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Today's talk

By the end of the talk, you will learn a little bit more about:
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Today's talk

By the end of the talk, you will learn a little bit more about:

@ Generalisation of Classical Probability Theory, known as Imprecise
Probabilities,

@ their applications to Statistical Machine Learning, and

© Something about imprecise probability metrics and conformal uncertainty
quantification.
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Historical Motivation of Imprecise Probabilities

Flexible Uncertainty Representation

Hey guys, do you
think it's going to rain
tomorrow?
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Historical Motivation of Imprecise Probabilities

Flexible Uncertainty Representation

Hey guys, do you
think it's going to rain
tomorrow?

@ Paan({RainTomorrow}) =1

I think
yes!
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Historical Motivation of Imprecise Probabilities

Flexible Uncertainty Representation

Hey guys, do you More likely
think it's going to rain than not
tomorrow? v

@ Paan({RainTomorrow}) =1
@ Ppino({RainTomorrow}) > 0.5

I think
yes!
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Historical Motivation of Imprecise Probabilities

Flexible Uncertainty Representation

@ Paan({RainTomorrow}) =1
@ Ppino({RainTomorrow}) > 0.5

Hey guys, do you N::re Iiko‘ely
think it’s going to rail an n ) H
Y W o Px.ik({RainTomorrow}) € [0,1]

I think
yes!
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Historical Motivation of Imprecise Probabilities

Flexible Uncertainty Representation

@ Paan({RainTomorrow}) =1
@ Ppino({RainTomorrow}) > 0.5

Hey guys, do you N::re Iiko‘ely
think it’s going to rail an n ) H
Y W o Px.ik({RainTomorrow}) € [0,1]

@ This kicked off the studies of
Imprecise Probabilities (IPs):
]' ]' ]v
],

I think
yes!
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What are Imprecise Probabilities about?

Monographs
on Statistics and
Applied Probability 42

Statistical
Reasoning
with Imprecise

Probabilities

Peter Walley

% Chapman and Hall

, Chapter 1.1.4]
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@ Reasoning begins with the recognition and
e acknowledgement of uncertainty and

on Statistics and

Applied Probability 42 ignorance.
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What are Imprecise Probabilities abo

@ Reasoning begins with the recognition and
e acknowledgement of uncertainty and

on Statistics and

Applied Probability 42 ignorance.

@ Uncertainty: How likely facts or events are
Statistical to happen

Reasoning e ~ Risk, Known Unknown, first-order
with Imprecise uncertainty, Statistical variation, Aleatoric
Probabilities Uncertainty

Peter Walley

% Chapman and Hall

, Chapter 1.1.4]
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@ Reasoning begins with the recognition and
e acknowledgement of uncertainty and

on Statistics and

Applied Probability 42 ignorance.

@ Uncertainty: How likely facts or events are
Statistical to happen

Reasoning e = Risk, Known Unknown, first-order
with Imprecise uncertainty, Statistical variation, Aleatoric

Probabilities Uncertainty
e Modelled by Probabilities

@ Ignorance: How ignorant are we about facts
or events

Peter Walley

e ~ Indeterminacy, Unknown Unknown,
higher-order uncertainty, Knightian
uncertainty [ ], Epistemic
Uncertainty

& Chapman and Hall
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What are Imprecise Probabilities abo

@ Reasoning begins with the recognition and
acknowledgement of uncertainty and
on Statistics and .
Applied Probability 42 ignorance.

Monographs

@ Uncertainty: How likely facts or events are
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e Modelled by Probabilities

@ Ignorance: How ignorant are we about facts
or events

Peter Walley

e ~ Indeterminacy, Unknown Unknown,
higher-order uncertainty, Knightian
uncertainty [ ], Epistemic
Uncertainty

o Modelled by Imprecise Probabilities
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So What are Imprecise Probabilities?
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So What are Imprecise Probabilities?

Imprecise Probabilities

Mathematical models that allow to conduct analyses in the presence of both
(partial) ignorance and uncertainty.
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So What are Imprecise Probabilities?

Imprecise Probabilities

Mathematical models that allow to conduct analyses in the presence of both
(partial) ignorance and uncertainty.

Research questions that people study include
@ Uncertainty representation and quantification
@ Update of imprecise beliefs upon evidence
Imprecise beliefs elicitation

°
@ Rational decision-making under imprecision
o
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So What are Imprecise Probabilities?

Imprecise Probabilities

Mathematical models that allow to conduct analyses in the presence of both
(partial) ignorance and uncertainty.

Research questions that people study include

@ Uncertainty representation and quantification
Update of imprecise beliefs upon evidence
Imprecise beliefs elicitation

Rational decision-making under imprecision

IP has strong ties to Robust Frequentist Statistics | ] and Bayesian
Sensitivity Analysis | |!
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Historical Motivations for Imprecise Probabilities

Other Approaches to Statistical Inference

@ Fiducial Inference 1, ]
@ Dempster-Shafer Theory of Evidence 1. 1
]
@ Probability Kinematics 1 1
I, i ]
@ Inferential models ]
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Historical Motivations for Imprecise Probabilities

An Elephant in the Room: What about Bayesianism?

Clarification:

@ Bayesianism is (mostly) about coherent update of subject beliefs encoded as
probability distributions (over parameters)

@ Imprecise probabilities studies suitable representations of partial ignorance
and related operations.

@ No conflict!
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Historical Motivations for Imprecise Probabilities

An Elephant in the Room: What about Bayesianism?

Clarification:

@ Bayesianism is (mostly) about coherent update of subject beliefs encoded as
probability distributions (over parameters)

@ Imprecise probabilities studies suitable representations of partial ignorance
and related operations.

@ No conflict!

See
° |'s Statistical Reasoning with Imprecise Probabilities
° |I's “In Defence of Objective Bayesianism"
° I's “Interpretation of Probability”
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Historical Motivations for Imprecise Probabilities

Other Fields

@ Economics and Decision Theory 1,

@ Game Theory ) ]
o Finance 1, ]
e Mathematics 1 |

e Physics ], ]

@ Engineering 1 1 l;
[ , Chapter 13]

e Computer Science 1. ]

e Logic l. ]
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Acknowledging Uncertainties in Statistics and ML

Statistical Inference

Observing samples Xi, ..., X, i P, x, how to test hypothesis about 67
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Acknowledging Uncertainties in Statistics and ML

Statistical Inference

Observing samples X, ..

Supervised Learning

Observing samples {X;, Y;}"_; ~ Py xxy, how to learn an optimal mapping

f:xX—=Jy?

S.L. Chau (EPIC Lab NTU SG)
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., Xn ~ Pg x, how to test hypothesis about 67
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Acknowledging Uncertainties in Statistics and ML

Statistical Inference

Observing samples Xi, ..., X, i P, x, how to test hypothesis about 67

Supervised Learning

Observing samples {X;, Yi}"_; g Py xxy, how to learn an optimal mapping
f:xX—=Jy?

