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Where is Compiegne?
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Small, but nice
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Some of my co-authors on this topic (thanks)

Loic Adam Wassila Ouerdane Armand Gaudillier

Khaled Belahcene Didier Dubois Pierre-Louis Guillot

Some of them are in the room with us, you can try to find them!
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To show that this is serious

Deliberation is concerned with things that happen in a certain way for
the most part, but in which the event is obscure, and with things in

which it is indeterminate.

Aristotle, Nicomachean Ethics, proceedings of DA2PL -350

This is a footnote.
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Our basic assumptions

The problem:

We face a single user, assuming their preferences over A can be
modelled by a unique model h picked from a space H of hypothesis.

We want to learn about h by observing/querying user answers,
assuming potential uncertainties in those answers and our model h.

This talk goal:
Discuss various uncertainty languages to handle information
What is easy/hard to do with them

Important remarks:
non-statistical setting → uncertainty is epistemic and subjective
probabilities should therefore be understood in a Bayesian sense

Yes, the previous footnote was a bad reference to René Magritte.
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A running example

Find a way to come to Brussels (car, plane, bike, horsecart, . . . )
Two criteria c1, c2 ∈ [0,1] (cheapness, eco-friendly, comfort, . . . )
Space H: weighted averages with w1 + w2 = 1, wi > 0
For illustration, we concentrate on 6 possible models and a finite H

w11

1

w1 = 0.25

w1 = 0.1 w1 = 0.4

w1 = 0.75

w1 = 0.9w1 = 0.6

By the way, he was born in Lessine, not far from my own hometown.
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Uncertain knowledge: probabilities, sets, and more

Outline

1 Uncertain knowledge: probabilities, sets, and more
Probabilities
Sets
Imprecise probability theories (focus on possibilities)

2 Using inconsistency and gradualness to . . .
. . . improve set-based elicitation approaches
. . . refine repair strategies in case of inconsistency
. . . engage the user in critical dialogue

3 Conclusion and wrap-up

This will be a running2 gag.
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Uncertain knowledge: probabilities, sets, and more

What do we wish to represent?

Four states of knowledge about an assertion ϕ : {w1 ∈ A} we would
like to derive from my preferential information:

certainty, that it is necessarily true;
certainty, that it is necessarily false;
ignorance, that I do not know whether ϕ is true or false, due to
lack of information;
inconsistency, that I cannot tell whether ϕ is true or false, as
available information is not consistent with H;

This is achieved by, e.g., Belnap’s 4-valued logic, but we would also
like to be able to express some graduality in our beliefs (e.g. ϕ is
more certain than ϕ′).
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Uncertain knowledge: probabilities, sets, and more

Uncertainty languages

In this talk, 3 elements of uncertainty languages will be important:
An instance I of this language: a formal representation over H
expressing the information I have about the model of my user
preferences;
An operator ⊕ to combine multiple instances I1, . . . , In, as we
will have multiple pieces of preferential information;
A means of inference to compare assertions about alternatives,
models, i.e., to decide or help the user decide.
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Uncertain knowledge: probabilities, sets, and more Probabilities

Outline

1 Uncertain knowledge: probabilities, sets, and more
Probabilities
Sets
Imprecise probability theories (focus on possibilities)

2 Using inconsistency and gradualness to . . .
. . . improve set-based elicitation approaches
. . . refine repair strategies in case of inconsistency
. . . engage the user in critical dialogue

3 Conclusion and wrap-up
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Uncertain knowledge: probabilities, sets, and more Probabilities

The probabilistic language

Instance: a probability distribution:

p : H → [0,1] with
∑
H

p(h) = 1

Operator: most popular and axiomatised is normalized product:

p1 ⊕ p2(h) =
p1(h)p2(h)∑
H p1(h)p2(h)

Inference: most popular and axiomatised is the expected value
E(f ) of function f : H → R:

