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Motivations



eXplainable AI (XAI) research track

• XAI is the part of Trustworthy AI focusing on the interpretability and explainability
issues

• DARPA, at the origin of the buzz word “XAI", pointed out the following purpose
[Gunning et al., 2019]:

“to provide users with explanations that enable them to understand the
system’s overall strengths and weaknesses, convey an understanding of how it

will behave in future or different situations, and perhaps permit users to correct
the system’s mistakes"

; As human beings, a truly intelligent system should not persist in error

Many surveys on the subject!
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The need for explanations?

• (critical) AI systems are often involved in decision-making tasks, a task which, in its
nature, need explanations.

• Legal aspects: Satisfy regulatory requirements and certification process (e.g. AI act
2024), GDPR 2016(right to explanation)

• Human agency and oversight : Make the decision transparent, understandable and
explainable: to allow interaction and communication with users.

• For trust and acceptation.
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Explainability in MCDA



Multiple Criteria Decision Aiding (MCDA)

• At least two actors/agents: an expert, a user;
• set of alternatives/options described (evaluated) on several conflicting point of view/ dimen-

sions/criteria;

Comfort Restaurant Commute time Cost
hA 4⋆ no 35 min 120 $
hB 4⋆ yes 50 min 160 $
hC 2⋆ yes 20 min 50 $
hD 2⋆ no 30 min 40 $

• A decision problem: is option hA better than option hB? Is option hC good enough? . . .
• Sparse preferences between some options;
• Aggregation model containing aggregation procedures
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Explanation call for defeasible reasoning engine

Defeasible reasoning: conclusions are provisional and can be revised when new information
becomes available (assumptions, exceptions, uncertainty, . . . ).

Tweety example [Reiter,1987]
• Birds fly;
• Tweety is a bird;
• Therfore, Tweety flies.

But what if Tweety= penguin, type of bird that does not fly?
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Explanation call for defeasible reasoning engine

When dealing with preferences, there is no ground truth to be discovered
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Explanation call for defeasible reasoning engine

When dealing with preferences, there is no ground truth to be discovered
¶ paradoxes in Decision Theory

• Humans are not always consistent ; it is impossible to define a stable “true” preference

² impossibility results in Social Choice
Ô constructivist assumption

• we cannot have a definitive “correct answer”; we need systems that: learn human
preferences, remain open to correction, and integrate multiple point of views
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Explanation call for defeasible reasoning engine

When dealing with preferences, there is no ground truth to be discovered

¶ paradoxes in Decision Theory
² impossibility results in Social Choice

• There is no perfect method to aggregate the preferences of multiple individuals ; no
universal “correct” answer

Ô constructivist assumption

• we cannot have a definitive “correct answer”; we need systems that: learn human
preferences, remain open to correction, and integrate multiple point of views
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Explanation call for defeasible reasoning engine

When dealing with preferences, there is no ground truth to be discovered

¶ paradoxes in Decision Theory
² impossibility results in Social Choice
Ô constructivist assumption

• Preferences are not simply “given”; they are constructed: through context, reflection,
and discussion

• we cannot have a definitive “correct answer”; we need systems that: learn human
preferences, remain open to correction, and integrate multiple point of views
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Explanation call for defeasible reasoning engine

Explanations are called upon in case of conflicting views

¥ explainer may be right, wrong, or ...
  explainee may be right, wrong, or

; An explanation is not simply about “conveying the truth"; rather, it is a process of
establishing a shared understanding between two viewpoints.
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The question (at least for us)?

Given a decision model and a set of preference information,is there a way to
define explanation for a decision?

• Principle-based approach: each explanation is attached to a number of
well-understood properties of the underlying decision model.

