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Abstract. Support Vector Machines (SVM) is widely considered to be
the best algorithm for text classification because it is based on a well-
founded theory (SRM): in the separable case it provides the best result
possible for a given set of separation functions, and therefore it does
not require tuning. In this paper we scrutinize these suppositions, and
encounter some paradoxes.

In a large-scale experiment it is shown that even in the separable case
SVM'’s extension to non-separable data may give a better result by min-
imizing the confidence interval of the risk. However, the use of this ex-
tension necessitates the tuning of the complexity constant.
Furthermore, the use of SVM for optimizing precision and recall through
the F function necessitates the tuning of the threshold found by SVM.
But the tuned classifier does not generalize well. Furthermore, a more
precise definition is given to the notion of training errors.

1 Introduction and related work

Support Vector Machines (SVM) is the most popular and successfull algorithm
for classification. Apart from its use in text classification, SVM has been used
sucessfully in many other classification tasks: in the classification of speech pat-
terns [7], plasma discharge [14], cancers [16,1] as well as various kinds of images.

In text classification its success is relative: compared to other methods, SVM
gives the best accuracy but in some cases this accuracy is not very good ([5,2,11]),
too low for practical use.

The problem lies in the number of features. There may be as few as 8 param-
eters in plasma discharge classification to a few hundred pixels, but in document
classification we may encounter over 500,000 word forms to be used as features.
This problem is linked to the bound of the generalization error ([19], pages 77-81)
which increases with the number of features.

But this large number of features has an advantage: it is always possible to
find enough words to built a separator between two classes [8]. Thus, the data
is linearly separable, and any kernel (polynomial, RBF) can be used as well. As
no properties of the vector space can be derived from the construction of this



space, there is no way to choose the best kernel. We may as well work with a
linear separator and use a method for linearly separable data.

The elegant theorical foundation of SVM proves that this method gives the
best error expectation and therefore it is often said that it is not subject to
overfitting. As a corollary, it is also claimed that it has the advantage to have
no parameter that should be tuned [8].

Even in the separable case, many authors prefer the SVM variant for non-
separable data [12], or even the skew variant that attaches different weights to
false negatives and false positives [20]. In order to explain this paradox, we report
on an experiment with SVM on a large set of patent applications and we analyze
the results of the tuning of the complexity constant (section 4).

Another paradox is that SVM was defined to minimize the number of errors
whereas it is often used with another accuracy measure such as precision, recall
and the F'1 function. Its result may not necessarily be optimal in terms of these
other accuracy measures.

In particular, precision and recall are often very different, which makes it
likely that the F'l-value is not optimal because it is far from the break-even
point. In section 5 we discuss how to optimize F'1 by modifying the threshold in
order to reach this break-even point.

Other authors have written on the optimization of SVM parameters in rela-
tion to other measures, such as Mean Average Precision [20], F'1: Li-CoNLL [13],
or more sophisticated methods (derivative-free method APPSPACK: [6], Genetic
Programming: [4]). These methods cannot be used with our huge document set
because of the large amount of training they require. But previous experiments
have shown that the optimal parameters may have rather different values when
working with a small subset [9].

In the next sections, we first recapitulate the theory of SVM and then describe
the experiments we have performed.

2 SVM and Structural Risk Minimization

SVM is based on the method of Structural Risk Minimization (SRM) as intro-
duced by Vapnik [19]. It consists in the search for that function, belonging to a
given set of functions, that minimizes the functional risk. If the function set is
characterized by parameters «, this risk can be defined by:

R(a) = / Q(z, a)dF(2)

where Q(z,a) is a measure of the loss between the true function and the esti-
mated function and F'(z) is the distribution of the data in the given space. When
F(z) is not known, but only [ points (train examples) are given, the empirical

risk is used:
l

Remp(a) = Z Q(Zi, a)

i=1



These two risks are linked by the inequality:
R(0) < Remp(@) + ¥(a)

where &(«) is the confidence interval.

