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Abstract—This paper focuses on small-scale one-class clas-
sification with some negative samples available. We propose
Generalized Reference Kernel with Negative Samples (GRKneg)
for One-class Support Vector Machine (OC-SVM). We study
different ways to select/generate the reference vectors and rec-
ommend an approach for the problem at hand. It is worth noting
that the proposed method does not use any labels in the model
optimization but uses the original OC-SVM implementation.
Only the kernel used in the process is improved using the negative
data. We compare our method with the standard OC-SVM
and with the binary Support Vector Machine (SVM) using
different amounts of negative samples. Our approach consistently
outperforms the standard OC-SVM using Radial Basis Function
kernel. When there are plenty of negative samples, the binary
SVM outperforms the one-class approaches as expected, but
we show that for the lowest numbers of negative samples the
proposed approach clearly outperforms the binary SVM.

Index Terms—One-class Support Vector Machine, negative
samples, Generalized Reference Kernel

I. INTRODUCTION

One-class classification techniques are used in situations
where samples only from a single (positive) class are available,
but it is necessary to create a model for recognizing outliers
(negative samples) [1]. In recent years, deep learning based
techniques, e.g., [2], have been proposed, but also the tradi-
tional techniques, such as One-class Support Vector Machine
(OC-SVM) [3] and Support Vector Data Description (SVDD)
[4], are still commonly used in small-scale problems [5], [6]
and new variants and extensions [7], [8] are being proposed.

If information about outliers is available either via expert
knowledge or via existence of some negative samples, it should
be possible to produce better one-class classification models.
This scenario has been extensively considered in large-scale
deep learning-based outlier detection [9], [10], but it has
received surprisingly little attention in connection to traditional
one-class classification techniques. An explanation for this
lack of attention could be that these techniques typically per-
form poorly with negative data. Therefore, when any negative
data are available, either binary classifiers or their variants for
imbalanced classification, e.g., [11], are used instead.

SVDD variant considering negative samples was proposed
already along the original SVDD [4], but the authors con-
cluded that using negative samples in the model optimization
often leads to worse results than using only positive samples.
More recent SVDD variants using negative samples [12], [13]
have been able to boost the performance of the standard
SVDD, but not to the level of binary Support Vector Machine
(SVM). In [14], SVM and SVDD were combined to tackle
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the problem of one-class classification with negative samples.
Extensions of OC-SVM to consider negative samples have
been also proposed [15], [16], but the implementations are not
publicly available. A larger number of one-class classification
studies, such as [7], [17], has used negative samples for
model validation (hyperparameter selection), while they are
not used in the core model optimization. In such works,
it is typically not evaluated how critical the availability of
representative negative samples is for the model performance.
Finally, some works have compared one-class and binary
classification methods in different settings [18], [19].

In this paper, we propose a new method for small-scale
one-class classification with negative samples. Our method
is based on OC-SVM and Generalized Reference Kernel
(GRK) [20]. We propose a novel approach for selecting GRK
reference vectors based on the negative training samples in
a manner that can significantly and consistently boost the
method performance.

II. GENERALIZED REFERENCE KERNEL WITH NEGATIVE
SAMPLES FOR OC-SVM

Generalized Reference Kernel (GRK) [20] has methodolog-
ical similarities with approximate kernel approaches, such
as random sampling methods [21], [22], random projection
methods [23], and random Fourier features [24], [25]. How-
ever, the main idea of GRK is significantly different. The
approximate kernel approaches are designed for large datasets,
where the original kernel approaches are computationally too
expensive. They aim at finding a computationally lighter way
to approximate the original kernel matrix or function. GRK,
on the other hand, was proposed for one-class classification
tasks where the amount of data is low. Instead of trying to
approximate the original kernel, GRK aims at providing a
better kernel using implicit data augmentation via reference
vectors used in the kernel computation. As the reference
vectors do not need to be labeled, the problems of data
augmentation in the absence of negative data can be avoided.

