Efficient training of Support Vector Machines
and their hyperparameters

By

Charl J. van Heerden

Thesis submitted for the degree

Philosophiae Doctor in Computer Engineering
at the
Potchefstroom campus
of the
NORTH-WEST UNIVERSITY

Advisor: Professor Etienne Barnard

September 2012



SUMMARY
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As digital computers become increasingly powerful and ubiquitous, there is a growing need
for pattern-recognition algorithms that can handle very large data sets. Support vector ma-
chines (SVMs), which are generally viewed as the most accurate classifiers for general-
purpose pattern recognition, are somewhat problematic in this respect: as for all classifiers
which employ hyperparameters, the behavior of SVMs depends strongly on the particular
choice of hyperparameter values, and popular approaches to training SVMs require compu-
tationally expensive grid searches to choose these parameters appropriately [1, 2]. Our main
objective is therefore to find more efficient ways to train SVM hyperparameters. We also
show that for non-separable datasets, SVMs do not behave like large margin classifiers. This
observation in turn leads us to explore algorithms which do not employ a margin term. Since
one of the hyperparameters of SVMs is a regularization parameter that controls the relative
contribution of the margin term and the sum of misclassifications, dropping the margin term
means that there is one less hyperparameter to be trained.

Grid searches are an expensive yet widely used technique to train the SVM hyperpa-
rameters. We therefore investigate ways in which the hyperparameters can be trained more
efficiently, since the traditional grid search approach to finding good parameters takes very
long. We also investigate alternative algorithms which are similar to SVMs, but which have
fewer hyperparameters to find.

With this goal in mind, we first investigate the scaling and asymptotic behaviors of pop-
ular SVM hyperparameters on non-separable datasets. We find that the scale factor of the
radial basis function (RBF) kernel depends only weakly on the size of the training set and

that the regularization parameter C' must assume relatively large values for accurate classi-



fication to be achieved. The observation with regard to C' is true for all datasets considered
in the thesis when a linear kernel is employed, while for RBF kernels the evidence is not as
strong.

The preference for large C' casts doubt on the large margin classifier (LMC) tag often
associated with SVMs, especially with linear kernels. Further investigation confirms our
suspicion that minimization of an error term, rather than maximization of the inter-class
margin, is responsible for the widely acknowledged excellence of SVM classifiers.

These insights suggest two different approaches to reducing overall SVM training time:
SVM hyperparameter training on reduced training sets and stochastic optimization of a sim-
plified criterion function. The SVM hyperparameter training on reduced training sets is
further enhanced by a heuristic for the choice of the RBF scale factor. This enables us to pro-
pose a hyperparameter selection algorithm that performs as well as the conventional SVM
approach on all classification problems considered in this thesis, while reducing the required
training time by several orders of magnitude. Our second approach, stochastic optimization
of a simplified criterion, is slightly less accurate on some problems, but reduces the overall
training time even further. With training sets consisting of tens of thousands of samples,
efficient hyperparameter selection for standard SVMs is the method of choice. Looking to
the future where training-set sizes will inevitably continue to increase, methods such as our

stochastic approach will become preferable for a growing proportion of practical problems.
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Soos rekenaarkrag toeneem en data-bronne toenemend groei word die behoefte aan patroon-
herkenningsalgoritmes wat baie groot datastelle kan verwerk diensooreenkomstig groter.
Steunvektorstelsels (SVSe) word in die algemeen as die mees akkurate veeldoelige klas-
sifiseerders beskou, maar hul afrigting mag problematies wees: soos vir alle klassifiseerders
wat hiperparameters gebruik, hang die vertoning van SVSe baie sterk af van die spesifieke
keuse van een of meer hiperparameterwaardes, en die beste huidige benaderings verg ’n
roostersoektog om geskikte waardes vir hierdie parameters te vind, wat rekenaarmatig baie
duur kan wees [1, 2].