Reasonable sources of imprecision and uncertainties
e What if data not iid? data contaminated?
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Supervised Learning

Observing samples {X;, Yi}"_; g Py xxy, how to learn an optimal mapping
f:xX—=Jy?

Reasonable sources of imprecision and uncertainties
e What if data not iid? data contaminated?

@ What if a precise hypothesis cannot be formulated?
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Acknowledging Uncertainties in Statistics and ML

Statistical Inference

Observing samples Xi, ..., X, i P, x, how to test hypothesis about 67

Supervised Learning

Observing samples {X;, Yi}"_; g Py xxy, how to learn an optimal mapping
f:xX—=Jy?

Reasonable sources of imprecision and uncertainties
e What if data not iid? data contaminated?

@ What if a precise hypothesis cannot be formulated?

@ What if distribution family of Py unknown? Distribution shifts? Adversarial
attacks? Performative effects?
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Acknowledging Uncertainties in Statistics and ML

Statistical Inference

Observing samples Xi, ..., X, i P, x, how to test hypothesis about 67

Supervised Learning

Observing samples {X;, Yi}"_; g Py xxy, how to learn an optimal mapping
f:xX—=Jy?

Reasonable sources of imprecision and uncertainties
e What if data not iid? data contaminated?

@ What if a precise hypothesis cannot be formulated?

@ What if distribution family of Py unknown? Distribution shifts? Adversarial
attacks? Performative effects?

@ What if inductive biases (e.g. model class, causal assumptions, optimisation
objectives) are no longer warranted?
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Acknowledging Uncertainties in Statistics and ML

Statistical Inference

iid

Observing samples Xi, ..., X, ~ Py x, how to test hypothesis about 67

Supervised Learning

iid

Observing samples {X;, Y;}"_; ~ Py xxy, how to learn an optimal mapping
f:xX—=Jy?

Reasonable sources of imprecision and uncertainties

What if data not iid? data contaminated?
What if a precise hypothesis cannot be formulated?

What if distribution family of Py unknown? Distribution shifts? Adversarial
attacks? Performative effects?

What if inductive biases (e.g. model class, causal assumptions, optimisation
objectives) are no longer warranted?

we be faithful and precise about imprecision and still do something useful?
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First Applications of IP to ML and Al

o Classification problems

° |: Evidential Neural Networks (ENNs)
|: Naive Credal Classifier (NCC)
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First Applications of IP to ML and Al

o Classification problems
° |: Evidential Neural Networks (ENNs)
|: Naive Credal Classifier (NCC)
@ Causal Inference
° |: Credal Networks (CNs)
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First Applications of IP to ML and Al

o Classification problems

° |: Evidential Neural Networks (ENNs)
|: Naive Credal Classifier (NCC)

@ Causal Inference

° |: Credal Networks (CNs)
@ Vision
° |: Evidential Object Tracking (EOT)
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First Applications of IP to ML and Al

o Classification problems

° |: Evidential Neural Networks (ENNs)
|: Naive Credal Classifier (NCC)

@ Causal Inference

° |: Credal Networks (CNs)
@ Vision
° |: Evidential Object Tracking (EOT)

@ Dynamical Systems
° |: Qualitative and Model-Based Reasoning
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First Applications of IP to ML and Al

o Classification problems
° |: Evidential Neural Networks (ENNs)
|: Naive Credal Classifier (NCC)

@ Causal Inference
° |: Credal Networks (CNs)
@ Vision
° |: Evidential Object Tracking (EOT)

Dynamical Systems
° |: Qualitative and Model-Based Reasoning

@ Some more examples...
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Domain Generalisation via Imprecise Learning

Singh, Chau, Bouabid, Muandet [ICML2024 Spotlight]

* T Doctor (EU)
Precise Risk Minimisation
Pregise Pr Probability N ) ) “The model matches my risk-
rociso Probabity . g i -
Learner ease Probabil X% ‘ f( ‘) Too conservative! Pl
T '
mprecise - - o
T iKMEEe)t imprecise Risk Optimisation \ | /3( &,, 0. 1) |teroosemyrsciewey
B TXA— Y an
. . ' '
A e Palients o ‘l’:;‘:‘;;"‘s";‘;ﬁ‘ ' ' EU and non-EU doctors have different risk-levels operating models trained on EU domains.
i ' ' Imprecise learning allows operators to specify their generalisation strategies at deployment.

imprecise generalisation uncertainty.

@ Research Question: In domain generalisation, can distributional uncertainty
be propagated to inference time, enabling downstream users — rather than
model designers — to resolve residual ambiguity?
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Domain Generalisation via Imprecise Learning

Singh, Chau, Bouabid, Muandet [ICML2024 Spotlight]

A e Doctor (EU)
Precise Risk Minimisation
Precise (.. ERM, DRO, IRM ) N 4 [ -
Procise Probabilt . g i o model matches my risk-
Learner ecse Probatily LY f( o ) Too conservative! ‘averseness!
y an
v v
imprecise - . e
T K(P) imprecise Risk Optimisation \ | /3( &,, 0. 1) |teroosemyrsciewey
Credal sat an> U.
hTxXA—> Y
. . ' v
After obsenving patients from various European ' ' EU and non-EU doctors have different risk-levels operating models trained on EU domains.

countries, learers formulate their precise and
imprecise generalisation uncertainty.

! ' Imprecise leaming allows operators to specify their generalisation strategies at deployment.

@ Research Question: In domain generalisation, can distributional uncertainty
be propagated to inference time, enabling downstream users — rather than
model designers — to resolve residual ambiguity?

o Challenges: How to represent distributional uncertainty? How to learn an
infinite collection of models?
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Credal Two-sample Tests of Epistemic Uncertainties

Chau, Schrab, Gretton, Sejdinovic, Muandet [AISTATS 2025]

%B

= |
E
B =
1) iid
X i@ p() y{® & p(h
1:n X — —
— Bl
L.
i yl(z iid P(z Y@ i pG)
XERP xoE —

@ Research Question: Without direct access to the distribution of interest,
and relying only on proxies, can we compare distributional uncertainties

statistically?
o Challenges: You never have access from the true distribution of interests. A

new kind of null “imprecise” hypotheses.

February 2026

IPML: IIPM & Conformal UQ
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Credal Two-sample Tests of Epistemic Uncertainties

Chau, Schrab, Gretton, Sejdinovic, Muandet [AISTATS 2025]

Null Hypothesis for o
Null Hypothesis for Null Hypotheses Available for Credal Two-sample Tests
Two-sample Test

AN . | ®
x Cy e, GGy Cx G

Equality H, Specification H;, o Inclusion H, - Equality H,_ Plausibility H; ,

@ Research Question: Without direct access to the distribution of interest,
and relying only on proxies, can we compare distributional uncertainties
statistically?

