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Subject description: Creativity [1] is considered an important skill for the current and future society
[2]. It enables us to find solutions to problems that do not have clearly defined solutions and that we
have never encountered before [3]. In the field of mathematics education, creativity is considered an
essential element [4], and it plays a fundamental role in the PISA tests, where France has recently
dropped to 23rd place in the OECD rankings. However, the study of human creativity has mainly been
developed in tasks where the individual is asked to produce a large variety of words, for instance [5].
These tests follow the tradition of psychometric measures in the field of psychology and struggle to
capture the dynamics of the creative process itself [6]. Therefore, we want to draw on recent advances
in the design of creative problem-solving tasks and in the modeling and estimation of individual
learning strategies to create new "creative" stochastic models based on machine learning algorithms.
These models will then allow us to evaluate different individual creative strategies.

Creative problem solving (CPS) is a dynamic process that engages the participant in a situation where
they have to create a solution using the knowledge and tools at their disposal [7]. CPS tasks encourage
the exploration of different strategies to approach the solution(s) through divergent thinking
approaches, as well as the evaluation of these strategies through convergent thinking processes [8].
When activities are instrumented by educational robots, it is possible to observe divergent processes
through the robot configurations created by the participant [9]. By fostering both divergent and
convergent thinking, CPS activities create conditions for the emergence of both individual and
collaborative creative processes [10]. These CPS tasks can be seen as a form of learning from an
algorithmic perspective. In traditional learning, through a series of attempts, errors, and successes,
individuals gradually converge towards a certain way of solving a type of problem. This is what happens
in the classroom, for example, when learning addition. From a machine learning point of view, this
type of incremental learning can be well modeled by bandit or reinforcement learning algorithms,
which provide a gain or loss based on the chosen actions until finding the right action. It is then possible
to fit these algorithms on an individual's learning data to understand which type of algorithm, and
therefore which strategy, is closest to the individual in a learning situation [11, 12]. This type of
estimation can help characterize certain behaviors, such as the different actions taken by smokers and
non-smokers when faced with a bandit problem [13].




In a CPS, as the creative problem-solving process unfolds, the number of possible actions becomes so
large that each individual will discover new actions to take (divergence) and then sort through these
possible actions to find relevant sequences of actions (convergence). If the "sorting" phase closely
resembles the classical learning phase, the main issue is to model the creation/discovery of actions or
sequences of elementary actions. To our knowledge, there is no mathematical model of this type.
However, we can mention two inspiring models: in [14], the model creates new categories to organize
objects; in [15, 16], hierarchical reinforcement algorithms divide problems into subproblems to solve.

Therefore, we want to combine the knowledge of Mr. Romero in CPS design and P. Reynaud-Bouret in
estimation of learning strategies to co-build models of creative strategies. This by modeling and
estimating the creative strategies in problem solving. To do so, we want to implement reinforcement
learning algorithms, such as bandit algorithms, and propose a way of adapting these algorithms to the
creation of novel ideas. This work relies on an important basis on cognitive science and analysis of
problem-solving experiment but also on an vast mathematical knowledge of estimation and modeling
through the use of reinforcement learning and stochastic tools

Supervision:

- Margarida Romero, Full professor, Laboratoire d’Innovation et Numérique pour I'Education,
Université Cote d’Azur, Nice

- Patricia Reynaud-Bouret, Research Director CNRS, Laboratoire Mathématiques & Interactions
J.A. Dieudonné, Université Cote d’Azur, Nice

Candidate profile:

The candidate:

- must be agraduate student with a solid foundation in cognitive science, with a particular emphasis
on problem-solving strategies.

- must have a strong background in machine learning, statistics, modeling, and estimation.

- proficiency in programming is essential, with demonstrated expertise in both R and Python. The
candidate should be capable of developing and implementing algorithms and statistical models
using these languages.

- high level of proficiency in written and spoken English is required, enabling effective
communication and collaboration within a diverse academic environment.

References:

[1] Robert J. Sternberg and Todd I. Lubart. Defying the crowd: Cultivating creativity in a culture of conformity. (PsycINFO
Database Record (c) 2016 APA, all rights reserved). New York, NY, US: Free Press, 1995. isbn: 0-02-931475-5 (Hardcover).

