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Abstract:

In many applications of machine learning, large amounts of data can be cheaply and
automatically collected. However, the process of manually labeling this data for the purposes of
training learning algorithms is often a slow, expensive, and/or error-prone process. Several
semi-supervised inference algorithms have recently been designed that attempt to use both
labeled and unlabeled examples for effective learning. In this talk, I will present two families of
algorithms, Manifold Regularization and Low-Density Classification, for extending kernel
methods (such as Support Vector Machines) for Semi-supervised learning. These algorithms are
based on different assumptions on the structure and geometry of the probability distribution
underlying the data.

Manifold Regularization is motivated by the observation that in many applications, data is very
high-dimensional in its raw format, but points truly reside near a low-dimensional, non-linear
manifold in the ambient space. This manifold is estimated by a nearest-neighbor graph over
unlabeled examples and graph-Laplacian regularizers are combined with standard kernel
methods, so that the problem of out-of-sample extension in a large class of graph-based
techniques is naturally resolved.

Low-Density Classification techniques learn decision surfaces that respect data clusters revealed
by unlabeled examples, and pass through low-density regions in the input space. The associated
optimization problems are non-convex. | will present a deterministic annealing approach to
alleviate local minima problems in this class of methods. Empirical results will be presented on
large-scale text categorization problems.
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