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Abstract

In this work, we introduce the notion of targeting for multi-
criteria decision making. The problem consists in select-
ing the best alternatives related to one particular alterna-
tive, called the target. We use an axiomatic approach to this
problem by establishing properties that any targeting method
should satisfy. We present a representation theorem and show
that satisfying the main properties of targeting requires aggre-
gating the evaluations of the alternatives related to the target.
We propose various candidate targeting methods and examine
the properties satisfied by each method.

Introduction

In this work, we tackle the following problem: suppose you
have a set of objects or alternatives, each evaluated accord-
ing to multiple criteria. Traditional multi-criteria decision-
making approaches (Greco, Ehrgott, and Figueira 2016;
Bouyssou et al. 2000) typically aim to identify the best op-
tions among all alternatives. However, our focus is different.
Instead of seeking the overall “best” alternatives, we aim to
identify the best alternatives relative to a specific, targeted
alternative, which we simply call the target. This target has
a distinctive evaluation across the criteria, and our goal is
to find the best alternatives most relevant to it. We term this
problem targeting.

For example, imagine Agathe, a user, browsing through a
selection of laptops and choosing one to use as a reference
or target based on her personal preferences. This target lap-
top might perform well in terms of battery life (c;), average
in connectivity (cz), but poorly in terms of processing speed
(c3). Agathe may not be explicitly aware of these last two
criteria, but she selects the laptop because she values its long
battery life, which aligns with her specific needs (e.g., fre-
quent travel). She is not looking for the “best” laptop overall;
rather, she is asking Brian, the shop staff, to recommend al-
ternatives that are similar to her chosen laptop, particularly
those with strong battery performance. Agathe’s target lap-
top serves as a point of reference, and Brian’s goal is to find
the best alternatives in the same direction, i.e., laptops with
improved battery life, as selecting laptops based on high pro-
cessing speed would be irrelevant to Agathe. Our aim is to

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

36732

approach this problem systematically by providing a set of
principles to guide the targeting process.

Previous work related to the selection of solutions has ex-
plored selecting subsets of nondominated solutions, often to
avoid overwhelming users with too many options, which can
impede effective decision-making. One common approach is
to select k diverse solutions, i.e., a set of £ nondominated so-
lutions that are as far apart as possible in the solution space,
maximizing pairwise diversity (Hebrard et al. 2005; Masin
and Bukchin 2008; Petit and Trapp 2015). Another approach
focuses on selecting a representative subset of the solution
space (Vaz et al. 2015; Schwind et al. 2016; Demirovi¢ and
Schwind 2020). These studies primarily aim to reduce the
output size or computational effort but do not consider meth-
ods tailored to a specific target. More closely related to tar-
geting is the work by Schwind et al. (Schwind et al. 2014),
which introduced solution concepts aimed at identifying the
best point in the direction of a given ideal point, that is,
any arbitrarily chosen point that dominates the utopia point.
However, their approach applies specifically to multiobjec-
tive constraint optimization problems, with the ideal point
always lying outside the solution space. In contrast, our ap-
proach considers a target within the solution space itself.
This is particularly practical when a user wishes to improve
upon a specific alternative, especially when the set of objec-
tives is not fully understood. Our contribution is also novel
in that we formalize the targeting process through a set of
properties, providing a principled framework for selecting
alternatives. This allows one to better understand the be-
haviour of the different methods and to compare them more
easily. This also allows us to show that the methods that sat-
isfy the set of main properties we proposed have to use an
aggregation function on the evaluations of the alternatives.

In the following, we begin by introducing necessary pre-
liminaries before defining a set of principles and properties
relevant to the targeting problem. We then characterize these
principles in terms of preference orderings over alternatives,
showing that functions satisfying these properties must per-
form an aggregation of the evaluations across the criteria.
Building on this, we propose specific choice functions, ana-
lyze their properties, and illustrate their behavior through an
example.

All proofs are available in (Schwind et al. 2026).



