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Abstract

Model selection in unsupervised learning is a hard prob-
lem. In this paper a simple selection criterion for hyper-
parameters in one-class classifiers (OCCs) is proposed. It
makes use of the particular structure of the one-class prob-
lem. The mean idea is that the complexity of the classifier
is increased until the classifier becomes inconsistent on the
target class. This defines the most complex classifier which
can still reliably be trained on the data. Experiments indi-
cated the usefulness of the approach.

1. Introduction

When classifiers are optimized using a training set, it is
almost always assumed that this data is a good reflection of
what will be encountered in future data. An example is ma-
chine diagnostics where faulty operating machines should
be distinguished from normally operating machines. It is
very hard, expensive and sometimes impossible, to sample
sufficiently from the faulty operating mode; for each exam-
ple a machine (e.g. an engine) has to sacrificed [11, 3].

To solve these classification problems, one-class classi-
fication (OCC) has proved to be successful. Here a target
class of objects has to be distinguished from all other ob-
jects, which will be considered the outliers [8]. It is assumed
that a well-sampled training set of the target class is avail-
able, while for the outlier class, no (or very few) examples
are present. One-class classifiers are then trained to mini-
mize the error on both the target as the outlier class.

Any one-class classifier contains hyperparameters which
determine the classifier complexity (basically their flexibil-
ity). In a nutshell: the more complex the model, the more
flexible the boundary and the tighter it will fit the target data.
This, however, comes at the price of overfitting, where the
flexible boundary mainly adapts to noise, and the general-
ization on the target class deteriorates.

Unlike in supervised classification problems, in OCC
the standard model selection methods (minimizing the er-

ror on a cross-validation set) will not work. For unsuper-
vised learning, model selection criteria (the number of clus-
ters in the data, the errorbars for ICA) based on stability
have been introduced [6, 1]. For OCC, the main interest
is to obtain a stable and reliable boundary around the tar-
get class, which is as complex as the data allows. Unfortu-
nately, because neither a stable clustering, nor stable model
parameters are directly required for stable boundaries the
mentioned procedures are not directly applicable.

In this paper we propose to evaluate the consistency of
the OC classifier, using only the error on the target class.
For this, the complexity of the OC classifier is increased
until the classifier becomes inconsistent, which means that
the performance on the target class on a validation set de-
viates more than can be expected from the stochastic nature
of the training data. This results in the most complex classi-
fier which can still be estimated reliably on the target data.

2. Theory

Assume a training set X tr = {xi, i=1, .., n},xi∈R
d is

drawn from a target distribution p(x), for which the support
should be characterized by a classifier. One-class classifiers
all have the following form:

f(z|K) = 1 (hα(z|K) > θ) =

{
1 : z is a target object,

0 : z is an outlier,
(1)

where function h is modeling the similarity to the (training)
target data X tr , α are its free parameters, θ is a threshold
on this similarity and 1(.) is the indicator function. Further-
more, K is the parameter of the model h indicating the com-
plexity1. Parameter θ is optimized to reject a certain (user
specified) fraction ν of the target class, say ν = 1%. This
specifies the error on the target class εt.2 Given this con-
straint, function hα should be optimized such that it mini-

1 It appears that almost all OC classifiers have some parameter, which
influence the flexibility, and thus the complexity of the classifier.

2 Due to estimation problems, the true εt
K for a given K might be much

different from the user-supplied ν.
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mizes the error on the outliers εo
K . Assuming a uniform out-

lier distribution, it means that volume captured by the clas-
sifier (for a given K) should be minimized:

min
α

εo
K = min

α

∫
Rd

1 (hα(z|K) > θ) dz, (2)

under the constraint:
∫

Rd 1 (hα(z|K) > θ) p(z)dz = 1− ν.
When the optimization of h(z) is independent of the de-

termination of θ,3 the constraint changes into:∫ θ

0

p(hα(z))dhα(z|K) = ν (3)

The optimal solution for (2) (with constraint) is hα(x) =
p(x) with θ determined as in (3). This defines the minimum
volume set for this distribution and this ν [9].

2.1. Area under the ROC curve

To optimize K , the total error of the classifier has to be
discussed. A robust way of evaluating one-class classifiers,
is to compute the Receiver-Operating-Characteristic (ROC)
curve [7], basically given by 1 − εo

K for each value of εt
K .

To compare different curves, the area under the ROC curve
(AUC) is computed [2]:

AUCK = 1 −
∫ 1

0

εo
K(εt

K)dεt
K (4)

A

A′

B
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K2

εt
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K2(εt
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Figure 1. The ROC curve, i.e. 1−εo as function
of εt, for increasing the complexity K1 → K2

for a given εt.

