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Part-based object representation

The part sizes of objects in
real scenarios vary within
certain scales because of
intra-class variations,
viewpoints, etc.
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Multi-scale part-based object model

scales of
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P=(F.,g.) : part model
F. : HOG descriptor
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Structure kernel

Structure kernel measures the
similarity of two part-based
represented objects in

(1) Global visual similarity; g —
(2) Part visual similarity; s
(3) Spatial similarity.
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Structure kernel
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Training and optimizing parameters

1. Optimizing kernel parameters

K(x,x')=k(F,, F,')+ > [w k(F.,F.')+ 2> exp {— y(g. - gi')z}
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Normalized stochastic gradient ascent
algorithm

maxE( )= ZZyZWk(Fp )
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Sub-gradient of samples X, and X,: V =y, [k(F,", F.' ) k(F,, Fy ) k(F' )]

Normalized sub-gradient:

V= y{k(Fl“,FlV)—%Zn: k(F", F') - ,k(Fn”,FnV)—%an k(':i”,':iv)1

If w satisfies (1) (2), w"* = w" + ov' also satisfies (1) (2) and
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Training classifier with latent SVM
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Precision

INRIA person dataset evaluation

1. Different base kernels
a. linear kernel: k(F,F')=F - F"
b. polynomial kernel: k(F F)=(F - F'+1)"

c. RBF kernel: k(F , F') = exp {— s|F -F HZ}
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INRIA person dataset evaluation

2, Different part numbers and
configurations
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(a) 3 parts (b) 4 parts (c) 5 parts (d) 6 parts 4 0.954
5 0.930
6 0.945

I X
N, W iao To . "@



PASCAL VOC 2007 dataset evaluation
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PASCAL VOC 2007 dataset evaluation

1. Different base kernels

Performances of different base kernels Performances of different base kernels Performances of different base kernels
Pascal 2007: cat Pascal 2007: bus Pascal 2007: tvmonitor
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PASCAL VOC 2007 dataset evaluation

2. Multi-scale part representation and weighted combination of part

similarities
Performances of multi-scale and weighted sum Performances of multi-scale and weighted sum
Pascal 2007: bicycle
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Pascal 2007: bird
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Performances of multi-scale and weighted sum
Pascal 2007: sofa
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Conclusions and future work

The multi-scale part-based model is more robust to
intra-class variations and viewpoint changes than
existing part-based models.

The structure kernel measures the similarity of two
part-based objects in both visual appearance and
spatial layout in a joint manner.

The normalized stochastic gradient ascent method
makes the kernel parameters adaptive to the
distribution of data.

A more sophisticated cost function can be used to
penalize the deformation of objects
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