In [20], it was shown that selecting the reference vectors in
GRK as the (positive) training samples augmented with ran-
dom vectors generated from the training data distribution (as-
suming standard normal distribution for the standardized train-
ing set) could improve the results for SVDD. For OC-SVM,
data augmentation by sampling reference vectors from the
distribution of the positive data was not equally successful, but
the initial results suggested that selecting negative samples as
reference vectors could improved the results more. However,
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TABLE I: GRK/GRKneg variants used in the experiments

Variant | Reference vectors
1 P positive training samples
2 P positive + N negative training samples
3 N negative training samples
4 P positive and N negative generated samples
5 P + N negative generated samples
6 P non-positive and N negative generated samples
7 P negative generated samples and
N negative training samples (Proposed)
8 2P negative generated samples and
N negative training samples
9 P/2 negative generated samples and
N negative training samples

the potential of using GRK with negative samples was not
further studied.

In this paper, we propose Generalized Reference Kernel
with Negative Samples (GRKneg). The proposed kernel can
be used instead of the regular, usually Radial Basis Function
(RBF), kernel in the standard kernel OC-SVM, when some
negative training samples are available. Our hypothesis is
that if we have some negative samples, we can use them
to generate more samples from the approximated negative
class distribution and improve the OC-SVM performance by
setting them as reference vectors for GRKneg. Indeed, our
experiments presented in Section IV show that by setting
the reference vectors as the negative samples augmented by
vectors sampled from the approximated negative distribution,
we can significantly boost the OC-SVM performance.

The full algorithm for computing the GRKneg matrix for
OC-SVM with the proposed reference vector selection ap-
proach is provided in Algorithm 1. As in [20], we use a tilde
to denote the base kernel and related terms used in the process.
Derivations for the basic GRK operations, such as centering of
the matrices, can be found in [20]. It is worth emphasizing that
the final GRKneg kernel size is equivalent to the RBF kernel
size, i.e., P x P, where P is the number of positive training
samples, irrespective of the number of reference vectors used
in computing the kernel. The negative and generated samples
are not used directly in the OC-SVM model optimization,
but only to form a more discriminative representation for the
positive training samples.

After forming the GRKneg kernel matrix, the original
kernel OC-SVM implementation can be used for one-class
classification. As it is a well-known method, we skip its details
here.

III. EXPERIMENTAL SETUP
A. GRKneg/GRK Variants and Comparative Methods

To find the best way to use the negative training samples
in GRKneg kernel computation, we compared different ways
of selecting the reference vectors as summarized in Table I.
Some of the compared approaches use also positive training
samples as in the original GRK. Positive generated samples
were randomly sampled from a normal distribution with zero
mean and unit variance (the data have been standardized
wrt. positive training data), negative generated samples were
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Algorithm 1: Generalized Reference Kernel with Neg-
ative Samples (GRKneg) for OC-SVM

Training

Input : P = [py,...,pp| € RP*F, %Pos. train data
N = [ny,...,ny] € RP*N | %Neg. train data
R(-,+), %Base kernel function

Output: Kpp € RP*P, %GRK matrix

9% Compute mean and std of negative samples
Hneg = mean(nh ceey nN)a
Oneg = std(ny, ..., ny)

Y0Sample P random vectors

M e RDPXP ./\/(,LLnewagwg)

%Collect reference vectors to R € RPX(N+P)=Dx i
R = [N;M]

%Compute uncentered KRR € REXE gnd center it
[Krrlij = &(ri,rj)
Krr = (I - 1r1%)Krr(I - 1r1%)

% Calculate the eigendecomposition Krr
Krr = UAU-! = UAUT

9% Compute the pseudoinverse of Krr using the r
non-zero eigenvalues

o+ —1y7T

Kir = U-A U,

%Compute uncentered KRP € REXP and center it
[FRP]U = k(ri, pj) ) )
Krp = (T— 2151%) (KRR - KRP(%lng))

% Compute the GRKneg matrix R
Kpp = KipKirKrp = KprKErKrP

Testing

Input : Kpr, Kiir, R, %Computed in training
Y € RPXY | 9Test data

Output: Kpy € RP*Y  9%GRK matrix for test data
%~C0mpute uncentered KRY e REXY and center it
Krylij = R(ri,y;)

Kry = (I— 2151%) (KRR - KRY(%131§))

% Compute the GRKneg matrix for test data
Kpy = KprKLrKRY




randomly sampled from a normal distribution having the same
mean and variance as the negative samples as in Algorithm 1.
Non-positive generated samples in variant 6 were generated
first as positive samples and then 0.5 was added to the absolute
value of each element to push the values further away from the
origin. Here, the idea was to generate samples that are on the
outskirts of the positive distribution without using the negative
samples. We also compared our approach with the standard
kernel OC-SVM algorithm and with binary SVM classifier.