@ Challenges: You never have access from the true distribution of interests. A
new kind of null “imprecise” hypotheses.
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Set-based v.s. Distribution-based Representations of

Epistemic Uncertainty: A Comparative Study

Wang, Wang, Cuzzolin, Moens, Hallez, Chau [In Submission 2026]

Second-Order
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>

Maximum Mean
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D

Tasks:

Out-of-
distribution
Detection

Selective
Prediction

Basis (Stage 0)

[

Comparative Study Framework

Research Question: If we remove the confounding effect of base learners, what
can we say about set-based v.s. distribution-based representations of epistemic
uncertainty through a comparative study?
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Modern Research in IPML: Methodological

Active Learning l. ]; ]

Reinforcement Learning |, 1,
]

Continual Learning ]

Bayesian Learning l; l;
]

o Evidential Learning ], 1,
I ]

Classification l; I ]

Conformal Prediction ], ],

I; 1, ]
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Modern Research in IPML: Methodological

Causal Inference ], , ]

Machine Vision 1, ]

Medical Applications ]

Domain Generalization ]

Credal Set Calibration 1, 1
B ] ]

Proper scoring rule ]

Support Vector Machines I, ]
Large Language Models (LLMs) 1. ]
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Modern Research in IPML: Theoretical

@ Uncertainty Measures and Representation I
], I, ],
It J; , 2024];
]
@ Imprecise Probability Theory I, ],
Ik Ik Ik
IE I; ;
@ Probability Metrics I; ]
o Fixed Point Theory ]
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https://sipta.org/
https://www.sciencedirect.com/journal/international-journal-of-approximate-reasoning/issues
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This part of the presentation is based on the following paper:

Integral Imprecise Probability Metrics

Siu Lun Chau', Michele Caprio®?, and Krikamol Muandet*

LCcﬂlege of Computing & Data Science, Nanyang Technological University, Singapore
2De]:uiu'lmem of Computer Science, The Umvemty of Manchester, United Kingdom
h Centre for AI F United Kingdom

“Rational Intelligence Lab, CISPA Helmholtz Cemer for Information Security, Germany

Abstract

Quantifying differences between probability distributions is fundamental to statis-
tics and machine learning, primarily for comparing statistical uncertainty. In
contrast, epistemic uncertainty—due to incomplete knowledge—requires richer
representations than those offered by classical probability. Imprecise probability
(TP thearv affere ench mndele canmiring amhionitvy and nartial heliaf This hac
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This part of the presentation is based on the following paper:

Integral Imprecise Probability Metrics

Siu Lun Chau', Michele Caprio®?, and Krikamol Muandet*

LCcﬂlege of Computing & Data Science, Nanyang Technological University, Singapore
2De]:uiu'tment of Computer Science, The Umverslty of Manchester, United Kingdom
h Centre for AI F United Kingdom
“Rational Intelligence Lab, CISPA Helmholtz Cemer for Information Security, Germany

Abstract

Quantifying differences between probability distributions is fundamental to statis-
tics and machine learning, primarily for comparing statistical uncertainty. In
contrast, epistemic uncertainty—due to incomplete knowledge—requires richer
representations than those offered by classical probability. Imprecise probability
(TP thearv affere ench mndele canmiring amhionitvy and nartial heliaf This hac

@ Research Question: Can we devise an integral-based metric for imprecise
probabilities? What can we get out of it?

au (EPIC Lab NTU SG)



How should we represent uncertainty?

Probability theory is the gold standard for modelling stochasticity in random phenomena.
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How should we represent uncertainty?

Probability theory is the gold standard for modelling stochasticity in random phenomena.

Probability [Kolmogorov, 1933]
A probability measure P € P(X’) on a measurable space (X, X y) is a set function
P: Xy — [0,1] such that

Q@ P(A) >0, for all event A€ Xx

@ P(X)=1,

@ for any sequence of disjoint sets {A;}i>1 P(UJ;»; Ai) = >~ P(A)
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How should we represent uncertainty?

But there are limitations to standard probability when it comes to ignorance

@ Standard probability (e.g. real-valued random variables) lack formal
framework to handle imprecise observations:

Ltherefore probability shouldn't be used as confidence measure but: people use it=regardlessly:
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How should we represent uncertainty?

But there are limitations to standard probability when it comes to ignorance

@ Standard probability (e.g. real-valued random variables) lack formal
framework to handle imprecise observations:

o Set-valued observations (random set, ontic v.s. ontological), missing
observations, qualitative data, probability bounds

Ltherefore probability shouldn't be used as confidence measure but: people use it=regardlessly:
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How should we represent uncertainty?

But there are limitations to standard probability when it comes to ignorance

@ Standard probability (e.g. real-valued random variables) lack formal
framework to handle imprecise observations:

o Set-valued observations (random set, ontic v.s. ontological), missing
observations, qualitative data, probability bounds

@ Probability fail to distinguish between indifference and ignorance.

Ltherefore probability shouldn't be used as confidence measure but: people use it=regardlessly:
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How should we represent uncertainty?

But there are limitations to standard probability when it comes to ignorance

@ Standard probability (e.g. real-valued random variables) lack formal
framework to handle imprecise observations:

o Set-valued observations (random set, ontic v.s. ontological), missing
observations, qualitative data, probability bounds
@ Probability fail to distinguish between indifference and ignorance.

o P({Coin flip = head}) = 0.5. Precise equal likelihood belief or pick 0.5
because you don't know anything?

Ltherefore probability shouldn't be used as confidence measure but: people use it=regardlessly:
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How should we represent uncertainty?

But there are limitations to standard probability when it comes to ignorance

@ Standard probability (e.g. real-valued random variables) lack formal
framework to handle imprecise observations:

o Set-valued observations (random set, ontic v.s. ontological), missing
observations, qualitative data, probability bounds

@ Probability fail to distinguish between indifference and ignorance.

o P({Coin flip = head}) = 0.5. Precise equal likelihood belief or pick 0.5
because you don't know anything?

© Probability cannot encode absolute strength of belief.

e If I do not know anything about event A, | want to encode P(A) = 0, but that
implies | know everything about A° since now P(A°) = 1.

Ltherefore probability shouldn't be used as confidence measure but: people use it=regardlessly:
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How should we represent uncertainty?

But there are limitations to standard probability when it comes to ignorance

@ Standard probability (e.g. real-valued random variables) lack formal
framework to handle imprecise observations:

o Set-valued observations (random set, ontic v.s. ontological), missing
observations, qualitative data, probability bounds

@ Probability fail to distinguish between indifference and ignorance.

o P({Coin flip = head}) = 0.5. Precise equal likelihood belief or pick 0.5
because you don't know anything?

© Probability cannot encode absolute strength of belief.

e If I do not know anything about event A, | want to encode P(A) = 0, but that
implies | know everything about A° since now P(A°) = 1.

@ Probability cannot represent ignorance anyway...

e Uniform distribution is not closed under reparametrisation.

Ltherefore probability shouldn't be used as confidence measure but: people use it=regardlessly:
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How should we represent ignorance about uncertainty?

Candidate models from IP and their recent applications

Some candidates to model and represent degree of belief of truthfulness to events:
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How should we represent ignorance about uncertainty?

Candidate models from IP and their recent applications

Some candidates to model and represent degree of belief of truthfulness to events:
@ Lower and upper probabilities | . ]

P(A) = jnf P(A)  P(A) = sup P(A)
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How should we represent ignorance about uncertainty?

