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Abstract

In this paper we describe a new training algorithm

which can be used for both classification and regres-

sion problems. The Neural Support Vector Machine

(NSVM) is a hybrid system whose architecture in-

cludes both neural networks and support vector ma-

chines (SVMs). The output of the NSVM is given by

SVMs who take a central feature layer as their input.

This feature layer is in turn the output of a number of

neural networks who are trained to minimize the objec-

tives of the SVMs. Since the system is able to handle

multiple outputs, it can also be used as a dimension-

ality reduction method. The results of the conducted

experiments indicate that the system performs on par

with state-of-the-art classification and regression algo-

rithms. NSVMs with a large feature layer seem able to

outperform autoencoders on dimensionality reduction.

1 Introduction

Neural networks are universal in the sense that they
can approximate any continuous nonlinear function
arbitrary well on a compact interval [10]. However,
one of their major drawbacks is that in batch train-
ing of neural networks one usually solves a non-
linear optimization problem which has many local
minima. Support vector machines [14] are a more
robust method for both classification and regres-
sion tasks, but by design they are unable to han-
dle multiple outputs. In this article, we introduce
the Neural Support Vector machine (NSVM): a hy-
brid system consisting of both neural networks and
SVMs. By combining multiple SVMs into one hy-
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brid network we have aimed to develop a system
which extends an SVM’s generalization capability
to multiple outputs. The output of the NSVM is
given by support vector machines who take a small
central feature layer as their input. This feature
layer is in turn the output of a number of neural
networks, trained through backpropagation of the
derivatives of the dual objectives of the SVMs with
respect to the feature node values.

Our system shows similarities with at least two
other methods. Extreme learning machines (ELMs)
[5] are two-layer neural networks in which the
weight matrix between the input layer and the hid-
den layer stays fixed at its random initial values.
Save for the optimization method, an ELM resem-
bles an NSVM in which the neural networks weights
are fixed. An even more similar system was intro-
duced by Suykens [10]. His modified support vector
method trains the weight matrix between the input
layer and the hidden layer by minimizing an upper
bound on the VC dimension. Our system uses an-
other optimization method and we put more em-
phasis on how it can be extended to handle multi-
ple outputs. Because of its ability to handle mutiple
outputs, our system is able to act as a dimension-
ality reduction method.

With data sets routinely containing observa-
tional spaces of millions of dimensions the prob-
lem of finding low-dimensional structures in high-
dimensional data takes on increasing importance
[6]. The curse of dimensionality is clearly exhib-
ited here: Often one needs to conduct meaningful
inference with a limited number of samples in a
very high-dimensional space. Conventional statisti-
cal and computational tools have become severely
inadequate for processing and analyzing such high-
dimensional data.
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Although the data might be presented in a very
high-dimensional space, their instrinsic complexity
and dimensions are typically much lower. Dimen-
sionality reduction is the process of finding a more
efficient way to represent the data. Principle Com-
ponent Analysis (PCA) is a linear and by far the
most popular unsupervised technique to do so, but
more recently nonlinear techniques have been pro-
posed [13]. Among them are multilayer neural net-
works with an odd number of hidden layers dubbed
autoencoders [4],[13].

The input and the output layer of an autoencoder
consist of the same number of nodes D. The middle
layer has d nodes, where d is much smaller than D.
The network is trained through backpropagation to
reconstruct its input in its output layer. When the
system is able to decently reconstruct its input, it
can be said to have learned an efficient coding of the
data. Recent applications of autoencoders include
the reconstruction of handwritten digit images [11],
missing sensor restoration [12], excitation modeling
of text-to-speech synthesis [15], and HIV classifica-
tion [1]. Because of its ablity to handle multiple
output the NSVM can also be used as an autoen-
coder.

This paper attempts to answer the following re-
search questions:

• How does the single-output NSVM compare
to other machine learning algorithms such as
neural networks and support vector machines?

• How does the NSVM autoencoder compare to
a regular autoencoder?

