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Motivation
• In modern machine learning applications, the label space can be enormous, containing even
millions of different labels or classes (eXtreme Classification (XC)).
• Selected examples of such problems:
I content annotation for multimedia search (Dekel and Shamir, 2010),
I recommendation: webpages-to-ads (Beygelzimer et al., 2009), ads-to-bid-words (Agrawal et al.,
2013; Prabhu and Varma, 2014), users-to-items (Weston et al., 2013; Zhuo et al., 2020),
queries-to-items (Medini et al., 2019), or items-to-queries (Chang et al., 2020).

• In these practical applications, learning algorithms run in rapidly changing
environments.
• The space of labels and features might grow over time as new data points arrive.
• Retraining a XC model every time a new label is observed is expensive.
• A need for XC algorithms that can efficiently adapt to the growing label and
feature space.
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Online probabilistic label trees (OPLTs

• Label tree algorithms that use probabilistic classifiers are a popular solution to XC:
I probabilistic label trees (PLT)s (Jasinska et al., 2016), Parabel (Prabhu et al., 2018),
extremeText (Wydmuch et al., 2018), Bonsai (Khandagale et al., 2019),
AttentionXML (You et al., 2019), napkinXC (Jasinska-Kobus et al., 2020).

• They reduce the original problem to a set of binary problems organized in a form of a
rooted, leaf-labeled tree.
• Most of the above algorithms can update node classifiers incrementally with new examples.
• In all of them, the label tree is given before training of the node classifiers, thus they are
limited to initial set of labels.
• We introduce online probabilistic label trees (OPLTs) that train a label tree classifier in
a fully online manner – the tree is constructed simultaneously with incremental
training of node classifiers, without any prior knowledge of labels or training data.
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Online probabilistic label trees (OPLTs)
• Incremental PLT (IPLT) – trains node classifiers incrementally using a tree built by OPLT.
• Two properties of OPLT that we formalize and prove:
I efficiency: the complexity of OPLT is in a constant factor of the complexity of IPLT.
I properness: the final model trained by OPLT is equivalent to the model of IPLT.

• The properness is achieved thanks to auxiliary node classifiers that accumulate positive
updates and are used to initialize classifiers in new nodes added to a tree.
OPLT

Incremental PLT

Updates:
(x1 , {l1 }),
(x2 , {l2 }),
(x3 , {l3 }),
(x4 , {l4 }).
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Thank you for your attention
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