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Fig. 6. Generic tree used for keypoint recognition. When using C2 tests, the nodes contain tests comparing two pixels in the
keypoint neighborhood; the leaves contain the Pη(l,p)(Y (p) = c) posterior probabilities.

handle multi-class problems and are robust and fast, while remaining reasonably easy to train.
They are simple but powerful tools for classification, introduced and applied to recognition of
handwritten digits in [2]. They are closely related to the regression trees in the CART method [5].
Several trees are grown with some form of randomization as in [6] for example, but the queries
can be more complex than those of regression trees. In this section we first describe them briefly
in the context of our problem for the benefit of the unfamiliar reader. We then study their
properties and justify our implementation choices.

A. Randomized Trees

Figure 6 depicts a generic tree. Each internal node contains a simple test that splits the space
of data to be classified, in our case the space of image patches. Each leaf contains an estimate
based on training data of the posterior distribution over the classes. A new patch is classified
by dropping it down the tree and performing an elementary test at each node that sends it to
one side or the other. When it reaches a leaf, it is assigned probabilities of belonging to a
class depending on the distribution stored in the leaf. Since the numbers of classes, training
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