Outline. In section 2 we will discuss the the-
ory of support vector machines. Next, we present
a single-output NSVM, discussing its architecture
and the modified support vector objectives it uti-
lizes. In section 4 we show how the system can
be adapted to handle multiple outputs by present-
ing the NSVM autoencoder. Section 5 will cover
the setup and the results of the experiments con-
ducted with both the single-output NSVM on sev-
eral benchmark datasets and the NSVM autoen-
coder on a dataset of images of faces. The results
are discussed in section 6. A conclusion will be pre-
sented in section 7.

2 Support Vector Machines

The support vector machine algorithm [14] is a non-
linear generalization of the Generalized Portrait al-
gorithm developed in Russia in the sixties [8]. It is
based on statistical learning theory, or VC theory
[14]. VC theory allows vague, handwaving notions
such as “generalization” and “outliers” to be placed
into a mathematical framework [7]. SV machines
can be applied to both classification and regression
tasks. Both algorithms are described in this section,
starting with support vector classification.

2.1 Classification

In two-class pattern classification, we are given
training data of the form {(x1, y1), . . . , (x`, y`)},
with xi ∈ RD and yi ∈ {−1, 1}. We seek to infer a
function

f : RD → {−1, 1}. (2.1)

The Support Vector algorithm realizes such a func-
tion through the construction of a decision hyper-
plane

w · x + b = 0 (2.2)

corresponding to decision function

f(x) = sgn(w · x + b). (2.3)

In support vector classification, the capability of
the decision function to generalize is obtained
through maximization of the margin between the
two classes. Since a large margin corresponds with
a small w, we have the problem of minimizing

1

2
||w||2 (2.4)

subject to constraints

yi(w · xi + b) ≥ 1. (2.5)

So far we have assumed that the two classes can
be completely separated by the hyperplane (2.2).
Of course, this might not be the case. We want to
decrease the influence outliers might have on the
algorithm by relaxing constraint (2.5). This can be
done by introducing the slack variables ξ. The prob-
lem now consists of finding

min
x,ξ,b

=
1

2
||w||2 + C

∑̀
i=1

ξi (2.6)

2



subject to constraints

yi(w · xi + b) ≥ 1− ξi, (2.7)

ξi ≥ 0. (2.8)

with C a constant determining the trade-off be-
tween margin maximization and training error min-
imization.

The function in (2.6) is called the objective func-
tion and the constraints in (2.7), (2.8) are called
the inequality constraints. Together, they form a
constrained optimization problem which is dealt
with by introducing Lagrange multipliers and a La-
grangian

L(w, ξ, b,α,η) =

1

2
||w||2 + C

∑̀
i=1

ξi −
∑̀
i=1

ηiξi

−
∑̀
i=1

αi(yi(w · xi + b)− 1 + ξi) (2.9)

The Lagrangian L has to be minimized with respect
to the primal variables w, ξi and b and maximized
with respect to the dual variables αi and ηi, i.e. a
saddle point has to be found.

Why is it that the saddle point provides a so-
lution to the problem? Suppose a certrain train-
ing pattern (xi, yi) violates constraint (2.7), i.e.
yi(w · xi) + b < 1− ξi. Then L can be increased by
increasing the corresponding αi. Simultaneously, w
and b will have to change such that L decreases. To
prevent αi(yi(w · xi + b) + 1 − ξi) from becoming
an arbitrarly large negative number, the change in
w and b will be such that the constraint will even-
tually be satisfied. Additionally, one can see from
(2.9) that for training samples who don’t precisely
meet the constraint, i.e. yi(w · xi) + b > 1− ξi, the
corresponding αi must be 0, since that is the value
by which L is maximized in that case.

