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Abstract. Radial Basis Function (RBF) Kernel Machines have become
commonly used in Machine Learning tasks, but they contain certain flaws (e.g.,
some suffer from fast growth in the number of learning parameters while
predicting data with large number of variations). Besides, Kernel Machines with
single hidden layers lack mechanisms for feature selection in multidimensional
data space, and machine learning tasks become intractable. This paper investi-
gates “deep learning” architecture composed of multilayered adaptive non-linear
components — Multilayer RBF Kernel Machine — to address RBF limitations.
Three different approaches of features selection and dimensionality reduction to
train RBF based on Multilayer Kernel Learning are explored, and comparisons
made between them in terms of accuracy, performance and computational
complexity. Results show that the multilayered system produces better results
than single-layer architecture. In particular, developing decision support system
in term of data mining.
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1 Introduction

In the recent decades, a number of techniques for different machine learning tasks,
including classification, regression, function approximation clustering and feature trans-
formation were developed with help of the class of non-linear functions — radial basis
functions (rbf) [1, 2]. One of the interesting ideas is radial basis functions networks and
their generalization kernel networks. In this work, special emphasis is given to the
application of these networks to the problem of data classification.

Radial basis functions are a special kind of function which has a characteristic feature
to monotonically decrease or increase with increase of the distance from the central
point. The center, the distance scale and particular shape could vary for different models
[1]. The most commonly used example is the Gaussian function:
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while, of course, a lot of variations possible. Another way to think about rbf networks
is as kernel machines with specific type of kernel. Kernel machines are special machine
learning methods which allow the use of regular machine learning techniques developed
to learn linear functions in the problems with non-linear dependencies. This goal is
achieved via transformation (mapping) of input feature space into the Hilbert space. The
first kernel machines were a natural extension of the Support Vector Machine proposed
by Vapnik for classification of the linearly separable data points. The goal of the algo-
rithm was to find the hyperplane which will divide two datasets and will have maximum
distance (margin) between itself and closest points from two classes. This hyperplane
can be presented as the linear combination of the training samples lying on that margin
(support vectors):

H(x) = Z(aiyi<xi"x>) + .

The algorithm finds the optimal values for the parameters a. The extension for the
non-linear separable case exploits so called feature mapping function g with the hyper-
plane of the form:

H) = ) (oy,4806), g0))) + -

The function
K (xi, x)
which satisfy the conditions of the Mercer’s theorem can be presented in the form

K (x,x) = (g(x), (%))

in the Hilbert space is called kernel. If the kernel function is selected appropriately the
data points can become separable in the new feature space can become separable. This
method is usually referred to in the literature as the “kernel trick”. In this case the method
for linear SVM training could be applied. The Gaussian radial basis function is one of
this kernels, so the support vector learning could be applied as learning method for radial
basis function network with support vectors being the centers of radial basis functions
[7, 8].

The term of “deep” learning was coined in the contrast to the “shallow” learning
algorithms which have fixed usually single layer architecture. The “deep” learning
architectures are compositions of many layers of adaptive non-linear components [27].

Several attempts to combine the deep-learning approach with kernel based method
were made in the past. For instance, method proposed in [29, 34] mimics the behavior
of the multilayer neural network via single layer kernel network with specifically
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generated kernel functions (arc-cosine kernels). Arc-cosine kernels are produced with
recursive substitutions of the output of the kernel function. This action is equivalent to
the non-linear transformation of the feature maps. In [35] the notion of the hierarchical
feature invariance is proposed.

This paper provides three different approaches of features selection and dimension-
ality reduction to train RBF kernel based on the idea of MLK, and makes a comparison
between them in terms of accuracy, the effect of changing the number of layers on the
performance and computational complexity.

2 Deep RBF Kernel Machine

2.1 Multilayer RBF machine based on Kernel PCA

Below is a summary on how we implemented the Multilayer RBF machine based on
Kernel PCA and shown in Fig. 2.

1. Let N be the number of layers we would like to use.

2. Prune the features by ranking method removing redundant features.

3. Select appropriate kernels and kernel parameters (cross-validation or otherwise) —
not described in the Cho’s work.

4. Apply kernel PCA algorithm and make the result be next layer set of features.

5. Determine number of features to extract (not described how), prune the redundant
features from the resulting set — optional step.

