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Abstract— In this paper, we propose a clustering algorithm
based on a two-phased neural network architecture. We combine
the strength of an autoencoderlike network for unsupervised
representation learning with the discriminative power of a
support vector machine (SVM) network for fine-tuning the initial
clusters. The first network is referred as prototype encoding
network, where the data reconstruction error is minimized in
an unsupervised manner. The second phase, i.e., SVM network,
endeavors to maximize the margin between cluster boundaries
in a supervised way making use of the first output. Both the
networks update the cluster centroids successively by establishing
a topology preserving scheme like self-organizing map on the
latent space of each network. Cluster fine-tuning is accomplished
in a network structure by the alternate usage of the encoding part
of both the networks. In the experiments, challenging data sets
from two popular repositories with different patterns, dimen-
sionality, and the number of clusters are used. The proposed
hybrid architecture achieves comparatively better results both
visually and analytically than the previous neural network-based
approaches available in the literature.

Index Terms— Autoencoder (AE) network, clustering neural
networks, greedy layerwise learning, prototype encoding (PE)
network, support vector machine (SVM).

I. INTRODUCTION

DATA clustering deals with the problem of grouping a
set of unlabeled data into subsets, such that the samples

within the same subset are more similar to each other than
the ones that belong to the other groups [1], [2]. The main
objective is to find latent patterns reflected by the underlying
parameters, which maximize the likelihood of the input data
to their assigned clusters. Clustering is widely used before
the ultimate goal of classification or regression and can be
implemented for various purposes such as feature extrac-
tion, image segmentation, dimension reduction, and function
approximation.

Although clustering techniques in the literature are diverse,
we can group them into hierarchical and partitional methods
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based on the task-specific applications. Hierarchical clustering
methods aim to build an agglomerating or divisive hierarchy of
patterns. Partitional algorithms, on the other hand, determine
independent clusters at once. However, both the methods are
subject to a common goal of optimizing the parameters of the
data model. The parameters represent the hidden patterns of
each cluster, and are basically the data statistics calculated by
some metric. Based on the type of statistics, distance measures
can be used for (dis)similarity computation in a feature space,
or the probability is computed for density estimation of poste-
rior distributions in the same manner. Thereafter, association
criteria, which are called objective functions, are employed to
find the optimum solution to the clustering problem.

Among graph- and tree-based structures, neural networks
have justifiable popularity because they are flexible to sim-
ulate any learning algorithm for hierarchical or partitional
clustering. Neural networks can be explained as the multilayer
structures that are formed by the composition of successive
nonlinear transformations of the input data. They aim to
implicitly achieve intermediate feature representations of the
original data in deeper layers. Although neural networks
are initially designed for supervised learning, recent research
reveals their strength in the unsupervised learning. Autoen-
coder (AE) and restricted Boltzmann machines can be referred
as the building blocks of unsupervised representation learning
in neural networks. The details about such architectures, their
variants, and implementations are available in [3]–[7].

In the literature, neural network-based clustering meth-
ods mainly build a two-layer network with lateral inhibitive
connections in the output layer. They typically use the
prototype/centroid vectors directly as the weight parameters
between the input and output layers, since each neuron in
the output layer is assumed to be a cluster. Inhibition in the
output layer simply determines the characteristics of the cluster
updating procedure, where for each input, only the closest
centroid or all the centroids in a receptive field are updated in
a weighting scheme. In general, gradient-based algorithms are
used to minimize the cost of assigning data samples to their
predicted prototypes iteratively.

In this paper, we propose a hybrid network architecture
for partitional clustering that combines two complementary
networks with different objective functions to optimize the
solution. The proposed architecture embodies both the unsu-
pervised representation learning for the initial clustering and
the discrimination power of the support vector machine (SVM)
for cluster fine-tuning. In the first network, we introduce the
novel concept of a prototype encoding (PE) network that
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attempts to map each input sample to its closest prototype
vector in an unsupervised manner. The encoding weights
of the PE network are initialized as orthogonal vectors to
Voronoi-like hyperplanes that separate the clusters in a pair-
wise manner. To update the clusters, we utilize a topology
preserving grid structure with a neighboring function defined
in a latent feature space. The second network with two layers
is based on the SVM that basically tries to map the input
samples to their currently assigned cluster labels. Each neuron
in the output layer represents a cluster, and the network
parameters are optimized using a one-vs-all scheme so as to
maximize the margins between clusters. The SVM network
uses the current prototype vectors as landmarks in the kernel
function.

In the last part of our work, a hybrid network structure
is established in a greedy layerwise clustering. Basically,
we have two by-products of the first clustering network,
i.e., PE. The hidden layer activations represent the data in
a new and probably more discriminative feature space, and
they are used as input to the SVM network. Furthermore,
the cluster assignments of the PE network are utilized in
the SVM network as a priori knowledge. To conclude, the
SVM network fine-tunes the previously established clusters
in a supervised manner, and this greedy layerwise scheme
enhances the clustering performance remarkably.

Contributions: The contributions of this paper are
twofolded. First, we introduce a PE network scheme for data
clustering. The PE maps the input data to the prototype
vectors in the output layer and updates the clusters in a latent
space, established at the hidden layer. PE is clearly different
from AE [3]–[5], where the input is associated with itself in
the output layer. AE approaches may increase the variance in
the output layer, and identity functions can be learned when the
number of neurons in the hidden layer is more than the input
dimensionality. In addition, we initialize the encoding weights
of the PE network in a Voronoi-like manner, which separates
the clusters in a pairwise manner. This initialization not only
achieves a better starting point for the encoding weights than
random selection for PE network but also it dynamically
computes the number of hidden neurons with respect to the
randomly initialized prototypes. Second, a greedy layerwise
clustering scheme is proposed where an SVM network is used
for fine-tuning. After optimizing the PE network, the input
data in a new feature space are passed through the SVM
network where the cluster assignments of PE are used as the
initial supervision. Finally, only the current centroid vectors
are utilized as the landmarks in the kernel function to reduce
the complexity of traditional SVM learning.