Preliminaries

We are given a finite set of objects (also called alternatives)
Q = {o1,...,0,}, which we will refer to by the letters p,
q, v, and a is a specific object from €2 called rarget. We
are also given a finite set of criteria C = {c1,...,¢n}. In
this work, each criterion ¢; is a function ¢; : @ — Rt
that assigns a non-negative value to each object with re-
spect to the ¢-th criterion. The higher the value of a crite-
rion for an object, the better the object is considered for that
criterion. We will denote by «y(p) the vector of evaluations
of object p € 2 with respect to the set of criteria C, i.e.,
’Y(p) = (Cl(p)7 ey Cm(p))'

A subset S of C is called a support. Intuitively, a support is
a set of criteria relevant for evaluating and comparing objects
in a given context. We denote by S the complement of S in
C,ie,S =C\S.LetS C C and p,q € Q. We say that
p Pareto dominates q on S, denoted by p ti q, whenever
¢i(q) < c¢i(p) for each criterion ¢; € S. In other words,
p Pareto dominates g on S if p is “at least as good as” g on
each criterion in the support S. Note that >3 defines a partial
ordering on (2, and we denote by > the strict part of =3
(.e.,p =3 qiff p =3 gand ¢ #° p), and by ~° its symmetric
part (i.e., p :f qiff p tf q and ¢ ti p). Given a subset of
objects O C €, the Pareto front of O restricted to S is the
set PFs(0) = max(0,=3) = {p € O | Vq € O,q #3 p},
i.e., PFs(O) consists of the objects in O that are not strictly
Pareto dominated on S by any other object in O.

Given an object a € (2, the support of a, denoted by S(a),
is the set of criteria on which a has a strictly positive eval-
uation', i.e., S(a) = {¢; € C | ¢;(a) > 0}. Given a sup-
port S C C and an object p, let vs(p) be the evaluation of
p restricted to S, i.e., ys(p) = (¢i, (p), ..., ¢, (p)) where
{i1,...,ix} = Sand i; < i, iff j < j'. In particular, note
that ¢ (p) = ~(p), and p = qiff vs(p) = 75 (q)-

A targeting method is a mapping  : 29 x Q — 29
that associates every subset of objects O C 2 and a target
a € () with a subset of objects, denoted by 5, (O), such that
Ba(O) C O. Our goal is to specify a set of properties that an
appropriate targeting method should satisfy. This will be the
focus of the next section.

Properties on Targeting Methods

Let us introduce a set of properties that a targeting method
[ should satisfy. We divide these properties into two groups:
the first group consists of the main properties that we expect
every targeting method to satisfy, while the second group
contains optional properties that may be relevant for specific
subclasses of targeting methods.

For simplicity in presenting the properties, in the remain-
der of this section, we assume the following variables to be
universally quantified: a, a;, as, a3 are any objects from §2;
O and O’ are any subsets of (; p, ¢ are any objects from O;
S is any support with S C C; ¢;, ¢; are any criteria from C;
x is any number in R™; u is any number in Q*; and 7 is any
permutation of {1,...,m}.

'Note that it is also possible to choose another value than 0 as
threshold if one wants to be more selective on the relevant criteria.
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Main Properties

We begin by introducing the key properties for targeting
methods.

The first requirement is that the method always returns a
result when the input set is non-empty:

S1 If O # ) then B,(O) # 0

The second requirement is that the method must guarantee
that two targets with the same evaluations lead to the same
best elements. This property ensures that there is no other
information than the evaluations of the target that is taken
into account for selecting the results.

S2 Ify(a;) = v(ag), then Ba, (O) = Ba, (O) Neutrality

Next, the property of (Contribution) requires that only the
evaluation of objects is used to determine the best elements,
with only the relevant criteria — the support of the target —
being considered:

Non Vacuity

S3 Ifp~5® gand p € Ba(O), then g € Ba(O)
Contribution

Note that (Contribution) implies a property of
“Anonymity,” stating that two objects with identical
evaluation vectors are treated equivalently:

If y(p) = v(¢) and p € Ba(O), then g € Fa(0)
Anonymity

Indeed, p ~3® ¢ always holds whenever v(p) = v(q)
holds, irrespective of the target’s support S(a).

The next property ensures that all criteria that are relevant
according to the target are considered during evaluation.
Specifically, if one object strictly outperforms another on
those criteria, the underperforming object cannot be among
the best:

S4 Ifp =>® ¢, then g & Ba(O)

This implies that the best objects selected by [ are al-
ways within the Pareto front of O restricted to the tar-
get’s support. Formally, if 3 satisfies (Responsiveness), then
Ba(0) C PFs(a)(0).

The next property ensures consistency when restricting
the evaluation to a subset of objects. If we consider a subset
of O that includes some of the best objects from the original
set, these objects should remain the best in the subset:

S5 IfO' COand B.(0O)NO" # 0,
then 34 (0') = Ba(0) N O’

This guarantees that the selection process is robust to fo-
cusing on smaller subsets.