Since we are looking for a saddle point, we are
looking for a point at which the derivatives of L
with respect to the primal variables vanish,

∂L

∂w
=
∂L

ξi
=
∂L

b
= 0 (2.10)

which means that at the saddle point

ηi = C − αi (2.11)

∑̀
i=1

αiyi = 0, (2.12)

and

w =
∑̀
i=1

αiyixi. (2.13)

Substituting (2.13) into (2.3) the latter can be
written as a linear combination of a subset of the
training patterns xi, namely

f(x) = sgn

(∑̀
i=1

yiαi(x · xi) + b

)
. (2.14)

This is the so-called Support Vector expansion. The
training patterns with a non-zero α value are called
support vectors, and the algorithm takes its name
from them.

Substituting (2.11), (2.12) and (2.13) into the La-
grangian (2.9), we eliminate the primal variables w,
ξi and b and arrive at the dual optimization prob-
lem, which is the problem that is usually solved in
practice [7]:

max
α

W (α) =

∑̀
i=1

αi −
1

2

∑̀
i,j=1

αiαjyiyj(xj · xj) (2.15)

subject to constraints

0 ≤ αi ≤ C, (2.16)

∑̀
i=1

αiyi = 0. (2.17)

The offset b can be determined by initially setting
it to zero and then computing

b =
1

`

∑̀
i=1

yi − f(xi). (2.18)

2.2 Regression

Regression algorithms deal with training data of
the form {(x1, y1), . . . , (x`, y`)}, with xi ∈ RD and
yi ∈ R. In ε-SV regression the desired function f(x)
has at most ε deviation from the target values yi
for all training data, and at the same time is as flat
as possible [8].
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Consider the case of linear functions f , taking
the form

f(x) = w · x + b with w ∈ RD, b ∈ R. (2.19)

Desiring a flat function means that we seek a small
w. We can obtain such a small w by once again
minimizing ‖w‖2. Considering the fact that we
don’t care about deviations smaller than ε, this
yields the optimization problem of minimizing

1

2
‖w‖2 (2.20)

subject to constraints

yi −w · xi − b ≤ ε,

w · xi + b− yi ≤ ε. (2.21)

Similar to the classification case, we relax the influ-
ence outliers might have on the task by introducing
slack variables ξ, ξ∗, one for each of the two cases
f(xi) − yi ≤ ε and yi − f(xi) ≤ ε respectively [7].
The problem now consists of finding

min
w,ξ(∗),b

1

2
‖w‖2 + C

∑̀
i=1

(ξi + ξ∗i ) (2.22)

subject to constraints

yi −w · xi − b ≤ ε+ ξi, (2.23)

w · xi + b− yi ≤ ε+ ξi, (2.24)

ξi, ξ
∗
i ≥ 0. (2.25)

Analogous to support vector classification, we even-
tually obtain the dual objective

maximize W (α(∗)) =

− ε
∑̀
i=1

(α∗i + αi) +
∑̀
i=1

(α∗i − αi)yi

− 1

2

∑
i,j=1

(α∗i − αi)(α∗j − αj)(xi · xj) (2.26)

subject to constraints

0 ≤ αi, α∗i ≤ C, i = 1, . . . , `, (2.27)∑̀
i=1

(αi − α∗i ) = 0. (2.28)

The regression estimate takes the form

f(x) =
∑̀
i=1

(α∗i − αi)(xi · x) + b (2.29)

2.3 Nonlinearity in SVMs

Barring outliers, the two algorithms described in
the preceding sections both assume linearity. The
SV classifier assumes that the two classes can be
separated by a hyperplane, and the SV regression
machine assumes that the relation between {xi, yi}
is a linear one. Obviously, we want to make SV
learning nonlinear.

This could be achieved by preprocessing the
training patterns xi by a map Φ : X → F into
some feature space F and then applying the stan-
dard SV algorithm [8]. For instance, consider the
map Φ : R2 → R3 with Φ(x) = (x21,

√
2x1x2, x

2
2).

Training a linear SV machine on data preprocessed
by Φ would yield a quadratic function. While this
approach seems reasonable in this particular exam-
ple, it can easily become computationally infeasible
for both polynomial features of higher order and
higher dimensionality [8].