E(f ) =
∑
H

f (h)p(h)

with P(A) being the expectation of the indicator function IA of A.
Were you expecting footnotes in the last slides?
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Uncertain knowledge: probabilities, sets, and more Probabilities

A small example

"I’m pretty sure w1 > 0.5" → P({w1 > 0.5}) = 0.9 → p1

"I think w1 not far from 0.5" → decreasing p from 0.5 → p2
p1 ⊕ p2

w1

p(h)

1

1

0.250.1 0.4 0.75 0.90.6

I thought I would give you a break.
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Uncertain knowledge: probabilities, sets, and more Probabilities

Examples of inferences

w1

p(h)

1

1

0.250.1 0.4 0.75 0.90.6

What’s better between a1 = (0.8,0.5) and a2 = (0.5,0.8)?
E(a1) ≃ 0.69, ≻ E(a2) ≃ 0.52

What’s the prob. that a1 has a higher value than a2: P(Ih(a1)>h(a2))
P(Ih(a1)>h(a2)) = P({w1 > 0.5}) = 0.92

You’re right, P({w1 > 0.5}) has increased for no obvious reasons.
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Uncertain knowledge: probabilities, sets, and more Probabilities

Do we get what we want?

Ability of probabilities to express knowledge about ϕ:
certainty, that it is necessarily true → P(ϕ) = 1
certainty, that it is necessarily false → P(ϕ) = 0
ignorance ?
inconsistency ?
graduality → P(ϕ) is a number

You probably guessed where I’m going at?
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Uncertain knowledge: probabilities, sets, and more Probabilities

Probability and ignorance

Ignorance → no knowledge should be produced from it

In probability, ignorance=uniform distribution

w1

p(h)

1

1

0.250.1 0.4 0.75 0.90.6

0.5

P({w1 > 0.55}) = 0.5 is as probable as the contrary

This is spontaneous generation of knowledge.
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Ignorance → no knowledge should be produced from it

In probability, ignorance=uniform distribution

w1

p(h)

1

1

0.250.1 0.4 0.75 0.90.60.5

P({w1 > 0.55}) = 0.42 is less probable, yet no knowledge change

This is spontaneous generation of knowledge.
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Uncertain knowledge: probabilities, sets, and more Probabilities

Probability and conflict

The operation
p1(h)p2(h)

always results in subnormalised distribution, even if p1,p2 agree

In our example, the two statements are not disagreeing, but our
probabilities p1,p2 are:

p1(w1 = 0.75) > p1(w1 = 0.4) and p2(w1 = 0.75) < p2(w1 = 0.4)

Feel free to disagree!
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Uncertain knowledge: probabilities, sets, and more Probabilities

Do we get what we want?

About my five states of knowledge about ϕ:
certainty, that it is necessarily true → P(ϕ) = 1
certainty, that it is necessarily false → P(ϕ) = 0
ignorance
inconsistency
ability to express graduality → P(ϕ) is a number

If you do so, let me know at the end.
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Uncertain knowledge: probabilities, sets, and more Sets

Outline

1 Uncertain knowledge: probabilities, sets, and more
Probabilities
Sets
Imprecise probability theories (focus on possibilities)

2 Using inconsistency and gradualness to . . .
. . . improve set-based elicitation approaches
. . . refine repair strategies in case of inconsistency
. . . engage the user in critical dialogue

3 Conclusion and wrap-up
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Uncertain knowledge: probabilities, sets, and more Sets

The set language

Instance: a set E of models, conflated with indicator function

E : H → {0,1} with E(h) = 1 iff h ∈ E

Operator: conjunction if we want to gain information

E1 ⊕ E2(h) = min(E1(h),E2(h))

Inference on events: skeptical (necessary) or credible (possible)

P(A) =

{
1 if E ⊆ A
0 else

P(A) =

{
1 if E ∩ A ̸= ∅
0 else

Inference on functions: pessimist or optimist

E(f ) = inf
h∈E

f (h) E(f ) = sup
h∈E

f (h)
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Uncertain knowledge: probabilities, sets, and more Sets