In the classification problem, given a set of functions (e.g. the linear functions,
hyperplanes), every exact separator of the train set is a function that minimizes
the empirical risk (to zero). In general, it is advisable to look for the function
that minimizes the confidence interval, in order to minimize the upper bound of
the functional risk.

The optimal function is the separator for which the margin between posi-
tive and negative examples is maximal. Support Vector Machines compute this
separator, even when it is not linear, or when the train data is not separable.

2.1 The optimal hyperplane

In this brief introduction to SVM, we follow [3]. Let there be given a set of
labeled training examples x; € R":

E={<z,y>|1<i< M}y ==l
is said to be linearly separable if:

yi({w.z;) +b) > 1 (1)
where (.) is the inner product. The optimal hyperplane:

(’UJO..'L') +b=0

is the unique one that separates the examples with a maximal margin. This
margin is:
2 2
p(wab) =0
The problem is then to find wg that minimizes w.w under the constraints (1).
With the Lagrange multipliers method, it is easy to show that the vector wq
can be written as a combination of the training vectors :

M
Wo = Zaiyz’ﬂfi (2)
i=1

Since the multipliers a; are zero for many training examples, wy depends only on
the Support Vectors (those vectors that are near to the margin). The maximal
margin also depends only on the SV because:

M
(wo.wo) = Z a;
i=1



The quadratic programming problem (called dual) to be solved is to maximize:

M | MM
L(4) = Zai ~ 3. > aiajyiy; (@i - x5) (3)
i=1 i=1 =1
subject to the constraints:
M
D aiyi=0 (4)
i=1
OtiZO;izlaM (5)

2.2 Non-separable data: the soft margin hyperplane

When the train set is not linearly separable, the preceding problem and its dual
have no solution. In that case, training errors should be allowed for, but their
number should be minimized. This is done by introducing slack variables &; > 0
to relax the constraints:

yillwz;) +b)>1-& i=1,...M

and using:

as a measure of the number of errors® that should be minimized. In fact, this
sum is an upper bound of the number of errors.

As we now must optimize two functions, they are combined in one with the
use of a constant C' that expresses the relative importance of the 2 optima.

1 M
R= §<w.w) +C;§i

The constant C is called the complexity constant.
The Lagrange multipliers method leads to the following dual problem: mini-
mize L(A) (equation 3) subject to the constraints (4) and :

3 The real number of errors cannot be used because it is not derivable. Other functions
may be used instead.



2.3 Kernel functions

As the above objective functions only depend on the inner products between
pairs of data vectors, these inner products can be replaced by a Kernel func-
tion K (u,v), that is a symmetric positive definite function, which leads to the
minimization of:

M 1 M M
L(A) = Za,- —-3 Z Zaiajyz’yjK(xiaxj)
i=1

i=1 =1

under the constraints (4) and (4) (or (6) for non-separable data). This method
allows to look for non-linear separators, for example a polynomial or exponential
(radial or potential) function. Since our data is linearly separable, we will not
use such kernel functions.

2.4 Solving the quadratic programming problem

Due to the large number of training data z;, and consequently the large number
of Lagrange multipliers to compute, it may be too time consuming to solve
the dual problem. Several investigations have led to efficient methods to solve
quadratic programming problems by working on subsets of the variables to be
computed. Sequential Minimal Optimization [15] considers two variables in each
step. In SV M9kt [18], each step is not limited to two variables.

3 Experimentation setup

We briefly describe the software and data sets used in the experiments.

3.1 The programs

In the experiment we made use of SV M9t implemented by Thorsten Joachims
[18]. This program proceeds by solving sub-problems (several vectors are selected
and their multipliers are moved towards the solution) until all Lagrange multi-
pliers have been computed.

The data were preprocessed by term selection (selecting 105 000 out of
558 000 terms according to the Simplified ChiSquare criterion). The strength
of the terms (raw words) in the documents were computed using the LTC for-
mula, followed by a cosine normalization.