[2] Ester van Laar et al. “ Determinants of 21st-Century Skills and 21st-Century Digital Skills for Workers: A Systematic
Literature Review”. In: SAGE Open 10.1 (2020), p. 2158244019900176. doi: 10.1177/2158244019900176. url:
https://doi.org/10.1177/2158244019900176

[3] Punya Mishra and Matthew J. Koéhler. “ Technological Pedagogical Content Knowledge: A Framework for Teacher
Knowledge”. In: Teachers College Record 108.6 (2006), pp. 1017-1054. doi: 10.1111 /j. 1467 - 9620 . 2006 . 00684 . x. url:
https : // doi.org/10.1111/j. 1467 - 9620.2006.00684.x.

[4] Uzeyir Ogurlu, Selcuk Acar, and Adnan Ozbey. “ Does Word Frequency Impact Ideational Fluency in Divergent Thinking?
A Meta-analytic Exploration with the Alternate Uses Test”. In: Thinking Skills and Creativity (Mar. 2023), p. 101139.
doi:10.1016/j.tsc.2022.

101139.


https://doi.org/10.1177/2158244019900176

[5] Robert A Cortes et al. “ Re-examining prominent measures of divergent and convergent creativity”. In: Current Opinion
in Behavioral Sciences 27 (2019). Creativity, pp. 90-93. issn: 2352-1546. doi: https://doi.org/10.1016/j.cobeha.2018.09.017.
url: https://www.sciencedirect.com/science/article/pii/S2352154618301694.

[6] Margarida Romero and Louis Kéhler. “ Du modele de tache au corpus de données pour I'analyse de la résolution créative
de probléme en contexte médiatisé”. In: (June 2021). Ed. by Marie Lefevre and Christine Michel, pp. 11-19. url:
https://hal.archives- ouvertes.fr/ffhal-03293060f

[7] Donald J. Treffinger. “ Creative Problem Solving: Overview and educational implications”. In: Educational Psychology
Review 7.3 (1995), pp. 301-312. issn: 1573-336X. doi: 10.1007/BF02213375. url: https://doi.org/10.1007/BF02213375.

[8] Louis Kéhler and Margarida Romero. “ Assessment of Divergent Thinking in a Social and Modular Robotics Task: An Edit
Distance Approach at the Configuration Level”. In: (2023), pp. 336—-349.

[9] Margarida Romero. “ From Individual Creativity to Team-Based Creativity”. In: (2019). Ed. by Silvio Manuel Brito. doi: 10
. 5772 / intechopen.89126. url: https://doi.org/10.5772/intechopen.89126.

[10] Nathaniel D. Daw. “ Trial-by-trial data analysis using computational models”. In: (2011). url:
https://api.semanticscholar.org/CorpusiD:14318668.

[11] Robert C Wilson and Anne GE Collins. “ Ten simple rules for the computational modeling of behavioral data”. In: eLife 8
(2019). Ed. by Timothy E Behrens, e49547. issn: 2050-084X. doi: 10.7554/eLife.49547. url:
https://doi.org/10.7554/eLife.49547.

[12] Merideth Addicott et al. “ Smoking and the bandit: a preliminary study of smoker and nonsmoker differences in
exploratory behavior measured with a multiarmed bandit task”. In: Experimental and Clinical Psychopharmacology 21.1
(2013), pp. 66-73.

[13] Bradley Love, Doug Medin, and Todd Gureckis. “ SUSTAIN: a network model of category learning”. In: Psychological
review 111 (Apr. 2004), pp. 309-32. doi: 10.1037/0033- 295X.111.2.309.

[14] Matthew Botvinick. “ Hierarchical models of behavior and prefrontal function”. In: Trends in cognitive sciences 12.5
(2008), pp. 201-208. doi: 10.1016/j.tics.2008.02.009.

[15] Matthew Botvinick, Yael Niv, and Andrew G. Barto. “ Hierarchically organized behavior and its neural foundations: a
reinforcement learning perspective”. In: Cognition 113.3 (2009), pp. 262—-280. doi: 10.1016/j.cognition.2008.08.011.

[16] Matthew Botvinick and Ari Weinstein. “ Model-based hierarchical reinforcement learning and human action control”.
In: Philosophical transactions of the Royal Society of London. Series B, Biological sciences 369.1655 (2014), p. 20130480.

doi: 10.1098/rstb.2013.0480.

Candidater / Apply



https://www.sciencedirect.com/science/article/pii/S2352154618301694
https://doi.org/10.1007/BF02213375
https://doi.org/10.5772/intechopen.89126
https://api.semanticscholar.org/CorpusID:14318668
https://doi.org/10.7554/eLife.49547
mailto:margarida.romero@univ-cotedazur.fr
mailto:margarida.romero@univ-cotedazur.fr