• Cognitively bounded: the statements composing an explanation will be constrained
to remain easy to grasp by the receiver.
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Focus on the Additive Utility model



Additive Utility Model (MAUT / MAVT)

U(a) =
n∑

i=1
wi ui(a)

• ui(a): marginal value of criterion i

• wi: weight of criterion i

• U(a): global utility

Key idea:
• Overall evaluation = sum of independent contributions
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Decomposability, transparency and traceability

Global utility as sum of independent contributions

U(a) =
∑

i

wi ui(a)︸ ︷︷ ︸
contribution of criterion i

Transparency
• Explicit weights wi

• Observable marginal functions ui

• Linear aggregation

Traceability
• Full reconstruction of computations
• Individual contributions identifiable
• Decision auditability

No black-box behavior
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The need for explainability?

• Marginal functions ui are defined on interval scales
• Arbitrary origin and unit

• “0.7 on price” is not interpretable alone !

Consequence
• Bounded rationality (Herbert A. Simon): decision-makers do not rely on perfectly

measurable or absolute utilities,
• differences / comparisons are more interpretable

XAI implication
• Need for relative / contrastive explanations
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The need for explainability?

Model perspective
• Aggregate: Compute U(a)
• Compare: U(a) and U(b)

Human reasoning
• Direct comparison of criteria
• Qualitative reasoning

“Cognitive” mismatch
Model Human
Aggregation then comparison Direct comparison
Numerical logic Argumentative logic
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A quick warm-up example

a b c d e f g

s1 ✗ ✗ ✓ ✓ ✓ ✓ ✓

s2 ✓ ✗ ✗ ✓ ✗ ✗ ✗

w = ⟨128, 126, 77, 59, 52, 41, 37⟩

• score(s1) = 77 + 59 + 52 + 41 + 37 = 276
• score(s2) = 128 + 59 = 187.
• vector {−1, 0, +1}n of arguments in favour (pro) or against (con) s1, or neutral

(neu).
• pro = {c, e, f, g}, con = {a}, neu = {b, d}
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Different forms of explanations

a b c d e f g

s1 ✗ ✗ ✓ ✓ ✓ ✓ ✓

s2 ✓ ✗ ✗ ✓ ✗ ✗ ✗

w = ⟨128, 126, 77, 59, 52, 41, 37⟩

�1 : model disclosure
• providing the full score calculation for both options
• d is neutral for both s1 and s2, ; provide the summation of pro arguments vs con

arguments.
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Different forms of explanations

a b c d e f g

s1 ✗ ✗ ✓ ✓ ✓ ✓ ✓

s2 ✓ ✗ ✗ ✓ ✗ ✗ ✗

w = ⟨128, 126, 77, 59, 52, 41, 37⟩

�2 : counter-factual approach
• seeks minimal modification in the input that would change the outcome.
• if s2 had satisfied b, s2 would instead have been recommended over s1.
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Different forms of explanations

a b c d e f g

s1 ✗ ✗ ✓ ✓ ✓ ✓ ✓

s2 ✓ ✗ ✗ ✓ ✗ ✗ ✗

w = ⟨128, 126, 77, 59, 52, 41, 37⟩

�3 : prime implicant approach
• minimal sufficient causes: list a set of pros sufficient to defeat any cons.

• (1) bd are neu arguments, the pro cef are sufficient to overcome any set of con
arguments (even if g was a con).

• (2) b is a neu argument, the pro cefg are sufficient to overcome any set of con
arguments (even if d was a con)
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Different forms of explanations

a b c d e f g

s1 ✗ ✗ ✓ ✓ ✓ ✓ ✓

s2 ✓ ✗ ✗ ✓ ✗ ✗ ✗

w = ⟨128, 126, 77, 59, 52, 41, 37⟩

�4 : our step-wise approach
• exhibit a collection of statements aiming at proving the decision.

• cdefg is preferred over ac, and that ac is preferred over ad, so that our conclusion
should hold (transitivity)

• cd is preferred over a, while efg is preferred over d, which altogether justifies our
decision.
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Some key principles

• language intelligibility. Explanation shall be understandable
⇝ One shall define a language which relates directly to the preferential information (e.g.
no weights), and be conveyed in an expressive language to the recipient of this explanation.

• Relevance. Explanation shall be relevant
⇝ One shall define what could be pertinent to focus on within the decision situation (neu
can be avoided).

