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Overview Linear Dependency Modeling

Main Idea Linear Classifier Dependency Model (LCDM)
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Linear Feature Dependency Model (LFDM)
« Given feature vectors x4, ..., X,
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Introduction
= Multiple features provide complementary information.

Input:
s Features can be combined in two levels

o Classifier level: Train one classifier for each feature, then
combine the classifiers.

HoG

SIFT

conclusion. l l - l

Shape

a Feature level: Combine the features directly to draw the
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* Problems in existing methods Classifier M
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= Explicitly model feature dependency to improve the >r(w;) 8% to each

recognition performance. Learn Optimal Dependency Model

 Maximize the margin between genuine and
Imposter posterior probabilities.

e Learn the optimal 8 in LCDM and y in LFDM by
solving Linear Programming problems.
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Dependent Model
(Proposed):
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Contributions

= Solve the problem of independent assumption in
classifier combination.

Independent Model
(Product):
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= Prove that linear combination can model feature

Sensitivity to Density Estimation Error

dependency under some mild assumptions. Output: l Output; l . The error factors in LCDM and LEDM are
= Develop a novel framework for dependency modeling. Not Daffodil Daffodil S 1 Bheh Y1 Zn Viun€in
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* The upper bound of Ef Is smaller than that of E_.

* Propose two methods, LCDM and LFDM, for classifier

| Independent System
level and feature level fusion. P y

Dependence Modeling

Experiments
Mean error rate (%) and standard deviation on synthetic data.
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Best accuracy (%) on Weizmann and KTH databases. 1. J. Kittler, M. Hatef, R. P. W. Duin, and J. Matas. On

— : ; combining classifiers. TPAMI, 20(3):226—239, 1998.
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