A small example

"I’m pretty sure w1 > 0.5"

"I think w1 not far from 0.5"
E1 ⊕ E2

w1

E(h)

1

1

0.250.1 0.4 0.75 0.90.6

Same example, different models, a lot of copy/paste.
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Uncertain knowledge: probabilities, sets, and more Sets

Examples of inferences

w1

E(h)

1

1

0.250.1 0.4 0.75 0.90.6

What’s better between a1 = (0.8,0.5) and a2 = (0.5,0.8)?
[E(a1),E(a1)] = [0.68,0.725] ≻ [E(a2),E(a2)] = [0.575,0.62]
Has a1 a value higher than a2 by 0.1: Ih(a1)−h(a2)>0.1

[P(Ih(a1)−h(a2)>0.1),P(Ih(a1)−h(a2)>0.1)] = [0,1]
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Uncertain knowledge: probabilities, sets, and more Sets

Ignorance and inconsistency

Ignorance
Ignorance on E = set E
Inferences insensitive to transformation of reference space

Inconsistency
Consistency as long as E1 ⊕ E2 ̸= ∅

Arguably more convincing on those aspects than probabilities

I will also happily be contradicted here if you wish.
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Uncertain knowledge: probabilities, sets, and more Sets

Do we get what we want?

About my states of knowledge on ϕ:
certainty, that it is necessarily true → P(ϕ) = 1
certainty, that it is necessarily false → P(ϕ) = 0
ignorance: set H → P(ϕ) = 1 for all ϕ
inconsistency: ∅ → P(ϕ) = 1 for all ϕ, including contradiction/∅
ability to express graduality → E ,P,P, and presence of
inconsistency are all Boolean information

But maybe over a Belgian beer. This may be a long chat.
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Uncertain knowledge: probabilities, sets, and more Sets

Conclusions on this first part

Neither sets or probabilities seems fully satisfactory, what can we do?

Just ignore the issue: because you do not need to consider
some aspects, or you can live with imperfect handling of it.

Patch your language but mostly keep it: go hierarchical/fully
Bayesian, add variance, solve empty-intersection through maximal
coherent subsets, make a Laplacian assumption and put uniform
distribution over sets. . . .

Go up the expressiveness ladder: because you want a
uncertainty language that theoretically/axiomatically satisfies our
desiderata. Our choice in this talk.

This is where we enter the rabbit hole.
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Uncertain knowledge: probabilities, sets, and more Imprecise probability theories (focus on possibilities)

Outline

1 Uncertain knowledge: probabilities, sets, and more
Probabilities
Sets
Imprecise probability theories (focus on possibilities)

2 Using inconsistency and gradualness to . . .
. . . improve set-based elicitation approaches
. . . refine repair strategies in case of inconsistency
. . . engage the user in critical dialogue

3 Conclusion and wrap-up
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Uncertain knowledge: probabilities, sets, and more Imprecise probability theories (focus on possibilities)

The IP languages (VERY rough ideas)

Instance: a probability set P over H
Operator: one obvious option is

P1 ⊕ P2 = P1 ∩ P2

Inference: generally, lower/upper expected values

E(f ) = inf
p∈P

Ep(f ), E(f ) = sup
p∈P

Ep(f )

with [P(A),P(A)] being expectation of indicator functions IA.

Believe me, you do not want the full thing in a 45 minute talk.
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Uncertain knowledge: probabilities, sets, and more Imprecise probability theories (focus on possibilities)

A small example

"I’m pretty sure w1 > 0.5" → P1 : P({w1 > 0.5}) = 0.9
"I think w1 not far from 0.5" → P2 : P(w1 = a) ≥ p(w1 = b) if

|a − 0.5| ≤ |b − 0.5|
Bounds over singletons for P1 ∩ P2

w1

p(h)

1

1

0.250.1 0.4 0.75 0.90.6

This is getting a bit more involved
Sébastien Destercke (CNRS) Uncertainty and pref. DA2PL keynote talk 28 / 57



