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SVMs

e Find the optimal linear separator

e Optimal = the largest margin between it and
the positive examples on one side and the
negative examples on the other

* Margin refers to the separation between the
positive and negative examples

* The points closest to the separator are called
the support vectors
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Definitions

—i.i.d. sample
* Independent and identically distributed
* Presumed for both training and test sets

— H refers to the space of possible decision
functions

— VC-dimension: don’t worry about this for this
course

* It refers to the capacity/complexity of H
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Induction vs. Transduction

e |nduction

— Induce a decision function with a low error rate on
the whole distribution of examples for the
learning task

— Unnecessarily complex
e Don’t always care about the decision function

e Transduction

— When we care most that we classify a particular
test set of examples with as few errors as possible.

— Setting: small training set; large test set.

Benefit of studying the test set?

* Training and test sets split H into a finite
number of equivalence classes

— Two functions from H belong to the same
equivalence class if they both classify the training
and test sample in the same way

— Simplifies the learning problem

e Can examine the layout of the test examples
when constructing the classifier




TSVM Learning
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Transduction: Predicting only
at known locations is easier

— Finite number of predictions vs.
continuous function

— Define margin w.r.t. test points
— Generalization error bounds

TSVMs for text categorization

 Why?
— SVMs have been shown to be good for text
categorization

— Can exploit the strong co-occurrence patterns that
appear in text

Altavista (1999)
* hits(pepper & salt) 2 327K
* luts(pepper & physics) = 4.2K
» hits(physics) > hits(salt)

Google (2009)
* hits(pepper & salt) =2 159M
* hits(pepper & physics) = 1.3M
» hits(physics) = 107M > hits(salt) = 56M

Text categorization
with co-occurrence patterns
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Learning TSVMs

e Basicidea?

Experiment: Reuters-21587
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Experiment: Reuters-21587

Influence of Training Set Size? Influence of Test Set Size?
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Experiment: WebKB

* 4 classes
* 9training examples, 3957 test examples
* P/R break-even point per class (and average)

| | Bayes | SVM | TSVM |
course 57.2 | 68.7 | 93.8
faculty 42.4 | 52.5 | 537
project 21.4 375 | 184 )
student 635 | 70.0 33.8

| macro-average | 46.1 | 57.2 | 62.4 |




For Projects:
Experimental Methodology

* Train/validation/test set division
* Performance measures

* Proper comparisons
— Alternative algorithms
— Multiple data sets
— Proper baseline
— Variations of key parameters