A key observation is that both the classifier de-
cision function (2.14) and the regression estimate
(2.29) only depend on dot products between pat-
terns xi. Hence it suffices to know k(xi,x) :=
Φ(xi) ·Φ(x), rather than Φ explicitly. It is this ker-
nel function which is often used in both SV classi-
fication and SV regression to make the algorithms
nonlinear. A number of kernel functions are used
widely, including polynomial functions, radial ba-
sis functions and sigmoidal functions.

3 The NSVM

Here we introduce the Neural Support Vector Ma-
chine. This section concerns a single-output NSVM.
First we will discuss its architecture. Next we de-
scribe the modifications made to the SVM objec-
tives of section 2. The section is closed by a de-
scription of the procedure by which the system is
trained.

3.1 Architecture

The NSVM consists of the following elements:

• An input layer consisting of D nodes

• A single-node output layer

• A central feature layer, consisting of d nodes
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Figure 1: Architecture of an NSVM. In this example, the feature layer consists of three nodes.

• A total of d two-layer neural networks N ,
which each take the entire input layer as their
input and determine the value of one of the
feature nodes

• A support vector machine M , which takes the
entire feature layer as its input and determines
the value of the output node

Figure 1 depicts the architecture graphically. When
a pattern x of dimension D is presented to system,
it is propagated through the neural networks, de-
termining the values of the feature layer. We use
f(x) to denote the feature vector repesentation of
input pattern x, with f : RD → Rd. The vector
f(x) is then used as input for the Support Vector
machine M which determines the value of the out-
put node. In the NSVM classifier, M determines its
output according to

f(x) = sgn

(∑̀
i=1

yiαi(f(xi) · f(x)) + b

)
. (3.1)

In the NSVM regression estimator, it does so ac-
cording to

f(x) =
∑̀
i=1

(α∗i − αi)(f(xi) · f(x)) + b. (3.2)

3.2 Modified objectives

To obtain a suitable f , the system must find a rep-
resentation of the input data in f(x) which codes

the features most relevant to the property corre-
sponding with the desired output. As described in
section 2, the Support Vector algorithm obtains a
suitable f(x) through minimization of ‖w‖2 with
respect to its primal variables. The NSVM adapts
the regular objective of both SV regression and SV
classification by introducing f(x) as an additional
primal variable. For classification, this yields the
primal objective

min
x,ξ,b,f(x)

=
1

2
||w||2 + C

∑̀
i=1

ξi (3.3)

subject to constraints

yi(w · f(xi) + b) ≥ 1− ξi, (3.4)

ξi ≥ 0. (3.5)

Correspondingly, our new ‘dual objective’ (the pri-
mal variable f(x) has not been eliminated!) for the
classification problem is

min
f(x)

max
α

W (f(x),α) =

∑̀
i=1

αi −
1

2

∑̀
i,j=1

αiαjyiyj(f(xi) · f(xj)) (3.6)

subject to constraints

0 ≤ αi ≤ C, i = 1, . . . , `, (3.7)∑̀
i=1

αiyi = 0. (3.8)
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By substituting x by f(x) we have not only obtained
a clue as to how a suitable f(x) might look like, but
we have also made the algorithm nonlinear.

Analogously, the new dual objective for the re-
gression problem is

min
f(x)

max
α,α∗

W (f(x),α(∗)) =

− ε
∑̀
i=1

(α∗i + αi) +
∑̀
i=1

(α∗i − αi)yi

− 1

2

∑̀
i,j=1

(α∗i − αi)(α∗j − αj)(f(xi) · f(xj)) (3.9)

subject to constraints

0 ≤ αi, α∗i ≤ C, i = 1, . . . , `, (3.10)∑̀
i=1

(α∗i − αi) = 0. (3.11)

3.3 Training procedure

In this section, the training procedures for both the
NSVM classifier and the NSVM regression estima-
tor are described.