Uncertain knowledge: probabilities, sets, and more Imprecise probability theories (focus on possibilities)

Examples of inferences

w1

p(h)

1

1

0.250.1 0.4 0.75 0.90.6

What’s better between a1 = (0.8,0.5) and a2 = (0.5,0.8)?
[E(a1),E(a1)] = [0.669,0.717] ≻ [E(a2),E(a2)] = [0.569,0.63]
Has a1 a value higher than a2 by 0.1: Ih(a1)−h(a2)>0.1)

[P(Ih(a1)−h(a2)>0.1),P(Ih(a1)−h(a2)>0.1)] = [0,0.66]

I’m afraid you will have to trust my computations. . .
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Uncertain knowledge: probabilities, sets, and more Imprecise probability theories (focus on possibilities)

The IP jungle [4]

Imprecise
probability

Random sets
Belief functions

Possibility

Sets

Probability

Incompleteness tolerantAble to model variability

E
xp

re
ss

iv
ity

/fl
ex

ib
ili

ty

G
eneraltractability(scalability)

Do not go in the jungle without a guide. Seriously.
Sébastien Destercke (CNRS) Uncertainty and pref. DA2PL keynote talk 30 / 57



Uncertain knowledge: probabilities, sets, and more Imprecise probability theories (focus on possibilities)

The possibilistic language

Instance: a distribution π,

π : H → [0,1] with max
h∈H

π(h) = 1 when consistent

Operator: two classical operators are

π1 ⊕ π2(h) = min(π1(h), π2(h)) π1 ⊕ π2(h) = π1(h) · π2(h)

but more generally, possibility theory accepts any t-norm operator.
Inference on events: skeptical (necessary) or credible (possible)

P(A) = 1 − max
h∈Ac

π(h), P(A) = max
h∈A

π(h),

Inference on functions: pessimist or optimist

E(f ) =
∫ 1

0
{inf f (h) :π(h) ≥ α}dα E(f ) =

∫ 1

0
{sup f (h) :π(h) ≥ α}dα

Another famous Belgian that lived near my hometown is Marguerite de Yourcenar
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Uncertain knowledge: probabilities, sets, and more Imprecise probability theories (focus on possibilities)

A small example

"I’m pretty sure w1 > 0.5: P({w1 > 0.5}) = 0.9"

"I think w1 not far from 0.5": Decreasing π
π1 ⊕ π2 using ⊕ = min

w1

E(h)

1

1

0.250.1 0.4 0.75 0.90.6

Her pen name is an anagram of her family name de Crayencour.
Sébastien Destercke (CNRS) Uncertainty and pref. DA2PL keynote talk 32 / 57



Uncertain knowledge: probabilities, sets, and more Imprecise probability theories (focus on possibilities)

A small example

"I’m pretty sure w1 > 0.5: P({w1 > 0.5}) = 0.9"
"I think w1 not far from 0.5": Decreasing π

π1 ⊕ π2 using ⊕ = min

w1

E(h)

1

1

0.250.1 0.4 0.75 0.90.6

Her pen name is an anagram of her family name de Crayencour.
Sébastien Destercke (CNRS) Uncertainty and pref. DA2PL keynote talk 32 / 57



Uncertain knowledge: probabilities, sets, and more Imprecise probability theories (focus on possibilities)

A small example

"I’m pretty sure w1 > 0.5: P({w1 > 0.5}) = 0.9"
"I think w1 not far from 0.5": Decreasing π

π1 ⊕ π2 using ⊕ = min

w1

E(h)

1

1

0.250.1 0.4 0.75 0.90.6

Her pen name is an anagram of her family name de Crayencour.
Sébastien Destercke (CNRS) Uncertainty and pref. DA2PL keynote talk 32 / 57



Uncertain knowledge: probabilities, sets, and more Imprecise probability theories (focus on possibilities)

Examples of inferences

w1

E(h)

