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Introduction
Federated learning (FL) has arisen as an alternative to col-
lecting large amounts of data in a central place to train a ma-
chine learning (ML) model. FL is privacy-friendly, allowing
multiple parties to collaboratively train an ML model with-
out exchanging or transmitting their training data (Baracaldo
and Xu 2022). For this purpose, an aggregator iteratively
coordinates the training process among parties, and parties
simply share with the aggregator model updates, which con-
tain information pertinent to the model such as neural net-
work weights. Besides privacy, generalization has been an-
other key driver for FL: parties who do not have enough
data to train a good performing model by themselves can
now engage in FL to obtain an ML model suitable for their
tasks. Products and real applications in the industry and con-
sumer space have demonstrated the power of this learning
paradigm.

Recently, foundation models have taken the AI commu-
nity by storm, promising to solve the shortage of labeled
data. A foundation model is a powerful model that can be re-
cycled for a variety of use cases by applying techniques such
as zero-shot learning and full or parameter-efficient fine tun-
ing. The premise is that the amount of data required to fine
tune a foundation model for a new task is much smaller than
fully training a traditional model from scratch. The reason
why this is the case is that a good foundation model has
already learned relevant general representations, and thus,
adapting it to a new task only requires a minimal number of
additional samples. This raises the question: Is FL still alive
in the era of foundation models?

In this talk, I will address this question. I will present
some use cases where FL is very much alive (Castiglia
et al. 2023; Kadhe et al. 2023). In these use cases, finding a
foundation model with a desired representation is difficult if
not impossible. With this pragmatic point of view, I hope to
shed some light into a real use case where disparate private
data is available in isolation at different parties and where
labels may be located at a single party that doesn’t have
any other information, making it impossible for a single
party to train a model on its own. Furthermore, in some
vertically-partitioned scenarios, cleaning data is not an
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option due to privacy-related reasons and it is not clear how
to apply foundation models. Finally, I will also go over a
few other requirements that are often overlooked, such as
unlearning of data (Halimi et al. 2022) and its implications
for the lifecycle management of FL and systems based on
foundation models.
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