Ons hoofdoel is dus om meer doeltreffende maniere te vind om die SVS-hiperparameters
te vind. Ons wys ook dat SVSe se gedrag nie soos di€ van grootgrensklassifiseerders vir nie-
skeibare datastelle blyk te wees nie. Hierdie waarneming lei ons om algoritmes te verken wat
nie ’n grensterm bevat nie. Aangesien een van die hiperparameters van SVSe ’'n regularis-
eringsparameter is wat die relatiewe bydrae van die grensterm en die som van die foutiewe
klassifikasies beheer, beteken dit dat daar een minder hiperparameter is om te skat indien die
grensterm wegval.

Roostersoektogte is *n duur dog gewilde tegniek om SVS-hiperparameters af te rig. Ons
ondersoek dus maniere waarop die hiperparameters meer effektief afgerig kan word, aan-
gesien die tradisionele roostersoektoeg baie lank neem. Ons ondersoek ook alternatiewe
algoritmes wat soortgelyk is aan SVSe, maar wat een minder hiperparameter bevat.

Met hierdie doel in gedagte ondersoek ons eerstens die skalering en asimptotiese gedrag
van die mees tipiese SVS hiperparameters. Ons vind dat die skaleringsfaktor van die radiale

basisfunksie (RBF) kern baie min geaffekteer word deur die grootte van die leerstel, en dat



die regulariseringsparameter (C) relatief groot moet wees vir akkurate klassifisering. Hierdie
waarneming geld vir alle datastelle wat in hierdie studie ondersoek is wanneer *n lineére kern
gebruik word. Vir *n RBF-kern is die bewyse egter nie so sterk nie.

Hierdie waarneming lei tot die bevraagtekening van die algemene beskouing van SVSe as
grootmargeklassifiseerders. Verdere analise bevestig dat die minimering van die fout-term
eerder as die maksimering van die interklasmarge die hoofdryfveer is vir die uitnemende
vertoning van SV Se.

Hierdie insig lei tot twee verskillende benaderings tot die vermindering van die tyd wat
dit neem om die SVS-hiperparameters af te rig: SVS-hiperparameterafrigting op kleiner
datastelle en stogastiese optimering van ’n soortgelyke doelfunksie. Ons verbeter eersge-
noemde metode verder deur ’n heuristiese keuse vir die RBF-skaalfaktor voor te stel, en
skep so ’n algoritme vir hiperparameterseleksie wat op ’n wye reeks klassifikasieprobleme
so goed soos meer konvensionele SVSe vertoon, maar waarvan die afrigtyd met verskeie
grootte-ordes verkort. Die tweede benadering op sigself is ietwat minder akkuraat vir die
oplos van sommige probleme, maar verminder tog die algehele afrigtyd van die hiperparam-
eters. Vir leerstelle wat bestaan uit tienduisende items word effektiewe hiperparameterse-
leksie saam met standaard-SVSe die verkose metode. Aangesien ons weet dat datastelle in
die toekoms slegs gaan vergroot, glo ons dat stogastiese metodes soos ons nuut-voorgestelde

stogastiese benadering 'n belowende opsie is.
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level. Quantiles of the test errors (25, 50, 75) obtained on the same 10 folds are
also shown. Using the same notation as in [3], we indicate that a block size
in a particular row performs significantly better (<), worse (>) or statistically
similar (no symbol) than the method in the corresponding column. . . . . . . .
Different block sizes for Rprop for the DFKI-1-4 dataset are compared in the
same format as in [3]. The paired Wilcoxon rank sum test is used to test whether
or not a particular block size is significantly better than another at the 0.01
significance level. Quantiles of the test errors (25, 50, 75) obtained on the same
10 folds are also shown. Using the same notation as in [3], we indicate that
a block size in a particular row performs significantly better (<), worse (>) or
statistically similar (no symbol) than the method in the corresponding column. .
Different block sizes for Rprop for the DFKI-2-5 dataset are compared in the
same format as in [3]. The paired Wilcoxon rank sum test is used to test whether
or not a particular block size is significantly better than another at the 0.01
significance level. Quantiles of the test errors (25, 50, 75) obtained on the same
10 folds are also shown. Using the same notation as in [3], we indicate that
a block size in a particular row performs significantly better (<), worse (>) or
statistically similar (no symbol) than the method in the corresponding column. .
Different block sizes for Rprop for the DFKI-5-7 dataset are compared in the
same format as in [3]. The paired Wilcoxon rank sum test is used to test whether
or not a particular block size is significantly better than another at the 0.01
significance level. Quantiles of the test errors (25, 50, 75) obtained on the same
10 folds are also shown. Using the same notation as in [3], we indicate that
a block size in a particular row performs significantly better (<), worse (>) or

statistically similar (no symbol) than the method in the corresponding column. .
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6.14