1

1

0.250.1 0.4 0.75 0.90.6

What’s better between a1 = (0.8,0.5) and a2 = (0.5,0.8)?
[E(a1),E(a1)] = [0.665,0.707] ≻ [E(a2),E(a2)] = [0.593,0.635]
Has a1 a value higher than a2 by 0.1: Ih(a1)−h(a2)>0.1

[P(Ih(a1)−h(a2)>0.1),P(Ih(a1)−h(a2)>0.1)] = [0,0.5]

She wrote "L’Oeuvre au noir" and "Les Mémoires d’Hadrien"
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Uncertain knowledge: probabilities, sets, and more Imprecise probability theories (focus on possibilities)

Do we get what we want?

About my states of knowledge on ϕ:
certainty, that it is necessarily true → P(ϕ) = 1
certainty, that it is necessarily false → P(ϕ) = 0
ignorance: distribution π(h) = 1 for all h ∈ H
inconsistency: maxh π(h) < 1
ability to express graduality both in belief degrees (P(ϕ)) and
inconsistency (1 −maxh π(h))

Yes, this is shameless self-promotion, but it is also true.
Sébastien Destercke (CNRS) Uncertainty and pref. DA2PL keynote talk 34 / 57



Uncertain knowledge: probabilities, sets, and more Imprecise probability theories (focus on possibilities)

So what?

Can we leverage the features of our uncertainty language to do
something useful?

I think so, and will illustrate it on some research questions we’re
investigating, from the most advanced one to the most prospective

one.

More self-promotion coming. Brace yourselves
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Using inconsistency and gradualness to . . .

Outline

1 Uncertain knowledge: probabilities, sets, and more
Probabilities
Sets
Imprecise probability theories (focus on possibilities)

2 Using inconsistency and gradualness to . . .
. . . improve set-based elicitation approaches
. . . refine repair strategies in case of inconsistency
. . . engage the user in critical dialogue

3 Conclusion and wrap-up

This will be a running2 gag.
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Using inconsistency and gradualness to . . . . . . improve set-based elicitation approaches

Outline
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Using inconsistency and gradualness to . . . . . . improve set-based elicitation approaches

Main idea [1]

Set-based incremental elicitation (with minmax regret):

+: provides very strong guarantees (if mistake-free)
+: benefits from quick convergence
+: can leverage efficient algorithms
-: cannot detect elicitation errors by construction
-: relies on strong assumptions (user and analyst are oracles)

→ possibilistic version keeps most of it while solving the two last
issues.

You will not get of technical details, but you can check the paper
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Using inconsistency and gradualness to . . . . . . improve set-based elicitation approaches

Elicitation process illustration: finding w∗
1

The user answers consecutive questions with yes/no answers

Each answer refines the set of possible models.

w10 1
q1

H1

w∗
1
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Using inconsistency and gradualness to . . . . . . improve set-based elicitation approaches

Elicitation process illustration: finding w∗
1

The user answers consecutive questions with yes/no answers

Each answer refines the set of possible models.

w10 1
q1q2 q3

H1,2,3

w∗
1
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Using inconsistency and gradualness to . . . . . . improve set-based elicitation approaches

All fine, until we have one mistake. . .

If the user gives a wrong answer to the question q1, then the
optimal model w∗

1 is not part of H1′
:

w10 1
q1

H1′

w∗
1

Further questions will refine H1′
, thus never returning to the

optimal model.
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Using inconsistency and gradualness to . . . . . . improve set-based elicitation approaches

Adding a possibilistic flavour

An agent (user or analyst) also gives a confidence degree
α ∈ [0,1] with each answer → 1 is certainty, 0 total ignorance.

Extends the set-based approach as α = 1 ⇔ robust approach.

Little added cognitive complexity, and α has many interpretations:

Ordinal confidence degree (if one combines through min/max) [6]
Lower confidence degree (set either by user or analyst) [3]
Maximal buying price for an exchange/a trade of alternatives [5]

See? Nothing too complicated. α can even be a linguistic statement.
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Using inconsistency and gradualness to . . . . . . improve set-based elicitation approaches

Illustration of possibilistic elicitation

π
1

1 − α

w10 1

H1

w∗
1

Even if the agent gives a wrong answer, it’s possible to return to
H \ H1 and thus to find W ∗

1 .

