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VC dimension
Support Vector Machines
Kernel Method
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VC dimension
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VVC Confidence D4E
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SRM: Structural Risk Management
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Linear Support Vector Machine:
Separable Case
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Linear Support Vector Machine:
Separable Case (5] z8)
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Linear Support Vector Machine:
Separable Case ({aA[Z= 9 RNEHV)
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Linear Support Vector Machine:
Separable Case (FE =01t &7 iE)

DAL, Lagrange DR TEFREBGEICKY . LTOREA#ZE®R/IME
I AHMEBIZIRE T 5 (iR DKuhn-TuckerEHEESZEDVEIR) o
Lp =1/2 |l ~Toi( ti(xi-w+b) ~1)

Hi10FELEIIMarginz&x KL I HIE, F2IEIXT N THT—2HIE
LLEERISNAST-ODIETH S, D EE. dLp/ow, dLp/ob &3
201272 LW EFEHNRDEEIENTA, FERMICLDOKIE

2oi—1/2x0i0j Gt X;* X;
| 1]

153, SEOLp/dw =0. ALp/ob =0. ti(xi-w+b) —1=0.

i =0, ai( ti(xi-w+bh) —=1)=0 &L V554 (Kuhn-Tuckerg& )
NDHETH/METNITRLY, (CNEDFEXFFAFRIIE. HDHIE
HMEEHED T TETHERIE T HIENTE., HBRIIZ2RETEE
fBIZT35, CORIRRIE. NREGEZRVWTEIIENTEDS, )




Linear Support Vector Machine:
Separable Case (YAl FHndHH)
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Linear Support Vector Machine:
Non-Separable Case (E3 T NIXRLIDY)
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Linear Support Vector Machine:
Non-Separable Case ({a]Z#&#E 1t 3 5 H)
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Linear Support Vector Machine: Non-
Separable Case (FE =01t & £FE)
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Non-Linear Support Vector
Machine: Kernel Method (74T 7)
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Non-Linear Support Vector Machine:
Kernel Method Z L /=SVM
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Non-Linear Support Vector
Machine: Kernel M55k
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Gap Tolerant Classifiers
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Gap Tolerant Classifiers
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SVM® Tutorial

« C.J.C. Burges.
Knowledge Discovery and Data Mining, 2(2), 1998. A detailed tutorial on Support
Vector machines for the classification task, from background material (e.g. VC
dimension, structural risk minimization) through notes on training algorithms. Many
examples are given.

« A.J. Smola and B. Schdlkopf.
NeuroCOLT Technical Report NC-TR-98-030, Royal Holloway College University
of London, UK, 1998. This tutorial gives an overview of the basic ideas underlying
Support Vector (SV) machines for regression and function estimation. Furthermore,
it includes a summary of currently used algorithms for training SV machines,
covering both the quadratic (or convex) programming part and advanced methods
for dealing with large datasets. Finally, some modifications and extensions that have
been applied to the standard SV algorithm are mentioned, and it discusses the aspect
of regularization and capacity control from a SV point of view.

« B. Scholkopf. , 1999. Tutorial given at DAGM'99.


http://www.kernel-machines.org/papers/Burges98.ps.gz
http://www.kernel-machines.org/papers/tr-30-1998.ps.gz
http://www.kernel-machines.org/papers/talk-dagm99_4.ps.gz

SVM®DO 70455 L

. by (in FORTRAN).
. by Chris Burges et al.
. A decomposition method for bound-constrained SVM formulations.
. Fortran Implementation.
. by C. Saunders, M. O. Stitson, J. Weston, L. Bottou, B. Scholkopf, and A. Smola at Royal Holloway, AT&T, and GMD
FIRST ( ).
. by :
. SVM, NN and FL MATLAB based user-friendly routines.
. An SVM library with a graphic interface.
. a leave-one-out model selection software based on BSVM.
. SVM implementation for pattern recognition and regression.
. SVM implementation for Windows, uses Microsoft Visual C++ 6.0.
. by .
. SMOBR is an implementation of the original Sequential Minimal Optimisation proposed by Platt written in C++.
. by :
. by .
. Matlab code for SVM incremental learning and decremental unlearning (LOO validation).
. SVM QP routines in Fortran for classification/regression.
. Support Vector Machine for Large-Scale Regression and Classification Problems.
. by .
. Matlab implementation in the style of SVMlight, can train 1-norm and 2-norm SVMs.
. A matlab toolbox with a C++ mex core to fast implement the SVM classifiers.

. Object Oriented MATLAB Support Vector Machine Toolbox, including C++ MEX implementation of the sequential
minimal optimisation algorithm.


http://guppy.mpe.nus.edu.sg/~mpessk/npa.shtml
http://guppy.mpe.nus.edu.sg/~mpessk
http://svm.research.bell-labs.com/SVT/SVMsvt.html
http://www.csie.ntu.edu.tw/~cjlin/bsvm
http://lara.enm.bris.ac.uk/cig/code/code.htm
http://www.ics.uci.edu/~xge/svm/
http://www.dcs.rhbnc.ac.uk/research/compint/areas/comp_learn/sv/pub/report98-03.ps
http://www.kernel-machines.org/code/prloqo.tar.gz
http://spigot.anu.edu.au/~smola
http://www.support-vector.ws/html/downloads.html
http://www.csie.ntu.edu.tw/~cjlin/libsvm
http://www.csie.ntu.edu.tw/~cjlin/looms
http://www-ai.cs.uni-dortmund.de/SOFTWARE/MYSVM/
http://www.cs.ucl.ac.uk/staff/M.Sewell/svm/
http://www.ics.uci.edu/~xge/svm/
http://www.ics.uci.edu/~xge
http://www.litc.cpdee.ufmg.br/~barros/svm/smobr/
http://five-percent-nation.mit.edu/PersonalPages/rif/SvmFu/index.html
http://five-percent-nation.mit.edu/PersonalPages/rif/
http://www-ai.cs.uni-dortmund.de/FORSCHUNG/VERFAHREN/SVM_LIGHT/svm_light.eng.html
http://www-ai.cs.uni-dortmund.de/PERSONAL/joachims.eng.html
http://bach.ece.jhu.edu/pub/gert/svm/incremental
http://www.kernel-machines.org/lara.enm.bris.ac.uk/cig/code/code.htm
http://www.idiap.ch/learning/SVMTorch.html
http://www.isis.ecs.soton.ac.uk/resources/svminfo/
http://www-isis.ecs.soton.ac.uk/~srg
http://www.cis.tugraz.at/igi/aschwaig/software.html
http://eewww.eng.ohio-state.edu/~maj/osu_svm
http://theoval.sys.uea.ac.uk/~gcc/svm/toolbox/
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