B. Implementation and Computing Environment

We used in all our experiments Matlab R2017b and SVM
implementation from LIBSVM library'. For binary SVM, we
used the C-SVC (-s 0) and, for OC-SVM, the one-class SVM
implementation (-s 2). To be able to use our custom kernel and
to ensure similar hyperparameter setting in all the RBF kernels
including those used as base kernels in GRK, we manually
compute all the kernels (-t 4). Our implementation is available
at https://github.com/JenniRaitoharju/GRKneg.

C. Datasets and Negative Sample Selection

For our experiments, we selected publicly available datasets
from UCI Machine Learning Repository>. We created one-
class classification tasks by considering each class as the
positive class and the other class(es) as the negative class.
A summary of the dataset properties is shown in Table II.
We used 70% of each class for training and 30% for testing.
This splitting was done 5 times. In all tasks, the data was
standardized with respect to the positive training data. The
hyperparameters were set using a cross-validation within the
training set as further explained in Section III-D.

To study the impact of different amounts of negative data,
we selected randomly, but keeping same selection for all
methods, 5, 10, 20, 30 or all the negative samples to be
used in the experiments. Thus, we had 14 different one-class
classification tasks and, for each, 5 different subtasks with
a different number of negative samples. Furthermore, each
task and subtask was repeated 5 times over different train-test
splittings.

D. Hyperparameter Selection and Evaluation Metric

We used 5-fold cross-validation within the training set
to evaluate the hyperparameters separately for each subtask
described in Section III-C. As we consider only scenarios,
where at least few negative training samples are available
for training, we avoided the common challenge of one-class
classification, where the hyperparameter optimization should
be done without negative data. As a part of our experimental
setup, we also evaluate how much the number of negative sam-
ples affects the final performance of the standard OC-SVM,
where the negative samples are used only for hyperparameter
selection.

Uhttps://www.csie.ntu.edu.tw/~cjlin/libsvm/
Zhttp://archive.ics.uci.edu/ml

TABLE II: Datasets and subtasks used in the experiments

Dataset C  Niot D  Task abr.  Target class P
Iris1 Setosa 35

Iris 3 150 4 Tris2 Versicolor 35
Iris3 Virginica 35

Seedl Kama 49

Seeds 3 210 7 Seed2 Rosa 49
Seed3 Canadian 49

Tonl Good 157

Ionosphere 2 351 32 Ton2 Bad 38
Sonl Rock 67

Sonar 2 208 60 Son2 Mines 77
Qualitative 2 250 6 Bankl No bankr. 100
bankruptcy Bank2 Bankr. 74
Somerville 2 143 6 Happl Unhappy 46
happiness Happ2 Happy 53

C' - number of classes, N¢ot- total number of samples,
D - dimensionality, Task abr. - task abbreviation in other tables
P - number of positive training samples in task

In all methods and variants, we use the RBF kernel defined

as
2
7(pi,pj) = exp (”"202"’”2> , (1)
where o is a hyperparameter. In OC-SVM and SVM, the
RBF kernel was used directly as the main kernel, while
GRKneg/GRK variants used it as the base kernel for com-
puting the generalized kernel. We set ¢ in (1) to be
VS8dayer, Where dg,er was the average squared distance
been the training samples and s was selected from s =
{1071,10°,10%,102%,103}. The C for C-SVC implementation
was selected from C = {1072,1072,1071,10°,10%,102,
103} and the v for OC-SVM approaches from v = {0.05,0.1,
0.15,0.2}.
As our evaluation metric, we used Geometric Mean
(Gmean), because it considers both True Positive Rate (TPR)
and True Negative Rate (TNR). Gmean is defined as Gmean =

v/ TPR x TNR.

IV. EXPERIMENTAL RESULTS

Fig. 1 shows the average Gmean scores over all the one-
class classification tasks with different numbers of negative
training samples. Figs. la-c show results of OC-SVM with
different GRK/GRKneg variants described in Table I. Fig. 1-
d compares the variants 3 and 7 with the standard OC-SVM
and binary SVM. Below, we discuss the results shown in each
subfigure.