Sébastien Destercke (CNRS) Uncertainty and pref. DA2PL keynote talk 42 / 57



Using inconsistency and gradualness to . . . . . . improve set-based elicitation approaches

Some results

True uncertainty degree: 0.7
Results over 100 simulations, incremental procedure

0 2 4 6 8 10 12 14

0

0.05

0.1

0.15

Number of queries

R
ea

lr
eg

re
t

0.5
0.7
0.9
1

: no uncertainty, real
regret increases with
mistakes

: overconfidence,
limited damages

: true uncertainty,
everything goes well

: underconfidence,
convergence sllightly slower

I know, synthetic data, but catching real users in the wild is another job altogether.
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Using inconsistency and gradualness to . . . . . . refine repair strategies in case of inconsistency

Outline

1 Uncertain knowledge: probabilities, sets, and more
Probabilities
Sets
Imprecise probability theories (focus on possibilities)

2 Using inconsistency and gradualness to . . .
. . . improve set-based elicitation approaches
. . . refine repair strategies in case of inconsistency
. . . engage the user in critical dialogue

3 Conclusion and wrap-up
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Using inconsistency and gradualness to . . . . . . refine repair strategies in case of inconsistency

Getting inspiration from sets and logic [2]

Assume some inconsistency when combining π1, . . . , πN .
π1

ω1ω∗

π2

ω1ω∗

π3

ω1ω∗

π4

ω1ω∗

⊕
π⊕

ω1ω∗

Literature quite rich in repair operators:
Picking K sources over N
Picking maximal subsets of sources that are consistent

Here also, if you’re hungry for technicalities, check the paper.
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Assume some inconsistency when combining π1, . . . , πN .
Literature quite rich in repair operators:

Picking K sources over N
π1

ω1ω∗

π2

ω1ω∗

π3

ω1ω∗

π4

ω1ω∗

3 among 4
π3/4

ω1ω∗

Picking maximal subsets of sources that are consistent
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Getting inspiration from sets and logic [2]

Assume some inconsistency when combining π1, . . . , πN .
Literature quite rich in repair operators:

Picking K sources over N
Picking maximal subsets of sources that are consistent
π1

ω1ω∗

π2

ω1ω∗

π3

ω1ω∗

π4

ω1ω∗

keep
π1, π2, π3

π123

ω1ω∗

Here also, if you’re hungry for technicalities, check the paper.
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Some results

Results on 100 simulations, batch information of 20 πi

Method h(x∗)− h(x)
Best MCS 0.00695
(unreachable gold standard)
Naive correction 0.233
k -out-of-N 0.130
Most certain MCS 0.0459

x∗: optimal. x : recommanded

A table and not a figure, but still simulated data. Real users are good at hiding.
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Beyond the user: coping with model error

Two possible, equally interesting views:

Consider a sequence of hypothesis space

H1 ⊆ H2 ⊆ . . . ⊆ Hn

such as k-additive choquet integrals with k increasing.

→ If inconsistency for Hi , switch to Hi+1

Assume models are described by sets of axioms ax1,ax2, . . . ,axN .

→ One can then consider them as uncertain structural
assessments (axi , αi), whose validity can be
adjudicated/questioned in light of user preferential information.