The following property ensures that criteria on which the
target performs identically have exactly the same impact on
the evaluation of the objects. Specifically, if switching an
object’s evaluation on two such criteria produces an eval-
uation that matches another object, the two objects should
be considered equivalently good. This property guarantees
that some criteria are not intrinsically (arbitrarily) more im-
portant than others. This also emphasizes the fact that we
consider a commensurability between the criteria. If for an

Responsiveness

Contraction



application this is not the case from the scales used for the
different criteria, then a first homogenization/normalization
step will be required to make the scales commensurable.

$6 If cia) = cj(a), p XM g e(p) = ¢(g),
¢j(p) = ci(q) and p € Ba(O), theng € Ba(0)
Equivalence

So, this property ensures that the evaluation respects a
form of symmetry when criteria are evaluated identically by
the target.

The next property captures the intuition that criteria where
the target performs better should have a stronger influence
on object evaluation. If one criterion is more important for
the target, and objects differ only on these criteria, the ob-
ject with better performance on the more important criterion
should be preferred:

S(a)\{eci,c;
ST If ci(a) > ¢i(a), p LM g i) > (),

cj(p) = ci(q) and ¢;(p) = ¢;j(q), then ¢ € B(O)
Relevance

The next property reflects the idea that if an object is the
best for two disjoint sets of criteria, it should remain the best
when these criteria are combined. Formally:

S8 IfS(a;)NS(az) = 0 and v(az) = v(a1) + v(az), then
Ba, (0) N Bay (O) € Ba, (0) Composition

This property ensures that the targeting method respects
the independence of unrelated sets of criteria.

Finally, the (Decomposition) property complements
(Composition) by ensuring that the best objects for a union
of independent criteria sets are precisely those that are best
for both individual sets:

S9 If S(a;) N S(az) = 0, y(az) = v(a1) + v(az), and

ﬁal (O) N /832 (O> 7& Q)» then ﬂa3 (O) g 631 (O) N 632 (O)
Decomposition

So we are seeking for targeting methods that satisfy this
set of nine properties.

Optional Properties

Let us now introduce additional properties that may define
sensible subclasses of targeting methods. While not manda-
tory, these properties offer desirable behavior in specific
contexts, depending on the goals and constraints of the tar-
geting method.

The first property, (Dominance), ensures that the selected
best objects always Pareto-dominate the target.

O1 Ifp € Ba(O)anda € O, thenp =3 a Dominance

This property is particularly relevant when the goal is to
ensure that the best objects are never worse than the target. It
is useful in applications where maintaining or exceeding the
target’s performance across all relevant criteria is essential.

Next, the (Compensation) property assumes that the eval-
uation scales of all criteria are the same. This means that if
two criteria are equally valued by the target, increasing one
while decreasing the other by the same amount results in an
equally good object:
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02 Ifp :i(a)\{ci’cj} ¢, ci(a) = ¢j(a), ¢i(q) = ci(p) — =,
Cj(Q) = Cj(p) +x andp S ﬂa(0)7 then qc ﬁa(O) .
Compensation

This property is valuable when trade-offs between criteria
are meaningful and the criteria are expressed on comparable
scales. It is particularly suitable for scenarios where flexibil-
ity in balancing trade-offs is necessary.

Note that this property is a strengthening of the (Equiva-
lence) property:

Proposition 1 If 3 satisfies O2, then it satisfies S6.

We can also show that the (Dominance) and (Compensa-
tion) properties are fundamentally incompatible when com-
bined with the required (Non-Vacuity) property (S1). This
incompatibility arises because (Dominance) disallows trade-
offs that (Compensation) requires:

Proposition 2 If (3 satisfies S1, then it cannot satisfy both
01 and O2.

This highlights the need to carefully choose between these
properties depending on whether guaranteeing that the best
objects are at least as good as the target or allowing trade-off
flexibility is more important.

The following (Optimality) property requires that if the
target belongs to the Pareto front of the object set (restricted
to its support), it must also be selected as one of the best
objects:

03 Ifac PFs)(0), thena € ,(0)

This property is most relevant when the target is not
Pareto-dominated within its support, ensuring that it is rec-
ognized as a reasonable candidate for selection. It applies in
contexts where preserving a balance among criteria, as rep-
resented by the target, is essential.