The rest of this paper is outlined as follows. In Section II,
we summarize the related studies based on clustering network
architectures. Section III gives the details of the PE and SVM
networks, and explains the method they are combined for
the greedy layerwise clustering in a hybrid topology. The
experimental results performed on the public data sets are
given both visually and numerically in Section IV. Finally,
we conclude this paper with the clear findings of the experi-
ments and possible future work about the clustering network
algorithms.

II. RELATED WORK

The initial work on clustering neural networks starts with
a simple competitive learning (SCL) network [2], [8], [9].
SCL is based on a two-layer fully connected network that
implements the nearest neighbor paradigm. Basically, the

input data, X = {x(i)|i = 1, 2, 3, . . . , N} where x(i) ε Rd

are approximated by a finite number of prototypes and

C = {c(j)| j = 1, 2, 3, . . . , K } where K � N and c(j) ε Rd ,
in the output layer. The SCL objective is to minimize the mean
squared error (MSE)

E = 1

N

N∑

i=1

K∑

j=1

1

2
μi j ‖x (i) − c( j )‖2; μi j ∈ {0, 1} (1)

where μ j i is the Kronecker delta that takes the value of 1

when c(j) is the closest (i.e., winning) prototype to the
data sample x(i) in the L2-norm metric and 0 otherwise.
This nearest prototype condition is called the winner-takes-
all (WTA) process, where Kronecker delta prevents updat-
ing the other prototypes and only the winning prototype
c(w) is updated by each input x(i). The weights between
input–output layers represent the prototype vectors C , and
the objective function is optimized by the gradient descent
method. Thus, the SCL network updates the prototypes
iteratively as

∀x; c(w) = c(argmin j=1,2,3,...,K ‖x (i)−c( j)‖) (2)

∂ E

∂c(w)
= −[x (i) − c(w)(t)] (3)

c(w)(t + 1) = c(w)(t) + η(t)[x (i) − c(w)(t)] (4)

c( j )(t + 1) = c( j )(t); j �= w (5)

where η(t) is a positively small learning rate, usually chosen
to be decreasing gradually in time. The SCL network may
be run either in the batch mode where the whole training
data set is available or in the incremental mode for the
online data. The number of clusters is predefined and cluster
prototypes are randomly initialized as the network weight
vectors. One of the drawbacks of the SCL network is that
it is highly dependent on the randomly initialized cluster
prototypes, since it updates only the winning one each time.
The data sequence also impacts the updates in incremental
learning.

Another popular clustering network is the Kohonen net-
work, also called self-organizing map (SOM). The SOM has
mainly the same network structure and objective as in the
SCL [10]–[12]. However, unlike the SCL network where only
the winning prototype is updated by each data sample, SOM
introduces an excitation or neighborhood function that makes
all the prototype vectors in a field centered at the winning pro-
totype to be updated. First, an imaginary surface of a specific
grid configuration is randomly initialized as the weight vectors
C between input–output layers [24]. The grid configuration
reflects static neighboring bindings between neurons at the
output layer by a predefined metric such as Euclidean distance.
Once the winning prototype of a sample c(w) is selected for
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the input sample, the update rule for all the prototype vectors
in the neighborhood is

c( j )(t + 1) = c( j )(t) + η(t)h jw(t)[x (i) − c( j )(t)] (6)

h jw(t) = h0e
−‖c( j) − c(w)‖2

σ2(t) ∀x (7)

σ(t) = σ0e
−t

T
; σ0 ∈ (0, 1] (8)

where h jw(t) is the neighborhood Gaussian function, which
decreases as the distance from the winning prototype c(w)

increases. σ(t) is the scale factor of the Gaussian that deter-
mines the excitation magnitude while η(t) is the learning rate,
decreasing in time, and h0 is the initial neighboring constant
in the range (0, 1]. The cluster update procedure in the SOM
is not based on the minimization of an objective function.
Therefore, it suffers from unguaranteed convergence, and it is
often dependent on the data sequence.

Given the aforementioned disadvantages of SOM and SCL,
a learning vector quantization (LVQ) network is proposed
in [12] to fine-tune the unsupervised clustering networks with
supervision. It is based on a supervised learning in that the
previously found prototype vectors and their data assignments
are assumed to reflect the priori density function of the input
data for the LVQ network. It minimizes (1) as

c(w)(t + 1) = c(w)(t) − (−1)y(i)
w η(t)[x (i) − c(w)(t)]

y(i)
w ∈ {0, 1} (9)

c( j )(t + 1) = c( j )(t); j �= w (10)

where the input data are now given by the pattern pairs of
P = {(x(i), y(i))}, x(i) ε Rd , and y(i) ε {0, 1}K . The binary
labels y(i) indicate the initial cluster assignments and they
are fixed throughout the clustering procedure. Here, η(t) is
again the scalar learning rate (i.e., 0 < η(t) < 1), which is
decreasing in time. When we look in (9), LVQ simply resem-
bles the SCL network in which only the winning prototype
c(w) is updated by each sample. But the minus sign in (9)
the first equation is set to correct the winning prototype in
the opposite direction if the sample x(i) is clustered differently
from the prior assumption. This helps to decrease the density
around the prototypes on the Bayesian decision surfaces but
it also triggers vector divergence [2].

For comparison, LVQ and our proposed SVM network
are both supervised and used for fine-tuning. On the other
hand, they mainly differ from each other in which the SVM
network continues to update the cluster assignments in a latent
space iteratively and it uses a max-margin objective function.
Thus, the SVM network fine-tuning improves the clustering
performance notably.

So far, the SCL and LVQ networks are introduced as
WTA clustering algorithms where only the winning prototypes
are updated in the unsupervised and supervised manners,
respectively. SOM, on the other hand, excites all the prototype
vectors for each sample with a neighboring function that
updates the vicinity of the winning prototype. Although such a
neighborhood updating scheme holds inspiration, SOM prede-
fines static neighborhood relations between cluster prototypes.
For this perspective, neural gas network (NGN) is proposed

in [13]. The soft-max rule is employed as an extension to the
standard k-means like clustering used in SOM. The earlier
works also use the maximum entropy algorithm [14] in the
updating step. NGN takes a dynamic neighborhood ranking
into account among the prototype vectors with respect to each
sample.