From here on we enter a more speculative world. Your collaboration is welcomed.
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Outline
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Using inconsistency and gradualness to . . . . . . engage the user in critical dialogue

Explaining a preference statement

Consider two alternatives x and y , and the inference x ≻ y
An explanation is a set of "elementary" preferences that follows
from user information

x ≻ int1 ≻ int2 ≻ . . . ≻ y

because you implied ϕi

because you implied ϕj

because you implied ϕk

Explanation is a chain ϕi , ϕj , . . . , ϕk , re-expressed in
understandable language

This slide took me a little time.
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Explaining a preference statement

Consider two alternatives x and y , and the inference x ≻ y
An explanation is a set of "elementary" preferences that follows
from user information

x ≻ int1 ≻ int2 ≻ . . . ≻ y

because you implied ϕi , [Ni ,Πi ]

because you implied ϕj , [Nj ,Πj ]

because you implied ϕk , [Nk ,Πk ]

Possibilistic explanation is a chain (ϕi , [Ni ,Πi ]), (ϕj , [Nj ,Πj ])
, . . . , (ϕk , [Nk ,Πk ), re-expressed in understandable language

This slide took me a little time.
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Using inconsistency and gradualness to . . . . . . engage the user in critical dialogue

A schema of dialectical, questionable explanations

ag and da are possibilistic agents [Nda,Πda][Nag ,Πag ]

I recommend x over y (ϕ=x ≻y ) [0.3, 1]

I am unsure, can you explain why?[0, 1]

[Nda,Πda][Nag ,Πag ]

Because you prefer x over e1, e1 over e2 and

e2 over y. That you prefer e1 to x is implied

by (ϕ1, 0.8), e2 is better than e1 everywhere,

and e2 to y because you told ϕ2, 0.3

[0.3, 1]

I guess that makes sense, thanks![0.4, 1]

[Nda,Πda][Nag ,Πag ]

Armand’s talk will be about that
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Using inconsistency and gradualness to . . . . . . engage the user in critical dialogue

A schema of dialectical, questionable explanations
ag and da are possibilistic agents [Nda,Πda][Nag ,Πag ]

I recommend x over y (ϕ=x ≻y ) [0.3, 1]

This looks very implausible. . .[0, 0.2]

But we can deduce it from you havng

said that (ϕ1, 0.8), and that (ϕ2, 0.3).

Do you think one statement was wrong?
[0.3, 1]

Hmmm, no, I would rather say (¬ϕ2, 0.6)[0, 0.2]

[Nda,Πda][Nag ,Πag ]

Corrected, I would now say y ≻ x . [0.6, 1]

So do not miss it, especially if I was unclear
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Using inconsistency and gradualness to . . . . . . engage the user in critical dialogue

Many ensuing questions

how do we express the uncertainty associated to our arguments?
which explanations/statements should we privilege?

Highly plausible with the intent to convince? (exploitation?)
Lowly plausible to raise possible contradictions? (exploration?)
Testing some axioms along the way? (model choice?)

how do we impact our uncertainty model/hypothesis space in case
of retraction/addition?
how do we validate the model/system through user experiment?

We are only starting on this.
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Outline

1 Uncertain knowledge: probabilities, sets, and more
Probabilities
Sets
Imprecise probability theories (focus on possibilities)

2 Using inconsistency and gradualness to . . .
. . . improve set-based elicitation approaches
. . . refine repair strategies in case of inconsistency
. . . engage the user in critical dialogue

3 Conclusion and wrap-up

This will be a running2 gag.
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Conclusion and wrap-up

Why (not) possibilities?

Why?
Tick all our desired properties
Computationally convenient (scale linearly if ⊕ = min)
Lots of nice quantitative/qualitative reasoning tools
Well adapted to model subjective, non-statistical uncertainty
Can, but is not obliged to remain of ordinal nature (⊕ = min)

Why not?
You prefer probabilities or sets
Does not include probabilities as special case
Has a limited expressiveness (more on the next slide)

This is the end . . . almost
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Conclusion and wrap-up

Why going beyond possibilities?

Limited expressiveness:
Intervals [N(ϕ),Π(ϕ)] are only of the kind

[α,1] or [0, β]

Some natural uncertainty statements such as

P(A) ≥ P(B)

cannot be faithfully modelled

Does not include probabilities as special case.
Notion of inconsistency inherited from logic → remains a very
strong one compared to, e.g. probabilistic consistency

Now this is really the end.
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