There is a direct relationship between this (Optimality)
and (Dominance):

Proposition 3 If 5 satisfies S1, S3 and O1, then it satisfies
03.

A direct consequence of Proposition 3 is that since target-
ing methods satisfying (Dominance) also satisfy (Optimal-
ity) in the presence of (Non-Vacuity) and (Contribution), it
follows that when the target is in the Pareto front according
to its own support, the best objects are precisely those that
share the same evaluation as the target on its support:

Corollary 1 If 3 satisfies S1, S3 and O1, and a €
PFs(a)(0), then for each p € O, we have that p € 3(O) if
()

a.

Optimality

and only if p :i

The next property ensures that the result of a targeting
method depends only on the relative importance of the cri-
teria in the target’s support. It remains unaffected by linear
transformations of the target’s evaluation:

04 Ify(a1) = p x y(az), then fa, (O) = Pa, (0)
Proportionality

This property is interesting when relative importance mat-
ters more than absolute values, such as in normalized or
scale-invariant evaluations.



Last, the (Symmetry) property states that the result should
remain consistent under permutations of the criteria. If both
the target and the evaluations of objects are permuted iden-
tically, the result should remain unchanged. Let us denote
v(0O) = {~(p) | p € O}, and for a set of m-vectors V,
(V) ={r(v) |veV}

05 If y(az) = m(y(a1)), 7(0) = 7(v(0)), p’ € O,
v(p'") = m(7(p)), and p € Ba, (O), then p’ € B, (O')
Symmetry

This property is essential in scenarios where criteria are
interchangeable, meaning their order or labeling does not
affect the evaluation. It ensures fairness in contexts where
the criteria are inherently equivalent. Since not satisfying it
allows for instance to have some criteria that are inherently
(i.e. independently of the target) more important than others.
This can make sense in some situations.

Characterization

This section characterizes targeting methods that satisfy the
main and optional properties by associating them with a con-
struction involving preference orderings over alternatives.

Specifically, we can show that every function 8, can
be characterized by a total preorder >, on alternatives (2,
and then computing 3,(O) consists in selecting the alterna-
tives from O that are maximal w.r.t >=,. This is formalized
through the concept of “targeting assignment”:

Definition 1 A targeting assignment is a mapping associat-
ing every a € ) with a total preorder =, over elements of
2

Proposition 4 [ satisfies S1 and S5 iff there is a targeting
assignment a — >, such that for each a € € and each O C
Q, 8a(0) = max(0, =,).

The (if) part of the proof of Proposition 4 consists in
defining a targeting method (3 from a targeting assignment
a g, as $a(0) = max(O, =,), for each a € 2 and each
O C Q, and verify that § satisfies S1 and S5. The (only
if) part of the proof involves the construction of a targeting
assignment a —>, from [ defined for all a,p,q €  as
p =a q iff p € Ba({p,q}). We say that such a targeting
assignment corresponds to [3, and we can show how proper-
ties of a targeting method S correspond to properties of its
corresponding targeting assignment:

Proposition 5 Let [ satisfies S1 and S5 and a +— 1, be
its corresponding targeting assignment. Then for each i €
{2,3,4,6,7,8,9}, j € {1,2,3,4,5}, B satisfies Si (resp.
0j) iff a — >, satisfies the following condition (SRi) (resp.
(ORj)):

(SRZ) If’Y(al) ’7(32)1 then ialztaz
(SR3) Ifp =™ q thenp ~q q

(SR4) Ifp >—S(a) q, then p >4 q

(SR6) If ci(a) = ¢;(a), p =2

N ¢ ci(p) = ¢;(q)
and c;(p) = ¢i(q), then p ~4 q

?For a given total preorder >, the symbols > and ~ denote
respectively the strict part and the indifference part of >.
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(SR7) If ci(a) > cj(a), p ~2*Md g i) > ¢(q),
¢;(p) = ¢i(q) and ¢;(p) = ¢;(q), thenp ~a(

(SR8) IfS(a1)NS(az) = 0, v(a3z) = y(a1) +7(az), p =a,
qandp =a, q, thenp =a, q

(SR9) IfS(a1)NS(az) = 0, v(as) =
gandp =a, q, thenp =4, q

(ORI) Ifp %i(a) a, thena >, p

(OR2) Ifp = MY g ci(a) = ¢j(a), cilg) = ci(p)—=
andcj( ) =cj(p )—Hc then p ~, q

(OR3) Ifp 3™ a, thena =, p

(0R4) Ifly(al) [URS ’7(32) then talziaz

(OR5) If v(az) = w(y(a1)), v(p') = 7(v(p)), 7(¢) =
m(v(q)) and p =a, q, thenp' =a, ¢

