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2.1 K-Means
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Algorithm 1 K-Means Clustering

Input : initial K points
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2.3 Affinity Propagation
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Algorithm 2 Online Training Example Acquisition

Output: K clusters

Input : tag

1. Choose K initial centroid points

2. Assign all data points to the closest centroid point

3. Re-compute the centroid point of each cluster

4. Repeat 3-4 until centroid of each cluster is not changed

Output: a set of training samples for the tag

K-Means &8 &S 52 ()T o] AXt
= AA FH2H 2o 2L/HE HAa3 e

1. Collect images from Flickr with respect to the inputted tag

2. Generate N clusters through clustering algorithm from
collected images

3. Return top k largest clusters
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