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Part 1: Scientific sheet
Thesis proposal title Explanation Methods for Uncertainty Estimates
Financial resources French National Research Agency - ANR
Host laboratory Research team: CID, Heudiasyc UMR 7253
Thesis supervisors Vu-Linh NGUYEN (Junior/Assistant professor)

Sébastien DESTERCKE (CNRS senior researcher)
Mylène MASSON (Associate professor, HDR)

Scientific domain(s) Computer science

Research work

In a sentence, this thesis aims to extend explainable AI methods
to make them more robust and increase the trustworthiness in
the system. The supervising team has very strong expertise in
robust AI and machine learning in general, with a specific focus
on uncertainty quantification methods.

The main goal of many explanation methods, such as SHAP [7], LIME
[15] and counterfactual explanations [2], is to produce (human-)interpretable
descriptions of model predictions. Such interpretable descriptions mainly
serve the purpose of explaining “why the model makes its predictions”, which
in turn mainly serves the purpose of model auditing (i.e., to validate/debug
the model predictions). Under the presence of uncertainty, which is often
a consequence of model inadequacy and/or data imperfections (in terms of
quality and/or quantity), the model can however be uncertain about its
predictions and makes unreliable predictions. Thus, the robustness and use-
fulness of associated explanations can be questioned consequently.

Explanation methods which seek interpretable descriptions of uncer-
tainty associated with model predictions have received increasing at-
tention in recent years [1, 13]. Such explanation methods can serve multiple
purposes, such as explaining “why the model is uncertain about its predic-
tions”, explaining “when and why making cautious/preference predictions
may be more beneficial than making precise predictions” and suggesting
treatments (such as making reliable cautious/preference predictions, active
feature selection for enriching available data, and providing guidance for re-
vising the hypothesis space) which can improve the predictive system. It is
clear that the development of explanation methods for (predictive/model)
uncertainty estimates can not be decoupled from the development of meth-
ods for uncertainty modelling and quantification. Therefore, there is an
obvious need for developing explanation methods which take into account
recent advances in uncertainty modelling and quantification (e.g., [3, 4])
and its corresponding treatments (making cautious predictions [9], learning
preference orders [11], acquiring additional data [12], etc.).

This project aims to develop explanation methods which seek interpretable
descriptions of uncertainty associated with model predictions. In particular,
it shall focus on explaining different sources of uncertainty, such as epis-
temic uncertainty and aleatoric uncertainty [3]. Another topic of
interest is uncertainty quantification in the explanation themselves, in order
to make robust explanations and to explore the use of interpretable de-
scriptions as augmented information for making (cautious/preference)
predictions [9, 11]. Once methods are developed, we want to assess its
usefulness in high stakes applications, such as healthcare data analysis
and autonomous vehicles.

To achieve this, the student will join a growing team supported
by two chairs (SAFE AI and Trustworthy AI junior professor
chair), benefiting from the associated environment.
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https://anr.fr/fr/lanr/instruments-de-financement/chaires-de-professeur-junior/
https://www.hds.utc.fr/en/research/research-teams/cid-team-knowledge-uncertainty-data.html
https://www.hds.utc.fr/~nguyenli/dokuwiki/fr/start
https://www.hds.utc.fr/~sdesterc/dokuwiki/
https://www.hds.utc.fr/~massomar/dokuwiki/
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Part 2: Concrete Problems
In the following, we summarize 2 concrete problems which would serve as the point of departure.

Uncertainty-
informed
classifiers

In classification, several feature space partitioning classifiers (FSPCs),
which seek a bias-variance tradeoff, have been proposed. Instead of learning
a global classifier, it partitions the feature space into a number of (possibly
overlapping) regions and learns local region-specific classifiers. For example,
decision trees [5] partition the feature space into box shaped regions/leaves
and learn a set of voting classifiers, one per region. A stronger discriminative
ability has been sought by equipping regions with parametric classifiers [6].
The assumption of having box shaped regions can be relaxed by using appro-
priate partitioning/splitting rules, such as reject classifiers [18] and clustering
techniques [17]. Image classification data sets can be tackled by equipping
each region with a convolutional neural network (CNN) [10]. FSPCs would
be in principle generalized to handle mixed data by partitioning/splitting the
(continuous) feature space using discrete features and restricting the domain
of local classifiers to continuous feature space [19].

FSPCs can also inform uncertainty estimates by equipping each region
with an uncertainty-informed classifier [8, 20]. To make contribution in
this line of research, the first part of the thesis will focus on developing
FSPCs whose local region-specific classifiers inform quantitative information
of different sources of uncertainty. Examples of such uncertainty-informed
classifiers are reliable classifiers [11, 16], evidential classifiers [14]
and Bayesian neural networks (BNNs) [4].

Explanation
Methods

The second part of the thesis will be devoted to the development of ex-
planation methods for (either the original or FSPC version of)
uncertainty-informed classifiers (such as reliable classifiers [11, 16], ev-
idential classifiers [14] and BNNs [4]).

Part 3: Job description
Requirements Master 2 or engineer in computer science with good skills in statis-

tics and data mining, and/or good programming skills (Python, Py-
Torch, TensorFlow, ...).
Experience with toolkits for interpretation algorithms (InterpretDL,
OmniXAI, ...) is a plus.

Additional missions Teaching is possible, but not mandatory
Research laboratory Heudiasyc UMR 7253, Université de Technologie de Compiègne
Material resources Shared office, laptop, access to the laboratory’s GPU servers and

the Jean Zay supercomputer installed at IDRIS, as well as to the
laboratory’s platforms, ...

Human resources Internal and external collaborations
Working conditions The candidate is funded by French National Research Agency - ANR

and shall be provided with financial supports for travelling (confer-
ences, workshops, summer schools, short-term visits, ...)

Research project Trustworthy AI Chair, SAFE AI Chair
National collaborations
International collaborations UAI team, Eindhoven University of Technology, The Netherlands.
International co-supervision No
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https://interpretdl.readthedocs.io/en/latest/index.html
https://pypi.org/project/omnixai/?fbclid=IwAR2L1M-jFgt_MTDEY85JMckg2iC4ZnfjYf2fy5GXJL4eBSC0ILR6PovyJH0
https://anr.fr/fr/lanr/instruments-de-financement/chaires-de-professeur-junior/
https://www.hds.utc.fr/fileadmin/user_upload/SITE_HEUDIASYC/Documents/Recrutement/CID_-_Profil_CPJ.pdf
https://www.hds.utc.fr/en/research/projets-et-contrats/safe-ia-chair.html
https://uai.win.tue.nl/
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Contact Applications and questions can be sent to:
- Vu-Linh Nguyen (vu-linh.nguyen@hds.utc.fr)
- Sébastien Destercke (sebastien.destercke@hds.utc.fr)
- Mylène Masson (mylene.masson@hds.utc.fr)

Applicant files
Applications must include the following items:

• a letter of motivation detailing explicitly what are the interest of the applicant in the pro-
posed topic;

• a curriculum vitae which clearly shows how the candidate profile matches the above require-
ments and highlights how the candidate experience relates to the proposed topic;

• contact information of at least one reference (two or more would be appreciated).

• transcripts and existing theses;

Any application not containing these items, or not tailored to this proposal, will not be considered
further. In addition, the following optional items may be included:

• existing scientific papers;

• any link to significant realisations (e.g., software, . . . ).
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