6. If number of iterations exceeds N go to step 6, otherwise go to step 2.

7. Feed the feature representations to the classifier to make final decision.

2.2 Multilayer RBF machine based on supervised kernel regression

Below is a summary on how we implemented the Multilayer RBF machine based on
supervised kernel regression and shown in Fig. 2.

1. Let N be the number of layers we would like to use.

2. Select appropriate kernels and kernel parameters (cross-validation or otherwise) —
not described in the work.

3. Apply supervised regression to extract next feature value and corresponding eigen
value.

4. If eigen value is greater than selected threshold go to step 3 otherwise use all the
extracted features as input to the next layer.

5. If number of iterations exceeds N go to step 6, otherwise go to step 2.

6. Feed the feature representations to the classifier to make the final decision.
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2.3 Multilayer RBF machine based on unsupervised kernel regression

Below is a summary of how we implement the Multilayer RBF machine based on unsu-
pervised kernel regression and shown in Fig. 2.

1. Let N be the number of layers we would like to use.

2. Apply unsupervised regression to extract latent variables which better represent the
input parameters. (Kernel parameters selection and dimensionality selection is
embedded in this step) based on the ideas described in the Memisevic work: http://
www.iro.umontreal.ca/~memisevr/pubs/ukr.pdf

— Learning of optimal latent space representation with input data.

— Learning of transformation from observable to latent space.

— Selection of the kernel parameters and optimal dimensionality of the latent space.
Use extracted latent variables as input to the next step.

If number of iterations exceeds N go to step 6, otherwise go to step 2.

5. Feed the feature representations to the classifier to make the final decision (Fig. 1).

> w

SUPERVISED FEATURE SELECTION

SET AS NEW
REPRESENTATION RBF GAUSSIAN KERNELS

UNSUPERVISED DIMENSIONALITY
: REDUCTION

*) — ; Px)

Task 2:

Task 1 KPCA ALGORITHM

Supervised regression ALGORITHM

§esnnensas ees KERNEL PARTIAL LEAST
) SQUARES

Unsupervised regression ALGORITHM

Unsupervised latent space
regression

Fig. 1. Multilayer kernels machine (MKMs) for the three different transformation
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3 Results

In order to achieve the robustness of the results we used the 10-fold cross validation.

Accuracy is the ratio of correctly classified data points to the total number of data
points. Mean squared error (MSE) in this case is the ratio of misclassified data to total
number of data point. Training time is time in seconds which were solely used to train
the model on specific amount of data with predefined number of layers.

Prediction time is the time in seconds spent solely on the prediction step with pre-
trained model containing specific number of steps with fixed amount of training data.

The dataset is the MNIST digits dataset (http://yann.lecun.com/exdb/mnist/). The
data there are presented as the grayscale images of the size 28 X 28 pixels. The values
can vary from 0 to 255. Moreover, after trained and evaluated the three algorithms the
unsupervised method gave not that good accuracy and in order to improve it the Unsu-
pervised latent regression with projection method is suggested (Figs. 3 and 4).
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Fig. 3. Training time with different methods
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Fig. 4. Validation time with different methods

4 Discussion

The most stable results were shown by the supervised regression method for both
balanced and unbalanced datasets. This is the only algorithm which shows continuous
improvement in sensitivity and specificity with the increasing number of layers. Other
algorithms show the tendency to stabilize results very quickly. That means that in prac-
tice it makes sense to test these algorithms only on small number of layers to understand
whether they are sufficient for the current dataset or not. The worst time results were
shown for the kKPCA algorithms for both validation and training phases. It is caused by
the large number of features selected at the projection step which are then transferred
to the feature selection algorithm and knn-classifier. The time parameters can be
improved by the limit on the number of features selected after projection. However, that
might affect the accuracy in some cases.

5 Conclusion

In conclusion, the multilayered systems generally show relatively better results with
large and highly varied data, as compared with “shallow learning” algorithms with
usually single layer architecture. Moreover, amongst the multilayer algorithms, it show
the ability of pattern and relationship discovery within large data sets. It holds promise
in many area of the data application to quality assurance as found its way into data mining
application and decision support system.
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