Y(a1)+v(az). p za

(SR2) states that two targets with the same evaluation will
generate exactly the same preference order on objects. (SR3)
states that two objects that are equivalent on the support of
the target will be indifferent for the preference order. (SR4)
states that if an object performs better than (Pareto domi-
nates) another one, then this object will be strictly preferred.
(SR6) states that if two criteria are identical for the target,
then two objects that are identical on all criteria except on
these two ones, where their evaluation is swapped, have to be
indifferent for the preference order. (SR7) states that if a cri-
terion is more important for the target than another one, then
two objects that are identical on all criteria except on these
two ones, where their evaluation is swapped, are ranked so
that the preferred object is the one that performs best on the
more important criterion. (SR8) states that if an object is at
least as good than another one for two sets of disjoints cri-
teria, then it will also be better for (a target whose support
is) the union of the criteria. (SR9) states that if an object is at
least as good than another one for a set of criteria and strictly
better for a disjoint set of criteria, then it will be strictly bet-
ter for (a target whose support is) the union of the criteria.

(ORI) states that if an object does not Pareto-dominate
the target on its support, then the target will be strictly bet-
ter. (OR2) states that if two criteria are identical for the tar-
get, then two objects that are identical on all criteria except
on these two ones, where their evaluation is reversed but
the difference identical, then they have to be indifferent for
the preference order. (OR3) states that if an object does not
strictly Pareto-dominate the target on its support, then it can
not be strictly better than the target. (OR4) states that if a
target has a vector of evaluations that is proportional to the
vector of another target, then they will generate exactly the
same preference order on objects. (OR5) states that if a tar-
get vector of evaluations is a permutation of the vector of
another target, and if two objects related to the first target
have a vector of evaluations that are the permutations of two
objects related to the second target, then the relation between
the two objects of the first target is the same than the relation
between the two objects of the second target.

Note that this kind of link between choice functions and
preferences (preorder) can be related to results that exist for
social choice (Arrow 1959) or belief change (Gérdenfors
1988; Fermé and Hansson 2011). But the properties on the



preorder allow to better understand the operators. The re-
lationship established by Proposition 5 provides a differ-
ent rationale for the properties of targeting methods (S2-
S9) and (01-05), as these properties naturally arise from
a preference ordering over alternatives. For example, the
way the pairs of properties S3/S4, S6/S7, and S8/S9 com-
plement each other becomes evident from their counterparts
(SR3)/(SR4), (SR6)/(SR7), and (SRS8)/(SR9), within this or-
dering structure.

In particular, Propositions 4 and 5 imply that for targeting
methods satisfying the first five conditions of S1-S5, select-
ing the best alternatives according to a given target is equiv-
alent to aggregating the evaluations of the alternatives:

Corollary 2 [ satisfies S1-SS5 iff there exists a set of strictly

monotone aggregation functions® { fgs(a) (@) | a € Q} such
that for each O C Q

Ba(0) = arg max{ /7™ (y5(a) (p))}

peO

This result provides an interesting representation of tar-
geting functions, since it shows that targeting functions sat-
isfying conditions S1-S§ correspond to targeting functions
defined from an aggregation of the criteria that are relevant
for the target.

Targeting Functions

Let us now consider some functions that seem to be valuable
candidates as targeting methods.

Most of these functions will use a weight function for
the criteria given a target a, w(a) = (wi(a),...,wc|(a)),
which is defined for each ¢; € C as:

wi(a) = ci(a)/ Y cla)

zeS(a)

Roughly speaking, this function defines the weight of a
criterion for a target a as the importance of this criterion
for the target relative to the (sum of the) other ones (note
that other functions can also be used to define this weight,
leading to variations of the proposed methods below—this
possibility is not further investigated in this paper).

In the rest of this section, O denotes any set of objects
O C Q, and a any target a € (2 such that S(a) # (.

The first targeting function simply computes the sum of
the evaluation of the criteria weighted by their relative im-
portance for the target.

Definition 2 (Weighted Sum)

BL2(0) = arg max BWS,4(p)
peO

where BWS,(p) = >, wi(a) x ¢;(p).