3.3.1 Classification

The goals of training the NSVM classifier are
twofold:

1. We want to find the α which maximizes (3.6)

2. We want to find the weights of the neural net-
works such that the output of each network Na
is the a-th entry of f(x) which minimizes (3.6)

The two goals are not obtained independently, i.e.
an adjustment of α requires an adjustment of the
neural networks weights and vice versa.

Whenever the system is presented a training pat-
tern xi, the NSVM adjusts each αi towards a local
maximum of W+ by

αi ← αi + λ
∂W+

∂αi
(3.12)

where λ is a metaparameter controlling the learning
rate of the values αi and

W+ = W − P (
∑̀
j=1

αjyj)
2 (3.13)

where P is a parameter chosen beforehand. By us-
ing the derivative of W+ in (3.12) we ensure that
αi is adjusted towards a satisfaction of constraint
(3.8). The derivative with respect to αi is given by

∂W+

∂αi
= 1− yi

∑̀
j=1

αjyj(f(xi) · f(xj))

−2Pyi
∑̀
j=1

αjyj . (3.14)

Similarly, if we want to adjust the output of neural
network Na such that it minimizes W , we want
[f(xi)]a to be decreased by

∂W

∂[f(xi)]a
= −αiyi

∑̀
j=1

αjyj [f(xj)]a (3.15)

where we use [f(xj)]a to denote the a-th entry of
f(xj).

In a sense, we can consider (3.15) to be the error
of Na, since we want Na’s output to be decreased
by it. Just like error backpropagation, we can back-
propagate (3.15) through the network to find the
weights that minimize (3.15). This is the method
by which the weights of all neural networks are up-
dated for every training pattern.

3.3.2 Regression

The two goals of training the NSVM regression es-
timator are:

1. Find the α(∗) which maximizes (3.9)

2. Find the weights of the neural networks such
that the output of each network Na is the a-th
entry of f(x) which minimizes (3.9)

Similar to the training of the classifier, both αi and
α∗i are updated according to

α
(∗)
i ← α

(∗)
i + λ

∂W+

∂α
(∗)
i

(3.16)

with

W+ = W − P1(
∑̀
j=1

(α∗j − αj))2 − P2α
∗
iαi (3.17)

where P1, P2 are parameters chosen beforehand. By
using the derivative of W+ in (3.16) we ensure that
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α
(∗)
i is adjusted towards a satisfaction of constraint

(3.11) and towards a pair of {α∗i , αi} of which at
least one of the values equals zero. The two deriva-
tives are given by

∂W+

∂α∗i
=

− ε+ yi −
∑̀
j=1

(α∗j − αj)(f(xi) · f(xj))

− 2P1

∑̀
j=1

(α∗j − αj)− P2αi (3.18)

and

∂W+

∂αi
=

− ε− yi +
∑̀
j=1

(α∗j − αj)(f(xi) · f(xj))

+ 2P1

∑̀
j=1

(α∗j − αj)− P2α
∗
i (3.19)

and by backprogation, the output of [f(xi)]a is de-
creased by

∂W

∂[f(xi)]a
=

− (α∗i − αi)
∑̀
j=1

(α∗j − αj)[f(xj)]a. (3.20)

4 The NSVM autoencoder

We will now show how the single-output NSVM can
be adapted to handle multiple outputs by present-
ing the NSVM autoencoder. The NSVM autoen-
coder differs from the single-output NSVM in two
respects:

1. The output layer consists of D nodes, the same
number of nodes the input layer has

2. It utilizes a total of D support vector regres-
sion machines Mc, which each take the entire
feature layer as their input and determine the
value of one of the output nodes

Figure 2 depicts the architecture graphically. Just
like the system described in section 3, the forward-

propagation of a pattern x of dimension D deter-
mines the values of the feature layer f(x). The fea-
ture layer is then used as input for each Support
Vector machine Mc which determines its output ac-
cording to

fc(f(x)) =
∑̀
i=1

([α∗c ]i−[αc]i)(f(xi)·f(x))+bc. (4.1)

Like the single-output NSVM, the NSVM au-
toencoder tries to find a representation of the input
data in f(x) which codes the features most relevant
to the property corresponding with the desired out-
put. Since the desired output of an autoencoder is
the same as the input data, it is trained to learn
structural features of the data in general.

