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Context: Establishing as tight as possible bounds on neural network regularity properties (e.g.,
Lipschitz bounds) and generalization capacity is a key endeavour to improve their robustness, ensure
their trustworthiness, harness their statistical significance, or reduce their carbon footprint.

Standard Lipschitz bounds based on products of layer-based norms for classical multilayer percep-
trons (MLP) have recently been significantly sharpened thanks to the so-called path-lifting framework
(Gonon et al.| 2025| |2024), leading at the same time to their extension to DAGE| ReLUE| neural net-
works, a wide family covering most of the complex deep architectures used in today’s practice. This
is particularly interesting since, despite being of combinatorial dimension, the path-lifting is endowed
with efficient computational tools allowing, e.g., to compute its ¢P-norms (which not only provide
Lipschitz bounds but also reveal for example whether some paths in the network’s computational
graph are somehow negligible with respect to some others) with a single pass on the network.

Even the sharpest path-lifting based bounds, which are computable on an arbitrary trained DAG
ReLU network, are worst-case in nature and remain overly pessimistic by several orders of magnitude.

While exactly computing the Lipschitz constant of multilayer perceptrons (MLP) is known to be
NP-hard (Virmaux and Scaman| 2018)), recent work has shown the potential of average-case analyses
and measure concentration tools to obtain nearly-tight estimates for networks with i.i.d. random
weights, corresponding exactly to the networks used at the initialization of the training procedure.
This is, however, currently limited to random linear networks associated to matrix products (Mourrat),
2025) or to random multilayer perceptrons (Dirksen et al.| 2025)), which are far from current practice
involving much more complex DAG ReLU architectures.

Objective: The goal of the internship is to design computable average case bounds for random DAG
ReLU neural networks. Using the simplest shallow network architectures as a first guiding example,
the intern will progressively explore the theoretical potential of the path-lifting formalism, with the
primary aim of replacing worst-case bounds (e.g., based on Hoélder-type inequalities) with average
case ones exploiting randomness with concentration arguments. From a computational perspective,
it will be interesting to explore how to more explicitly reveal interesting properties of an arbitrary
(given) network via the fP-norms (or other, to be designed, efficiently computable functions) of its
path-lifted representation. From a theoretical perspective, a first focus will be on Lipschitz bounds
for i.i.d. networks, but extensions to other quantities, possibly involving the training dynamics or the
statistical properties of the network, may be explored as a follow-up.

Ldirected acyclic graph
2rectified linear unit — one of the most standard nonlinearities used in deep learning.
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