COMP4702/COMP7703 - Machine Learning

Prac 7 —Support Vector Machines
Aims:

* To complement lecture material in understandingojeration of SVMs.
* To gain experience with simulating these techniqgue®ftware.
* To produce some assessable work for this subject.

Procedure:
Support Vector Machines
In Chapter 10 of the text, Support Vector Machiaesintroduced in the context of linear

discriminative models. Weka contains a couple\@#ISmplementations, the basic version being
“SMO” under “classifiers->functions”.
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SMO stands for sequential minimal optimization agf@érs to a particular algorithm for training
SVMs. If you right-click on this model you will eghat there are several user parameters — the
default settings implement a linear support ventachine (i.e. a linear kernel function) as
described in lectures. The key “user” parameteeni SVM are:



o C —the penalization factor/regularization factor, gfhcontrols the influence of
errors (in terms of the maximal margin hyperplame}he overall objective function
for training

o0 The kernel function and any associated parameter¢/EKA, you can use either a
polynomial kernel or a radial basis function (REBE)nel. A linear kernel function
is a special case of a polynomial with the ordethefpolynomial equal to 1.

¥ weka.gulGenericObjectEditor ,%r

weka, dassifiers. functions.SMO |

i
About

Implements John Platts sequential minimal optimization Mare |
algorithm for training a support vector classifier. Capﬁm|

buildLogisticModels | False Lo

c |10

checksTurnedOff | False The complexity parameter C .

debug |False -
epsilon | 1.0E-12
filterType | Marmalize training data -
kemel [ Chooss |PolyKernel -C 250007 € 1.0
numFolds -1
randomSeed |1

toleranceParameter | 0.0010

| Open... | | Save... | | Ok | | Cancel |

Note also that this implementation of an SVM solwasticlass (>2) classification problems by
training a two class SVM on each distinct pair lasses (see lecture notes on pairwise separation
and Section 10.4 of the textbook). The implemémtadlso normalizes each attribute in the data
set before training.

- Q1: Using the default settings, train an SVM on thebétes (from Prac 4), sonar,
ionosphere and glass datasets (available on theeweb page, details below and available
from the UCI machine learning repository). Usedleéault training/test set split in Weka.
Record your results (classification rate and caofusnatrix).

- Q2: Select one of the datasets from Q1 (your choiddging this dataset, experiment with
the SVM kernel function by trying at least 3 di#et parameter value settings for both
polynomial and RBF kernels (in addition to yourwwasto Q1). Record your results as in
Q1.

- Q3: Using the same dataset with the parameter/kerttelgéhat gave the best
performance in Q2, experiment by varying the C patar (which has value 1.0 by
default). Try C=0.01, 0.1, 10, 100 and 1000. selab to plot the performance
(percentage correct) on the test set.

- Q4: Repeat your experiments from Q3, but this timel&#old cross validation to estimate
(generalization) performance, rather than the defaicentage split option in WEKA. Plot
these results on the same set of axes as youtsésuh Q3.




1. lonosphere Data set

I nput features
of cl asses
of sanpl es= 351

No.
No.

34
2

264 (O ass 1 sanples=174, dass 2 sanpl es=89)
87 (G ass 1 sanmples= 50, O ass 2 sanpl es=37)

Trai ni ng sanpl es
Test sanpl es

More i nformati on about the data set:

Sour ce | nformation:
Donor: Vince Sigillito (vgs@pl cen. apl.j hu. edu)
Date: 1989
Sour ce: Space Physics Group, Applied Physics Laboratory

Johns Hopki ns University, Johns Hopkins Road, Laurel, MD 20723
Rel evant | nfornation:
This radar data was collected by a system in Goose Bay, Labrador. This system
consists of a phased array of 16 high-frequency antennas with a total transnitted
power on the order of 6.4 kilowatts. See the paper for nore details. The targets
were free electrons in the ionosphere. "Good" radar returns are those show ng
evi dence of some type of structure in the ionosphere. "Bad" returns are those
that do not; their signals pass through the ionosphere.
Recei ved signals were processed using an autocorrelation function whose argunents
are the tinme of a pulse and the pul se nunber. There were 17 pul se nunbers for the
Goose Bay system Instances in this databse are described by 2 attributes per
pul se nunber, corresponding to the conplex values returned by the function
resulting fromthe conpl ex el ectromagnetic signal.
Attribute Information:
Al 34 are continuous, as described above
The 35th attribute is either "good" or "bad" according to the definition
sunmari zed above. This is a binary classification task.

