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Efficient optimization methods for outlier-robust
machine learning

Supervisor: Tam Le — tamle@lpsm.paris

Location: Laboratoire de Probabilités, Statistique et Modélisation (LPSM), Université Paris Cité,
Campus des Grands Moulins, 75013 Paris, France.
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Context. Machine-learning models are typically trained on large datasets using empirical risk
minimization (ERM) and (stochastic) gradient methods [3]:
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where f measures prediction error and x1,...,x, are sample points. In practical situations, part of

the dataset may be corrupted or of low quality. Such outliers can significantly degrade performance,
motivating robust alternatives to standard ERM [5],[1]. This internship focuses on designing scalable
stochastic algorithms for outlier-robust learning, using two notions of “median”: risk-level robust-
ness through the median-of-means principle (1), and distributional robustness through Wasserstein
medians (2).

1. Median-of-means minimization. The first line of research thus investigates training proce-
dures based on the median-of-means (MOM) estimator [10, §]. The dataset is partitioned into K
blocks of size M = n/K, and the objective becomes
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This estimator is statistically robust and has proven effective in regression, ranking, and optimal
transport [7), 6, 13]. However, its nondifferentiability and nonconvexity make standard gradient
methods costly, as identifying the median block requires evaluating losses on the entire dataset.
Toward efficient and scalable gradient-based methods, possible research directions during the in-
ternship include:

1. Developing stochastic gradient methods for MOM minimization using bias-reduction tech-
niques to dynamically and efficiently identify median block [12, [9].



2. Designing fast optimization algorithms that exploit smooth structures hidden in the median
landscape, extending recent advances in composite convex optimization [2].

2. Wasserstein median for outlier robustness. The second line of research aims to extend
median-of-means approach to the space of probability measures via the Wasserstein median [4]:
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where 71,..., Tk are probability measures and W is the Wasserstein distance [II]. This notion
provides a robust distributional center and connects naturally with robust learning, clustering, and
unsupervised tasks. During the internship, potential tasks to explore this notion in the context of
outlier robustness may include:

1. Formulating gradient-based algorithms to compute Wasserstein medians of discrete measures.

2. Comparing the robustness and computational behavior of Wasserstein-medians with the
median-of-means approach.

Prerequisites. Applicants should have a solid mathematical background, including one or more
courses in statistics, machine learning, and optimization. Programming proficiency (preferably in
Python and Pytorch) for prototyping algorithms is a strong plus. Prior experience with gradient
methods and optimization is welcome but not mandatory.

Work Environment. The intern will receive a monthly stipend of approximately 600 euros
(subject to standard adjustments). The research will be conducted at LPSM, Université Paris
Cité, on the Campus des Grands Moulins. The intern will also participate in the activities of
the Statistics, Data, Algorithm group at LPSM, which brings together researchers in statistics,
optimization, and machine learning.

Application Procedure. Candidates are invited to send their application by email to Tam Le
(tamle@lpsm.paris). Applications should include a curriculum vitae, recent transcripts of grades
and a brief cover letter.
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