First Spring School on Belief Functions Theory an Application

Keynote Lectures

Introduction to Belief functions - T. Denceux
Monday afternoon 14:00 — 15:45

The theory of belief functions originates from Destgr's early work on upper and lower
probabilities applied to statistical inference (Op=ter, 1968). It was further elaborated by
Shafer (1976), who first introduced it as a forrfraimework for uncertain reasoning. Smets
(1998) proposed a version of this theory, callezl Thansferable Belief Model (TBM), based
on the introduction of new concepts such as unnkzeth mass functions, the pignistic

transformation and the least commitment principlbis first course provides a general
introduction to the theory of belief functions. Madefinitions and key results will be

reviewed, after which some new concepts (such esdltious rule of combination) will be

introduced.
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Knowledge propagation in information fusion - A. Appriou
Monday afternoon 16:15 — 18:00

Information systems have to process more and mispaihite complementary sources in an
efficient way, in order to face the increased caxpy of environments and requirements.
Therefore they have to deal with individual beliewxpressed on heterogeneous frames of
discernment that may have with each other uncedaimprecise relations, so that it becomes
unsuitable to look for a common one as usually psep by classical data fusion theories. To
face this context, the ability of the belief furmetitheories to propagate knowledge from one
frame of discernment to another is emphasized enbtisis of a generic operator named
“extension”. Furthermore, the latter provides aegahformulation of the different operators
that constitute a complete and coherent processimgultiple uncertain observations, from
their modeling up to the required decision makihberefore the particular conditions that
lead to the traditional operators can be specifiedyrder to provide a federative view of
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recent developments about sensitive problems facethe framework of the uncertainty
theories, such as information unreliability, soucomflict, or adaptive decision making, for
instance. The implementation of the generic oper&odescribed, and a few examples
illustrate a suitable management of uncertaintg@ssing thanks to available tools.

Methods for building belief functions - T. Denceux
Tuesday morning 8:30 — 10:15

While a lot of effort has been put on the propamatand fusion of uncertain information
represented as belief functions, less emphasidbéas put on the initial modeling process
itself, i.e., how to encode uncertain information the belief function framework. This
lectures reviews some formal methods and fundarhepriaciples for building belief
functions, including: the least commitment prineiplhe Generalized Bayes Theorem, belief
function transformation methods (such as discogntinits extensions) and predictive belief
functions (or how to formalize beliefs about futesents based on statistical information).

Belief functions in the setting of Uncertainty Theories: convergences and
discrepancies - D. Dubois
Tuesday morning 10:45 — 12:30

The modelling of uncertainty is motivated by twacerns: taming the variability of external
phenomena and facing incomplete information in gleni processes. These two concerns are
related by the fact that in the face of variabjlityis difficult to predict what the next state of
the world will be. Yet the two concerns are distiic the sense that variability is far from
being the only cause of information incompletenessowever, the development of
probability theory, as witnessed by the Bayesiahost especially, tended to blur this
distinction, suggesting that a unique probabilitgtribution is enough to account for both
randomness and incomplete information. More regemtéw theories of uncertainty have
emerged where partial ignorance is acknowledged esresented separately from
randomness: the theories of evidence, possibility enprecise probabilities, respectively.
The aim of this talk is to provide a unified vieW these approaches, and in particular,
position belief functions in this landscape.

The basic tool for representing information incoetphess is set theory: an ill-known
guantity is represented as a disjunctive set, a.esubset of mutually exclusive values
representing an epistemic state, which in evidaheery is called a focal set. Introducing
shades of plausibility within set-representatiohsnhoompleteness leads the the use of fuzzy
sets. It is important to figure out that the reaswmy fuzzy set theory is relevant for
uncertainty handling is because it is a set-bappdoach, not because it is fuzzy (i.e. gradual
rather than abrupt).

The main point of the talk is to situate beliehdtions with respect to possibility theory,

random set theory and imprecise probabilities

- in imprecise probability theory, the most gendramework, information takes the form of a
convex set of probability measures, all the laagemformation is poor.

- in evidence theory, information is representeddndom sets, albeit disjunctive ones (while
random sets are often viewed as random objectd)efBenctions correspond to special

subsets of probabilities.
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- in possibility theory, information is summarizéy fuzzy sets or fuzzy intervals, then
equivalent to nested random sets.

The talk will briefly point out differences and oc@mrgences between these uncertainty
theories, namely:
- The fact that they use languages with distinchpive notions which sometime makes the
translation of notion from one framework to anottigficult.

- The focus of belief functions on uncertain silag pieces of evidence as opposed to the use
of imprecise probability for generic information.
- Practical representations from other theoriesfihaith belief functions : fuzzy intervals p-
boxes, clouds.
- Conditioning and fusion rules for belief funct®rvs. for random sets, imprecise
probabilities, and possibility theory.

- Impact on decision criteria under uncertainty.
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How to implement the belief functions - A. Martin
Tuesday afternoon 16:30 — 18:15

This lecture is a very practical one in order towthow we can easily implement the belief
functions. This lecture is specially dedicatedn® hovices in the theory of belief functions.
We will see different kind of implementations on t\é& based on simple examples.

