On-line Handwriting Recognition
with Support Vector Machines
A Kernel Approach

Claus Bahlmann, Bernard Haasdonk and Hans Burkhardt,

Computer Science Department,
Albert-Ludwigs-University Freiburg, Germany

August 6, 2002

Dipl.-Inf. Claus Bahimann, Computer Science Department, Albert-Ludwigs-University Freiburg, Germany


http://lmb.informatik.uni-freiburg.de/people/bahlmann

Overview

Review of classi cation techniques
(Generative) Bayesian classi cation
(Discriminative) Support Vector Machine (SVM) classi cation

Our new SVM-kernel for sequences:
the Gaussian dynamic time warping (GDTW) kernel

Examples, simulations and results with UNIPEN data

two-class problems
multi-class problems

Dipl.-Inf. Claus Bahlmann, Computer Science Department, Albert-Ludwigs-University Freiburg, Germany



Overview

Review of classi cation techniques
(Generative) Bayesian classi cation
(Discriminative) Support Vector Machine (SVM) classi cation

Our new SVM-kernel for sequences:
the Gaussian dynamic time warping (GDTW) kernel

Examples, simulations and results with UNIPEN data

two-class problems
multi-class problems

Dipl.-Inf. Claus Bahlmann, Computer Science Department, Albert-Ludwigs-University Freiburg, Germany



Overview

Review of classi cation techniques
(Generative) Bayesian classi cation
(Discriminative) Support Vector Machine (SVM) classi cation

Our new SVM-kernel for sequences:
the Gaussian dynamic time warping (GDTW) kernel
Examples, simulations and results with UNIPEN data

two-class problems
multi-class problems

Dipl.-Inf. Claus Bahlmann, Computer Science Department, Albert-Ludwigs-University Freiburg, Germany



Overview

Review of classi cation techniques

(Generative) Bayesian classi cation
(Discriminative) Support Vector Machine (SVM) classi cation

Our new SVM-kernel for sequences:
the Gaussian dynamic time warping (GDTW) kernel

Examples, simulations and results with UNIPEN data

two-class problems
multi-class problems

Dipl.-Inf. Claus Bahlmann, Computer Science Department, Albert-Ludwigs-University Freiburg, Germany



Overview

Review of classi cation techniques
(Generative) Bayesian classi cation
(Discriminative) Support Vector Machine (SVM) classi cation

Our new SVM-kernel for sequences:
the Gaussian dynamic time warping (GDTW) kernel
Examples, simulations and results with UNIPEN data

two-class problems
multi-class problems

Dipl.-Inf. Claus Bahlmann, Computer Science Department, Albert-Ludwigs-University Freiburg, Germany



Overview

Review of classi cation techniques

(Generative) Bayesian classi cation
(Discriminative) Support Vector Machine (SVM) classi cation

Our new SVM-kernel for sequences:
the Gaussian dynamic time warping (GDTW) kernel

Examples, simulations and results with UNIPEN data

two-class problems
multi-class problems

Dipl.-Inf. Claus Bahlmann, Computer Science Department, Albert-Ludwigs-University Freiburg, Germany



Overview

Review of classi cation techniques
(Generative) Bayesian classi cation
(Discriminative) Support Vector Machine (SVM) classi cation

Our new SVM-kernel for sequences:
the Gaussian dynamic time warping (GDTW) kernel

Examples, simulations and results with UNIPEN data

two-class problems
multi-class problems

Dipl.-Inf. Claus Bahlmann, Computer Science Department, Albert-Ludwigs-University Freiburg, Germany



Bayesian Classi cation

The generative approach

1. Estimate class conditional
density models P (Xjl) for
each class |

2. Choose class with high-
est posterior probability by
Bayes’ rule
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