6.15

6.16

6.17

The 10-fold cross-validation mean and standard error on a subset of the Heart
dataset, where the initial step size 1) and kernel width v are varied. None of the
values at the optimal v are statistically significantly better than the remainder
at different initial step sizes. A log scale is used to show the results, otherwise
results at small values would all be on one end of the linear scale. . . . . . . .
Different initial step sizes (the log of the step size is shown) for the Banana
dataset are compared in the same format as in [3]. The paired Wilcoxon rank
sum test is used to test whether or not a particular initial step size is significantly
better than another at the 0.01 significance level. Quantiles of the test errors (25,
50, 75) obtained on the same 10 folds are also shown. Using the same notation
as in [3], we indicate that an initial step size in a particular row performs signif-
icantly better (<), worse (>) or statistically similar (no symbol) than the method
in the corresponding column. . . . . . . . .. ... oo
Different initial step sizes (the log of the step size is shown) for the Breast Can-
cer dataset are compared in the same format as in [3]. The paired Wilcoxon
rank sum test is used to test whether or not a particular initial step size is sig-
nificantly better than another at the 0.01 significance level. Quantiles of the test
errors (25, 50, 75) obtained on the same 10 folds are also shown. Using the
same notation as in [3], we indicate that an initial step size in a particular row
performs significantly better (<), worse (>) or statistically similar (no symbol)
than the method in the corresponding column. . . . . . . . . ... . ... ...
Different initial step sizes (the log of the step size is shown) for the Diabetes
dataset are compared in the same format as in [3]. The paired Wilcoxon rank
sum test is used to test whether or not a particular initial step size is significantly
better than another at the 0.01 significance level. Quantiles of the test errors (25,
50, 75) obtained on the same 10 folds are also shown. Using the same notation
as in [3], we indicate that an initial step size in a particular row performs signif-
icantly better (<), worse (>) or statistically similar (no symbol) than the method

in the corresponding column. . . . . . . . . ... L Lo
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6.18 Different initial step sizes (the log of the step size is shown) for the Solar Flare

6.19

6.20

6.21

dataset are compared in the same format as in [3]. The paired Wilcoxon rank
sum test is used to test whether or not a particular initial step size is significantly
better than another at the 0.01 significance level. Quantiles of the test errors (25,
50, 75) obtained on the same 10 folds are also shown. Using the same notation
as in [3], we indicate that an initial step size in a particular row performs signif-
icantly better (<), worse (>) or statistically similar (no symbol) than the method
in the corresponding column. . . . . . . . .. ... o 0.
Different initial step sizes (the log of the step size is shown) for the german
dataset are compared in the same format as in [3]. The paired Wilcoxon rank
sum test is used to test whether or not a particular initial step size is significantly
better than another at the 0.01 significance level. Quantiles of the test errors (25,
50, 75) obtained on the same 10 folds are also shown. Using the same notation
as in [3], we indicate that an initial step size in a particular row performs signif-
icantly better (<), worse (>) or statistically similar (no symbol) than the method
in the corresponding column. . . . . . . . . . ... o ..
Different initial step sizes (the log of the step size is shown) for the Heart dataset
are compared in the same format as in [3]. The paired Wilcoxon rank sum test
is used to test whether or not a particular initial step size is significantly better
than another at the 0.01 significance level. Quantiles of the test errors (25, 50,
75) obtained on the same 10 folds are also shown. Using the same notation as in
[3], we indicate that an initial step size in a particular row performs significantly
better (<), worse (>) or statistically similar (no symbol) than the method in the
corresponding column. . . . . . . .. ... e
Different initial step sizes (the log of the step size is shown) for the image dataset
are compared in the same format as in [3]. The paired Wilcoxon rank sum test
is used to test whether or not a particular initial step size is significantly better
than another at the 0.01 significance level. Quantiles of the test errors (25, 50,
75) obtained on the same 10 folds are also shown. Using the same notation as in
[3], we indicate that an initial step size in a particular row performs significantly
better (<), worse (>) or statistically similar (no symbol) than the method in the

corresponding column. . . . . . .. ..o e
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6.22