M ssi ng Val ues: None

2. d ass Dat aset

1. Title: @ass ldentification Database

2. Sources:

(a) Creator: B. German

-- Central Research Establishnment
Home O fice Forensic Science Service
Al der mast on, Readi ng, Berkshire RG/ 4PN

(b) Donor: Vina Spiehler, Ph.D., DABFT

Di agnostic Products Corporation
(213) 776-0180 (ext 3014)

(c) Date: Septenber, 1987

3. Past Usage:

Rul e I nduction in Forensic Science
-- lan W Evett and Ernest J. Spiehler
-- Central Research Establishnent
Home O fice Forensic Science Service
Al der mast on, Readi ng, Berkshire RG/ 4PN
-- Unknown technical note number (sorry, not |isted here)
-- General Results: nearest neighbor held its own with respect to the
rul e-based system

4. Relevant Information:n

Vi na conducted a conparison test of her rul e-based system BEAGLE, the
near est - nei ghbor al gorithm and discrimnant analysis. BEAGE is

a product avail able through VRS Consulting, Inc.; 4676 Admralty Wy,
Suite 206; Marina Del Ray, CA 90292 (213) 827-7890 and FAX: -3189.

In determ ning whether the glass was a type of "float" glass or not,
the following results were obtained (# incorrect answers):

Type of Sanple Beagl e NN DA
W ndows that were float processed (87) 10 12 21



W ndows that were not: (76) 19 16 22

The study of classification of types of glass was notivated by
crimnol ogical investigation. At the scene of the crinme, the glass left
can be used as evidence...if it is correctly identified!

5. Nunber of Instances: 214
6. Nunber of Attributes: 10 (including an Id#) plus the class attribute
-- all attributes are continuously val ued
7. Attribute Information:
1. Id nunber: 1 to 214
2. RlI: refractive index
3. Na: Sodium (unit neasurenent: weight percent in correspondi ng oxide, as
are attributes 4-10)

4. Myg: Magnesium
5. Al: Alum num
6. Si: Silicon
7. K Potassium
8. Ca: Calcium
9. Ba: Barium
10. Fe: lron
11. Type of glass: (class attribute)

-- 1 building_wi ndows_fI| oat _processed

-- 2 building_w ndows_non_fl oat _processed

-- 3 vehicl e_wi ndows_fl oat _processed

-- 4 vehicle_wi ndows_non_fl oat_processed (none in this database)
-- 5 containers

-- 6 tableware

-- 7 headl anps

8. Mssing Attribute Val ues: None

Sunmmary Statistics:

Attribute: M n Max Mean SD Correlation with cl ass
2. R: 1.5112 1.5339 1.5184 0.0030 -0.1642
3. Na: 10. 73 17.38 13.4079 0.8166 0. 5030
4. My: 0 4. 49 2.6845 1.4424 -0.7447
5. Al: 0.29 3.5 1.4449 0.4993 0. 5988
6. Si: 69. 81 75. 41 72.6509 0.7745 0. 1515
7. K 0 6.21 0.4971 0.6522 -0.0100
8. Ca: 5.43 16. 19 8.9570 1.4232 0. 0007
9. Ba: 0 3.15 0.1750 0.4972 0.5751
10. Fe: 0 0.51 0.0570 0.0974 -0.1879

9. Class Distribution: (out of 214 total instances)
-- 163 Wndow gl ass (building wi ndows and vehicl e wi ndows)
-- 87 float processed
-- 70 buil ding wi ndows
-- 17 vehicle w ndows
-- 76 non-fl oat processed
-- 76 building wi ndows
-- 0 vehicle w ndows
-- 51 Non-wi ndow gl ass
-- 13 containers
-- 9 tableware
-- 29 headl anps