Since we are dealing with vectors of output val-
ues yi, the dual objective of each support vector
machine Mc is

min
f(x)

max
α∗
c ,αc

Wc(f(x),α(∗)
c ) =

− ε
∑̀
i=1

([α∗c ]i + [αc]i) +
∑̀
i=1

([α∗c ]i − [αc]i)[yi]c

− 1

2

∑̀
i,j=1

([α∗c ]i − [αc]i)([α
∗
c ]j − [αc]j)(f(xi) · f(xj))

(4.2)

subject to constraints

0 ≤ αi, α∗i ≤ C, i = 1, . . . , `, (4.3)∑̀
i=1

(α∗i − αi) = 0. (4.4)

Recall from section 3.3 that the first goal of training
the NSVM regression estimator is finding the α(∗)

that maximizes (3.9). Similarly, for every Support

Vector machine Mc we want to find the α
(∗)
c that

maximizes (4.2). Like for the single-output NSVM,
this is done through gradient ascent.

The minimization of (4.2) with respect to f(x)
is a different story however. Since all SVMs share
the same feature layer, we can’t just minimize f(x)
for every SVM. It is actually this shared nature of
the feature layer which enables the system to han-
dle multiple value outputs. Still, for every neural
network Na, we can try to find a local minimum of
(4.2) with respect to [f(xi)]a by backpropagation of
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Figure 2: Architecture of the NSVM autoencoder. In this example, the feature layer consists of
three nodes.

the sum of the derivatives of all Wc’s with respect
to the a-th feature node

D∑
c=1

∂Wc

∂[f(xi)]a
(4.5)

with

∂Wc

∂[f(xi)]a
=

− ([α∗c ]i − [αc]i)
∑̀
j=1

([α∗c ]j − [αc]j)[f(xj)]a. (4.6)

Observe that this situation resembles that of a sin-
gle neural network with multiple outputs, in which
a single hidden node’s error is determined by sum-
ming the proportional errors of all the neurons it
directly contributes to [3].

5 Experiments

Here the results of experiments conducted with the
NSVM classifier, regression estimator and autoen-
coder are presented. The system features a large
number of metaparameters, including the size of
the feature layer, the learning rate of the neural
networks and the value of P in (3.13). In tuning
these values experimental parameter optimization
software has been utilized. The values that were
eventually used were obtained through interaction
between the software and fine-tuning by hand. The
used parameter sets for each problem can be found
in Appendix A.

5.1 Classification

Here we compare NSVM classifier with a neural
network and a support vector machine. We used
four datasets from the UCI machine learning repos-
itory shown in Table 1. Of each dataset, 9

10 of all
the entries were randomly assigned to the train-
ing set, leaving the other 1

10 to be used as test
patterns. We have performed a total of 1000 ex-
periments with a new partition of traindata and
testdata for each experiment. Each experiment was
run for a fixed number of training epochs. At each
epoch, the accuracy on both the traindata and the
testdata was computed. After all epochs, the epoch
with the highest training accuracy was determined
and the test accuracy at that epoch was taken to
be the accuracy of the system.

Dataset #Inst. #Feat.
Ionosphere 351 34
Glass 214 9
Hepatitis 155 19
Iris 150 4

Table 1: The four datasets from the UCI repos-
itory that are used in the classification experi-
ment.

The results for the neural networks and the SVM
are taken from [16].