6.23

6.24

6.25

Different initial step sizes (the log of the step size is shown) for the Splice dataset
are compared in the same format as in [3]. The paired Wilcoxon rank sum test
is used to test whether or not a particular initial step size is significantly better
than another at the 0.01 significance level. Quantiles of the test errors (25, 50,
75) obtained on the same 10 folds are also shown. Using the same notation as in
[3], we indicate that an initial step size in a particular row performs significantly
better (<), worse (>) or statistically similar (no symbol) than the method in the
corresponding column. . . . . . ... ... L L e
Different initial step sizes (the log of the step size is shown) for the Thyroid
dataset are compared in the same format as in [3]. The paired Wilcoxon rank
sum test is used to test whether or not a particular initial step size is significantly
better than another at the 0.01 significance level. Quantiles of the test errors (25,
50, 75) obtained on the same 10 folds are also shown. Using the same notation
as in [3], we indicate that an initial step size in a particular row performs signif-
icantly better (<), worse (>) or statistically similar (no symbol) than the method
in the corresponding column. . . . . . . . . ... .. .. 0.
Different initial step sizes (the log of the step size is shown) for the Titanic dataset
are compared in the same format as in [3]. The paired Wilcoxon rank sum test
is used to test whether or not a particular initial step size is significantly better
than another at the 0.01 significance level. Quantiles of the test errors (25, 50,
75) obtained on the same 10 folds are also shown. Using the same notation as in
[3], we indicate that an initial step size in a particular row performs significantly
better (<), worse (>) or statistically similar (no symbol) than the method in the
corresponding column. . . . . . . ...
Different initial step sizes (the log of the step size is shown) for the DFKI-1-4
dataset are compared in the same format as in [3]. The paired Wilcoxon rank
sum test is used to test whether or not a particular initial step size is significantly
better than another at the 0.01 significance level. Quantiles of the test errors (25,
50, 75) obtained on the same 10 folds are also shown. Using the same notation
as in [3], we indicate that an initial step size in a particular row performs signif-
icantly better (<), worse (>) or statistically similar (no symbol} than the method

in the corresponding column. . . . . . . . . .. ... o ..
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6.26 Different initial step sizes (the log of the step size is shown) for the DFKI-2-5

6.27

7.1

7.2

dataset are compared in the same format as in [3]. The paired Wilcoxon rank
sum test is used to test whether or not a particular initial step size is significantly
better than another at the 0.01 significance level. Quantiles of the test errors (25,
50, 75) obtained on the same 10 folds are also shown. Using the same notation
as in [3], we indicate that an initial step size in a particular row performs signif-
icantly better (<), worse (>) or statistically similar (no symbol) than the method
in the corresponding column. . . . . . . . . ... ... . . .00,
Different initial step sizes (the log of the step size is shown) for the DFKI-5-7
dataset are compared in the same format as in [3]. The paired Wilcoxon rank
sum test is used to test whether or not a particular initial step size is significantly
better than another at the 0.01 significance level. Quantiles of the test errors (25,
50, 75) obtained on the same 10 folds are also shown. Using the same notation
as in [3], we indicate that an initial step size in a particular row performs signif-
icantly better (<), worse (>) or statistically similar (no symbol) than the method
in the corresponding column. . . . . . . . . ... ... ...
The cases where some algorithmic variants performed so poorly so as to be
omitted from Fig. 7.1 — Fig. 7.14 (prevent excessive compression of the scale of
the vertical axis). . . . . . . . . . .. e e e e
In this table we compare the run times of the PK optimized using our three-
stream approach (PK), optimized using batch Rprop (Rprop) and SVMs trained
with SMO (SVM). The durations represent the time it took to train a single classi-
fier. The durations are highly variable for several different reasons: poor hyper-
parameter choices can have a big impact on training time, as do more difficult
problems. For this reason, we include the fastest and slowest single training
times for each algorithm and each problem, as well as the time it took to train
the machine yielding the lowest and highest error rates. Durations are indicated

