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6. Semi-supervised variation

7. Experiment 1:  Caltech 4 dataset
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8. Experiment 2:  Caltech 101 dataset

0 5 10 15 20 25 30 35 40 4510

20

30

40

50

60

70

number of training examples per class

m
e

a
n

 r
e

co
g

n
it

io
n

 r
a

te
 p

e
r 

cl
a

ss

Caltech 101 Categories Data Set

Wang, Zhang, & Fei-Fei(CVPR06)
Lazebnik, Schmid, & Ponce (CVPR06)
Berg (thesis)
Mutch, & Lowe(CVPR06)
Grauman & Darrell(ICCV 2005)
Berg, Berg, & Malik(CVPR05)
Zhang, Berg, Maire, & Malik (CVPR06)
Holub, Welling, & Perona(ICCV05)
Serre, Wolf, & Poggio(CVPR05)
Fei−Fei, Fergus, & Perona
SSD baseline

10 20 30 40 50 60 70 80 90 100

10

20

30

40

50

60

70

80

90

100
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

0

Reference:
[7]R. Fergus, P. Perona, and A. Zisserm-
an. Object class recognition by unsu-
pervised scale-invariant learning. IJCV
(submitted), 2005.
[10]A. Holub, M. Welling, and P. Perona.
 Combining generative models and
 fisher kernels for object class recog-
nition. In ICCV, 2005.

Label distinctive parts and assign themes for theme.

The five most dependent patches for each category.

Local patches from different themes.

Theme distribution of DHDP and HDP.

Performance comparison of DHDP , semi-supervised DHDP to  [7]
and [10].

The five most dependent patches for each category.

Confusion matrix of our method.

Extracted taxonomy on the Caltech 101 categories data set.
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Bird
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Mammal Aquicolous 
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Commodity:   Wheelchair   Chair   Chandelier   Windsor_chair   Ceiling_fan   Lamp 
Umbrella   Scissors   Watch   Headphone   Wrench   Cup   Ewer  Barrel  Inline_skate
 Cellphone  Pizza  Garfield  Starfish  Revolver  Tick  Triobite  Minaret  Menorah
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Rhino  llama  Ferry  Kangaroo
Mammal:  Elephant   Cougar_body   Gerenuk   Cougar_face   Dalmatian   Leopard 
Dolphin Snoopy Hawksbill
Aquicolous Animal:  Octopus   Crocodile_head   Crab   Crocodile   Crayfish Bonsai
Brontosaurus  Accordion
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1. Summary
Problem statement:  Categorizing objects by modeling the
inter-dependency of local patches.
Contributions:
1. We propose a Bayesian model that relaxes the independe-
nce assumption of “bag of words” model and can exploit pa-
tch dependency.
2. We get a best recognition performance in both Caltech 4
dataset and Caltech 101 dataset.
3. We extract the first sensible taxonomy on the Caltech 101 
dataset.

 

2. Motivation

Patch dependency encodes much useful information for obj-
ct categorization.

TRAINING TESTING
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4. The Generative Model

π

β

α

γ

θ

Η

D

L

βK  is generated as following:

ρK |γ, Η= Βeta(1,γ)

      βk = ρk  ∏
l=1

k-1

(1-ρk)

Τheme prior in the jth image:

πj |α0,β ∼ DP(α0, β)

Sample a theme:

zji |πj,L ∼ (πj, L)
Sample a patch:

xji |zji,θk∼ F(θzji)

5. A “Zoom in” version

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