In general, the more complex the classifier is, the more
flexible and the higher the resolution at which it can fol-
low the boundary of the dataset. Because the volume will

3 This is not always the case; the support vector data description, and
the linear-programming classifiers optimize both α and θ.

be minimized by Equation (2), using a more flexible bound-
ary means that a lower outlier error εo will be obtained.
We therefore assume that when the complexity is increased
from K1 to K2:

εo
K2(ε

t
1) ≤ εo

K1(ε
t
1) (5)

and therefore AUCK2 ≥ AUCK1 .
On the other hand increasing the K will make h more

sensitive to overfitting, which means that the error on the
target class εt will be larger, εt

2 > εt
1. In figure 1 both ef-

fects are shown: for fixed ν the εo should decrease (dash-
dotted arrow), but due to overfitting on the target data, εt

will also increase (solid arrow). So we are facing the classi-
cal bias-variance trade-off [5]: to minimize the covered vol-
ume, we should increase the classifier complexity, but to
avoid overfitting on the target class, we should reduce it.

Figure 1 shows what happens when the complexity pa-
rameter is changed for a fixed user-supplied ν. Using com-
plexity K1 a classifier A is obtained. Increasing the com-
plexity to K2 a classifier B is found. In this case εo de-
creases (1 − εo increases), but εt increases. It can be shown
that the total AUC will improve when for all ν the target er-
ror of B is smaller than that of A′ (see Figure). Using an

approximation for the derivative ∂εo
K1

∂εt this can be written
as:

εo
K2(ε

t
2) < εo

K1(ε
t
1 + ∆εt) (6)

When no overfitting on the target data occurs, ∆ν = 0, (6)
reduces to our assumption (5), and the AUC will decrease.
For large ∆ν (heavy overfitting), (6) might not hold, as is al-
ready suggested in the extreme right of figure 1 where εo

K2

and εo
K1 will eventually cross.

2.2. Consistency

Increasing the complexity K will therefore increase the
AUC error, provided that the ∆εt will be (close to) zero.4

To check if ∆εt stays close to zero, the classifier should be
validated on some validation data. Assume that a one-class
classifier h is trained to reject a fraction εt of the target ob-
jects, and assume that a validation set {zi, i = 1...M} is
available. We can estimate the error ε̂t on this set:

ε̂t =
M∑
i=1

(1 − 1 (hα(zi|K) > θ)) (7)

This can be modeled as M binomial experiments. The ex-
pected number of rejected objects, and the variance, is

E[ε̂t] = Mεt, V [ε̂t] = Mεt(1 − εt) (8)

4 In principle, this should hold for all values of εt. In practical applica-
tions, one is often interested in a small range of εt, for instance, the er-
ror on the target class is expected between 1% and 15%. To keep the
notation simple, we will use a single, user-supplied value for εt. In
practice an average εt can be used.
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When the estimated number of rejected target objects ex-
ceeds (say) the 2σ bounds around this average, the classi-
fier will be called inconsistent:

Classifier f(x|K) is inconsistent at level εt if
ε̂t ≥ εt + 2

√
Mεt(1 − εt) (9)

To use this inconsistency criterion, the classifier is
trained first with the hyper parameter which yields the most
simple classifier. The complexity parameter is then in-
creased until the classifier becomes inconsistent. The
hyperparameter for which the boundary could still be esti-
mated reliably, will then be used. In order to make this pos-
sible, an ordering of the complexity parameters Ki should
be given such that the complexity increases with increas-
ing i. A further advantage is, that the classifier does not
have to be trained for the more complex hyperparame-
ter settings.

To obtain an independent estimation of εt, several stan-
dard methods can be applied. For methods having a random
initialization (e.g. for k-means or neural network models),
training several times will yield different results. But this
will fail for deterministic methods. When sufficient data is
available, a separate validation set can be used. Or when an
appropriate noise level in the data can be assumed, noise in-
jection is possible. In this paper we use cross-validation, be-
cause this can be applied for all datasets. Unfortunately this
will introduce some extra noise, and this requires an extra
offset in Equation (9). For sufficiently large training sets its
effect vanishes, and due to space constraints we will not go
deeper into this.
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Figure 2. Scatterplot of a simple 2D banana-
shaped dataset. Left) the fraction of rejected
target objects is shown for a varying param-
eter σ in the SVDD, ν = 0.1. Right) scatterplot
with the optimized decision boundary.

In figure 2 the results for a simple 2D banana-shaped
dataset is shown for the SVDD. The training set contains
50 objects, and the validation set is generated using 5-fold
cross-validation. The hyperparameter σ is changed for the
classifier, and the ν’s are depicted in the smaller upper-left
picture. The consistency threshold (from (9)) is indicated
by the dashed line. For the SVDD σ = 4 is still consistent.
The corresponding classifiers is shown in the scatterplot. An
overfitted SVDD with σ = 2 is shown by the dashed line.