Candidate models from IP and their recent applications

Some candidates to model and represent degree of belief of truthfulness to events:

@ Lower and upper probabilities | , ]
P(A) = inf P(A) P(A) = sup P(A)
pecC PecC
@ Belief Functions/Random sets | ]
Bel(A) = > m(A)
BCA
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How should we represent ignorance about uncertainty?

Candidate models from IP and their recent applications

Some candidates to model and represent degree of belief of truthfulness to events:

@ Lower and upper probabilities | , ]
P(A) = inf P(A)  P(A) = sup P(A)
pec pec
@ Belief Functions/Random sets | ]
Bel(A) = > m(A)
BCA
@ Interval Probability (construct plausible candidates) | ]

{(PeP(X:t; <P({x}) <u: Z P({x}) = 1}
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How should we represent ignorance about uncertainty?

Candidate models from IP and their recent applications

Some candidates to model and represent degree of belief of truthfulness to events:

@ Lower and upper probabilities | , ]
P(A) = inf P(A)  P(A) = sup P(A)
pec pec
@ Belief Functions/Random sets | ]
Bel(A) = > m(A)
BCA
@ Interval Probability (construct plausible candidates) | ]

{(PeP(X:t; <P({x}) <u: Z P({x}) = 1}

@ Possibilistic measure | ]

P(A) = igﬁ m(x)
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How should we represent ignorance about uncertainty?

Underlying Principle of IPML

Work with probabilistic information that are compatible to current evidence.
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How should we represent ignorance about uncertainty?

Underlying Principle of IPML

Work with probabilistic information that are compatible to current evidence.

Observed
tra\'ning data

Environment
Observation

Model space

Similar data

Learning
T

(no model) Classical Al

Model explaining training
data + some generalisation

Observed
training data Unobserved
relevant data

—

Learning

= 4

Epistemic Al get of models compatible
with the training data

Observation

V4

State of ignarance
(all models possible)

Figure: An illustrative picture from the Epistemic Al project; funded by the European
Union's Horizon 2020 research and innovation programme under grant agreement No.

964505 (E-pi).
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How should we represent ignorance about uncertainty?

Generalisations of probability

Capacities [Choquet, 1954]
A capacity v € V(X)) on a measurable space (X, X y) is a set function
v: Xy — [0,1] such that

o v(M) =0, v(Xx)=1

e forany AABeXy ACB = v(A) <v(B).

@ non-additive representation of credence!
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How should we represent ignorance about uncertainty?

Capacities generalises many IP and P models

------

| lower /upper probabilities |

l
| 2-monotone capacities |

¥
probability intervals sludletin se’.cs/belief
function
Y

| comonotonic clouds |

| probabilities |
Figure: A skeleton demonstrating the connection between various uncertainty calculi. “A
— B"” means A generalises B, meaning that B is a specific instance of A. The figure is
adopted from ] and ]. Most of

these frameworks generalise classical probability theory.

February 2026
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Some more properties of capacities

@ v(A) + credence to the truthfulness of event A.

@ v(A°) «+ credence to the truthfulness of complementary event A€
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Some more properties of capacities

@ v(A) + credence to the truthfulness of event A.
@ v(A°) «+ credence to the truthfulness of complementary event A€
o In general, v(A) # 1 — v(A°)!
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Some more properties of capacities

v(A) + credence to the truthfulness of event A.

V(A€) < credence to the truthfulness of complementary event A€
In general, v(A) # 1 — v(A°)!

Unlike precise probability.
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Some more properties of capacities

v(A) + credence to the truthfulness of event A.

V(A€) < credence to the truthfulness of complementary event A€
In general, v(A) # 1 — v(A°)!

Unlike precise probability.

Conjugate capacity

Given a capacity v, the conjugate capacity v* : Xy — [0, 1] is given by

v (A) =1-—v(A°)
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Some more properties of capacities

v(A) + credence to the truthfulness of event A.

V(A€) < credence to the truthfulness of complementary event A€
In general, v(A) # 1 — v(A°)!

Unlike precise probability.

Conjugate capacity

Given a capacity v, the conjugate capacity v* : Xy — [0, 1] is given by

v (A) =1-—v(A°)

@ Credence for A is now given by the none-truthfulness of event A°€.
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Some more properties of capacities

v(A) + credence to the truthfulness of event A.

V(A€) < credence to the truthfulness of complementary event A€
In general, v(A) # 1 — v(A°)!

Unlike precise probability.

Conjugate capacity

Given a capacity v, the conjugate capacity v* : Xy — [0, 1] is given by

v (A) =1-—v(A°)

@ Credence for A is now given by the none-truthfulness of event A°€.
e Example: suppcc P(A) = P(A) =1 — P(A°) = 1 — infpec P(A°)
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Integral-based Metric for Imprecise Probabilities

How is it done for precise probability first?

Integral Probability Metrics [Miiller, 1997]

Given a set of continuous bounded real-valued measurable functions 7 C Cp(X)
and probability measures P, Q € P(X), the IPM associated to F is

IPM£(P, Q) = sup ’/deP /fd@’
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Integral-based Metric for Imprecise Probabilities

How is it done for precise probability first?

Integral Probability Metrics [Miiller, 1997]

Given a set of continuous bounded real-valued measurable functions 7 C Cp(X)
and probability measures P, Q € P(X), the IPM associated to F is

IPM£(P, Q) = sup ’/deP /fd@’

@ Popular examples include the total variation distance, MMD, and the
Wasserstein distance.
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Integral-based Metric for Imprecise Probabilities

How is it done for precise probability first?

Integral Probability Metrics [Miiller, 1997]

Given a set of continuous bounded real-valued measurable functions 7 C Cp(X)
and probability measures P, Q € P(X), the IPM associated to F is

IPM£(P, Q) = sup ’/deP /fd@’

@ Popular examples include the total variation distance, MMD, and the
Wasserstein distance.

@ Can we extend to capacities trivially?
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Integral-based Metric for Imprecise Probabilities

How is it done for precise probability first?

Integral Probability Metrics [Miiller, 1997]

Given a set of continuous bounded real-valued measurable functions 7 C Cp(X)
and probability measures P, Q € P(X), the IPM associated to F is

IPM£(P, Q) = sup ’/deP /fd@’

@ Popular examples include the total variation distance, MMD, and the
Wasserstein distance.

@ Can we extend to capacities trivially? No! Lebesgue integral is not designed
for non-additive “measures”!

