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Generalization Error of RF

* Generalization error of a random forest:
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Dense Feature Representation Random forest with Discriminative Decision Trees

e Our representation consists of (pairs of) image regions of
arbitrary sizes and at arbitrary locations:
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Control Experiments

original traditional our intuition: what our goal
Image method (SPM) humans do

Our Work

* Objective: Finding image regions that contain discriminative
information for fine-grained image categorization.

e Approach: A model combining randomization and discrimination

" Dense feature representation;
" Random forest with discriminative decision trees classifier
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D = {U;D;} : set of all training examples
E(D;): entropy of training examples D;

Caltech-UCSD Birds 200

T : number of trees
c*: class label of test example

Py 1, (c): probability of test example
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Better generalizability

'
i
v
i
i
I
i
v
' ' '
i i I
|, P S S D S S S D S S R S S O OO0 —
' 1 h
i i |
i i I
' ' '
1 I |
i i i

= .

=
—

o

;
belonging to class C for tree t 0 100 200 300 400

e 200-class classification of 200 bird species from North America

Number of trees

Coarse-to-fine Learning

e Our method automatically learns a coarse-to-fine
region of interest (e.g. shown below for ‘playing
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