3A strictly monotone aggregation function is a mapping f as-
sociating a vector of values &vl,.4.7vk) € Rt x ... x Rt
with a single value v € R™ such that if Vi,v; > v} then
f((viy...,vk)) > f((v1,...,vy)), and if additionally 35 : v; >
vj, then f((v1,..., k) > f((vi,..., vk
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This method focuses on the numerical evaluation on each
criterion, which assumes some kind of commensurability
between the criteria. That is not always the case in all multi-
criteria applications. One possibility, then, is not to focus on
the evaluation of each element, but on its rank with respect
to each criterion. Given any object p € {2 and any criterion
¢; € C, letr,(p) denote the rank of p w.r.t. ¢;, defined as:

* P> qiff ¢i(p) > ciq)s
e best elements b. for a criterion >, have first rank:
Te; (bc) - 1;

» for any element p, its rank r.(p) is one plus the length of
the shortest path b, >. ... >, p.

Then the Ordinal Weighted Sum selection function chooses
the objects that have the best (weighted) rank:

Definition 3 (Ordinal Weighted Sum)

B2 (0) = arg min OWS,(p)
peO

where OWS,(p) = >, wi(a) x rc, (p)

For this function, we turn to an ordinal evaluation of the
elements, but for the weights we keep the evaluation of the
target. Another possibility is to also use an ordinal weight of
the criteria:

Definition 4 (Purely Ordinal Weighted Sum) Define the
rank of each criterion c with respect to a :

* ¢ >aciffei(a) > ci(a);

o best criteria c, for >4 have first rank: ra(ca) = 1;

s for any criterion ¢ such that c(a) # 0 its rank r,(c) is
one plus the length of the shortest path c, > ... > ¢;

* all criteria c such that c(a) = 0 are not ranked.

Then we will use a lexicographical comparison with re-

spect to this criteria ranking: C> = ({cs.t.ra(c) =
1}, {es.t ra(c) =2}, ..., {cs.t ra(c) =m})

ﬂgws (O) = arg mln(PWSa(p)v Zlez)
peO

where PWS,(p) = <Zcec?; re(p), ..., Zcecf; r(p)), and

>lex is defined for two vectors x = (x1,...,x,) and y =
(Y1, Yn) aS T >pep y if st V) < i xj = y; and
i > Yj, and & ey Y iff Vi 2 =y

One function that often allows obtaining results that are
more balanced with respect to criteria is the product (just
as the Nash welfare function (Nash 1953; Luce and Raiffa
1957; Thomson 1994)). Here, as we consider weights, we
use the power function to weight the evaluation of each cri-
terion.

Definition 5 (Weighted Geometric Mean)

BL9™(0) = arg max WGM,(p)
peO

where WGMa (p) = [T, cc 1 + ci(p)]“i®



Note that we have to shift the evaluation of each criterion
by 1 to avoid the problem of the absorbing element 0.

All functions given so far start from the origin point and
intend to find the best elements “towards” the target. One
alternative is not to focus on the origin (the worst potential
element), but to start from the best potential element that we
call the ideal element. This ideal element is the (hypotheti-
cal) element whose evaluation for each criterion is equal to
the maximal evaluation among all elements in 2. In the gen-
eral case, this element does not belong to O, so we look at
the closest element of O from this point “towards” the target
(i.e., by using a distance that is parameterized by the target
element). This idea comes from a method that is used in co-
operative game theory for the bargaining problem called the
Kalai-Smorodinsky solution (Kalai and Smorodinsky 1975;
Thomson 1994).

More formally, let us define the coordinates of the ideal
point:

Definition 6 (Ideal Point Distance) The ideal point b is
defined as b° = (max,co c1(p), . . ., maxpeo cn(p)).

BP(0) = arg min IPD,(p)
peO

where IPD,(p) = \/zc,;ec (b9 — ¢i(p)) * wi(a)]?

The next method, Weighted LexiMin, ensures the evalua-
tion of the best solutions to be “proportional” to that of the
target. The idea is similar to the one introduced in (Schwind
et al. 2014) in the context of multi-objective constraint opti-
mization, where it is called “weighted egalitarian method.”