S.L. Chau (EPIC Lab NTU SG) IPML: 1IPM & Conformal UQ February 2026



Integral-based Metric for Imprecise Probabilities

Choquet Integration

Choquet Integrals [Choquet, 1954]

Given a capacity v € V(X)) and a real-valued function f on X, the Choquet
integral of f with respect to v is

/fdu = /000 v({x: max(0, f(x)) > t})dt — /OOO v({x: —min(0,7(x)) > t})dt

provided the difference is well defined. For bounded f, we have

f
ffdz/ :£+/f v({x:f(x)>t})dt (1)

where f = inf, f(x) and f = sup, f(x).
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Integral-based Metric for Imprecise Probabilities
Integral Imprecise Probability Metric (IIPM)

[IPM [Chau et al., 2025]

For function class F C Cp(X) and capacities v, i € V(X), the integral imprecise
probability metric associated with F between v, p is

IPM £ (v, ) = sup ‘/fdu%fdu’
feFr
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Integral-based Metric for Imprecise Probabilities
Integral Imprecise Probability Metric (IIPM)

[IPM [Chau et al., 2025]

For function class F C Cp(X) and capacities v, i € V(X), the integral imprecise
probability metric associated with F between v, p is

IPM £ (v, ) = sup ‘/fdu%fdu’
feFr

Properties:

@ IIPM is a pseudo-metric in general and a metric, e.g., when F is dense in

Co( ).
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Integral-based Metric for Imprecise Probabilities
Integral Imprecise Probability Metric (IIPM)

[IPM [Chau et al., 2025]

For function class F C Cp(X) and capacities v, i € V(X), the integral imprecise
probability metric associated with F between v, p is

IPM £ (v, ) = sup ‘/fdu%fdu’
feFr

Properties:

@ IIPM is a pseudo-metric in general and a metric, e.g., when F is dense in

Cp(X).
@ |IPM recovers IPM when v, i is a precise probability.

S.L. Chau (EPIC Lab NTU SG) IPML: 1IPM & C
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Integral-based Metric for Imprecise Probabilities
Integral Imprecise Probability Metric (IIPM)

[IPM [Chau et al., 2025]

For function class F C Cp(X) and capacities v, i € V(X), the integral imprecise
probability metric associated with F between v, p is

IPM £ (v, ) = sup ‘/fdu%fdu’
feFr

Properties:

@ IIPM is a pseudo-metric in general and a metric, e.g., when F is dense in
Cp(X).
@ |IPM recovers IPM when v, i is a precise probability.

e For F C Cp(X) that are dense, IIPMx metrises the (Choquet) weak
convergence of V(X).
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Example use cases of the [IPM framework

@ Derive new distances for imprecise probabilities: e.g. lower Dudley metric and
lower total variation.

Recover results in optimal transport with ¢ contamination sets

Derive a kernel MMD for comparing € contamination sets.

more to come...
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Quantifying Epistemic Uncertainty with [IPM

The Maximum Mean Imprecision (MMI)

The IIPM framework extends beyond its theoretical appeal!
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Quantifying Epistemic Uncertainty with [IPM

The Maximum Mean Imprecision (MMI)

The IIPM framework extends beyond its theoretical appeal!
We can now measure discrepancies between conjugate representations!
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Quantifying Epistemic Uncertainty with [IPM

The Maximum Mean Imprecision (MMI)

The IIPM framework extends beyond its theoretical appeal!
We can now measure discrepancies between conjugate representations!

The Maximum Mean Imprecision (MMI)

Let F C Cp(X). The Maximum Mean Imprecision with respect to F is

feFr

MMIx(P) = IPM£(P, P) = sup {/deP’ ][fd]P’}
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Quantifying Epistemic Uncertainty with [IPM

The Maximum Mean Imprecision (MMI)

The IIPM framework extends beyond its theoretical appeal!
We can now measure discrepancies between conjugate representations!

The Maximum Mean Imprecision (MMI)

Let F C Cp(X). The Maximum Mean Imprecision with respect to F is

MMIx(P) = IPM£(P, P) = sup {/deP’ ][fd]P’}

feFr

Is this a sensible epistemic uncertainty quantification measure?
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Quantifying Epistemic Uncertainty with [IPM

Desirable Properties for epistemic UQ “measures”

Let U: P(X) — R be a credal uncertainty measure. Here are some commonly
accepted desirable properties:

© Non-negative and boundedness
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Quantifying Epistemic Uncertainty with [IPM

Desirable Properties for epistemic UQ “measures”

Let U: P(X) — R be a credal uncertainty measure. Here are some commonly
accepted desirable properties:

© Non-negative and boundedness

@ Continuity: U is a continuos functional
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Quantifying Epistemic Uncertainty with [IPM

Desirable Properties for epistemic UQ “measures”

Let U: P(X) — R be a credal uncertainty measure. Here are some commonly
accepted desirable properties:

© Non-negative and boundedness
@ Continuity: U is a continuos functional

@ Monotonicity: for P, Q, if P(A) < Q(A) for all A€ Xx, then U(P) > U(Q).
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Quantifying Epistemic Uncertainty with [IPM

Desirable Properties for epistemic UQ “measures”

Let U: P(X) — R be a credal uncertainty measure. Here are some commonly
accepted desirable properties:

© Non-negative and boundedness

@ Continuity: U is a continuos functional

@ Monotonicity: for P, Q, if P(A) < Q(A) for all A€ Xx, then U(P) > U(Q).
@ Probability consistency: for all precise P € P(X) we have U(P) = 0.
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Quantifying Epistemic Uncertainty with [IPM

Desirable Properties for epistemic UQ “measures”

Let U: P(X) — R be a credal uncertainty measure. Here are some commonly
accepted desirable properties:

© Non-negative and boundedness

@ Continuity: U is a continuos functional

@ Monotonicity: for P, Q, if P(A) < Q(A) for all A€ Xx, then U(P) > U(Q).
@ Probability consistency: for all precise P € P(X) we have U(P) = 0.

@ Sub-additivity (not relevant for predictive uncertainty)

O Additivity (not relevant for predictive uncertainty)
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Quantifying Epistemic Uncertainty with [IPM

Desirable Properties for epistemic UQ “measures”

Let U: P(X) — R be a credal uncertainty measure. Here are some commonly
accepted desirable properties:

© Non-negative and boundedness
@ Continuity: U is a continuos functional
@ Monotonicity: for P, Q, if P(A) < Q(A) for all A€ Xx, then U(P) > U(Q).
@ Probability consistency: for all precise P € P(X) we have U(P) = 0.
@ Sub-additivity (not relevant for predictive uncertainty)
O Additivity (not relevant for predictive uncertainty)
MMI satisfy top 4 for any F, and the rest when P satisfies 2-monotonicity.
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Maximum Mean Imprecision in Action

A simple instantiation for classifiers

Epistemic uncertainty-aware models either model second-order uncertainty via
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Maximum Mean Imprecision in Action

A simple instantiation for classifiers

Epistemic uncertainty-aware models either model second-order uncertainty via

@ distributions (posterior parameter distribution in Bayesian settings, or
conjugate Dirichlet prior in evidential neural networks)
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Maximum Mean Imprecision in Action

A simple instantiation for classifiers

Epistemic uncertainty-aware models either model second-order uncertainty via

@ distributions (posterior parameter distribution in Bayesian settings, or
conjugate Dirichlet prior in evidential neural networks)

@ sets (e.g. probability bounds, intervals, convex hull)
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Maximum Mean Imprecision in Action

