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Abstract. This paper introduces a new topological clustering approach to cluster high dimensional datasets based on t-SNE
(Stochastic Neighbor Embedding) dimensionality reduction method and Self-Organizing Maps (SOM). The unsupervised
learning is often used for clustering data and rarely as a data preprocessing method. However, there are many methods that
produce new data representations from unlabeled data. These unsupervised methods are sometimes used as a preprocessing
tool for supervised or unsupervised learning models. The t-SNE method which performs good results for visulaization
allows a projection of the dataset in low dimensional spaces that make it easy to use for very large datasets. Using t-SNE
during the learning process will allow to reduce the dimensionality and to preserve the topology of the dataset by increasing
the clustering accuracy. We illustrate the power of this method with several real datasets.

1

Introduction

Topological learning is a recent direction in Machine Learning which aims to develop methods grounded on statistics to
recover the topological invariants from the observed data points. Most of the existed topological learning approaches are
based on graph theory or graph-based clustering methods. The topological learning is one of the most known technique
which allows clustering and visualization simultaneously. At the end of the topographic learning, the ”similar” data will be
collect in clusters, which correspond to the sets of similar observations. These clusters can be represented by more concise
information than the brutal listing of their patterns, such as their gravity center or different statistical moments. As expected,
this information is easier to manipulate than the original data points. The neural networks based techniques are the most
adapted to topological learning as these approaches represent already a network (graph). This is why, we use the principle of
the self-organizing maps which represent a two layer neural network: an entry layer (the data) and a topological layer (the
map).
The main purpose of unsupervised learning methods is to extract generally useful features from unlabelled data, to detect
and remove input redundancies, and to preserve only essential aspects of the data in robust and discriminative representations.
Unsupervised methods have been routinely used in many scientific and industrial applications.
Unsupervised feature learning algorithms aim to find good representations for data, which can be used for different tasks
i.e. classification, clustering, reconstruction, visualization,... Recently, the SNE [5] and t-SNE [11] methods have shown high
feature learning performance used for dimensionality reduction and visualization [10].
The unsupervised learning is often used for clustering data and rarely as a data preprocessing method. However, there are
many methods that produce new data representations from unlabeled data. The data size can be measured in two dimensions,
the size of features and the size of observations. Both dimensions can take very high values, which can cause problems
during the exploration and analysis of the dataset. Models and tools are therefore required to process data for an improved
understanding. Indeed, datasets with a large dimension (size of features) display small differences between the most similar
and the least similar data. In such cases it is thus very difficult for a learning algorithm to detect similarity variables that
define the clusters [12].
Given a data matrix represented as vectors of variables (p observations and n features), the goal
of the unsupervised transformation of feature space is to produce another data matrix of dimension (p, n0 ) (the transformed
representation of n0 new latent variables) or a similarity matrix between the data of size (p, p). Applying a model on the
transformed matrix should provide better results compared to the original dataset.
In this paper we focus on models that
are based on topological unsupervised learning and the t-SNE (Stochastic Neighbor Embedding) in order to reduce the data
dimensionality of the data and to take advantage from the topological preservation of information. We also study higher
order approximations for t-SNE. As unsupervised topological clustering, we use SOM based strategies which are often used
for visualization and this technique allowing projection in low dimensional spaces that are generally two-dimensional. It is
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one of the most used methods among the unsupervised learning methods. This network has given rise to numerous practical
applications in order to visualize and perform the information reduction.
At the end of learning the t-SNE, the “similar” data will be separated from the dissimilar data. As expected, this information
is easier to manipulate than the original data points.
The rest of this paper is organized as follows: we present the principle of Self-Organizing Maps is introduced. In section
3, the principle of the SNE and t-SNE models is introduced in section 2 and we present the proposed approach in section 4.
In Section 5 we present different results and, finally the paper ends with a conclusion and some future works.