Fig. 1-a: How do different training samples work as refer-
ence vectors? When only positive training samples were used
as reference vectors (variant 1), the performance was so poor
(Gmean below 50) that we do not even show the curve in
order to keep the same scale for all the subfigures. This poor
performance is in accordance with the results of [20]. The
variant 2 using both positive and negatives samples works
significantly better. However, the variant 3 using only negative
samples, even when there are only 5 of them, consistently
outperforms the other variants. We can conclude that that
using positive training samples as reference vectors in GRK
for OC-SVM is not recommendable.
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Fig. 1: Average Gmean values over all one-class classification tasks

Fig. 1-b: If we generate reference vectors instead of using
the actual training vectors, how are the results affected?
From which distribution should we generate the samples? As
we know the importance of having reference vectors from
the negative distribution, variants 4-6 all have N negative
generated samples and, in addition, P positive, negative, or
non-negative generated samples. We see that having negative
generated samples (variant 5) outperforms the other options.
Having non-negative generated samples (variant 6) is bet-
ter than having positive generated samples (variant 4), but
not as good as having negative generated samples. On the
hand, approximating the negative distribution with a normal
distribution having the same mean and variance must be a
really coarse approximation in most cases. We experimented
also with some other ways to generate negative samples.
For examples, we tried adding noise to the negative training
samples. However, we could not find anything better than the
coarse normal distribution approximation.

Fig. 1-c: Is it better to have only generated negative samples
or a combination of negative training and generated samples?
How does the amount of generated samples affect the results?
Variant 7 is close to variant 5, but N generated negative
samples in variant 5 have been replaced with the negative
training samples in variant 7. The difference between variants
5 and 7 is small and difficult to see by comparing subfigures
b and c, but for all the amounts of negative samples the
average Gmean is slightly higher for variant 7. Also the
differences between having P (variant 7), 2P (variant 8), or
P/2 (variant 9) negative generated samples is quite small.
P/2 has a slightly worse performance for the lowest numbers

of negative training samples, whereas P and 2P generated
samples lead to very similar performances and, therefore, we
pick the lower number. As a result of all the comparisons, our
proposed approach is variant 7 that has P negative generated
samples and N negative training samples.

Fig. 1-d: How are standard OC-SVM and binary SVM
affected by the number of negative training samples? Can the
proposed approach outperform these approaches? OC-SVM is
affected by the number of negative training samples only via
cross-validation used for hyperparameter selection. The impact
is relatively small, but still the average Gmean varies from 73.7
for 5 negative samples to 75.9 for all negative samples. The
impact on SVM is much larger and, with 5 negative samples
its average Gmean is worse than for standard OC-SVM.
The proposed variant 7 clearly outperforms OC-SVM on all
numbers of negative samples and clearly outperforms SVM
on 5 and 10 negative samples. On 30+ negative samples, the
binary SVM outperforms all the one-class approaches, which
is an expected result. Comparison of variants 3 and 7 shows
that having both negative training and generated samples as
reference vectors is most beneficial for the lowest numbers
of negative training samples, whereas using only negative
samples can be a better option when plenty of negative samples
are available. As the target use case for the proposed method
has only a low number of negative training data, this further
confirms that variant 7 is our proposed GRKneg approach.

Table III shows task-specific numerical results for ap-
proaches compared in Fig. 1-d for 5, 10, and 20 negative
training samples. While these results show more variation than
just the averages shown in Fig. 1, similar conclusions can be
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TABLE III: Average Gmean values for OC-SVM+GRKneg and comparative methods