For the data sample x(i), the neighboring order is established
by using the Euclidean distance to all the prototype vectors C .
Then, each prototype c(j) is assigned to an integer rank value,
r j i = 0, 1, 2, . . . , K − 1, where K is the predefined number
of prototypes and 0 indicates the winning prototype c(j). The
gradient descent-based clustering update rule is conducted as

c( j )(t + 1) = c( j )(t) + η(t)h(r j i , t)[x (i) − c( j )(t)] (11)

h(r j i , t) = e
−r j i
ρ(t) (12)

η(t) = η0

(
η f

η0

) t
T

, ρ(t) = ρ0

(
ρ f

ρ0

) t
T

(13)

where h(r, t) is the ordering factor that takes rank r j i and
the characteristic decay constant ρ(t) is used to update every
prototype c(j) with respect to a specific sample x(i). Like η(t),
the decay constant ρ(t) decreases gradually in time, in which
η0 and ρ0 are the initial decay parameters, and η f and ρ f are
the final decay parameters, respectively. NGN resembles the
SOM network except the neighboring function where NGN
uses integer ranks for the prototypes with respect to each
sample instead of utilizing the distances between prototype
vectors. By using this kind of dynamic ordering r j i and the
clustering shape modulator ρ(t), NGN is assumed to reach a
lower distortion error and be more robust to local minima than
the others, without the problem of underutilization [2].

Other popular clustering networks in the literature are adap-
tive resonance theory (ART) [15] and fuzzy clustering (FC)
networks [16]. The idea behind the ART network is to create a
two-layer recurrent structure where the input layer F1, and the
output layer F2 are fully connected in both directions with dif-
ferent weights. The feedforward weights w(i) represent short-
term memory that is used to find the winning prototype c(w)

in the output layer. The feedback weights c(j) introduce long-
term memory that actually indicates the prototype vector C .
Although the ART network tends to get robust clusters in
rapidly changing input sequences, the input signal and the
weights are binary, it is sensitive to the feeding order of the
input patterns, and its complexity is high due to differential
equations. The FC network, on the other hand, uses the same
structure of the SCL network. But it partitions the data set
in a fuzzy manner, meaning that each data sample belongs to
multiple clusters with a membership function, μ(x(i) and c(j)).
Because the memberships of a sample for all the clusters
correspond to the probabilities in the fuzzy set theory, they
are restricted to the sum of unity. An alternating optimization
procedure is established by first using the soft-max rule for
updating memberships, thereafter taking fuzzy means of the
data samples for updating the prototype vectors [2]. The
memberships and cluster prototypes are initialized randomly.
FC is not suitable for large-scale data sets because of high
computational and storage requirements.
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Fig. 1. Proposed hybrid neural network architecture for clustering.

With regard to the SVM-based approaches in clustering
problems, there are two main concepts in the literature. The
approaches in the first category basically focus on adopting
their max-margin objective function to the one that helps
finding spherical regions in the original feature space as
clusters [25], [26]. The Lagrangian method is introduced into
the objective function, which computes support vectors, rep-
resenting hypothetical boundaries. Thereafter, the connected
components are extracted using graph based algorithms for
cluster labeling in an unsupervised manner. The approaches
in the second category use SVM as a complementary tool
to the main clustering algorithm. For example, in [27],
k-means is implemented to discover the topical clusters of
textual documents in the upper level. Meanwhile, an SVM
classifier is constructed with the help of k-means supervision
for each cluster by using other interrelated data sets. As the
assignments change, SVM classifiers are updated in addition to
the clusters. Nevertheless, our proposed SVM clustering net-
work is completely different from the aforementioned methods
in that it has a network structure that updates the clusters in
a latent space, and it is used as a cluster fine-tuning scheme
with its simple max-margin objective function.

III. HYBRID NETWORK ARCHITECTURE FOR CLUSTERING

In this paper, we propose a hybrid network for clustering
that embodies unsupervised representation learning in a new
feature space and uses the power of SVM discriminants
in an additional layer for cluster fine-tuning. The proposed
architecture is shown in Fig. 1 and is composed of two parts.
In the first part, we construct a three-layer network that maps
the input data to their closest prototype vector. Encoding
weights of the network are initialized by Voronoi-like hyper-
planes that separate the randomly selected prototypes in a
pairwise manner. This process also determines the number of
neurons in the hidden layer implicitly. In addition, the hidden
layer activations of each sample are restricted to its closest
prototype activations in the training stage. The samples are
assigned to their closest cluster in the latent feature space and
not in the original domain. We call this PE network, and the
details are given in Section III-A.

The second part is designed for fine-tuning the clusters
found in a previous clustering method, such as a PE network.
It gets the final assignments of the PE network as the initial

cluster labels and the hidden layer activations of the data to
be clustered as the new input signals. This network employs
the concept of SVM. It takes the current prototype vectors as
landmarks in its kernel function, and maximizes the margins
between the cluster boundaries. This second part, called
the SVM network in Section III-B, improves the separation
between clusters. In both the networks, we use a SOM-like
approach to iteratively update the clusters in the latent spaces
where the hidden layer and the output layer are used for the PE
network and the SVM network, respectively. Finally, a greedy
layerwise algorithm is applied for optimizing the parameters
of both the networks as a whole in Section III-C.

A. Prototype Encoding Network

PE is based on an idea similar to that of the
AE network [3], [5], [17], where the input signal is simply
mapped to itself in the output layer by the latent patterns in a
hidden layer. However, unlike AE, the PE network is forced to
iteratively couple each input sample to its closest prototype,
instead of itself. Each cluster is represented by a prototype
vector that is initialized randomly. The Euclidean metric is
used for cluster assignments in a nearest neighbor fashion as
in k-means [18].