Due to the large size of the corpus EPO2F and the high number of runs to
perform (44 classes, many parameter values) we did not use cross-validation but
a single shuffle of the given example into 80% for training and 20% for testing.



3.2 The data

EPOZ2F is a corpus of patent applications selected by the European Patent Office
for the evaluation of classification programs [10]. The documents were chosen by
EPO, from one year of input, in such a way that each of the training sets corre-
sponding to the 44 classes (called directorates) contains at least 2000 documents.
Each patent was labeled by EPO with one or more classes (up to 7 in practice),
so that we chose to classify each directorate separately.

Some statistics of EPO2F are given in the table 1.

number of documents | 68 418

number of classes 44
classes/doc : mean 1,43
classes/doc : maximum| 7
docs/class : mean 2 227

docs/class : minimum | 2 000
docs/class : maximum | 2 947
words/doc : mean 59 528
words/doc : minimum 357
words/doc : maximum [163 261
unique words 557 790

Table 1. statistics of the data set EPO2F.

3.3 The quality measures

The patent applications that arrive at EPO must be sent only to the relevant
directorate(s) (EPO calls this preclassification) and within each directorate to
the relevant examiner(s) that will check that the invention is really new. When a
document is sent to a wrong directorate, it costs time; therefore a high precision
is required.

The examiners need to search in a database, to find all the related patents
already registered. At this stage, a very high recall is needed.

As well as the number of errors (E), we will compute the precision (P), the
recall (R) and the F; measure that combines them giving equal weight to both:

2PR

F, =
'“P+R

It is known that at the point where the precision equals the recall (break-even
point), F1 is approximately maximal.

In other applications, where precision is more important than recall or vice
versa, a more general measure F., can be used, where vy controls the relative
importance of precision and recall. In that case, a variant of SVM for unbalanced
data can be used which includes two parameters Ct and C~, expressing the cost



| || train set || test set |

C P R F1| E P R| F1l| E
0.3 92.75| 70.58| 80.16|830|88.89(63.05| 73.77|1065
0.5 94.01| 79.29| 86.02|612||87.70|67.43| 76.24| 998
0.7 || 94.94| 84.51| 89.42|475||86.52(69.70| 77.20 978
0.9 || 96.01| 88.13| 91.90(369||85.50(71.28| 77.74| 970
1 96.38| 89.65| 92.89|326||85.24|71.80| 77.94| 965
1.2)| 97.33| 92.05| 94.61|249|(|85.15|72.33| 78.21| 957
1.3 97.66| 92.93| 95.23|221||84.80(72.33| 78.07| 965
1.4 97.81| 93.86| 95.79|196|(|84.41|73.03|78.30| 961
1.5 98.16| 94.40| 96.24|175(|84.18|72.68| 78.00| 974
1.7 98.45| 96.13| 97.27|128||83.84(72.68| 77.86| 982
2 98.85| 97.35| 98.09| 90|(83.20(72.85| 77.68| 995
3 99.54| 99.49| 99.51| 23|(81.60(73.03| 77.07|1032
5 99.79| 99.83| 99.80 80.19(73.03| 76.44(1059
10 || 99.96| 99.87| 99.91 80.27|73.38| 76.67|1061
20 ||100.00{ 99.96| 99.97 79.96(73.38| 76.52|1069
50 (|100.00{100.00{100.00 80.19(73.03| 76.44(1069
100{{100.00|100.00|100.00 80.15|72.85| 76.32|1074
150({100.00|100.00{100.00 80.15|72.85| 76.32|1074
200(/100.00{100.00{100.00 80.15|72.85| 76.32|1074

===l =l =]

Table 2. Varying C (dir01).

of false positives and false negatives, in place of the C parameter of SVM for the
non-separable data.

4 Tuning the complexity constant

Although the data are linearly separable with a large margin for each clas-
sification (directorate), we have experimented with different values for the C
parameter (the complexity constant). For smaller C values, the errors have less
importance in the goal function, errors are allowed provided that at the same
time the margin is enlarged.