A simple instantiation for classifiers

Epistemic uncertainty-aware models either model second-order uncertainty via

@ distributions (posterior parameter distribution in Bayesian settings, or
conjugate Dirichlet prior in evidential neural networks)

@ sets (e.g. probability bounds, intervals, convex hull)

o ensemble based approaches | , ,b]

o relative likelihood | ]

e random set theory [ . ]
e probability bounds and outer measure | ,
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Maximum Mean Imprecision in Action

A simple instantiation for classifiers

Epistemic uncertainty-aware models either model second-order uncertainty via

@ distributions (posterior parameter distribution in Bayesian settings, or
conjugate Dirichlet prior in evidential neural networks)

@ sets (e.g. probability bounds, intervals, convex hull)

o ensemble based approaches | , ,b]

o relative likelihood | ]

e random set theory [ . ]

e probability bounds and outer measure | , |

and will obtain a lower probability P as the second-order uncertainty
representation.
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Maximum Mean Imprecision in Action

Analytical form

For classification problems (), 2Y), pick Hrv = {14 : A € 2V}, leading to

MMy, (B) = sup [P(A) — P(A)|
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Maximum Mean Imprecision in Action

Analytical form

For classification problems (), 2Y), pick Hrv = {14 : A € 2V}, leading to

MMl (P) = sup [P(A) — P(A)|
ACY
Linear-time computable upper bound

MMy, (P) <1- > P({y})

yey
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Maximum Mean Imprecision in Action

Epistemic Uncertainty model evaluation

How should we evaluate the quantified EU empirically?

S.L. Chau (EPIC Lab NTU SG) IPML: [IPM & Conformal UQ February 2026



Maximum Mean Imprecision in Action

Epistemic Uncertainty model evaluation

How should we evaluate the quantified EU empirically?
This is not a supervised learning problem, no ground-truth epistemic uncertainty!
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Maximum Mean Imprecision in Action

Epistemic Uncertainty model evaluation

How should we evaluate the quantified EU empirically?
This is not a supervised learning problem, no ground-truth epistemic uncertainty!

Standard practice: compare EU based on their informativeness for
decision-making: e.g. active learning, Bayesian optimisation, learning-to-defer,
OOD detection, selective classification.
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Maximum Mean Imprecision in Action

Selective Classification

Consider this abstraction, for each i € 1,..., Ntest,

xi—= (¥, EU() )
~~
prediction predictive EU
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Maximum Mean Imprecision in Action

Selective Classification

Consider this abstraction, for each i € 1,..., Ntest,

xi—= (¥, EU() )
~~
prediction predictive EU

@ Sort xi, ..., Xn,, in ascending order based on their estimated predictive
confidence (inverse EU).

@ Remove the top p% of least confident inputs, predict the rest, record
performance.

© Plot performance against threshold p%
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Maximum Mean Imprecision in Action

Experiment Results

OBESITY Dataset (K =7)
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Integral Imprecise Probability Metrics

LELCEVEYS

© Imprecise probabilities offer flexible uncertainty representation frameworks
through probability sets, intervals, and bounds, etc.
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Integral Imprecise Probability Metrics

LELCEVEYS

© Imprecise probabilities offer flexible uncertainty representation frameworks
through probability sets, intervals, and bounds, etc.

@ IIPM generalises IPM for IP.
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Integral Imprecise Probability Metrics

LELCEVEYS

© Imprecise probabilities offer flexible uncertainty representation frameworks
through probability sets, intervals, and bounds, etc.

@ IIPM generalises IPM for IP.

© MMI measures the maximal imprecision in the Choquet expectation, allowing
us to quantify “epistemic uncertainty” of |P-based predictors.
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This part of the presentation is based on the following paper:

Quantifying Epistemic Predictive Uncertainty in Conformal
Prediction

Siu Lun Chau', Soroush H. Zargarbashi?, Yusuf Sale*, and Michele Caprio® ¢

Epistemic Intelligence & Computation Lab, College of Computing & Data Science, Nanyang Technological
University, Singapore
2CISPA Helmholtz Center for Information Security, Germany
3Munich Center for Machine Learning; Institute of Informatics, LMU Munich, Germany
“Munich Center for Machine Learning, Germany
5Manchester Centre for AT Fundamentals, Manchester, United Kingdom
SDepartment of Computer Science, The University of Manchester, United Kingdom

February 3, 2026

au (EPIC Lab NTU SG) IPML: 11PN



This part of the presentation is based on the following paper:

Quantifying Epistemic Predictive Uncertainty in Conformal
Prediction

Siu Lun Chau', Soroush H. Zargarbashi?, Yusuf Sale*, and Michele Caprio® ¢

Epistemic Intelligence & Computation Lab, College of Computing & Data Science, Nanyang Technological
University, Singapore
2CISPA Helmholtz Center for Information Security, Germany
3Munich Center for Machine Learning; Institute of Informatics, LMU Munich, Germany
“Munich Center for Machine Learning, Germany
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February 3, 2026

@ Research Question: Can we build the link from split Conformal Prediction to
Imprecise Probabilities and quantify epistemic predictive uncertainty therein?
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Split Conformal Prediction

A Brief Recap

Given calibration set D.,j, nonconformity score s(x, y), error tolerance « € [0, 1]:

Ca(x) ={y €V :s(xy) < qi-a}

Equivalent via conformal transducer / p-values:

)= PE D s 2 M =y () >

With marginal coverage
IP>( Y1 € Ca(Xn+1)) >1l-«

@ 7x(y) can be interpreted as a p-value for exchangeability of D..; U {(x,y)}.
o We will use the whole function m.(-) to expose model multiplicity.
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Split Conformal Prediction

A brief recap

Conformal
Prediction
Prediction
A =7 d SEE
%(X) /

Poink \> ! Prediction

Fredic&iov\ Interval
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Split Conformal Prediction

How to perform Uncertainty Quantification for CP?
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Split Conformal Prediction

How to perform Uncertainty Quantification for CP?

Set sizes!
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Split Conformal Prediction

How to perform Uncertainty Quantification for CP?

Set sizes! but...
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Split Conformal Prediction

How to perform Uncertainty Quantification for CP?

Set sizes! but...

w2
o 1.0
2 a=0.05
<
5
o
Té 0.5 I
o)
[
: im_ I
0 2 4 0 2 4
Class labels Class labels

Same set size, but very different confidence profile? What does the uncertainty
really mean?
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Split Conformal Prediction

Predictive Uncertainty v.s. Uncertainty of the prediction.

Take Bayesian probabilistic Prediction as an example,
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Split Conformal Prediction

Predictive Uncertainty v.s. Uncertainty of the prediction.

Take Bayesian probabilistic Prediction as an example,

J]P(Y |x.oP@e|p) .. Setvalued Prediction (a =0.03)
=P(Y |X=2x) [—1.96, 1.96]

=95 % Highest Density

Region (HDR) (| !

Bayesian :
Probabilistic Prediction . e.g. Information-theoretic decomposition :

February 2026
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Split Conformal Prediction

Epistemic Predictive Uncertainty v.s. Uncertainty of the prediction.