Experimental results The results on the four
datasets are shown in Table 2. Whether differences
in performance are statistically significant has been
assessed through use of the Student’s t-test. The
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Dataset NSVM SVM NN

Ionosphere 93.2 ± 4.1 94.0 ± 2.5+ 91.1 ± 4.7−

Glass 66.4 ± 9.8 70.1 ± 10.2+ 64.5 ± 11.2−

Hepatitis 80.8 ± 9.4 81.9 ± 9.6+ 84.3 ± 8.6+

Iris 96.5 ± 4.8 96.5 ± 4.8 96.8 ± 3.4
Average 84.4 85.6 84.2
Wins/Losses 3-0 1-2

Table 2: The accuracies on the four datasets of
the NSVM, a neural network and an SVM. +/-
mean significant (p = 0.05) win/loss compared
to the NSVM.

differences in accuracies of the systems are not very
large. There is no dataset on which the NSVM per-
forms significantly better than the support vector
machine.

5.2 Regression

For the regression experiments, the three bench-
mark datasets shown in Table 3 were used.

Dataset #Inst. #Feat.
Baseball 337 6
Electric 495 2
Concrete 72 5

Table 3: The three datasets that are used in the
regression experiment.

Like in the classification experiment, a total of
1000 experiments per set have been conducted with
a new partition of traindata and testdata for each
experiment. We compare the performance of the
NSVM with those of an NN and an SVM obtained
by Graczyk et al. [2] on the same datasets. The
results by Graczyk were obtained by using 10-fold
cross validation. The mean square errors (MSE) of
the systems are used as a measure of their perfor-
mance.

Dataset NSVM SVM NN

Baseball 0.0233 ± 0.0065 0.0259− 0.0283−

Electric 0.0072 ± 0.0027 0.0064+ 0.0064+

Concrete 0.0086 ± 0.0043 0.0085 0.0084
Wins/Losses 1-1 1-1

Table 4: The test MSEs on the three regression
datasets of the NSVM, a neural network and an
SVM. +/- mean significant (p = 0.05) win/loss
compared to the NSVM.

Experimental results Table 4 shows the results
for the regression experiments. Since the deviations

of the SVM and NN results were not known, dif-
ferences were checked to be significant through use
of the one sample t-test. The NSVM outperforms
the other systems on one set, but is in turn outper-
formed on another. The “Concrete” set yielded no
significant differences, partly due to large variations
in the MSE.

5.3 NSVM Autoencoder

The dataset we use contains 1300 gray-scale images
of left eyes of 20 by 20 pixels, generated from the
“Labeled Faces in the Wild Dataset”. The 400 pixel
values have been normalised such that their average
value is µ = 0.0 with a standard deviation of σ =
0.3. Figure 3 shows three examples of the data used.

Figure 3: Three examples of the data used in
the autoencoder experiment.

We compare the NSVM with a regular autoen-
coder presented in [9], using the root mean square
error (RMSE) as a measure of the performance.
The autoencoder is a two-layer neural network that
uses backpropagation to adjust its weights. For
each experiment, 2

3 of the data is randomly as-
signed to the training set, leaving the other 1

3 to
be used as test data. We compare the two systems
for three different sizes of the feature layer: 10, 20
and 50 nodes. The results of the regular autoen-
coder were obtained by averaging the RMSE of 20
experiments. Due to time constraints, we have not
been able to run the NSVM for as many experi-
ments. The number of experiments on the NSVM
can be found in Table 5. For the autoencoder exper-
iments, we implemented an adaptive learning rate
of the neural networks β of the NSVM. Whenever
the training error decreases, β is multiplied by 1.1.
In the case of an increase of the error, β is multi-
plied by 0.7.

Experimental results Table 5 shows the results
of the autoencoder experiments. With feature layer
of 10 and 20 nodes there are no significant differ-
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|f(x)| NSVM AE Exp.
10 0.1214 ± 0.0012 0.1209± 0.0009 10
20 0.0884 ± 0.0007 0.0881± 0.0009 5
50 0.0494 0.0543± 0.0007 1
Win/Loss

Table 5: The test RMSE obtained by the NSVM
and the regular autoencoder for different sizes
of the feature layer. +/- mean significant (p =
0.05) win/loss compared to the NSVM.

ences between the NSVM and the autoencoder ac-
cording to the Student’s t-test. Since we managed
to do only one run with an NSVM with a feature
layer of 50 nodes we can’t check for significance, but
the RMSE obtained so far seems to indicate that
the NSVM starts to outperform the autoencoder
for greater feature layer sizes.