Given the data sample-cluster pairs X = {(x(i), c(j))};
x(i), c(j) ε Rd , i = 1, 2, 3, . . . , N ; j = 1, 2, 3, . . . , K , where
K is a user-defined parameter defining the number of clusters
and N is the number of samples in the data set; the objective
function is

∀x; c( j ) = c(argmink=1,2,3,...,K ‖x (i)−c(k)‖) (14)

JX (W, b) = 1

N

N∑

i=1

1

2
‖hW,b(x (i)) − c( j )‖2

+ β

V∑

v=1

(
hv

c( j) log
hv

c( j)

hv
x (i)

+ (
1− hv

c( j)

)
log

1− hv
c( j)

1− hv
x (i)

)

+ λ

2

∑

W1,W2

‖W‖2. (15)

The objective function Jx (W, b) involves three terms: MSE,
divergence, and weight regularization. MSE penalizes the
differences between the predictions of the network hW,b(x)

and the desired output signals (i.e., the closest prototypes) c(j).
The divergence term forces both the input data and their
closest prototypes to be similar in the latent space, and the
latent space is now represented by the hidden-layer activations.
This is achieved by restricting the hidden-layer activations hv

with an entropy-based formula, i.e., Kullback–Leibler (KL)
divergence, KL(hc||hx). Because we try to assign each sample
to a cluster in this latent space instead of the original domain,
it is a good intuition to add an approximation term to the
objective function for adjusting the basis vectors of the target
feature space. Weight regularization term, on the other side,
tries to avoid over-fitting. β and λ are the tradeoff constants
in KL divergence and the weight regularization, respectively.

Another important point in the PE network is the initializa-
tion of encoding weights (i.e., W1 in Fig. 2). We initialize the
encoding weights using the Voronoi approach, which mainly
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Fig. 2. PE network.

partition the feature space into a finite number of regions
by the hyperplanes [2], [13]. Voronoi hyperplanes are estab-
lished by taking the cluster centers as seed points. After
selecting the prototypes randomly, each hyperplane is found
by a vector orthogonal to the connecting plane between a
pair of prototypes, and it intersects at the center point on
this plane. However, such combinational hyperplanes lead to
increase the computational complexity exponentially, since
they represent the neurons in the hidden layer, many of which
may be redundant. Therefore, we first sort the remaining
prototype points in the increasing order of their Euclidian
distances for each selected prototype. A hyperplane is then
produced between the selected prototype and its closest one
in a couplewise fashion. Since we already accept the com-
puted hyperplane for the selected prototype with a minimum
margin, those prototypes that are separated from the selected
prototype vector by this hyperplane with even larger margin
can be intuitively eliminated from the pairwise hyperplane
construction. This procedure continues iteratively until there is
no coupled prototype. This greedy method reduces the number
of hyperplanes dramatically. Note that we not only initialize
the encoding weights rationally but also determine the number
of neurons in the hidden layer dynamically with respect to the
relative positions of the randomly selected prototypes. The
decoding weights W2 are randomly selected like the prototype
vectors. The sigmoid function is used both in the hidden and
output layers as a nonlinear activation function.

The optimization of network parameters is performed by the
stochastic gradient descent algorithm. Partial error derivations
are calculated as in the traditional feedforward–back propa-
gation algorithm. Hence, the weight and bias parameters are
updated in mini batches while keeping the prototype vectors,
input data-cluster assignments, and the hidden layer restric-
tions fixed. After each passes through the whole data set to be
clustered, the prototypes are updated. We use (six to eight) of
the SOM network to update the prototype vectors where the
winning prototype vector for each sample c(w) and the factor
parameter of the neighboring Gaussian function h jw(t) are
computed in the latent space. The prototype update procedure,
on the other hand, is still conducted in the original domain,
since we use the same data in the input layer iteratively.
Also note that updating the prototype vectors will also affect

Fig. 3. SVM network for fine-tuning.

the data-cluster assignments and the hidden-layer restrictions
for the next epoch. The intuition behind this procedure is that
encoding weights represent hyperplanes, which are estimated
as the cluster boundaries and the hidden layer activations for
each sample are the distances from those hyperplanes to either
positive or negative side. Because the samples are represented
in a higher dimensional space by hidden-layer activations, they
can be discriminated better. The update procedure continues
iteratively until no further cluster changes are achieved or we
reach an iteration bound.

B. SVM Network for Cluster Fine-Tuning

SVM is a powerful tool for supervised learning, which
separates the feature space linearly into two categories: pos-
itive and negative. It tries to maximize the margin between
the positive and negative sides [18], [20]. The margin in the
SVM represents the gap between support vectors of both the
sides, which are data samples acceptably close in limits to
the opposite ones. The main idea is to find the optimum
hyperplane that achieves the total minimum distance between
the support vectors and the hyperplane. After training the
SVM, a new sample is classified simply as either positive or
negative by the result of the dot product with the optimized
weight vector.

In fact, SVM is a linear discriminant function and it obvi-
ously does not handle nonlinearly separable data sets with a
satisfactory accuracy. Kernel functions (Gaussian, polynomial,
chi-square, histogram intersection, and so on) are introduced
in the literature to establish the nonlinear SVM classifiers and
they achieve a justifiable popularity with SVM. Actually, SVM
still preserves its linearity in this perspective, but the input data
are transferred into a new feature space by nonlinear kernel
functions beforehand. Hence, we get more complex feature
spaces with higher dimensionality instead of complicating the
discriminant function itself.

In the second part of the introduced hybrid architecture,
we propose a cluster fine-tuning concept that is based on the
one-vs-all SVM topology for multiple clusters. The two-layer
supervised clustering network is shown in Fig. 3. Given the
input data X = {x(i)} and the cluster prototypes C = {c(j)},
input signals for the SVM network are first achieved by the
Gaussian kernel function (GKF) K (x(i), C)

K (x (i), c) = e
−‖x (i) − c‖2

2σ 2 ; c ∈ C (16)
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where σ is the scale parameter that factors the neighborhood.
Therefore, each data sample is now represented by its GKF
responses to the current prototypes (i.e., landmarks). Also note
that the input dimensionality now equals to the number of
clusters K . Because the SVM is a supervised learning algo-
rithm, the sample cluster assignments obtained in a previous
application are used as the initial data labels in the SVM layer
for supervision. The unconstrained objective function of the
SVM network is

