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Abstract

This internship is articulated around distributed architecture and is
especially focused on federated learning. The student will deal with dis-
tributed optimization, empirical risk minimization, and aggregation prob-
lems. Many directions of research are open depending on the interest of
the candidate. The internship includes both theoretical and computa-
tional aspects.

Context Federated learning [1, 2] has stood out as a promising field of grow-
ing emphasis, advocating for an alternative to centralized learning. The latter
widespread architecture is subject to many constraints, the crucial ones being
privacy and latency. These shortcomings impelled machine learning community
to consider more distributed approaches. Federated learning is one of them and
relies on both local data storage and local model training on devices. Above and
beyond the computational gain through the use of the processor of the devices,
the benefit of keeping data locally is twofold. On the one hand, it preserves
privacy, an apodictic value whose endangerment entails insidious societal effects
such as self-censorship. On the other hand, it enables to collaboratively learn
when releasing data is impractical - if not illegal.

Mathematical elements

Definition 1 (Federated setting) For a set of m nodes, the federated setting
1s defined as follows:

e Each device i € [m] owns a sample {z;; € Z : j € [n;]} of size n,,
i.9.d. drawn from a distribution P;

e Given a loss function £ : © x Z — Ry, the risk is defined as R(0) =
E[¢(0; Z)], where 8 € © is a specific set of parameters for the learning
model;

o Lastly, we set 0* € arg min R(0).
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Possible points to investigate

A) Breaking the aforementioned i.i.d. assumption. Here, each device owns
a sample drawn from a distribution P; of its own. This new assumption im-
pacts the definition of the risk, the optimal element, etc.

_ In one-shot federated learning, each device i estimates its local parameter

0; € arg min R;(#) defining the local empirical risk R;(f) as - Z;“ 000; z5)
0€0 '

The final aggregated parameter is usually the average, and since the sample size

can vary a lot among the nodes, each local parameter is weighted according to

. . ne _ ny.
its sample size, by a factor ST TN

fs = Z ”Ne (1)

The ongoing research focus on the optimization of the weights associated to
a new aggregated parameter defined as follow:

i=1

B) Personalized models that return to each node a different 0.
How to perform this personalization through the weights?

C) Another direction is to go beyond the one-shot approach and explore the
multi-round optimization (e.g. stochastic gradient descent).

Objectives: The aim is to study one or more of the above problems, imple-
ment the designed methods, and set also realistic experiments to demonstrate
comparative gains against existing approaches.
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