• Cognitive simplicity. Explanation shall be simple
⇝ One shall define different levels of complexity. We want explanations to be “easy to
process” by the recipient of the explanation.

• Explanation shall be rigorous (important decision)
⇝ One shall bring proof

[Coste-Marquis and Marquis, 2020]
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Our vision

• Explaining the reasoning itself, not its product
• A dialectical take to preference information
• Constructing a line of reasoning, by following an explicit logical chain: premises, rules, con-

clusion.

Purposes of an explanations
• allowing us to scrutinize the reasoning, towards contestability,
• should be intelligible and highlight causes,
• can be challenged !
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The tools

• The explanation language: argument scheme [Walton, 1996]

[
preference statement︷ ︸︸ ︷

(A1, B1) , . . . , (Ak, Bk)]︸ ︷︷ ︸
premises

−→ (A, B)︸ ︷︷ ︸
conclusion

• computational model of a real-world argument
• vehicle in a structured dialogue
• subject to critical questions: undercutting a premiss, rebutting a conclusion, warranting

a rule
• The approaches or techniques to compute explanations: mathematical

programming, logic-based tools (SAT/MaxSat formulation, MUS).
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Setting(1): model fully specified
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Setting (1): model fully specified

Notations
• A set of alternatives: X
• A set of viewpoints: N
• A value function: V : X → R, such that x is preferred to y when V (x) ≥ V (y).
• The value function is additive with respect to the viewpoints.

∀x, y ∈ X x ≿ y ⇐⇒
∑
i∈N

vi(x) ≥
∑
i∈N

vi(y)

• an explainee requires an explanation for the statement “x is better than y”
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Running Example

Anatomy Biology Chemistry Diagnosis Epidemiology Forensic Genetics
Candidate Pathology

x 74 89 74 81 68 84 79
y 74 71 84 91 77 76 73

weight 8 7 7 6 6 5 6
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Running Example

Anatomy Biology Chemistry Diagnosis Epidemiology Forensic Genetics
Candidate Pathology

x 74 89 74 81 68 84 79
y 74 71 84 91 77 76 73

weight 8 7 7 6 6 5 6

8 × 74 + 7 × 89 + 7 × 74 + 6 × 81 + 6 × 68 + 5 × 84 + 6 × 79︸ ︷︷ ︸
x

≥
8 × 74 + 7 × 71 + 7 × 84 + 6 × 91 + 6 × 77 + 5 × 76 + 6 × 73︸ ︷︷ ︸

y
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Contextualized trade-offs

Definition

In the context of a given preference statement (x, y) ∈ X 2, given two integers np, nc, the
set of trade-offs np pros and nc cons is

T np,nc
x,y := {(P, C) ∈ pros(x,y) × cons(x,y) : |P | ≤ np and |C| ≤ nc}

.
• (P, C) and (P ′, C ′) are disjoint when both P ∩ P ′ = ∅ and C ∩ C ′ = ∅.
• (P, C) is aligned with preference when∑

i∈P ∪C

vi(x) ≥
∑

i∈P ∪C

vi(y)
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Running Example

Anatomy Biology Chemistry Diagnosis Epidemiology Forensic Genetics
Candidate Pathology

x 74 89 74 81 68 84 79
y 74 71 84 91 77 76 73

weight 8 7 7 6 6 5 6

Viewpoint A B C D E F G

Algebraic strength 0 +126 -70 -60 -54 +40 +36

pros(x,y) = {B, F, G}, cons(x,y) = {C, D, E} and neut (x, y) = {A}.

• (1,0)-trade-off: ({F}, {}) (Dominance statement)

“everything else being equal, high values of F are preferred to low ones" (linear property)
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Running Example

Anatomy Biology Chemistry Diagnosis Epidemiology Forensic Genetics
Candidate Pathology

x 74 89 74 81 68 84 79
y 74 71 84 91 77 76 73

Weight 8 7⃝ 7 6 6 5 6

Viewpoint A B C D E F G

Algebraic strength 0 +126 -70 -60 -54 +40 +36

pros(x,y) = {B, F, G}, cons(x,y) = {C, D, E} and neut (x, y) = {A}.

