Using dependent patches for object categorization in a generative framework
Gang Wang'"? Ye Zhang? Li Fei-Fei’

1 University of illinois at Urbana-Champaign, Urbana, 11 61801, USA 2 Harbin Institute of Technology, Harbin, China

1.Summary 4.The Generative Model 7.Experiment 1: Caltech 4 dataset 8. Experiment 2: Caltech 101 dataset

Problem statement: Categorizing objects by modeling the

inter-dependency of local patches. pris generated as following: Y )@ The five most dependent patches for each category. The five most dependent patches for each category.
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1.We propose a Bayesian model that relaxes the independe- ply, H= Beta(l,y)

nce assumption of “bag of words” model and can exploit pa- ! Y D

tch dependency. Pe= pk]|'=[1 (1-px) a )@

2.We get a best recognition performance in both Caltech 4 N

dataset and Caltech 101 dataset. Theme prior in the jth image: !

3.We extract the first sensible taxonomy on the Caltech 101 15 |0, ~ DP(0w, B) @ L :. 1

dataset. <rr--- | g

Sample a theme:

zji |, L ~ (mj, L)
Sample a patch:

Xii |Zji,0k~ F(0z)

Confusion matrix of our method.

Caltech 101 Categories Data Set
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ct categorization. number of training examples per class

Extracted taxonomy on the Caltech 101 categories data set.
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