Given a vector of numbers v, v* denotes the it" compo-

7
nent of v. The vector v< (resp. v>) denotes the vector com-
posed of each element of v rearranged in a non-decreasing
order (resp. non-increasing order). For instance, if v =
(3,2,5,3), then v< = (2,3,3,5) and v> = (5,3,3,2).
Let v, w be two vectors of numbers of the same size, i.e.,
v,w € RF for some k > 0. We say that v lexically suc-
ceeds w when there exists ¢ € {1, ..., m} such that for each
je{l,...;i—1}, v/ = w and v* > w'. Additionally,
when w® > 0 for each i € {1,...,k}, we denote by (v/w)

the vector (v!/w!, ..., v*/w"), and we denote by (v * w)
the vector (v! x w!,... v* * wk). Let us also denote by
ws(a)(a) the vector (wy, (), ..., wiy, (a)) where i; <ij

iff j < j'.
Given p,a € €, we denote by WLMin,(p) the vector

WLMIna(p) = (75(3) (p)/wS(a) (a))ﬁ Then let Z?ezimin be
the relation over (2 defined for all p,q € Qasp >

. . . . ?ea:imin q
iff WLMin, (p) lexically succeeds WLMin,(q). It is easy to

see that > . . is atotal ordering. Then:

Definition 7 (Weighted LexiMin)

BLtmin(0) = arg max (O, >

a
leximin

)

The last method, called Weighted LexiMax, gives more
priority to the criteria having a high value for both the
candidates and the target. It is defined similarly to the
Weighted LexiMin as follows. Given p, a € (2, we denote by
WLMaxa (p) the vector WLMax, (p) = (7s(a)(P) * w(a))>.
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Figure 1: Evaluation of the alternatives on criteria a and b

Let >3 . .. be the relation over ) defined for all p,q €

Qasp > . q iff WLMax,(p) lexically succeeds

WLMaxa(g). Similarly, > . is a strict total ordering,

so let us denote by > . the corresponding total order-

ing. Then:

Definition 8 (Weighted LexiMax)
Bz;ulma:r(O) = arg max(O, Z?em’max)

Let us now consider the following example to illustrate
the behaviour of all the methods defined in this section. Let
C = {a,b,c,d} and Q = O = {seb, pat, jm, man, nic}.
The evaluation of the criteria for the participants are as
follows: v(seb) = {2,6,0,0}; v(jm) = {31,1,7,1};
v(pat) = {5,9,0,11}; y(man) = {8,7,2,1}; y(nic)
{0, 11,12, 8}. We focus on the target seb. Since the support
of seb contains only two criteria, we can represent all the al-
ternatives projected onto this support, as shown in Figure 1.

Let us examine the outcomes of the proposed methods on
this example (see Table 2, where the result of each method
appears in blue). The methods yield noticeably different se-
lections. 3"* selects jm because he has very high evaluation
on criterion a. 8°** selects nic, who has the best rank on the
most important criterion b. 5P selects pat and man, since
the relative ranks of criteria @ and b are identical for the tar-
get, and these two candidates are well ranked on both. 3%9™
selects pat, who has a strong average evaluation across all
relevant criteria. Bipd selects man, the alternative closest to
the ideal point relative to the target seb. 3™ selects pat,
whose evaluations are proportional to those of seb. Finally,
,Bwlm‘“” selects nic, as both seb and nic perform well on
criterion b.

Properties of the targeting functions

In the previous section, we saw that the behaviours of these
functions are quite different on the illustrative example. Let
us now study their behaviour more systematically by exam-
ining which properties are satisfied by each method.

Proposition 6 The Weighted Sum method B"° satisfies S1,
S2, S3, S4, S5, S6, S7, S8, S9, 02, 04, OS. It does not
satisfy O1 and O3.

Proposition 7 The Ordinal Weighted Sum method 3°** sat-

isfies S1, S2, S3, S4, S8, S9, 04, OS. It does not satisfy S5,
S6, S7, 01, 02, O3.



S1 [S2[S3|S4[S5[S6|S7|[S8[S9|01|02]03|04]| 05

Weighted Sum SIS N X v X |/

Ordinal Weighted Sum SOV XXX X X X |V

Purely Ordinal WeightedSum | v | v | V | V | X | X | X | / | V | X X X v v

Weigthed Geometric Mean VIV V] X X X | v |V

Ideal Point Distance SV XXX X X X |V

Weighted LexiMin AN AR anranarearymees X IV

Weighted LexiMax VI VIV ] X X X |/

Table 1: Properties of targeting functions

i ‘ BWS,.; (seb)= The Weighted Sum, Weighted Geometric Mean,
BWS,ep(jm) = 8.5 BWS:@b (pat)= Weighted LexiMin and Weighted LexiMax methods satisfy
BWS,ep(man)=7.25 BWS;eb(nzc) 8 25 all the main properties. The more “ordinal” methods (Ordi-
B nal Weighted Sum and Pure Ordinal methods) must give up