Firstly, we will see how to use the Ph. Smets cdidesed on the natural ordering. In this
context, we will show how to combine the basic éfedissignments and how to decide.
Secondly, we will present how to work only with tleeal elements with a general framework
for power set and hyper power set. Finally, aceaydo the time we will work on a practical
example in order to see how to define the basiebassignments.

The attendee could test on their own data. In ciéacilitate this lecture, we ask to the
attendee to bring their computing notebook with ItatA free test version of Matlab can be
download orhttp://www.mathworks.comYou can upload the codes used in this lecture and
many others ohttp://www.bfasociety.org/

Valuation-Based Systems - P. Shenoy
Wednesday morning 8:30 — 10:15

A valuation-based system is an abstract way ofrdesg many uncertainty calculi such as
Bayesian probability theory, Dempster-Shafer bdliettions, Zadeh's possibility theory, and
Spohnts kappa calculus. The main elements of vahsased systems are variables and their
state spaces, a set of valuations where each maludgscribes knowledge regarding a subset
of variables, an operation for combining valuatioagsd an operation for marginalizing
valuations. In calculi where double counting letmsrroneous results, it is important that the
set of valuations do not include double countingknbwledge. The combination of all
valuations, the joint valuation, then represents tittality of all knowledge. If we wish to
discern what the joint valuation entails for a ahte of interest, we can compute the marginal
of the joint valuation for the variable of interedty marginalizing all variables but the
variable of interest from the joint valuation). $hs often referred to as making inferences.
One major advantage of viewing uncertain calcubtigh the lens of valuation-based systems
is that it simplifies the understanding of uncertealculi. Thus, one who is familiar with, say,
Bayesian probability theory, can understand theress of other uncertain calculi, such as
Dempster-Shafer belief functions, etc. It also keilp dispel myths, such as one calculus is
3superior? to another, and to transfer conceptsagarithms from one calculus to another.
The theory of valuation-based systems was initiddyeloped for describing the process of
computing marginals of the joint valuation withaxplicitly computing the joint valuation
through a process called local computation. It $iase been extended to include a removal
operation, which can be considered as an invergheotombination operation. Using the
removal operation, one can describe valuationgdabnditionals. Also, it has been extended
to include the concept of conditional independendeaich ensures that there is no double
counting of knowledge. Finally, valuation-based tegss can also be used to describe
decision-making calculi such as Bayesian decisimorny, retrieval in relational databases,
etc.
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The applications of belief functions in a situation analysis process - Eloi
Bossé
Wednesday morning 10:45 — 12:30

XXXXXXXXXX

Belief functions for signal and image analysis - O. Collot
Wednesday afternoon 16:30 — 18:15

XXXXXXXXXX

Statistics and Information Fusion - P.A. Monney
Thursday morning 8:30 — 10:15

In this presentation, statistical data will be gmatl from an information fusion perspective,
which will require the application of several impant features of belief functions theory. In
this context, numerous inference methods will belared and the concepts necessary for a
thorough explanation of these methods will be mesli The approach used for inference will
allow us to shed some light on the interpretatiérthe likelihood function and Fisher’s
fiducial distribution. It will be shown that Bayesi inference is a special case of the
inference method used for one of the models predewtlled functional models. However,
the semantic of the model gives a different meaninthe Bayesian posterior distribution.
Inference results are used to compute the probalhat logical arguments proving certain
propositions about the parameter are true. This bawation of logical reasoning and
probability theory provides statistical inferenbedry with an algebraic flavor that has only
recently been put forward. Statistical decision mgkin the general context of belief
functions theory will also be briefly touched upamparticular the relationship with classical
Neyman-Pearson test theory. Multiple examples beéllused throughout the presentation to
illustrate the different methods and to demonstifad@ applicability.

Classification, clustering, data analysis - T. Denceux
Thursday morning 10:45 — 12:30

In the last 15 years, a lot of work has been d=vtd the development of new classification
and clustering methods based on the theory offifaletions. The expressive power of belief
functions can be exploited at two levels: to mddgdrecision and uncertainty of input data,
and to express uncertainty on the output of a ifleatson or clustering algorithm. Several

methods will be presented, including: the evidéitiaearest neighbor rule, evidential neural
networks, the evidential c-means (ECM) algorithewell as more recent methods for multi-
label clustering and ensemble classification andtefing.

Belief functions for dynamical systems - E. Ramasso
Thursday afternoon 16:30 — 18:15
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Dynamical systems are encountered in many are&sasugutomatic control, gesture analysis,
expression and gait recognition, among others. iGigeme data generated from real

dynamical systems, one is interesting in solving tain problems:

- estimating mathematical models of these systevita Embedded noise filtering)

- automatically recognizing which model is the egtrone at a given instant (inference)

A recent focus on belief functions has been madsetiast years in order to propose solutions
to these problems. These functions have been shoviae particularly suited to the cases

where:

- not enough data are available for a reliablevestion of models

- systems' states are imprecisely known

This lecture aims at presenting the main tools dgnamical systems analysis in belief
functions framework with some real applications.