2.3. Consistency is not stability

As already men-
tioned, stability cri-
teria for model
selection in clus-
tering problems
have been used be-
fore [6]. Some
one-class classifiers, like the k-means method, use clus-
tering algorithms to characterize the target class. Unfor-
tunately, stability criteria cannot be used for one-class
classification. A stable clustering means that results by dif-
ferent methods give identical results (up to permuta-
tion of the cluster labels). In one-class classification just
the boundary of the dataset is of interest, and the stabil-
ity of the clusters as such is irrelevant.

In figure 2.3 the difference between the results of the sta-
bility and the consistency criterion is shown. The target data
consists of two square uniform distributions, containing 100
objects. On this data a k-means clustering is trained, where
the k is optimized to maximize the stability as presented
in [6]. The most stable clustering solution is k = 2 clus-
ters, shown by the dashed circles. For the OC classifier, the
square boundaries can be described much better by 4 to 6
prototypes per cluster. Again a k-means clustering is trained
(with ν = 0.1), but now k is maximized under the con-
straint of a consistent data description. Here k = 11 is opti-
mal and the resulting decision boundaries are shown by the
thick solid lines.

3. Experiments

To evaluate the optimization of the hyper-parameters, ex-
ample outliers should be available. Therefore a standard
multiclass dataset, the Concordia handwritten digits dataset
[4] (400 training objects in 16 × 16 = 256 dimensional
feature space), will be transformed into a one-class dataset.
Each single class of the dataset with be used the target class
once, and the nine other classes will be considered outlier
objects. During training of the OC classifier, only the target
objects will be used. The consistency procedure contains
two parameters to set. The number of cross-validations is
not very critical. The range of hyper-parameters Ki is im-
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portant, but is easily be defined for each OC method: for
the clustering methods, k ranges from 1 to the number of
training objects, for the methods using a scale parameter, σ
ranges from the largest distance in the dataset to the small-
est nearest neighbor distance.

class true AUC art. outliers consistency
0 20 (99.1) 4 (98.3) 6 (98.4)
1 17 (99.8) 3 (98.1) 5 (98.3)
2 20 (93.0) 5 (90.4) 5 (91.2)
3 16 (96.0) 3 (92.5) 6 (92.5)
4 20 (94.5) 3 (93.6) 6 (94.4)
5 18 (95.3) 3 (91.7) 5 (93.6)
6 16 (98.5) 3 (96.8) 7 (97.9)
7 16 (95.2) 3 (94.0) 5 (94.5)
8 15 (89.0) 4 (88.3) 5 (86.6)
9 19 (90.6) 2 (83.1) 4 (89.0)

Table 1. Results for the Mixture of Gaussians
on the Concordia digit classes. The left col-
umn shows the optimized k (on a validation
set), the middle using artificial outlier ob-
jects, the right the consistency on the tar-
get class. Values in brackets indicate the AUC
(×100).

In table 1 the optimal number of clusters k is estimated
using three methods. The first uses a validation set contain-
ing ’real’ outliers (the other digits), the second uses a valida-
tion set using artificially created outliers [10], and the third
uses the consistency criterion. The values in brackets show
the AUC-errors on the ’real’ outliers. To minimize the error
on the artificial outliers, very large numbers of objects have
to be created (5 · 106) to have a relatively reliable estimate.
Still the variance of the AUC is relatively high (around 1.0).
There is a substantial difference in AUC between the first
method and the other two. The ’real’ outliers appear to be
close to the target objects, thus forcing a higher complex-
ity classifier. Although this increases the error on the tar-
get class, this is balanced by a decrease in error on the out-
lier objects. When the outliers are uniformly distributed, on
the other hand, a low complexity solution suffices. The con-
sistency method slightly overestimates the complexity, but
without significant decrease in performance.

4. Conclusions

This paper shows a automatic optimization procedure
for selecting hyper parameters for one-class classifiers. It
is shown that, when the error on the target class is kept con-
stant and the classifier stays consistent, increasing the com-
plexity of the classifier will yield a lower error. In practice

the complexity of the classifier cannot be increased with-
out overfitting on the target class. It is therefore proposed to
increase the complexity until the error on the target class ex-
ceeds the stochastic variation due to sampling.

This method gives very satisfactory results, under the as-
sumption that the outlier objects are uniformly distributed
in the input space. When the outliers are very close to the
target class, the consistency algorithm will produce classi-
fiers which are not complex enough. In that case, it will be
beneficial to the use these outliers in the training of a super-
vised classifier.
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