We first consider the case of one class, then of 44 (the number of directorates).

4.1 Results on 1 class

Table 2 gives the results obtained on the directorate number 01. Figure 1 shows
F(1) on dir01 and its average on the 44 directorates.
These results call for the following remarks:

— When C is greater than or equal to 50, we get a perfect classifier of the train
data (no errors) but the results on test data are not optimal. The limit on
the Lagrange multipliers (condition 6) allows to improve the results.
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Fig. 1. Accuracy as a function of C

— When C is lower, we have a few errors on train data () and a better result
on test data (+2% on F(1), -10% on the number of errors).
— The difference between the results on train and test data is very large.

These phenomena can be explained by the following arguments:

— The so-called training errors (2.2) are not necessarily errors: they are vectors
that are either on the wrong side of the separation hyperplane or on the right
side but inside the margin. They should rather be called marginal errors.

— Allowing marginal errors can give a larger margin and a better generalization
error, because the confidence interval of the risk is decreased.

— The train data is not perfectly representative of the test set. This is always

the case with documents when the terms are the words (raw or lemmatized)
because it is known that every document brings a lot of new words.
In this situation, every method (including SVM) is subject to overfitting:
obtaining much better results on train data than on test data. When the
method includes certain parameters (C for SVM, promotion factor and num-
ber of iterations for Winnow or Perceptron [9]), they sometimes can be used
to reduce the effect of overfitting. When the method has no such parameters
(Rocchio, SBC), there is no way to reduce overfitting.

4.2 Results on the 44 classes

We have trained each of the 44 directorates using the strategy one against all.
The values given are the micro-averaged F1. As in EPO2F the number of exam-
ples is stable across the classes, the macro-averaged values are very similar.
With a good choice of C, the possible gain for each class varies from 0.37% to
6.16% with an average value of 2.43%. Unfortunately, the maximum is obtained



for different value of C for the different classes (between 1 and 150), which means
that tuning is necessary for each class separately.

However, by choosing C' = 2 for all the classes, the gain is 2.20% (F(1)=64.20)
compared to the case C = 200 (perfect classifier of the train data).

5 Tuning the threshold

When the result hyperplane:
<w0.$i> +bp=0

is used for the classification of new data, a document (vector) is said to belong
to the class when:

(wo.a:i) Z —b()

Then by is called the threshold. It is computed using one (unbounded?) sup-
port vector x;,y; because such a vector lies on the margin:

bo = yi — (wo.;)

The above results (table 2) are not at the break-even point (3.3): the precision is
always much larger than the recall. Therefore, we may expect that it is possible
to get a larger F1 value. One possible method is to use the SVM variant for
unbalanced data (3.3) with Ct+ > C—, which is also paradoxal because we are
looking for a balanced result.

We have experimented with another method: to chose a smaller threshold
whose result will be to select more documents, then enlarging the recall and
probably decreasing the precision.

5.1 Results on 1 class

Table 3 and figure 2 show that setting the threshold at 0.67 improves F1 on
the train data by .95% above the result given in table 2. The threshold at the
break-even point is different (about 0.8) but F1 is rather stable between these
two points.

The corresponding F1 increase on test data is even larger (+1.36%) but this
is still not the maximum possible (+1.83% for a threshold 0.7).

This improvement causes also a decrease of the number of errors on train
documents (196 to 156), which may be surprising as SVM is already supposed
to minimize the number of errors. But, as before, we must consider that SVM
minimizes the number of marginal errors while we are interested in the number
of true errors.