6 Discussion

In this section we will answer the research questions
based on the results from section 5.

• Question: How does the single-output NSVM
compare to other machine learning algorithms
such as neural networks and support vector
machines?
Answer: The algorithm can be said to per-
form on-par with SVMs and NNs. It outper-
forms the latter two systems on some datasets.
More experiments need to be performed to as-
sess on what type of problems the NSVM per-
forms best.

• Question: How does the NSVM autoencoder
compare to a regular autoencoder?
Answer: For small feature layers sizes, no
significant differences exist between the per-
formance of the NSVM and a regular au-
toencoder. Preliminary results indicate that
the NSVM might have the advantage with
larger feature layers. This does come at a price
though: Training the NSVM autoencoder takes
much more time than training a regular au-
toencoder.

7 Conclusion

In this paper we have presented the Neural Support
Vector machine: A new machine learning algorithm

that learns by finding a feature representation of
the input data relevant to the task at hand. It does
so through interaction between support vector ma-
chines and neural networks. We have shown that
the system is able to perform on par with state-
of-the-art machine learning techniques. It should
be noted however that the system has a very large
number of metaparameters, which can take a long
time to be tuned. On the other hand, the large num-
ber of parameters implies that the results presented
here still leave room for improvement.

The results on the autoencoding problem with
a feature layer of 50 nodes seems to be the most
promising. It would be interesting to see how the
NSVM compares to a regular autoencoder when
this layer is even larger. Apart from regression, clas-
sification and dimensionality reduction, we would
also like to study how the NSVM can be used in
reinforcement learning and time-series problems.
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A Parameter Sets

Dataset |f(x)| γλ γβ P C α-Iter. Hid. Nodes Epochs NN outp.
Ionosphere 14 1 1 40 4 3 4 50 Tanh
Glass 10 1 1 0.5 8 8 4 80 Tanh
Hepatitis 20 1 1 1.5 8 10 3 25 Tanh
Iris 8 1 1 1 1024 5 5 100 Lin(-2,2)

Table 6: Parameter sets used in the classification experiments

Dataset α Weights NNs λ β
Ionosphere 1 (-0.5,0,5) 0.03 0.3
Glass 1 (-0.5,0.5) 0.05 0.05
Hepatitis 1 (-0.5,0.5) 0.012 0.0008
Iris 1 (-0.5,0.5) 0.2 0.09

Table 7: Initialization values of classifier parameters

Dataset |f(x)| γλ γβ P1 P2 C α-Iter. ε Hid. Nodes Epochs NN outp.
Baseball 12 1 1 2.6 1.5 6 7 0.15 14 50 Tanh
Electric 16 1 1 3.8 2.0 11 6 0.021 30 50 Tanh
Concrete 40 1 1 0.0 4.0 6 4 0.0046 30 500 Tanh

Table 8: Parameter sets used in the regression experiments

Dataset α Weights NNs λ β
Baseball 3.0 (-0.5,0.5) 0.000011 0.000016
Electric 3.0 (-0.5,0.5) 0.0083 0.000063
Concrete 3.0 (-0.5,0.5) 0.0094 0.00050

Table 9: Initialization values of regression estimator parameters

|f(x)| γλ γβ P1 P2 C α-Iter. ε Hid. Nodes Epochs NN outp.
10 0.9993 0.7/1.1 3.5 -0.007 20 1 0.35 150 400 Lin(-3,3)
20 0.9993 0.7/1.1 3.5 -0.007 20 1 0.35 200 600 Lin(-3,3)
50 0.9993 0.7/1.1 3.5 -0.007 20 1 0.25 200 600 Lin(-3,3)

Table 10: Parameters set used in the NSVM autoencoder for different feature layer sizes

α Weights NNs λ β
10.0 (-0.05,0.05) 0.08 0.0005

Table 11: Initialization values of autoencoder parameters
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