OWS,p(seb)= 4

Owssd)(.]m) =4 OWS&eb(pat) 2 25

OWSgep(man)= 2.75

OWS,ep(nic)=
Bpws
. _ PWS;p(seb)= (8)
PWSses(jm) o (6) PWS;ep(pat)= (5)
PWSe, (man)= (5) PWS..s (nic)= (6)
ﬁwgm
o WGM, (seb)= 5 66
WGM,p(jm) =4 WGM,p (pat)=
WGMgp (man)= 8.24 WGM .y (nic)— 645
ﬁipd
) _ IPDgep(seb)= 8.16
IPDsey(jm) =T7.5 IPDep (pat) = 6.67
IPDgep(mman)= 6.49 IPD.acy(nic)= 7.75
Se — .
ﬁwlmin ]
. ) - WLMingp(seb)= (8,8)
wtm”“bg]m) ): g'ggéé)ﬂ) WLMing., (pat)= (12, 20)
MNseb{Man)= 1.2, WLMin e (nic)= (0, 14.6)
ﬁwlm(m
) _ WLMaxp(seb)= (4.5,0.5)
WLMaxiey (jm) = (7.75,0.75)  \\) Max. (pat)= (6.75, 1.25)
WLMaxsep(man)=(5-25,2)  \y yau ™ i) = (8.25,0)

Table 2: Results of the targeting methods

Proposition 8 The Purely Ordinal Weighted Sum method
BPY8 satisfies S1, S2, S3, S4, S8, S9, 04, OS. It does not
satisfy S5, 86, S7, 01, O2 and O3.

Proposition 9 The Weighted Geometric Mean method
g™ satisfies S1, S2, S3, S4, S5, S6, S7, S8, S9, 04, OS.
It does not satisfy 01, O2 and O3.

Proposition 10 The Ideal Point Distance method 3% sat-
isfies S1, S2, S3, S4, S8, S9, 04, OS. It does not satisfy S5,
S6, S7, 01, 02 and O3.

Proposition 11 The Weighted LexiMin method B*'™™ sat-
isfies S1, S2, S3, S4, S5, S6, S7, S8, S9, 01, 03, 04, OS. It
does not satisfy O2.

Proposition 12 The Weighted LexiMax method 3™ sat-
isfies S1, S2, S3, S4, S5, S6, S7, S8, S9, 04, O5. It does not
satisfy 01, 02, O3.

These results are summarized in Table 1 (see (Schwind et al.
2026) for the proofs).

36738

some of these properties. The Ideal Point Distance method,
which operates differently by referring to a hypothetical
best element, also fails to satisfy several main properties.
Notably, Weighted LexiMin is the only method that satisfies
the optional properties O1 and O3.

Finally, note that O4 is satisfied by all the proposed tar-
geting functions. We do not include this property among the
main ones, however, because its satisfaction follows directly
from the normalization of the weights in our functions. Sen-
sible targeting functions without weight normalization may
exist, which is why we regard O4 as an optional property.

Conclusion

In this paper, we introduced a novel multi-criteria decision-
making problem, which we call fargeting, where the objec-
tive is to identify the best elements of a set with respect to
a given target element. We proposed a set of fundamental
axioms that any sensible targeting method should satisfy, to-
gether with additional axioms that characterize specific sub-
classes of such methods. We then presented several candi-
date targeting methods and analyzed their formal properties.

For targeting to be meaningful, it should be applied in
contexts where the criteria are relatively independent, so that
focusing on the support of the target (and ignoring irrelevant
criteria) is justified. Many practical applications, such as the
laptop-configuration scenario presented in the introduction,
naturally satisfy this requirement.

Among the methods we studied, four satisfy all manda-
tory properties: Weighted Sum, Weighted Geometric Mean,
Weighted LexiMin, and Weighted LexiMax.

Our attempts to adopt more ordinal approaches, i.e., meth-
ods relying primarily on rankings rather than numerical val-
ues, were less successful, as the ordinal variants fail to sat-
isfy three of the mandatory postulates. Designing a fully or-
dinal targeting method remains an interesting open problem.

Finally, we implemented these methods in the Profile
Expert Finder tool (https://coscinus.org/pef/) of coscinus,
which is designed to identify experts corresponding to a
given computer science author.
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