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Symmetries play a significant role in machine learning. In scientific applications, they often arise as con-
straints imposed by physical laws. More broadly, symmetries emerge whenever objects admit multiple ways to
express them (for example, in graph machine learning). In addition, modern machine learning models are heav-
ily overparameterized, so many distinct sets of parameters can represent the same function, revealing further
underlying symmetries.

In this talk, we describe methods for incorporating symmetries into machine learning models using classical
tools from algebra, including invariant theory and Galois theory [3, 2]. A particularly interesting feature of
symmetry-preserving models is that they can be defined independently of the size or dimension of the input.
This setting, known as any-dimensional machine learning, is closely related to ideas from representation stability.
We present a theoretical framework for understanding the assumptions imposed by such models, which allows
us to align learning models with data of varying sizes and learning tasks in a principled way [4].

Any-dimensional models use a fixed set of parameters and can be evaluated on data of varying sizes. Hyper-
parameter transfer considers the complementary setting, in which the data are fixed while the model size varies,
and studies how optimal hyperparameters (such as the learning rate) can be transferred from smaller models to
larger ones. If time permits, we will also discuss recent connections between any-dimensional machine learning
and hyperparameter transfer [1].
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