in seconds, with the error rate in brackets. Also note that in some cases, the time
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it takes to train a classifier is less than 100 ms, in which case we represent it as 0. 112
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7.3

7.4

7.5

7.6

The 10-fold cross-validation mean and standard error when training with the
Sull, half and 10% sets of different realizations of 90% of the data. These numbers
are slightly optimistic, since the best value in the grid was selected each time.
The errors are also measured on different subsets of the data than the exact folds
used to report the 10-fold cross-validation mean and standard errors and should
thus be compared only with the other data points in this table. MNist was not
trained with 10-fold cross-validation; rather, the standard validation set was
used for evaluation. . . . . . . . ... .. ... e
The different model selection strategies for the Banana dataset are compared
in the same format as in [3]. The paired Wilcoxon rank sum test is used to
test whether or not a particular selection strategy performs significantly better
than another at the 0.01 significance level. Quantiles of the test errors (25, 50,
75) obtained on the same 10 folds are also shown. Using the same notation
as in [3], we indicate that a method in a particular row performs significantly
better (<), worse (>) or statistically similar (no symbol) than the method in the
corresponding column. . . . . . .. ... e
The different model selection strategies for the Breast Cancer dataset are com-
pared in the same format as in [3]. The paired Wilcoxon rank sum test is used
to test whether or not a particular selection strategy performs significantly bet-
ter than another at the 0.01 significance level. Quantiles of the test errors (25,
50, 75) obtained on the same 10 folds are also shown. Using the same notation
as in [3], we indicate that a method in a particular row performs significantly
better (<), worse (>) or statistically similar (no symbol) than the method in the
corresponding column. . . . . . ... ... oo o
The different model selection strategies for the Diabetes dataset are compared
in the same format as in [3]. The paired Wilcoxon rank sum test is used to
test whether or not a particular selection strategy performs significantly better
than another at the 0.01 significance level. Quantiles of the test errors (25, 50,
75) obtained on the same 10 folds are also shown. Using the same notation
as in [3], we indicate that a method in a particular row performs significantly
better (<), worse (>) or statistically similar (no symbol) than the method in the

corresponding column. . . . . . .. . L L
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7.7

7.8

7.9

7.10

The different model selection strategies for the Solar Flare dataset are compared
in the same format as in [3]. The paired Wilcoxon rank sum test is used to
test whether or not a particular selection strategy performs significantly better
than another at the 0.01 significance level. Quantiles of the test errors (25, 50,
75) obtained on the same 10 folds are also shown. Using the same notation
as in [3], we indicate that a method in a particular row performs significantly
better (<), worse (>) or statistically similar (no symbol) than the method in the
corresponding column. . . . . . . ... L0 e
The different model selection strategies for the German dataset are compared
in the same format as in [3]. The paired Wilcoxon rank sum test is used to
test whether or not a particular selection strategy performs significantly better
than another at the 0.01 significance level. Quantiles of the test errors (25, 50,
75) obtained on the same 10 folds are also shown. Using the same notation
as in [3], we indicate that a method in a particular row performs significantly
better (<), worse (>) or statistically similar (no symbol) than the method in the
corresponding column. . . . . . ... ... L L o e
The different model selection strategies for the Heart dataset are compared in the
same format as in [3]. The paired Wilcoxon rank sum test is used to test whether
or not a particular selection strategy performs significantly better than another
at the 0.01 significance level. Quantiles of the test errors (25, 50, 75) obtained on
the same 10 folds are also shown. Using the same notation as in [3], we indicate

that a method in a particular row performs significantly better (<), worse (>)

119

120

or statistically similar (no symbol) than the method in the corresponding column. 121