• (1,1)-trade-off: ({B}, {D}) (preference swap [Belahcene et al., 2017])

“everything else being equal, we are ready to accept to give away some value according to D, from
91 to 81 , so as to achieve a value of 89 rather than 71 according to B”. (Ceteris paribus)
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Running Example

Anatomy Biology Chemistry Diagnosis Epidemiology Forensic Genetics
Candidate Pathology

x 74 89 74 81 68 84 79
y 74 71 84 91 77 76 73

weight 8 7 7 6 6 5 6

Viewpoint A B C D E F G

Algebraic strength 0 +126 -70 -60 -54 +40 +36

pros(x,y) = {B, F, G}, cons(x,y) = {C, D, E} and neut (x, y) = {A}.

• (1,2)-trade-off: ({B}, {D, E})

“everything else being equal, reaching a higher grade of 89 instead of 71 in B more than
compensates getting lower grades in D ( 81 instead of 91 ) and E ( 68 instead of 77 )”
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Running Example

Anatomy Biology Chemistry Diagnosis Epidemiology Forensic Genetics
Candidate Pathology

x 74 89 74 81 68 84 79
y 74 71 84 91 77 76 73

weight 8 7 7 6 6 5 6

Viewpoint A B C D E F G

Algebraic strength 0 +126 -70 -60 -54 +40 +36

pros(x,y) = {B, F, G}, cons(x,y) = {C, D, E} and neut (x, y) = {A}.

• (2,1)-trade-off: ({F, G}, {C})

“taken together, the increases of grades in F (from 76 to 84 ) and G (from 73 to 79 ) offset
the decrease in C (from 84 to 74 )”

W. Ouerdane April 17th, 2026 33/61



Typologies of comparative statements

Denomination # pros # cons Interpretation Cognitive demand
D any none unanimous dominance statement none
L0 one one preference swap light
L1 one any strong pro vs a collection of minor cons moderate
L2 any one accrual of pros overcoming a strong con moderate
− two two cardinal statement wrt intensity of preference high

+ L3: (1, m)-trade-offs and (m, 1)-trade-offs
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Covering Explanation

Definition
Given a non-negative integer ℓ ∈ N, a preference statement (x, y) ∈ X 2 and a non-empty
set of types L = {(n1

p, n1
c), . . . } ⊂ N2

a L - covering explanation E supporting (x, y) of length ℓ is a set E =
{(P1, C1), . . . , (Pℓ, Cℓ)} of pairwise disjoint trade-offs in

⋃
(np,nc)∈L T np,nc

x,y of cardinal-
ity ℓ such that

⋃ℓ
i=1 Ci = cons(x,y).
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Covering Explanation: example
For the conclusion: (x ≻ y) –(BFG,CDE), and with L := {(1, 2), (2, 1)}.
{(B, DE), (FG, C)} constitutes a covering explanation:

(B, DE), (FG, C) cov−−→ (BFG, CDE)

Proof diagram

B ≻ DE
cp−→ BC ≻ CDE

FG ≻ C
cp−→ BFG ≻ BC

}
tr−→ BFG ≻ CDE

Visual representation

B
D

E
F

G
C

≿

≿

Narrative representation
“As, all other things being equal, reaching a higher grade in biology more than compensates getting lower grades in
diagnosis and epidemiology, and taken together, the increases of grades in Forensic Pathology and Genetics offset
the decrease in Chemistry”
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L- Covering Explainability Problem

Let L := {(p1, q1), . . . } ⊂ N2 a finite, nonempty set of trade-offs.

L- Covering Explanation
Input: a finite, non-empty set N of viewpoints;

two alternatives x, y described by tuples (vi(x))i∈N , (vi(y))i∈N ∈ NN ;
a positive integer L.

Output: a L - covering explanation supporting (x, y) of length ℓ ≤ L where every trade-off is
aligned with preference, if there is one.

