








Was ist Support Vector?




Mathematische Grundlagen

SVM sucht nach einer Hyperebene, die die beiden Klassen
unterscheidet und den margin maximiert
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Mathematische Grundlagen
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Skalarprodukt: x « y = x1y; + X2y + =+ + XpVn

Skalarprodukt: x - y = |[x||||y|lcos(8)

Norm : ||x|| =+x-x = ,/5 + xz + oo xu

Skalarprodukt: v-u <0
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Mathematische Grundlagen
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Gesucht: min




Mathematische Grundlagen

Zielfunktion Lagrange-Multiplikatoren Beschrankungen

I

1
L(w,b,a) = §||W||2 - ) ai(yiwTx; +b) — 1)



Mathematische Grundlagen
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Was ist Kernel-Funktion?

Die Kernel-Technik bedeutet, dass
durch die Einfuhrung einer
Kernel-Funktion das n-dimensionale
niedrigdimensionale nichtlineare
Problem in ein m-dimensionales
hoch-dimensionales lineares Problem
umgewandelt werden kann, um es zu
|0sen. Es muss nur n-mal multipliziert
werden, was viele Berechnungen
reduziert.




Was ist Schlupfvariable?

Schlupfvariable €
Innerhalb von Margin:
richtig eingeordnete Apfel (O<e<1)

Aulerhalb von Margin:
falsch eingeordnete Apfel (€>1)
richtig eingeordnet Apfel (e=1)




SVM bei Multi-Classification

Apfel, Nicht Apfel
CEIERER Nicht Banana
Birne, Nicht Birne




sklearn.svm.LinearSVC

Linear Support Vector Classification
Similar to SVC with parameter kernel='linear’
but implemented in terms of liblinear rather than libsvm

-> has more flexibility in the choice of penalties and loss functions and
should scale better to large numbers of samples.


https://scikit-learn.org/stable/modules/classes.html#module-sklearn.svm

author classification on letter dataset

#Info:
Classifier: Linearsvc
Label: author

#Counts:

Number of training data records: 39077
Number of classified data_records: 4881
Number of unique classes in data_records: 7
Number of unique classes found: 7

#Performance:
Seconds used for training: 119
Seconds used for classification: 9

#Classification report:

precision recall fi-score  support

Franz Kafka 0.93 0.96 0.95 280

Friedrich Schiller 0.80 0.87 0.84 266

Henrik Ibsen 1.00 0.99 0.99 897

James Joyce 0.95 0.94 0.95 682

Johann Wolfgang von Goethe 0.82 0.71 0.76 228
Vvirginia wWoolf 0.98 0.98 0.98 1901

Wilhelm Busch 0.96 0.97 0.97 627

accuracy 4881
macro avg 4881
weighted avg 4881




Normalized confusion matrix

Franz Kafka

0.00 0.00 0.00

Friedrich Schiller 4

Henrik Ibsen 4 0.00

James Joyce 4 0.00

True label

Johann Wolfgang von Goethe

0.00
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Virginia Woolf 4 0.00
Wilhelm Busch 4 0.02
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language classification on letter dataset

#Info:
Classifier: Linearsvc
Label: lang

#Counts:

Number of training data_records: 39077
Number of classified data records: 4881
Number of unique classes in data_records: 6
Number of unique classes found: 6

#Performance:
Seconds used for training: 106
Seconds used for classification: 9

#Classification report:
precision recall fi-score  support

da 9.99 1.00 1.00 838
de 1.00 1.00 1.00 1443
en 1.00 1.00 1.00 251 F
r 9.95 1.00 0.97 36
313 0.94 0.94 0.94 31
unknown 0.83 9.31 .45 16

accuracy 1.00
macro avg 0.87 0.89
weighted avg 1.00 1.00
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classification on news dataset based on headline

#Performance:
Seconds used for training: 52
Seconds used for classification: 28

#Classification report:
precision recall
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ARTS & CULTURE 0.44
BLACK VOICES 0.47
BUSINESS 0.41
COLLEGE 8.52
COMEDY 8.51

CRIME 8.57

CULTURE & ARTS 0.47
DIVORCE
EDUCATION
ENTERTAINMENT
ENVIRONMENT
FIFTY

GOOD NEWS
HEALTHY LIVING
HOME & LIVING
IMPACT

MEDIA

MONEY
PARENTING
POLITICS
QUEER VOICES
RELIGION
SCIENCE

SPORTS

STYLE

STYLE & BEAUTY
TASTE

TECH

TRAVEL
WEDDINGS
WEIRD NEWS
WELLNESS
WOMEN

WORLD
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accuracy
macro avg
weighted avg
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category classification on news dataset based on description

#Performance:
Seconds used for training: 68
Seconds used for classification: 28

#Classification report:
precision recall

ARTS & CULTURE .27 0.17
BLACK VOICES 0.31 0.29
BUSINESS 0.27 0.23
COLLEGE 0.35 0.26
COMEDY 0.23 0.19
CRIME 0.42 0.38
CULTURE & ARTS 0.44
DIVORCE 0.62
EDUCATION 0.44
ENTERTAINMENT 0.20
ENVIRONMENT 0.39
FIFTY 0.28
GOOD NEWS 0.22
HEALTHY LIVING 0.20
HOME & LIVING 0.41
IMPACT 0.26
MEDIA 0.43
MONEY 0.44
PARENTING 0.30
POLITICS 0.33
QUEER VOICES 0.41
RELIGION 0.48
SCIENCE 0.44
SPORTS 0.44
STYLE 0.10
STYLE & BEAUTY
TASTE 0.48
TECH
TRAVEL 0.47
WEDDINGS 0.63
WEIRD NEWS
WELLNESS
WOMEN
WORLD
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sentiment classification

#Info:
Classifier: Linearsvc
Label: sentiment

#Counts:

Number of training data_records: 40000
Number of classified data records: 10000
Number of unique classes in data_records: 2
Number of unique classes found: 2

#Performance:
Seconds used for training: 183

Seconds used for classification: 19

#Classification report:
precision recall fi1-score support

negative 4985
positive 5015

accuracy | 10000
macro avg 10000
weighted avg 10000




True label

negative

positive

Predicted label



Vor und Nachteile

Vorteile:
sehr gut fur die Klassifikationen, die klare Grenzen haben.
Speicherplatz sparen
die Arbeit in hohen Dimensionen

Nachteile:
Zeitaufwendig bei unterschiedlichen Arten, zb Hund und Katze
Keine Hyperebene im niederdimensionalen Raum finden, méglich braucht es hohe Dimensionen



Die Entwicklung von SVM:
Gesichtserkennung, Bioinformatik, Textklassifikation.

extklassifikation:

Es kann die Worte in hohen Dimensionen bearbeiten und 4
die support Vektoren mit wichtigen Information finden.