S negative samples 10 negative samples 20 negative samples

SVM OC-SVM variant 7 variant 3 SVM OC-SVM | variant 7 variant 3 SVM OC-SVM variant 7 variant 3
Iris1 100.0£0.0 | 94.5+32 97.9+3.1 96.6+3.5 100.0+£0.0 | 94.5+£3.2 | 97.9+3.1 97.6+2.9 100.0£0.0 | 945+3.2 | 99.3£1.5 95.9+2.9
Iris2 80.8+9.8 88.9+7.3 92.74+5.9 77.448.7 92.3+3.8 | 89.8+£3.5 | 88.6+5.9 | 88.5+3.1 96.6+2.1 | 92.4+3.5 90.8+3.2 92.243.5
Iris3 93.247.1 89.1£1.5 88.1+£18.3 | 95.245.3 93.5+4.3 86.8+£5.9 | 94.0+7.1 94.1+4.8 97.04+2.2 | 89.1+4.1 94.1+4.8 94.5+6.0
Seedl 773£103 | 86.1+5.6 84.7+8.4 82.7+£7.3 88.0+5.3 85.1+4.5 | 91.6+1.2 | 86.6+10.2 91.34+3.9 86.1+£4.9 | 93.1+2.3 89.5+2.4
Seed2 91.0+4.4 89.7+5.9 93.9+3.2 92.54+4.0 93.5+2.1 90.0£6.9 | 92.74+3.7 | 92.0+2.1 94.7+1.8 | 91.0£3.3 92.2+42.7 922433
Seed3 87.4+9.6 91.14+2.2 92.8+1.7 90.44+4.0 93.3£1.7 91.94£2.9 | 94.0+2.3 | 92.8+24 94.94+1.0 | 91.6£3.1 92.1£3.2 93.3£3.9
Tonl 48.1+28.9 | 84.4+8.2 85.418.4 70.549.1 72.849.0 | 87.2+4.0 | 83.3+6.3 | 79.1+5.2 81.8+£5.6 | 87.9+2.7 | 88.7+2.2 89.4+4.9
Ton2 65.9+13.8 | 253+14.4 | 65.7£19.3 | 64.0£11.4 754+1.6 | 32.443.1 | 724479 | 66.3£11.6 84.44+6.1 | 32.4+3.1 79.3+4.6 77.4+5.2
Sonl 48.3+20.8 | 52.8+4.2 | 62.0+10.6 | 61.7£6.6 59.4£104 | 54246.2 | 69.6+2.2 | 55.7+17.9 73.3+5.6 | 53.2+45 72.4+6.4 73.1+£4.8
Son2 39.0424.2 | 57.7£11.0 | 62.7+14.8 | 42.5+9.0 62.2+5.8 60.9+7.0 | 68.8+4.1 | 62.24+10.3 69.44+4.2 | 64.1+4.8 | 71.9+£5.0 | 64.0+14.9
Bank1 95.34+3.0 96.7+1.6 91.6+4.3 | 82.9+104 943439 | 96.7£1.6 | 95.943.3 | 93.7+2.6 947427 | 96.7£1.6 | 96.0£1.9 96.2+2.2
Bank2 91.6+9.6 93.3+4.9 93.0+4.8 93.7+1.5 96.0+4.2 | 93.3+4.5 | 93.64+4.7 | 95.9+29 98.5+1.9 | 934427 | 95.3+£2.9 95.0£3.0
Happl || 40.6£12.7 | 342468 | 52.8+10.6 | 46.5+12.8 || 27.7+17.7 | 36.2+52 | 48.4+9.0 | 52.918.0 51.0+4.3 | 38.14£5.7 | 57.0+5.8 56.1+£9.6
Happ2 || 21.6£23.1 48.248.6 | 49.9+11.7 | 48.249.6 20.7£12.7 | 51.1+8.0 | 56.4+3.9 | 51.9+10.3 49.64+3.7 | 51.7£9.2 | 50.0+10.5 | 49.84+12.8
Aver. 70.0+£12.7 | 73.7+6.1 79.54+9.0 74.6+7.4 76.4+59 | 75.0+4.7 | 81.9+4.6 | 79.2+6.7 84.14+3.2 | 75944.0 | 83.7t4.1 82.8+5.7

still drawn. For 5 negative training samples, GRKneg variant 7
achieves the best results in most tasks, while with 20 negative
training samples binary SVM already outperforms it in most
tasks.

V. CONCLUSIONS

This paper proposed a novel approach for small-scale one-
class classification with few negative training samples. The
proposed approach uses OC-SVM with GRK having negative
training and generated samples as reference vectors. The
proposed methods clearly outperform standard OC-SVM and
also binary SVM for lowest numbers of negative training
samples. Wider comparisons of the proposed method with
different comparative approaches, such as imbalanced and
class-specific classification techniques, remains to be done as
future work.
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