Decision problem: L- Covering Explainability

“is there a L - covering explanation supporting (x, y) of length ℓ ≤ L where every
trade-off is aligned with preference?”.
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L- Covering Explainability Problem

Proposition
When L contains an element (np, nq) with max(np, nq) > 1, L- Covering
Explainability is NP-complete.

• L = {(1, 1)} is the tractable case ; matching problem (each con criterion with a
pro argument of higher absolute value) [Belahcène et al., 2017]

• Hardness results from reduction from Numerical 3D Matching [Garey79].
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Resolution: Integer linear Optimisation–L ⊂ {(1, q), (p, 1)}
Decision Variables

• a variable u
(x,y)
i,j for each i ∈ pros(x,y), j ∈ cons(x,y) meaning viewpoints i and j are

associated in a one vs q (strong pro) argument;

• a variable v
(x,y)
i,j for each i ∈ pros(x,y), j ∈ cons(x,y) meaning viewpoints i and j are

associated in a p vs one (accrual of pros) argument ;

• a variable t
(x,y)
k for each k ∈ pros(x,y) ∪ cons(x,y) meaning the viewpoint k is involved in

one vs q argument if it is a pro, or a p vs one argument if it is a con;
• a variable e(x,y) meaning an explanation can be found for (x, y).

+ a set of constraints
+ Objective function: minimize the length

More details in: Amoussou et al.,(2026) Designing and computing explanations for comparisons
inferred from an additive value model. Eur. J. Oper. Res. 328(1): 232-245.
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Experiments –Synthetic Data
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Application: Predicting the Likelihood of a Tumor

Code Predictor Weight

A Clump Thickness 0.416
B Uniformity of Cell Size 0.134
C Uniformity of Cell Shape 0.247
D Marginal Adhesion 0.235
E Single Epithelial Cell Size 0.110
F Bare Nuclei 0.352
G Bland Chromatin 0.304
H Normal Nucleoli 0.193
I Mitoses 0.226

• Dataset: breastcancer (publicly
available)

• Model: logistic regression
• Goal: predict tumor malignancy likelihood
• Covering explanations for statements:

“the sample collected from patient A is
more likely to be benign than the one
collected from patient B”
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Explaining a Prediction of a Likelihood of a Tumor
The sample corresponding to image x522 is more likely to be benign than the one of x495

Image A B C D E F G H I

x522 10 4 3 2 3 10 5 3 2
x495 5 10 10 5 4 5 4 4 1

A L1-covering explanation of this fact is (F, BDE), (A, C), (G, H).
“Everything else being equal,

• a gain of five units for bare nuclei more than offsets the losses of six points for
uniformity of cell size , three for marginal adhesion and one for single epithelial cell size ;

• a gain of five points for clump thickness is more important than a loss of seven points for
uniformity of cell shape; and

• a gain of one point for bland chromatin is more important than a loss of one point for
normal nucleoli.”
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Highlights

• Approach: decompose into simple arguments to handle cognitive complexity
• Principled reasoning the explanation highlights the ceteris paribus reasoning

inherent to the additive model
• Complexity: deciding whether a covering explanation exists or computing one is

NP-complete as soon as two pros or two cons are allowed
• Resolution: for any set of types, via polynomial reduction to MILP
• Expressivity: by combining (1 vs m) and (m vs 1), the explainable fragment

exceeds 90% on synthetic data and appears to increase and converge toward 1
• Applicability: the method applies effectively to a logistic regression model trained

on real data, for more than 99% of explananda
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Question?

• What happens if the additive model is not fully specified (i.e., all parameters/weights
are not known)?
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Setting(2): Robust additive model

• The robust additive utility model ; explaining a necessary preference relation [Greco
et al., 2008].

