min(x,...,x,) |, | y —max(xy,...,x,) [} > |y —A(x1, ..., X0) | -

Therefore, it holds that P4 (x1,...,X,,y) <b —a.
Now, suppose that y = Ay + (1 — A)y;, for some A € [0, 1]. Then, one has the following cases:

1. y1 # y or y, # y: then either
Pa(x1,....,xq,y1)=b—a
or
Pa(x1,..., %0, y2) =b —a,
and, therefore, it is immediate that
PA(XI,'--,xn,Y)Sb_a:maX{PA(xl,'--,xn,)’l)vPA(xlyuo,xn,)’Z)}'
2. y =yj = yz: then trivially
PA(x]9"‘9xnay)ZmaX{PA(xl’"'ax}’hyl)’PA(x]5"'5xnﬂy2)}'

Hence, the conclusion is that P4 is quasi-convex.

n
To show the lower semi-continuity of P4 in y, fix X € I" and consider yg € I. If yo # Y w;x; then it holds that
i=1

liminf P4 (X, y) =b —a = Pa(X, yo).
Y=o
n
On the other hand, if yp = ) w;x; then one has the following cases:
i=1
1. yo=x1 =...=x,: in this case, we have that
liminf P4(X,y) =b —a > 0= Ps(X, yo).
y—=Yo
2. yo # x; for some i: here, one has that
liminf P4(X,y) =b—a >|yo — A(x1, ..., x,) |= Pa(X, yo).
y—=>Yo

It follows that P, is lower semi-continuous. Thus, (P4.1-3) is valid. In addition, since the set of minimizers of P4 (X, -)
is {Z:’Zl w;Xx;}, we have that Z;‘:l w;x; = argmin P4 (X, y). Moreover, in case that x; = ... = x,, then one has that
y

A(X) = argmin P4 (X, y).
¥

From Theorems 3.2 and 4.1, one has that a function f : [0, 1]* — [0, 1] is a P-function in the sense of Definition 4.2
if and only if f is a P-function in the sense of Definition 3.8.
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Corollary 4.1. Let A : 1" — 1 be an increasing function. A is an averaging aggregation function if and only if A is a
P-function in the sense of Definition 4.2.

Proof. (=) Since A is an averaging aggregation function, than it is idempotent. The result follows from Theorem 4.1.
(<) Itis immediate. O

Observe that Corollary 4.1 says that each increasing P-function is an averaging aggregation function.

Lemma 4.1. Let f : 1" — [ be an idempotent function. Then there is a penalty function P such that f is a P-function
and, for each ¥ € 1", P has just one minimizer, that is, Minz(P(x’,-)) is a degenerate interval.

Proof. It is straightforward, since Py in Equation (11) is a penalty function, in the sense of Definition 4.1, that has
just one minimizer foreach x € I". O

In what follows, denote the set of closed sub-intervals of T by Il = {[x, y] CT|x < y}.

Theorem 4.2 (Characterization of averaging aggregation functions based on penalty functions). A function A : 1" — 1
is an averaging aggregation function if and only if A is a P-function in the sense of Definition 4.2 for a penalty function
P satisfying:

VX, x' el % <x' = cl(Minz(P (%, ) <gm cl(Minz(P(x',-))), (13)

where Minz is defined in Equation (10) and <k y is the Kulisch—-Miranker interval order restricted to Il [28], defined,
forall [x, y], [x',y'] €1, by

[x, ] <km [x', Y1 x<x'andy <y’

Proof. (=) Let A : 1" — I be an averaging aggregation function. It follows from Lemma 4.1 that there is a penalty
function P4 in the sense of Dehmtmn 4.1, such that A i isa Py- function and the sets of minimizers of P4 are always
degenerate 1nterva1s Consider X, x” € I'" such that ¥ < x’. By Lemma 4.1, one has that Minz(Pa (x ) =la, a] and
Minz(Py (x ) =[a’, a'], for some a, a’ € I. Then, since A is increasing, it holds that A(X) < A(x/) and, therefore,
by Equation (9), it follows that a = # < # = a’. Hence, it holds that Minz(Pa(X,-)) <gxm Minz(Pa ()Z’, J)),
and, thus, cl(Minz(Pa(x, ")) <gm cl(Minz(Pa (;’, -))). Therefore, Pé satisfies Equation (13).