4 a support vector x; is bounded if o; = C; it is unbounded when a; < C



train test
b P R F1 [Nb Err|| P R F1 |Nb Err
0.5 94.45(98.78/ 96.56 | 167 ||70.10{87.04|77.65| 286
0.6 95.22(98.15/96.66 | 161 ||74.05(84.94|79.12| 256
0.65 95.68(97.77|96.71| 158 ||75.12|84.06|79.33 | 250
0.66 95.75(97.73/96.72 | 157 ||75.55(83.89|79.50 | 247
0.67 95.82(97.69(96.74| 156 ||75.99(83.71|79.66 | 244
0.68 95.82(97.56/ 96.68 | 159 ||76.57(83.54|79.90 | 240
0.69 95.82(97.52/96.66 | 160 ||77.02({83.36/80.06 | 237
0.7 95.90(97.43/96.65| 160 ||77.45(83.01|80.13| 235
0.75 96.32(96.93/96.62| 161 ||78.89(79.86|79.37| 237
0.8 96.71/96.55/96.62| 160 |[80.54(78.28|79.39 | 232
0.85 97.14(95.79/96.46 | 167 ||81.60(76.88|79.16 | 231
0.9 97.50(95.08/96.27 | 175 |(82.82(75.13|78.78 | 231
0.99830698(|97.81|93.86( 95.79 | 196 |{84.41(73.03|78.30| 231
1 97.81(93.77/95.74 | 198 |(84.38(72.85|78.19| 232
1.1 98.26(92.42]95.25| 219 ||86.39(70.05|77.36 | 234

Table 3. Threshold tuning (dir01, C=1.4).

dir01 average 44 classes
bo SVM |best bg|bo SVM| best bg
C>100 72.85 61.80
C=2 76.32 | 78.82 | 64.20 64.00
best C for each class| 78.30 | 79.33 | 64.23 63.50

Table 4. F1 on unseen data after tuning of the threshold

5.2 Results on the 44 classes

Unfortunately, the positive result obtained on the class dir01 cannot be repeated
on all other classes: the tuning of the threshold on the train data does not
necessarily improve F1 on the test data. The micro-averaged effect on F1 may
even be negative as shown in table 4, where we compare the best C value for
each class with a standard value C=2.

Note that for a perfect classifier of the train data (C>100), no tuning is
possible since there are no errors to remove.

It means that the result given by SVM, even if it not the best possible on train
data, has a very good generalization capacity. In most cases, trying to reduce
the number of true train errors leads to overfitting, and therefore a worse result
on test data.

6 Conclusions and further work

In this paper, we have addressed a number of paradoxes and common misunder-
standings associated with the SVM classification method.
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Fig. 2. accuracy on unseen data as a function of the threshold (dir01)

To begin with, we have shown experimentally that SVM is subject to overfit-
ting just like many other classification methods. It is not perfect in this respect.

The basic method for separable data generalizes rather well. But the use
of the variant for non-separable data (which would seem useless) allows the
reduction of overfitting by reducing the confidence interval, at the price of a less
than perfect separation of the train data (the empirical risk is not null).

Then, the complexity constant must be chosen carefully for each class by
trying several values, with the possible help of the gradient.

The large difference between the accuracy on train and test documents is
due to the many new terms that appear with new documents. When we build a
test set independent from the training set, they are not identically distributed.
Therefore, the train data cannot be said to belong to the same distribution as
the whole document set, and the same holds for the test set.

SVM is not defined to optimize F1 so that it is possible to increase the value
of this measure on the train data by moving the threshold in order to be nearer
from the break-even point (precision equals recall). But the classifier obtained
by this process does not generalize as well as the one given by SVM.

We have also seen that, when we decrease the risk (less true errors and better
F1 on train data), we often increase its confidence interval; this improvement
leads to overfitting. In this situation, the direct SVM result is the best and must
be taken as it is, even if the method was not designed to optimize F1..

Incidently, this result suggest that optimizing F1 on the train data is not the
best strategy because the classifier obtained does not generalize very well on a
train set.

In consequence of these results, we are working on the following ideas:



— is it possible to design a better problem setting based on true errors instead
of marginal errors?

— how can we establish a theory of overfitting, based on statistics of new words
in each documents?

Aknowledgement: The experimentation was performed on the Large Data
Collider of the Information Retrieval Facility.
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