JG X ,y(W, b) = P
1

N

N∑

i=1

max(1 − wT Gx (i) y(i), 0)2

+ 1

2

∑
‖W‖2 y(i) ∈ {−1, 1}K (17)

where P is the tradeoff constant, penalizing data points that
violate the margin requirements. Gx represents the GKF output
vector of (16) for each sample x(i), which is the new input
signal to the SVM network. W is the matrix, which embeds
the parameter vectors, including biases. They are assumed
to be orthogonal to the hyperplanes that separate K clusters
and randomly initialized like the decoding weights of the
PE network. As aforementioned, SVM simply separates the
space into two parts. To extend the SVM network for a
multicluster problem, we use the one-vs-all approach. For
the K -cluster problem, K linear SVMs are independently
trained, where the data samples from the other clusters form
the negative cases [20]. Therefore, the desired output signal
for each input y(i) is achieved by assigning 1 to the assigned
cluster and −1 for the rest. The stochastic gradient descent
algorithm is then employed as

hW (Gx) = W T Gx (18)

δw = δ J (W, b)

δhW
= −2Pymax(1 − hW (Gx )y, 0) (19)


w = α

(
1

N

∑(
GT

x δw
) + w

)
(20)

wnew = wold − 
w (21)

where δw is the back-propagated derivation of the error signal
per data sample and 
w is the average weight correction that
includes L2 regularization without bias terms. Also note that
α is the learning rate and hw is the hypothesis function of the
network. The prediction procedure used by the SVM network
is similar to that of the soft-max classifier. But unlike soft-
max, where the derivative error is handled in a combined form
by matrix multiplication, SVM neurons propagate the error
back independently. This leads to computing the derivative
errors by weight vectors w(j) instead of using the whole
matrix W.

Once the SVM network is set up, we optimize the weight
parameters iteratively in mini batches. The hyperplanes are
updated with the max-margin objective function to separate
the samples of each cluster based on the current sample-
cluster assignments. After each epoch, we follow the cluster
updating procedure similar to that of the PE network. Hence,
the output layer activations of the SVM network are now
used as the new latent space. Then the SOM-like updating

Fig. 4. Pseudocode of the greedy layerwise clustering network.

scheme of (six to eight) for both the prototype vectors and
the assignments are achieved in this latent space. Once we
change the data sample-cluster assignments, the desired output
signals y(i) are redefined for the next epoch accordingly.
Also note that the kernel outputs are recomputed, since we
have updated the prototype vectors as the new landmarks.
Therefore, the input signal to the SVM network changes in
each epoch although we still input the same data sequence.
The termination conditions are the same as the PE network.

C. Combining PE and SVM Networks
in Hybrid Architecture

So far, two networks are independently presented for par-
titional (i.e., competitive) clustering and they have different
subobjectives. The lateral purpose of the PE network is to learn
a latent space in an unsupervised manner, which introduces
more discriminative data representations for clustering. The
SVM network, on the other hand, aims to fine-tune the prior
clusters by maximizing the margins between these clusters.
It also uses output layer activations as the new latent space
for the cluster update procedure. Note that the number of
neurons in each layer of both the networks is determined
implicitly. We combine these two networks in a greedy
layerwise clustering fashion, and the algorithm is pseudocoded
in Fig. 4.

We first extract Voronoi-like initialized patterns in the
encoding part of the PE network that leads to unsupervised
feature learning in the hidden layer while we update the clus-
ters iteratively. This process can be viewed as the expectation-
maximization algorithm, where the network parameters are
first updated when the prototype vectors are kept fixed during
the expectation step. Thereafter, the clusters are updated in
the latent space during the maximization step with the fixed
encoding weights, representing the basis vectors of this new
feature space.

In the SVM network part, instead of using the input data
in its original domain, the hidden layer activations of the
PE network with respect to both the input data x(i) and the
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TABLE I

SUMMARY OF DATA SETS USED IN THE EXPERIMENTS

current prototype vectors c(j) are computed as

H (ϕ) = Sigm
(
W T

1 ϕ
) = 1

1 + e−W T
1 ϕ

(22)

Hx = {h(x (i))= hx (i) |i = 1, 2, 3, . . . , N; hx ∈ Rv} (23)

Hc = {h(c( j ))= hc( j) | j = 1, 2, 3, . . . , K ; hc ∈ Rv }.
(24)

The final data-cluster assignments of the PE network are
also used in the SVM network for the initial supervision.
In addition, the active input data for the SVM network are
computed by the GKF that handles current prototype vectors
as the landmarks. Afterward, the cluster fine-tuning procedure
is implemented with the max-margin objective. Once prototype
vectors and data-cluster assignments are updated with the
one-vs-all SVM network in its latent space for each epoch,
the new assignments are then fed to the output layer of the
SVM network. Hc is recomputed in the encoder part of the
PE network, since we update the prototype vectors. Note that
we do not change the parameters of the PE network because
we have finalized learning it already. This procedure continues
until equilibrium is achieved with a given error threshold or
the iteration bound is reached.

IV. EXPERIMENTAL RESULTS

We compare the clustering results of the proposed network
architectures with the widely used clustering networks: SCL,
LVQ, SOM, and NG over two types of performance: visual
and analytical. To do so, we use nine different data sets that
are summarized at Table I. Note that they have varying number
of data samples, clusters, and dimensions in wide ranges, and
different repositories (i.e., UCI machine learning, and speech
and image processing) are also explored. Therefore, we can
achieve an idea of how the algorithms behave comparatively
in such diverse inputs throughout the experiments. Basically,
we use the synthetic data sets to enable the visualization of the
clustering results, while the others are handled for analytical
performance comparisons, which are among the popular data
sets in the UCI machine learning repository.

It is a common practice to perform several preprocessing
steps on the raw data before clustering. In this paper, we
apply the whitening method of [3] to get uncorrelated features
with the same variance, and the input is normalized into
the range of (0, 1] at the preprocessing stage. The cluster-
ing network algorithms to be compared with our proposed
works are implemented in accordance with their original
papers [2], [11]–[13] and the formulas in Section III. Since all

Fig. 5. Clustering results of the WTA networks on S1-set.

the methods have different number of parameters to be set,
we apply grid search in varying ranges to find the optimum
configurations on a held-out validation set, and they are kept
fixed during experiments. Except LVQ and SVM networks,
which are supervised methods, the clustering algorithms start
with the same cluster prototypes that are randomly selected.
Meanwhile, we use SCL results for the LVQ network initial-
ization, while the updated clusters of the PE network are fed
into the SVM fine-tuning network as proposed.

