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Abstract: In this talk, I will discuss some of the results of [3] in which we propose a reformulation
of a certain class of deep learning problems as optimal control problems in the space of probability
measures. The roots of our work trace back to the pioneering articles of Weinan E and co-authors
[6, 7]. The incentive for developing such a point of view is twofold. Firstly, the latter builds on the
so-called residual block regularisation of neural networks proposed in [8], which has since been known to
improve the stability thereof as the number of layers increases. Secondly, embedding residual networks
into continuous-time dynamical systems grants access to the broad literature of mathematical control
theory, with the help of which one may hope to improve the overall explainability of learning algorithms
(see e.g. the works [1, 9, 10, 11] in this direction).

After exposing the conceptual path leading to the reformulation of deep residual learning procedures
as mean-field optimal optimal control problems, I shall present a general family of first-order optimality
conditions that we derived for this class of problem, and show that the latter can be established by
following either of two possible paths. On the one hand, one can derive such optimality extrinsically
as a consequence of an abstract Lagrange multiplier rule in the Banach space of Radon measures, in
which the subspace of probability measures appears as a convex constraint set. On the other hand,
one may also adopt the intrinsic viewpoint developed in [2, 4, 5], where a mean-field counterpart of the
classical Pontryagin Maximum Principle – involving the existence of a state-costate pair solution of an
Hamiltonian flow in Wasserstein spaces – is derived. This general discussion on optimality conditions will
be supplemented by simple numerical illustrations on toy-ish classification problems in low dimension.
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