(<) Denote [a, b] = c[(Minz(P(X,-))) and [a’, b'] = cl(Minz(P(x',-))) and suppose that A is a P-function in
the sense of Definition 4.2 for a penalty function P satisfying (13). Then, for all X, x’ € I" such that X < x’ it holds
that [a, b] <gm [a’,b'], that is, a < a’ and b < b’. Then one has that A(X) = # < # = A();/), and, therefore,
A is increasing. The result follows from Corollary 4.1. O

Remark 4.3. Recently non-monotone averaging functions were discussed in [12,18]. The mode is a prominent exam-
ple of a non-monotone averaging idempotent function, which is also weakly monotone. Other examples include robust
estimators of location such as the least trimmed squares and the least median of squares estimators [12,18,29]. Non-
monotone idempotent functions can also be expressed as minimizers of certain expressions. The mode, for example,
is the minimizer of the following function

0, ifx;=y,

P(,y)=) p(xi,y)  where p(xi,y)= (14)

P 1 otherwise.

Note that this function is not quasi-convex, and therefore is not a penalty function in the sense of Definition 4.1.
Beliakov and Wilkin [ 18, Definition 12] proposed the following definition suitable for many non-monotone averaging
functions:
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Table 1
Comparison among the different definitions of penalty functions.

Property Definition 3.6 Definition 3.8 Definition 3.9 Definition 4.1

PR, »)=0 X
x; # y for somei = P(X,y) >0
xi=y=PX,y)=0 X
P(}sy)=0<:>xi =Yy

P(X,y)>c,ceR X
P(X,y)>c,ceRT

PX,y)=c&xij=y X
Quasi-convexity X
Lower semi-continuity

The set of minimizers is either a X X

singleton or an interval

el

R ool

Forallxel",yel,i=1...n.

For any closed interval I C R, the function P : I"*! — R is a quasi-penalty function if it satisfies:

(i) P(X,y)>c forallx el", y €l and some constant c € R;
(ii) P(X,y)=cifandonlyifall x; =y, foralli=1...n, and
(iii) P (X, y) is lower semi-continuous in y for any X.

We note that the values of ¢ can be restricted to non-negative numbers. Also note that this definition differs from
Definition 4.1 by the absence of quasi-convexity of P. As a consequence of lower semi-continuity, P necessarily has
a non-empty set of minimizers (see Proposition 2.4), but it is not necessarily an interval. For example, for any X with
distinct components, the function (14) has multiple minimizers at x;,i = 1, ..., n, which all can be taken as the mode
of such an input vector.

5. Conclusion

In this paper, we recovered the evolution of the definition of penalty functions since it was initially proposed,
analyzing different definitions as well their related results, and discussing their properties and problems. We then
provided a new definition of penalty function, which requires the conditions that are compatible with what one means
intuitively by penalty function, but suppressing the theoretical gaps we have found in the previous definitions, so
allowing its application in real-world problems, and providing the basis for further theoretical developments.

We also gave an example of penalty functions based on spread measures, and, to deal with non-monotonic (or
weakly/directionally monotonic) averaging functions, we discussed the definition of quasi-penalty functions, so pro-
viding more flexibility in their use in different applications. Several results were presented, as the characterization of
averaging functions based on penalty functions.

In order to summarize the discussion provided in this paper, Table 1 presents a general comparison among the main
properties of the different definitions of penalty functions after Calvo and Beliakov [11] (Definition 3.6).

In the future, we intend to study the incorporation of weights to our proposed approach.
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