We repeat the experiments 50 times, and the mean and the
standard deviations in the numerical results are also noted for
each data set to justify the visual results in consistency. They
will be covered in Section IV-B. With regards to visual results,
we select the common and significant clustering performances
among these trials to display the differences between cluster-
ing algorithms. For Tables II–VII, only the best results are
displayed in bold font for a better comparison.

A. Visual Clustering Analysis

The aggregation and S (S1 − S4) data sets, which we use
in the visual experiments, have individual challenges, since
the cluster characteristics (i.e., shape, size, relative closeness,
and scatter) vary in 2-D spatial distribution. Aggregation set is
more compact than S sets, such that the clusters in the visual
domain can be easily selected.

The same prototype vectors that we randomly initialize
are used in all the algorithms at the start, and the final
results are achieved after 100 iterations. We mainly group
the clustering networks into the WTA and the neighborhood
function-based (NFB) methods of which the visual results are
shown in Figs. 5 and 6, respectively.

In Fig. 5, we first give Voronoi tessellation of the randomly
selected prototypes to have a clear idea about initialization.
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Fig. 6. Clustering results of the NFB networks on S1 set.

K -means results are also displayed, as it is a popular WTA
clustering algorithm. Overall, the WTA networks perform
much worse than the NFB clustering methods, because they
only update the winning prototypes each time. Besides, the
WTA networks are highly dependent on the initial prototype
vectors, and relative positions (i.e., spatial configuration) are
preserved through the iterations. They generally converge to
the final clusters faster than the NFB algorithms with a great
error rate, since the sample-cluster assignments do not change
after a low iteration level. SCL and LVQ networks, on the
other hand, achieve better performances than the classical
k-means. The incremental cluster updates with a learning
rate and enhances the results, instead of simply taking the
average among cluster members. Because the LVQ network
is a supervised algorithm, we use the clustering results of
the SCL network as a prior for supervision with the purpose
of fine-tuning. However, no obvious performance increase is
observed when compared with the SCL results. The possible
reason is that the SCL assignments y(i) are kept fixed during
the LVQ network iterations and it is simply forced to simulate
the SCL behaviors in the cluster update procedure.

In the NFB networks, we visually achieve more meaningful
results due to the neighboring functions when we compare
them with the WTA-based methods, as shown in Fig. 6.
In general, each sample updates all the prototype vectors
proportional to their neighborhood degree. This helps to use
the feature space more reasonably and to avoid the depen-
denc on the initial prototypes. In addition, we implement the
gradient descent method to update the clusters, which may
lead to spatial configuration changes. SOM, NG, and our first
proposed clustering method, PE, have similar visual results.
Nevertheless, the SVM fine-tuning network that is supervised
by PE (i.e., PE + SVM network in Fig. 6) boosts the clustering

Fig. 7. Clustering results with noisy initialization on S1 set.

Fig. 8. Clustering results with noisy initialization on aggregation-set.

performance remarkably. Unlike the LVQ, the SVM algorithm
updates the clusters in a latent space iteratively, and the
initial assignments are dynamically changed. Note that both
the PE and SVM networks try to optimize their own weight
parameters in their latent spaces during the cluster update
procedure.

Next, for the visual analysis, we assume that the clustering
results of the PE network, which is sequentially fed into the
SVM network, are not satisfactory. Therefore, we try to find
experimentally to what extent the SVM network may compen-
sate for this initially unsatisfactory clustering. To address this
issue, we first add Gaussian noise to the data samples in the
input layer of the PE network. Second, we initialize cluster
centroids for the PE network, such that they are deployed in
the outlier regions in the features space. The clustering results
are shown in Figs. 7 and 8.
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In Fig. 7, we initialize the centroids in two distinct regions
on the S1 set. As expected, the PE network outperforms
the k-means algorithm and it captures almost all of the
clusters. On the other hand, although the PE + SVM net-
work mainly follows the same routine of the PE network,
it performs better in that cluster #10 and 12 (i.e., in the
bottom-right frame) are successfully discriminated through the
PE + SVM network.

We repeat the experiments on aggregation-set with a differ-
ent configuration where the centroids are initialized in a small
outlier region in Fig. 8 (bottom right). Surprisingly, in the
PE + SVM network, we see that two clusters (#3 and 4 of
the PE network) are combined in cluster #3 in the PE + SVM
network as it is the ground-truth condition, and one out of
seven centroids is implicitly eliminated. We conclude that the
PE + SVM network is not strictly sensitive to the PE network
clustering results where it mostly changes the configuration
of the PE network. Furthermore, it may even sacrifice some
centroids for better clustering results in the iterative cluster
updating procedure.

Finally, it would be informative to explore the nature of
transformations that have been learned through the proposed
approach by visualizing the hidden-layer patterns. In addition,
the improved clustering results can be further investigated
as we adopt different number of hidden layers and neural
nodes in each layer. To make things more clear, we adopt two
PE networks successively such that once the first PE network
is learned with the data samples in the original feature space,
its hidden layer activations will be, then, the new input to the
next one. Note that the number of nodes in the hidden layers
is also changed implicitly, because the dimensionality of the
input data differs.

In detail, S1 set and randomly initialized prototypes are
used for comparison with the previous results. Once the first
PE network parameters are optimized, we project both the
input data and the random prototypes into a new (i.e., higher
dimensional) feature space by using the encoder part of the
network. Thereafter, we implement the second PE network in
the new feature space with its own setup. We visualize the
hidden layer outputs of both the PE networks in Fig. 9, which
represent the transformed features in terms of their first two
principal components derived from the principal component
analysis.

As usual, the randomly selected prototypes and the input
data are plotted with their initial assignments in the original
feature space. We select this initialization specifically, such
that cluster #3 has no member at the beginning, and the initial
prototypes are gathered on some locations spatially. After the
first PE implementation, we observe that the original feature
space is transformed in a way where the between-cluster
separations are increased. This also holds for the second
PE network that achieves a better result (i.e., cluster #2 is
exploited additionally, while clusters #4 and 14 of the first PE
network are unified in a single cluster #3 in the second PE
network) by projecting the data samples into another latent
space. It is seen that the proposed approach obtains more
discriminative feature spaces in its hidden layers, which help
to get improved clustering performance.