• Explaining a necessary preference relation [Belahcène et al., 2017]
• Step-wise explanations with a transitive sequence of preference swaps (1,1)-trade-off
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A quick example!
1 2 3 4 5 6

a + + - - + +
b + - + + + -
c - + + + + -
d + + + - - +
e + + + + - -
f + - + - + +
g - - + + + +
h + + - + + -
i - + + + - +

• 1: low/high tourist tax 2: breakfast yes/no 3: close to city / not
• 4: wifi yes/no 5: swimming pool yes/no 6: sport hall yes/no
• Preference information: PI = {g ≿ f, e ≿ f, h ≿ i, g ≿ h}
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A quick example !
1 2 3 4 5 6

a + + - - + +
b + - + + + -
c - + + + + -
d + + + - - +
e + + + + - -
f + - + - + +
g - - + + + +
h + + - + + -
i - + + + - +

• Preference information: PI = {g ≿ f, e ≿ f, h ≿ i, g ≿ h}

• Two necessary relations deduced: (g, d) ∈ NPI and (g, a) ∈ NPI.
• How to explain these two necessary relations?
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Explaining with sequences of preference swaps

g: [*,Ò,Û,I] d: [*,Ò,Û,I]

[*,Ò,Û,I]

*↗, Ò↗, I↘, Û↘

*↗, Û↘

* and Û being equal,
(Ò, I) ≻ (Ò, I)

Ò↗, I↘

Ò and I being equal,
(* for Û) ≻ (* for Û)

complex recommendation

You prefer hotel g over hotel d because every thing else being equal: you prefer having a swimming
pool to having a breakfast, and you prefer having a wifi access to pay low tourist taxes.
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Explaining with sequences of preference swaps

g: [*,Ò,Û,I] d: [*,Ò,Û,I]

[*,Ò,Û,I]

*↗, Ò↗, I↘, Û↘

*↗, Û↘

* and Û being equal,
(Ò, I) ≻ (Ò, I)

Ò↗, I↘

Ò and I being equal,
(* for Û) ≻ (* for Û)

complex recommendation

Divide and Conquer !
• Transitivity:

we aim at breaking down complex statements into a chain of simple ones
• Ceteris paribus:

Each link in the reasoning chain can be presented by focusing on the relevant p.o.v.
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Explaining with sequences of preference swaps

Features of the explanation engine
• Soundness: explained statements are indeed in the necessary preference relation
• Simplicity: low number of differing criteria, short chain
• Computation: amounts to finding a path in a graph with nodes ≡ alternatives and edges ≡

simple necessary preference
• Completeness: connectivity depends on the caps placed on order and length—some chains

may be arbitrarily long
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Necessary preference swaps chain: not always possible!

g: [*,Ò,½,Û] a: [*,Ò,½,Û]
*↗, Ò↗, ½↘, Û↘

Every thing else being equal,
• you might prefer being close to the city without a breakfast to having a breakfast

and being far from the city, and
• you prefer to pay high tourist taxes with a wifi access to low tourist taxes without

wifi access.
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Questionnable Explanation

Every thing else being equal,
• you might prefer being close to the city without a breakfast to having a breakfast

and being far from the city, and
• you prefer to pay high tourist taxes with a wifi access to low tourist taxes without

wifi access.

• The transitive chain holds in at least one possible world (instead of all possible
worlds)

• Mixed integer linear programming to compute such an explanation
• The tool is much more expressive when preference information is scarce.

Amoussou et al. (2024) Questionable stepwise explanations for a robust additive preference model. International
Journal of Approximate Reasoning 171: 108982
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Highlights

• An engine for explaining a recommendations obtained from an additive preference
model (pairwise, ranking choice, k-best);

• The contribution at the crossroads between: decision theory, knowledge
representation and reasoning, and explainable AI.
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Some other related works
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• A general framework for explaining the results of a
multi-attribute preference model [Labreuche, 2011]

• Minimal and Complete Explanations for Critical
Multi-attribute Decisions [Labreuche et al., 2011]

• Comparing Options with Argument Schemes Pow-
ered by Cancellation [Belahcène et al., 2019]

• Explaining robust additive utility models by se-
quences of preference swaps [Belahcène et al., 2017]

• Justifying Dominating Options When Preferential
Information is Incomplete [Labreuche et al., 2012]

• . . .



So, what can we do with this?



Challenge: explanation-based mixed initiative interaction
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Thank you for your attention !
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