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Abstract

Classification problems with an extremely large number of fine-grained classes or labels are
frequently encountered in present-day applications. For example, data annotation tasks
which involve millions of label choices such as Wikipedia categories or Flickr captions are
helpful for effective webpage organization and retrieval. Additionally, large-scale recom-
mendation and ranking tasks can also be naturally posed as classification problems by
treating each item to be recommended or ranked as a separate label. Extreme classifica-
tion is a thriving research area of machine learning which studies such large classification

problems.

This thesis aims to provide viable algorithmic solutions to extreme classification by
addressing its core technical challenges. Extreme classifiers need to train efficiently on
millions of data points and labels, and predict in real-time as expected by web-based
applications. At the same time, prediction accuracy should be maximized to enhance
user satisfaction and revenue. Towards these goals, this thesis develops (1) approaches
based on balanced data point partitioning trees whose training and prediction costs scale
only logarithmically in the number of labels and hence scale to large datasets, (2) bal-
anced label partitioning tree-based approaches that leverage powerful 1-vs-All classifiers
to significantly boost prediction accuracy without compromising efficiency, and finally,
(3) an approach based on novel sparse label indices to minimize model size and RAM
consumption while ensuring high accuracy and logarithmic efficiency.

This thesis also explores multiple relaxations to the standard extreme classification
paradigm in order to effectively leverage the additionally available meta-data. First, it
proposes warm-start extreme classification which offers improved predictions for frequent

inputs by leveraging label-side features and past interaction logs. Second, it develops the
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extreme regression paradigm which relaxes the conventional binary relevance assumption
to learn richer models from partial label relevances. Third, it extends extreme classifica-
tion to handle zero-shot label prediction, a common setting in recommendation tasks.
The algorithms in this thesis are well-suited for real-world applications involving mil-
lions of labels. Empirically they were found to outperform existing state-of-the-art ex-
treme classification algorithms on publicly available benchmark datasets. Moreover, in
live flights on the Bing search engine, the proposed techniques were also found to sig-
nificantly improve the key metrics when applied to Sponsored and Dynamic Search Ad

applications
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