Set sizes only reflect uncertainty therein the (set-valued) prediction.

Conformal
Prediction
Prediction
- =7 v Set
f(x) /
)
Poink \ .
Pradicki,on > ‘P;\Ftt:f/:i}.h
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Split Conformal Prediction

Epistemic Predictive Uncertainty

Epistemic Predictive Uncertainty

“The difficulty of making predictions about outcome Y given an observation

X = x due to model uncertainty, i.e., when multiple plausible predictive models
exist."
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Split Conformal Prediction

Epistemic Predictive Uncertainty

Epistemic Predictive Uncertainty

“The difficulty of making predictions about outcome Y given an observation
X = x due to model uncertainty, i.e., when multiple plausible predictive models
exist."

For instance....

@ In Bayesian models, P(6 | D) defines plausible models P(Y | X = x, 0).
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Split Conformal Prediction

Epistemic Predictive Uncertainty

Epistemic Predictive Uncertainty

“The difficulty of making predictions about outcome Y given an observation
X = x due to model uncertainty, i.e., when multiple plausible predictive models
exist."

For instance....

@ In Bayesian models, P(6 | D) defines plausible models P(Y | X = x, 0).

@ Mutual information then measures the expected reduction in predictive
entropy under the posterior predictive relative to alternative plausible models!
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Split Conformal Prediction

Epistemic Predictive Uncertainty

Epistemic Predictive Uncertainty

“The difficulty of making predictions about outcome Y given an observation
X = x due to model uncertainty, i.e., when multiple plausible predictive models
exist."

For instance....
@ In Bayesian models, P(6 | D) defines plausible models P(Y | X = x, 0).

@ Mutual information then measures the expected reduction in predictive
entropy under the posterior predictive relative to alternative plausible models!

@ Does something like this exist for Conformal prediction?
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Conformal Prediction and Imprecise Probabilities

CP induces implicit credal set

Recent results by 1. 1 ]
have shown that (full) CP and IP shares deep connection!
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Conformal Prediction and Imprecise Probabilities

CP induces implicit credal set

Recent results by 1. 1 ]
have shown that (full) CP and IP shares deep connection!

High-level Intuition

@ Under the consonance assumption (sup,cy mx(y) = 1), every full CP
procedure induces a closed and convex set of predictive probability
distributions (credal set). [ ]
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Conformal Prediction and Imprecise Probabilities

CP induces implicit credal set

Recent results by 1. 1 ]
have shown that (full) CP and IP shares deep connection!

High-level Intuition

@ Under the consonance assumption (sup,cy mx(y) = 1), every full CP
procedure induces a closed and convex set of predictive probability

distributions (credal set). [ ]
@ The pessimistic highest density region of these distributions gives exactly the
conformal prediction set for full CP. [ , ]
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Conformal Prediction and Imprecise Probabilities

CP induces implicit credal set

Recent results by 1. 1 ]
have shown that (full) CP and IP shares deep connection!

High-level Intuition

@ Under the consonance assumption (sup,cy mx(y) = 1), every full CP
procedure induces a closed and convex set of predictive probability

distributions (credal set). [ ]
@ The pessimistic highest density region of these distributions gives exactly the
conformal prediction set for full CP. [ , ]

@ Let me show you an alternative way to perform CP!
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An alternative way to perform Conformal Prediction

Step 1: the consonance condition (bridge CP <« IP)

Consonance

A transducer m,(-) is consonant if sup,cy, T (y) = 1.

@ Holds naturally in regression for many scores (e.g. absolute residual at
y = f(x)).

@ In classification, may fail; can be enforced by stretching the largest p-value to
1:

1, Y = Yo@1)

7x(y), otherwise.

Tx(y) < {
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An alternative way to perform Conformal Prediction

Step 1: the consonance condition (bridge CP <« IP)

Consonance

A transducer m,(-) is consonant if sup,cy, T (y) = 1.

@ Holds naturally in regression for many scores (e.g. absolute residual at
y = f(x)).

@ In classification, may fail; can be enforced by stretching the largest p-value to
1:

1, Y = Yo@1)

7x(y), otherwise.

Tx(y) < {

o Effect: only prevents empty prediction sets; preserves marginal coverage and
upgrades a stronger reliability notion (Type Il validity).
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An alternative way to perform Conformal Prediction

Step 2: Split CP induces an upper probability and a credal set

Define the set function (a plausibility / maxitive upper probability):

P(A) := Slé/[.‘;ﬂx(y), P(0) = 0.

@ Under consonance, IP is an upper probability and defines a core credal set
M(P) as follows:

M(P) := {P € P(Y) : P(A) < P(A) VAL.

@ Interpretation: split CP induces a set of plausible predictive distributions
(model multiplicity) based on the conformal p-values 7.
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An alternative way to perform Conformal Prediction
Step 3: Extract the Imprecise (1 — «) Highest Density Region

(1-a) Imprecise Highest Density Region (IHDR))
The (1 — @) IHDR of a lower probability P is the set IR, C ) such that

P(Y €IRy)=1—a

and the size |IR,, | is minimal.

Now we can finally obtain our conformal prediction

Conformal prediction done differently

Denote the (1 — a) IHDR of P, as IR,, then for any « € [0, 1] we have
IRy = Ca(x)
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An alternative way to perform Conformal Prediction

A summary

Set-valued Prediction (¢ = 0.05)

Conformal Prediction P
> % forn A i
' ’ s
M= {Pi Y| X= x)} =95 % Imprecise Highest N\
izl Density Region (IHDR)
-x N 7/\7
N N W
\ LR

Imprecise
Probabilistic Prediction
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An alternative way to perform Conformal Prediction

A summary

Set-valued Prediction (@ = 0.05)

Conformal Prediction

LC95u(x) Conformal »° A .
. Prediction Region :J B

M={P,Y|X=x 1 =95 % Imprecise Highest - p
{ l (- .- )}’>1 3 Density Region (IHDR) ‘., X, ,

A} \ Epistemic Predictive UQ
A o e i Goat

.- i By measuring the amount of

Imprecise ' conflicting information in credal set M !
Probabilistic Prediction * /

____________________________________

’
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Quantifying EPU: two MMI-CP instantiations

We quantify EPU as conflict encoded in the induced credal set via MMI on P,.

(A) Total-variation test functions: MMIty
Let Hrvy = {]-A cAC y}

MMz, (Px) = sup [Px(A) — P (A)| = mo(2).
ACY
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Quantifying EPU: two MMI-CP instantiations

We quantify EPU as conflict encoded in the induced credal set via MMI on P,.

(A) Total-variation test functions: MMIty
Let Hrvy = {]-A cAC y}

MMz, (Px) = sup [Px(A) — P (A)| = mo(2).
ACY

o Extremely simple: in classification, EPU is the second-largest conformal
p-value.

@ Intuition: the largest p-value is forced to 1 under consonance; what matters
is the "best competing alternative.”

