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m Current approaches of object categorization
require manual labeled dataset as training set.

m Collecting data Is time-consuming, involved In
numerous human work.

= Finding good examples Is another concern.
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Bag of Words Model ursa
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China is forecasting a trade surplus of $90bn
(E51bn) to $100bn this year, a threefold
increase on 2004's $32bn. The Commerce
Ministry said the surplus would be created by

F
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freely. However, Beijing has made it ¢
it will take its time and tread carefully bél
allowing the yuan to rise further in value.

Slide credit: Rob Fergus




Bag of Words Model e

m LSA:
» U and V are orthonormal matrices
X=vzt
= A singular value decomposition(SVD) process

= PLSA
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Bag of Words Model -- pLSA uria

m D: set of documents

= W: visual words

m Z: topics

m Latent variable z i1s associate with w and d.

= Matrix N,, ., :co-occurrence of words and doc

= N (w,d) : the number of word w appears In
document d.
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Bag of Words Model — pLSA (Cont.)

P (w |Z ) co-occurrence of words within a topic

P (Z |d) density of topic on a given document

K
P(w;i|d;) =  P(z|d;)P(ws|z)
=1

Z
Y P(w|z)P(z|d)P(d) (1)

zZ=

[

®
jxiao@cs.utsa.edu 6 ﬁ



Bag of Words Model — pLSA (Cont.) ovda

= P(w|z) topic specific word distribution
» P(z|d) document specific mixing proportion

P(w;|d;) ZP 2k |d;) P(w;|zk)

Wl wl Zl
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Bag of Words Model — pLSA (Cont.)

m Calculating by EM

m E step: P(z|w,d)

m Mstep: P(d) P(z|d) P(w|z)
P(w.d) = P(w|z)P(z|d)P(d)

z=1

D W
L=T[ [ Plw. )

d=1 w=1
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Bag of Words Model (Cont.)

Object

—

Bag of words
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Bag of Words Model (Cont.) G¥3a

1. Representation

faature detection codewords dictionary
& representation

| Image representation
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Approach

= ABS-pLSA

Quantize the location within the image Into
one of X bins

Use

Instead of
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Approach (Cont.)
m TSI-pLSA

Introducing latent variable, c, represents the
centriod of the object.

foreground bins
background bin

®
jxiao@cs.utsa.edu 13 &



Approach (Cont.)
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Datasets

m PT: prepared training set, manually gathered

m P: prepared test set

= G: raw download data from Google image.

¢ Good image: good examples, related to
keyword category

¢ Intermediate images: related to keyword
category, low quality than good image

¢ Junk images: totally unrelated to the keyword
category
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Datasets (Cont.)

= V: Google validation set.

¢ Assume the images from first pages are
positive examples.

¢ Cross language collections
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Datasets (Cont.)

®
jxiao@cs.utsa.edu 17 ﬁ



Datasets (Cont.)

m statistics
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Experiments

= Region detectors:
¢ Convert to grayscale
¢ Resize to a moderate size
¢ Detect region
¢ Represent by SIFT descriptor
¢ Quantize descriptor vector
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Experiments — region detector

= Region detectors:
¢ Kadir & Brady saliency operator
¢ Multi-scale Harris detector
¢ Difference of Gaussian
¢ Edge based operator
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Experiments (Cont.)
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Experiments (Cont.)
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Experiments (Cont.)
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Experiments (Cont.)

Red: pLSA
Green: ABS-pLSA
Blue: TSI-pLSA

Solid line:
performance of
automatically chosen
topic within model

= Dashed line:
performance of best
topic within model
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Discussion

= Limited categories

= Prior knowledge about number of categories
= Image backgrounoc
= Similar visual word

®
jxiao@cs.utsa.edu 25 &



Conclusion

= Introduce spatial information in pLSA.

= Learn object category by category name.
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Thank you!