Fig. 9. Clustering in the latent spaces of successive PE networks on S1 set.

Fig. 10. Iterative error trend plotting on white-wine preference data set.

B. Analytical Performance Analysis

We first analyze the clustering results graphically based
on the MSE trends of clustering networks on the white-
wine preference data set in Fig. 10. Thereafter, MSE and
time analysis results of all the data sets are given at
Tables II and III for compactness. Also note that the same
prototypes with random initializations are used for all the
algorithms, and the iteration bound is set to 100 in the
experiments. Basically, in Fig. 10, the k-means algorithm
is the fastest converging method with the worst error rate.
Although the LVQ that is supervised by the SCL network has
much lower errors at the first iterations, the error rate slightly
decreases in the final iterations. Apart from the WTA networks,
the SOM, NG, and PE networks achieve similar perfor-
mances because of their neighborhood functions. The proposed
SVM fine-tuning network, on the other hand, gets the best
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TABLE II

MSE AND TIME ANALYSIS ON SYNTHETIC DATA SETS

TABLE III

MSE AND TIME ANALYSIS ON UCI DATA SETS

result. This is regarded to be due to the PE supervision and
the cluster updates in the latent space during iterations.

Next, we display the MSE (in Euclidean metric) and the tim-
ing results (in seconds) for all the data sets at Tables II and III.
Because we repeat the experiments 50 times, standard devi-
ations and mean values are computed. Overall, we observe
that the PE + SVM network achieves the best performance
in all the situations. On the other hand, the hybrid algorithm
seems to take more time, almost doubling the nearest one
for clustering the data samples. It is because two network
architectures are implemented sequentially and they update
the network parameters iteratively in mini batches. One may
assume that these networks are individually comparable with
the others in timing, and they can also be used together if
priority is given to the clustering performance.

Compactness within a cluster and separation between clus-
ters are two important measurements for cluster validation in
the literature [2]. The validity of clustering results is defined as

Validity= 1

K

K∑

j=1

max j �=m

{
dWCS(c( j ))+ dWCS(c(m))

dBCS(c( j ), c(m))

}
(25)

TABLE IV

COMPACTNESS AND SEPARATION-BASED CLUSTER VALIDITY

dWCS(c
( j )) =

P∑
i=1

‖x (i) − c( j )‖
P

∀x (i) ∈ C j (26)

dBCS(c( j ), c(m)) = ‖c( j ) − c(m)‖L2 (27)

where within-cluster scatter dWCS indicates the average dis-
tance between data points x(i) and their assigned prototype
vector c(j). Between-cluster separation for clusters j , m, and
dBCS is simply the distance between cluster prototypes. The
best clustering method minimizes the validity measure in
this manner. Table IV summarizes the validity results of the
clustering algorithms on all the data sets for comparison.
Although the PE network follows the similar validity results to
those of the SOM and NG networks, the proposed PE + SVM
network achieves again the lowest validity in all the situations,
and this also supports the previous visual results. Also note
that the NFB networks are well ahead of the WTA ones as the
dimensionality and the number of samples increase.

Silhouette metric refers to another method of interpretation
and validation for the clustering problems [28]. Given the
already clustered data, it simply gives a matching rate for each
sample with respect to its assigned and the nearest neighbor
cluster. The Silhouette S(x(i)) is computed as

a(x (i)) =

N∑
n=1

‖x (i) − x (n)‖
N

∀x (i) ∈ C j (28)

b(x (i)) =

M∑
m=1

‖x (i) − x (m)‖
M

∀x (i) ∈ C j ∀x (m) ∈ Cz

(29)

Cz = c(argmin j=1,2,3,...,K ‖x (i)−c( j)‖) (30)

S(x (i)) =

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

1 − a(x (i))

b(x (i))
; a(x (i)) < b(x (i))

0; a(x (i)) = b(x (i))

b(x (i))

a(x (i))
− 1; a(x (i)) > b(x (i))

(31)

where a(x(i)) can be interpreted as how well the sample x(i) is
matched to the cluster it is assigned (i.e., the smaller value and
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Fig. 11. Silhouette analysis on red-wine preference data set.

TABLE V

CLUSTERING COMPARISONS ON SILHOUETTE VALUES

the better matching). b(x(i)), on the other hand, represents the
average dissimilarity of the sample to the neighboring cluster
in which, aside from the previously assigned cluster, it fits
best. From the above definitions, it is obvious that S(x(i)) falls
in a range of (−1, 1), and the best clustering algorithm tries
to maximize it. We evaluate the clustering methods on the
Silhouette values in Fig. 11 and in Table V. Because each
sample has its own Silhouette value, we first produce a his-
togram that quantifies the amount of data points in bins, setting
the bin width to 0.2. Thereafter, the histogram is transformed
into cumulative densities for each clustering method to get
better intuitions overall. Like in other comparisons so far, the
PE + SVM network has the best performance in terms of the
Silhouette metric, since its values start increasing last on red-
wine preference data set in Fig. 11, and it achieves the highest
mean Silhouette value in Table V.

Finally, we evaluate the clustering performances of the
networks on all the Data sets by means of accuracy and purity
metrics, given in percentages in Tables VI and VII. Given that
we have the real cluster labels of the data samples, we can
calculate the accuracy by first finding the best combinations
between real labels and the cluster assignments. Accuracy is

TABLE VI

ACCURACY AND PURITY ANALYSIS ON SYNTHETIC DATA SETS

TABLE VII

ACCURACY AND PURITY ANALYSIS ON UCI DATA SETS

then the ratio of true positives to the number of samples.
With regard to purity, each cluster is initially assigned to
a class label, which is established by the most frequent
(i.e., majority voting) label in that cluster. Thereafter, purity
can be addressed to the accuracy formula in this setup. Note
that real label-cluster pairs may have one-to-many relation-
ships. Although the PE network usually performs worse than
the SOM and/or NG algorithms in general, the PE + SVM
network achieves better results by fine-tuning the PE clusters
in its own latent space. The accuracy and purity results
clearly support the previous statistical and visual clustering
assessments.

