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1 Introduction
Numerous studies show that the back-and-forth between phases of experimentation, abstrac-
tion, and mathematical processing plays a fundamental role in improving the understanding
of mathematical tools [3]. This finding is rarely questioned and appears in one of the first
proposals of the Torrossian-Vilani report [1] on the teaching of mathematics. This approach
is successfully implemented in primary education in some countries, notably inspired by
the "Singapore method." It links the mathematical tools students learn (numbers, addition,
multiplication) with their intuition in practical situations where these mathematics apply.
This significantly deepens the understanding of abstract mathematical concepts.

In primary school, experimentation can be done through object manipulation or games.
While this pedagogical approach remains just as valid in high school, experimentation
becomes more complex. It must be related to the higher-level mathematics in the curriculum.
The problems posed must also be motivating for teenagers and help them envision a future
connected to mathematics. This is crucial for reducing the decline in interest in mathematics
between the sophomore and senior years of high school, which is observed today in France.
It is about showing that mathematics is not disconnected from the world and plays an
important role in addressing major societal issues, from health to climate change.

The back-and-forth between experimentation, abstraction, and mathematics is also at
the heart of mathematical research [2]. Questions posed by the sciences, notably physics,
have always been a fundamental driver for the development of new mathematics, as seen in
the works of Newton, Gauss, Fourier, Poincaré... The beauty of mathematics then appears
in the simplicity and power of abstract concepts that solve seemingly very different practical
problems. However, it is not easy to teach high school mathematics with an experimental
approach in physics, chemistry, or biology. This requires students to understand these
other sciences well enough, and the time spent on scientific experimentation reduces the
time dedicated to mathematics. This article explains why data challenges can circumvent
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these difficulties while posing questions on a variety of topics. As such, they open up new
opportunities for teaching mathematics in high school.

The challenge is not only on the students’ side. In France, many teachers have been
trained with a relatively formal approach to mathematics. Indeed, mathematics can be
introduced through an axiomatic approach, rooted in set theory. However, this approach
has proven to be a very difficult path for teaching, making mathematics inaccessible to
many students. Even though the national education system has long since moved away
from this approach, this culture and the prestige of formalism remain present in French
university teaching. The connection of mathematics with the world is then taught through
a few "applications" at the end of the course, if there is time left.

Teaching mathematics through a back-and-forth with questions arising from experiments,
with phases of modeling and mathematical processing, is a profound change. Working on
open problems, which admit multiple solutions, is also important for students to express
their creativity. This prevents them from being stuck or obsessed with finding "the answer,"
engaging instead in a less stressful trial-and-error process.

Here, we see that numerous obstacles accumulate to develop such a teaching of mathe-
matics, which is nevertheless crucial. The constraints can be summarized as follows:

1. Open problems, with significant stakes and adapted to students’ interests, but which
can be quickly explained in mathematical terms.

2. Problems that involve a large part of the mathematics in the curriculum, with a mod-
eling phase, and that open up a perspective on the importance of more sophisticated
mathematics for solving important questions.

3. Experiments that fit into a balanced back-and-forth with mathematical abstraction
and processing.

4. To scale nationally, it must adapt to the diversity of students’ levels and train teachers.

The objective of this article is to show that data challenges open up new perspectives
for tackling all aspects of this problem head-on, with digital experiments.

MathAData and National Education Co-development MathAData brings together a
team from the Collège de France and the École Normale Supérieure, in partnership with
the Institut Louis Bachelier, which organizes AI data challenges on the web platform
challengedata.ens.fr. The ambition of this team is to propose a pragmatic approach to
developing the teaching of mathematics through experimentation, with data challenges,
in high school and university. To adapt such an approach to high school, MathAData is
conducting significant pedagogical and didactic work with teachers in classrooms. This
work is carried out in co-development with the math labs of the French national education
system in Lille [5].
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Artificial intelligence is already present in high school, where more and more students use
ChatGPT to do their homework at home. Studying these challenges also helps to demystify
artificial intelligence by showing its mathematical roots, as explained in section 2. Section
3 shows that solving challenges covers most of the mathematics taught in high school:
statistics, probabilities, algebra, analysis, and geometry. This allows these mathematics
to be approached through digital experiments. Section 4 addresses the difficulties of such
teaching in classrooms and the proposed pedagogical solutions.

2 AI Data Challenges
The objective of this first section is to show that data challenges are open problems, with
stakes adapted to students’ interests, and can be quickly explained in mathematical terms.

Data Challenges An AI challenge consists of developing an algorithm that can learn to
answer a posed question based on data, using provided training examples. The mathematical
formalization is identical for all challenges. The description below is for mathematics
teachers, not their students.

Let d denote the data, for example, an image, specified by a list of numbers. Let r
denote the response value, for example, 0 if it is a cat image and 1 if it is a dog image.
From the data d, the goal is to compute an estimate r̂ of the response r, with the least
possible error. Classification, regression, and generation problems correspond to different
types of responses r. In classification, we must identify the category of each data d, for
example, the class of cat images versus dog images, and r is the class index coded by an
integer. Regression estimates a real number r, such as the height of a person appearing
in an image. A generation problem estimates a new data r that can be high-dimensional,
such as a new image, or a text r generated from a text d that poses a question. Although
classification, regression, and generation challenges appear very different, they are solved in
the same mathematical framework introduced in the next section.

In all challenges, the data d is a list of d real numbers d = (d1; d2; :::). If d is a grayscale
image, each di specifies the light intensity of a point (pixel) in the image, coded by an
integer between 0 (black pixel) and 255 (white pixel). The dimension of d is large, typically
from hundreds to several million variables for an image.

Figure 1 shows two classification challenges. For the challenge called MNIST, the data
d is a small grayscale image of a handwritten digit, with 28� 28 pixels. The challenge is
to identify the value r 2 f0; :::; 9g of the digit appearing in the image. For the challenge
called CIFAR, the data is a small color image with 32� 32 pixels, to be classified into 10
categories: cats, horses, frogs, cars, boats... also indexed by an integer r 2 f0; :::; 9g. This
challenge is much more difficult than recognizing digits in MNIST, but it remains accessible
to high school students using the same learning algorithms.
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