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ABSTRACT

This mini-course introduces Stein’s method, connecting its foundations in probability with modern
methods for sampling and inference. We will begin with Charles Stein’s original paper on normal
approximation, then explore Barbour’s generator approach to deriving Stein operators for other
distributions. Along the way, we will discuss theoretical applications, including derivation or
improvement of concentration inequalities and mention other interesting results like the Fourth
Moment Theorem.

In the second part, we will use the Langevin Stein operator to derive Stein variational gradient
descent (SVGD), a nonparametric approach to variational inference that can also be viewed as a
deterministic sampling method. Finally, we will interpret SVGD through the framework of gradient
flows, revealing the geometric structure behind its particle dynamics.

PartI. FounbpaTiONS OF STEIN'S METHOD

We begin with the central ideas of Stein’s method and how they turn distributional identities into
quantitative bounds.

Normal approximation. Exploring Stein’s original paper [1] and exploring how differential equations
can be used to bound the error in the central limit theorem.

Barbour’s generator approach. Using Markov process generators to construct Stein operators for other
target distributions [2].

Theoretical applications. Exploring concentration inequalities for dependent random variables [3]
and mentioning other interesting applications like the Fourth Moment Theorem [4].
Part II.  From STEIN OPERATORS TO INFERENCE

We then connect these probabilistic ideas with computational statistics and machine learning,
focusing on deterministic sampling and its geometry.
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Stein variational gradient descent. Introducing kernelized Stein discrepancies and using the Langevin
Stein operator to derive SVGD: a nonparametric variational inference method with deterministic
particle updates [5].

The geometry of SVGD. Interpreting the evolution of the particle distribution as a gradient flow and
understanding the geometric structure behind the algorithm [6].
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