V. CONCLUSION

In this paper, we propose a hybrid neural network that
combines two complementary networks for the clustering
problem. The first network is referred as PE, since it maps
the input data samples to their closest prototypes successively
in the output layer. While optimizing the network, we get
unsupervised features in a latent space, which holds for the
hidden layer of the PE. The clustering update procedure
is carried out in this domain unlike previous works where
the original feature space is used instead. Encoding weights
(i.e., W1) of the PE network are initialized with respect
to Voronoi-like hyperplanes in a pair-wisely greedy manner
instead of random selection. Please note that the number
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of neurons in the hidden layer is also found implicitly, and
we eliminate this free parameter in the three-layer network
structure. In addition, the Gaussian neighboring function is
implemented in the latent space to update not only the winning
but also the other prototypes for each sample. This also
contributes to the performance increase as confirmed by the
experimental results.

In the second part of the hybrid network, SVM is used to
fine-tune the previously established clusters of the PE network.
The margins between cluster boundaries are maximized using
a quadratic hinge loss function as the objective. Like PE, the
SVM network also updates the clusters iteratively in a latent
space, which is represented by its output layer activations.
Another important implementation detail is the utilization of
the kernel function. This idea fits in our proposed network
quite well, because the prototype vectors are now activated
as landmarks for the GKF. Hence, we avoid the common
application of treating all data samples as landmarks in which
case all the samples are used to compute the kernel. Therefore,
the computational complexity is remarkably reduced in this
manner. Furthermore, instead of the original data, we feed
the hidden layer activations of the optimized PE network
successively to the GKF, which makes our proposed work
more cooperative.

Our purposed work is compared with similar clustering
networks in the literature using different evaluation metrics.
We use a wide range of data sets from popular clustering
repositories that are divided into two subsets to analyze
the experimental results in each performance spectrum. The
synthetic 2-D data sets are mainly utilized for visual analysis
while the real-world UCI data sets are explored for the analyt-
ical experiments. Both the visual and analytical results clearly
reveal that the PE + SVM clustering network outperforms the
other approaches with the same experimental setup.

In addition, the parameter complexity of the proposed
method is almost equal to its contemporaries, SOM and
NG networks. Because we implicitly compute the number of
neurons in all the layers, the weight parameters (except W1 in
the PE network) are initialized randomly in the proposed work.
Although the hybrid algorithm seems to take more time, two
network architectures are sequentially implemented and they
update the network parameters iteratively in mini batches. One
may assume that these networks are individually comparable
with the others in timing. Also note that we update the clusters
in the latent spaces while optimizing the proposed networks,
PE and SVM. Especially for the PE network, the latent space is
produced in an unsupervised manner, and this directly impacts
the clustering quality.

We also try to find experimentally to what extent the SVM
network may compensate for initially unsatisfactory clustering
of the PE network. To address this issue, we add noise to the
input data samples, and we initialize cluster centroids, so that
they are deployed in the outlier regions of the features space.
We conclude that the SVM network is not strictly sensitive to
the PE network clustering results where it mostly changes the
configuration of the PE network. Furthermore, it may even
sacrifice some centroids for better clustering results in the
iterative cluster updating procedure.

Finally, we explore the nature of transformations that have
been learned through the proposed approach by visualizing
the hidden layer patterns. In addition, the improved clustering
results are further investigated as we adopt different number
of hidden layers and neural nodes in each layer. To do so, we
adopt two PE networks successively, such that once the first
PE network is learned with the data samples in the original
feature space, its hidden layer activations are then fed into the
next one. The visual analysis shows that the proposed approach
obtains more discriminative feature spaces in its hidden layers,
which help to get improved clusters.

For the future work, we plan to find the optimum number
of clusters and initial prototype vectors for a given unlabeled
data set in the network architectures. Obviously, network archi-
tectures have very elastic configurations, which can help to
simulate any objective function inside. In addition, new latent
spaces are achieved in the hidden layers, and each layer can be
used for a specific task in a greedy layerwise manner. There-
fore, it is envisioned that neural networks can solve complex
clustering problems dynamically, and traditional supervision
limitations may be eliminated in this manner.
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Bahçeşehir University, Istanbul. His current research interests include object
detection, recognition and tracking, path planning for unmanned vehicles, and
facial expression analysis.

Associate Prof. Arica’s thesis received the Thesis of the Year Award at
METU in 1998.

Narendra Ahuja (F’92) received the Ph.D. degree
from the University of Maryland at College Park,
College Park, MD, USA, in 1979.

He was the Founding Director of the
International Institute of Information Technology,
Hyderabad, India, where he continues to serve as the
International Director. He is currently the Donald
Biggar Willet Professor with the Department of
Electrical and Computer Engineering, University
of Illinois at Urbana–Champaign, Champaign,
IL, USA. His current research interests include

next-generation cameras, 3-D computer vision, video analysis, image
analysis, pattern recognition, human–computer interaction, image processing,
image synthesis, and robotics.

Prof. Ahuja is a fellow of the American Association for Artificial
Intelligence, the International Association for Pattern Recognition, the
Association for Computing Machinery, the American Association for
the Advancement of Science, and the International Society for Optical
Engineering. He is on the Editorial Boards of several journals.

Sarp Erturk (M’99–SM’15) received the
B.S. degree in electrical and electronics engineering
from Middle East Technical University, Ankara,
Turkey, in 1995, and the M.S. degree in
telecommunication and information systems and
the Ph.D. degree in electronic systems engineering
from the University of Essex, Colchester, U.K.,
in 1996 and 1999, respectively.

He carried out his compulsory service with
the Army Academy, Ankara, Turkey, from 1999
to 2001. He is currently appointed as a Full

Professor with Kocaeli University, İzmit, Turkey, where he was an Assistant
Professor from 2001 to 2002, and an Associate Professor from 2002 to
2007. He currently leads the Kocaeli University Laboratory of Image and
Signal Processing that has a full-time researcher capacity of about 20
researchers. His current research interests include digital signal and image
processing, video coding, embedded systems, remote sensing, and digital
communications.