The different model selection strategies for the Image dataset are compared in
the same format as in [3]. The paired Wilcoxon rank sum test is used to test
whether or not a particular selection strategy performs significantly better than
another at the 0.01 significance level. Quantiles of the test errors (25, 50, 75)
obtained on the same 10 folds are also shown. Using the same notation as in

/3], we indicate that a method in a particular row performs significantly bet-

ter (<), worse (>) or statistically similar (no symbol) than the method in the

corresponding column. . . . . . . .. ... L L
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7.11

7.12

7.13

7.14

The different model selection strategies for the Splice dataset are compared in
the same format as in [3]. The paired Wilcoxon rank sum test is used to test
whether or not a particular selection strategy performs significantly better than
another at the 0.01 significance level. Quantiles of the test errors (25, 50, 75)
obtained on the same 10 folds are also shown. Using the same notation as in
[3], we indicate that a method in a particular row performs significantly bet-
ter (<), worse (>) or statistically similar (no symbol) than the method in the
corresponding column. . . . . . . .. .. e e
The different model selection strategies for the Thyroid dataset are compared
in the same format as in [3]. The paired Wilcoxon rank sum test is used to
test whether or not a particular selection strategy performs significantly better
than another at the 0.01 significance level. Quantiles of the test errors (25, 50,
75) obtained on the same 10 folds are also shown. Using the same notation
as in [3], we indicate that a method in a particular row performs significantly
better (<), worse (>) or statistically similar (no symbol) than the method in the
corresponding column. . . . . . . . ... e
The different model selection strategies for the Titanic dataset are compared
in the same format as in [3]. The paired Wilcoxon rank sum test is used to
test whether or not a particular selection strategy performs significantly better
than another at the 0.01 significance level. Quantiles of the test errors (25, 50,
75) obtained on the same 0 folds are also shown. Using the same notation
as in [3], we indicate that a method in a particular row performs significantly
better (<), worse (>) or statistically similar (no symbol) than the method in the
corresponding column. . . . . . . ... Lo e
The different model selection strategies for the DFKI-1-4 dataset are compared
in the same format as in [3]. The paired Wilcoxon rank sum test is used to
test whether or not a particular selection strategy performs significantly better
than another at the 0.01 significance level. Quantiles of the test errors (25, 50,
75) obtained on the same 10 folds are also shown. Using the same notation
as in [3], we indicate that a method in a particular row performs significantly
better (<), worse (>) or statistically similar (no symbol) than the method in the

corresponding colummn. . . . . . .. ... L L e e
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7.15

7.16

The different model selection strategies for the DFKI-2-5 dataset are compared
in the same format as in [3]. The paired Wilcoxon rank sum test is used to
test whether or not a particular selection strategy performs significantly better
than another at the 0.01 significance level. Quantiles of the test errors (25, 50,
75) obtained on the same 10 folds are also shown. Using the same notation
as in [3], we indicate that a method in a particular row performs significantly
better (<), worse (>) or statistically similar (no symbol) than the method in the
corresponding column. . . . . . .. ... L e
The different model selection strategies for the DFKI-5-7 dataset are compared
in the same format as in [3]. The paired Wilcoxon rank sum test is used to
test whether or not a particular selection strategy performs significantly better
than another at the 0.01 significance level. Quantiles of the test errors (25, 50,
75) obtained on the same 10 folds are also shown. Using the same notation
as in [3], we indicate that a method in a particular row performs significantly
better (<), worse (>) or statistically similar (no symbol) than the method in the

corresponding column. . . . . . . .. .. o oo
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LIST OF ALGORITHMS

SVMusing SMO . . . . . . . . ... 10
2 Rprop algorithm for block size 3 (adapted from [4]). A is the initial step

size, A;; is the weight-specific step size and w;; are the weights. sign returns

+1 (positive argument), —1 (negative argument) or 0 otherwise. A, is not

critical [4]andissettoO.1. . . . . . . .. ... ... ... ... ... ... 72
3 Three-stream algorithm for blocksize g . . . . . ... ... ... ... .. 73