@ Coincides with existing notion of " confidence” for CP.
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Quantifying EPU: portfolio-aware MMI using 7,

A more global measure accounts for the entire p-value portfolio.

(B) Use m, as the test function

1
MMI{WX}(ﬁX):/ sup mx(y)da.
0 }’QCG(X)
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Quantifying EPU: portfolio-aware MMI using 7,

A more global measure accounts for the entire p-value portfolio.

(B) Use m, as the test function

1
MMI{WX}(ﬁX):/ sup mx(y)da.
0 }’QCO(X)

@ Aggregates across confidence levels: at each «, look at the most plausible
label excluded from C,(x).

o Naturally depends on both calibration data and score design (as CP does).

S.L. Chau (EPIC Lab NTU SG) IPML: IIPM & Con February 2026



Closed form in conformal classification

For K-class classification with sorted p-values (1) > T,(2) > +++ > Ty(k) and

7TU(K+1) = 0:
K+1

MMI{ﬂx}(ﬁX) = Z(ﬂ-a(k—l) - 7ra'(k)) To(k)-
k=2

@ Not just a sum: weights by discrete “gradients” of the sorted p-value profile.
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Conformal regression: a fundamental limitation

For many standard regression scores satisfying inf,¢c_ (x) S(x,¥) = Gi—a,

Y1 [(ear + 1)(1 — @)]

7X _ d
MMI{WX}(P ) b A Necal + 1 &

which is constant across test instances.

@ Explains why standard conformal regression intervals often fail to rank
instances by difficulty: the conformal component is dominated by a global
calibration quantile.

o Takeaway: instance-adaptivity typically comes from the base model / score
choice, not CP itself.

February 2026
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Experiments: evaluation via downstream decision-making

No ground-truth EPU exists = evaluate informativeness via tasks where good
EPU helps.

Compared methods
o Baselines: prediction-set size |C,(x)| at « € {0.01,0.05,0.1,0.2,0.3}.
@ Proposed:
) MM'—CPT\/Z 7TU(2).
o MMI-CP: portfolio-aware MMI . 3 (Px).

@ Active learning: choose point with highest EPU (uncertainty sampling).

o Selective classification: rank by EPU to abstain on hardest instances;
evaluate via ARC / AUC.
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Table: Experiment results: {/x denote statistically significantly worse performance than
MMI-CP, /MMI-CPry, respectively (Wilcoxon signed-rank test, 5%). Results are
averaged over 10 seeds; one standard error is reported.

(a) (Active learning) Accuracies achieved (b) (Selective classification) Area under
at the final step. ARC.
Digits v1 Digits v2 Digits v3 Letters Cifar10 Cifar100 Caltech FMNIST

# classes 10 10 10 26 # classes 10 100 100 10

MMI-CPry  97.3411.4 88.1610.87 98.53.003 97.54.027
MMI-CP; ~ 97.68.046 88.28.901  98.53.003 97.521029"

MMI-CPry 95301020  97.69:020  95.75:047  82.00:0.39
MMI-CP,. 9580040 97.831042 95.90.041 81404061

[Goor()]  94.00:02" 94911014 94.30.040"  81.324033" [Coor()|  97.37i043’  85.924004™ 98.431014™ 97294029
[Goos(-)]  9530s0s3"  97.01i014™ 94901057  80.86:0.17™ [Goos(-)|  95.66:052"*  86.8li101' 98431008 94.3910.76
[Cor(-)]  95.05.053"  96.741040""  95.85:034 80751085 [Cox(-)|  95.15:05™ 86.361116"" 98.30:014"  93.59:06"
[Coa(-)]  95.40.025"  97.01i028™  95.80:010  81.10i04 [Goo(t)] 94304083 831942111 98.094025!*  93.00108"
[Cos(-)]  95.40.06s"  96.904025""  95.55.050  81.05:027 [Cos(-)]  93.73i174™ 8153:107™ 97.95:0024™  92.69:100™
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Experiments: Active Learning

— |Cosl |Cozl |Coal —— |Co.0sl |Co.01l MM|—-CP,  =—— MMI| - CPry
Digits v1 (K=10) Digits v2 (K=10) Digits v3 (K=10) Letters (K=26)

96.00 97.50 9500 82.00
§ 04.00 95.00 80.00
£
3 90.00
8 92.00 92.50 78.00
< 90.00 76.00

90.00 85.00 1

74.00
0 100 200 300 0 100 200 300 0 100 200 300 0 100 200 300
Rounds Rounds Rounds Rounds

Figure: Active Learning
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Experiments: Selective Classification

— ICo3sl —— [Co2l —— [Coal —— [Coosl —= [Cool MMI-CPry e MMICP,
FMNIST (K=10) CIFAR10 (K=10) CALTECHI101 (K=101) CIFAR100 (K=100)
100 oettoteseessessses? 100 o 1.00 :
208 0.98 4
g 0.96 : 0.99
3 0.96
Z 094
092 0.94 0.98
0 20 40 60 80 0 20 40 60 80 0 20 40 60 80 0 20 40 60 80
Rejection Rate Rejection Rate Rejection Rate Rejection Rate

Figure: Selective Classification
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@ Split CP implicitly defines a predictive credal set via a plausibility upper
probability.
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@ Split CP implicitly defines a predictive credal set via a plausibility upper
probability.

@ CPRs are imprecise HDRs; EPU should be about model multiplicity, not set
size.
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@ Split CP implicitly defines a predictive credal set via a plausibility upper
probability.

@ CPRs are imprecise HDRs; EPU should be about model multiplicity, not set
size.

© MMI-CP provides efficient, analytically tractable EPU measures:

o MMItv = 7,(2) (cheap, strong baseline).
o Portfolio-aware MMI . } (uses all p-values).
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@ Split CP implicitly defines a predictive credal set via a plausibility upper
probability.
@ CPRs are imprecise HDRs; EPU should be about model multiplicity, not set
size.
© MMI-CP provides efficient, analytically tractable EPU measures:
o MMItv = 7,(2) (cheap, strong baseline).
o Portfolio-aware MMI . } (uses all p-values).
@ Standard conformal regression offers a limited instance-dependent EPU
signal.
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@ Split CP implicitly defines a predictive credal set via a plausibility upper
probability.
@ CPRs are imprecise HDRs; EPU should be about model multiplicity, not set
size.
© MMI-CP provides efficient, analytically tractable EPU measures:
o MMItv = 7,(2) (cheap, strong baseline).
o Portfolio-aware MMI . } (uses all p-values).
@ Standard conformal regression offers a limited instance-dependent EPU
signal.
@ We now have a more fine-grained uncertainty signal for conformal prediction
through connections to imprecise probabilities.
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Curious to learn more about IP?

@ Society of Imprecise Probability: Theory and

CHOICE FUNCTIONS

@0BUS

. . ONS WL \T\ES
Application (SIPTA) aneg \»\g\gadéha““
5\'—_"50

(https://sipta.org/)
@ SIPTA Summer School
e EIML Workshops (EurlPS 2025)

@ “Introductory materials”: 1,

I,
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Thank you! Any questions?
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