2

Topological unsupervised learning

The models that interest us in this paper are those that could make at the same time the dimensionality reduction and clustering, i.e. using Self-Organizing Maps (SOM) [14] for dimensionality reduction and Hierarchical Clustering to cluster the map.
SOM models are often used for visualization and unsupervised topological clustering. Its allow projection in small spaces that
are generally two dimensional. Some extensions and reformulations of the SOM model have been described in the literature
[3], [15], [12].
Self-organizing maps are increasingly used as tools for the visualization of data, as they allow projection in low, typically
bi-dimensional spaces. The basic model proposed by Kohonen consists of a discrete set C of cells called “map”. The map C
has a discrete topology defined by undirected graph; usually it is a regular grid in two dimensions. To define the proximity
notion on C it is necessary to define a topological neighborhood. To this end for each pair of cells (k, k 0 ) on the map, the
distance d(k, k 0 ) is defined as the length of the shortest chain linking cells k and k 0 on the grid, i.e. the Manhattan distance.
More precisely, if the units cell k and k 0 have the coordinates (k1 , k2 ) and (k10 , k20 ) respectively then:
d(k, k 0 ) = |k1 − k10 | + |k2 − k20 |

(1)

For each cell k this distance defines a neighborhood whose influence is controlled by a kernel positive function K (K ≥ 0 and
lim K(t) = 0). The mutual influence between two units j and K is defined by the function Kk,k0 (·):

|t|→∞

 2

d (k, k 0 )
1
exp − 2
Kk,k0 (t) =
λ(t)
λ (t)

(2)

where λ(t) is the temperature’s function modeling the neighborhood’s range:

λ(t) = λ0

λf
λ0

t

t
max

(3)

where λ0 and λf represent respectively the initial and the final temperature (for example λ0 = 2 and λf = 0.5), tmax - is the
maximum allotted time and t is the number of iterations.
The function Kk,k0 (·) is a Gaussian introduced for each neuron of the map with a global neighborhood. The size of this
neighborhood is limited by the standard Gaussian deviation λ(t). The units that are beyond this range have a significant
influence (but not null) on the considered cell. The range λ(t) is a function decreasing in time, so, the neighborhood function
Kk,k0 (·) will have the same trend with a standard deviation decreasing in time.
Let RM be the data space and E = {xn ; n = 1, . . . , N } be a set of observations, where each data observation xn =
(xn,1 , xn,2 , . . . , xn,M ) is a raw vector in R1×M . For each cell k of the grid (map), we associate a referent vector (prototype)
wk = (wk,1 , wk,2 , . . . , wk,M ) ∈ R1×M which characterizes one cluster associated to cell k. The set of referent vectors
is denoted by W ⊂ R1×M . The cardinal of the set |W| is denoted by P. The SOM strategy can be seen as a constrained
K-means, in which the distance is weighted using a neighbouring function K. Unlike K-means, the SOM is not optimizing
any well-defined cost function. In the SOM case, we determine the set of parameters W by minimizing the objective function:
R(W) =

N X
P
X

Kn,ik (xn ) kxn − wk k2 ,

(4)

n=1 k=1

where ik (xn ) assigns each observation xn to a single cell in the map C by using the following rule:
ik (xn ) = argmin kxn − wk k2 .
k
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The cost function in Equation (4) can be minimized using both stochastic and batch techniques [14].
Note that in SOM models we define the neighborhood matrix H ∈ RP × RP as follows


d2 (k, k 0 )
1
exp − 2
.
Hk,k0 = Kk,k0 (tmax ) =
λ(tmax )
λ (tmax )

3

(6)

This matrix allows to defines a confusion probability that the input xn is instead represented by the the weight vector wk0
associated to some node k 0 of the map C.

3

t-Distributed Stochastic Neighbor Embedding

The SNE strategy map high-dimensional points into a low-dimensional space by using a probabilistic selection of similar
neighbors. While in the SOM models the low-dimensional coordinates of the prototypes are fixed and associated to the grid
C and the high-dimensional ends are free to move, in the SNE model the probability distribution function p in the highdimensional space of datapoints is fixed and the low-dimensional probability distribution q adaptively is computed in order to
obtain a good approximation of p by using q. The core principle of the Stochastic Neighbor Embedding (SNE) is to convert
the high-dimensional Euclidean distances between data points into affinity probabilities that represent similarities. For two
points xn and xn0 in the high-dimensional space the probability to have for xn , the datapoint as its neigbor is given by:


2
n0 k
exp − kxn −x
2
2δn
(7)
pn0 |n = N


P
kxn −xl k2
exp − 2δ2
n

l=1,l6=n

where δn is the variance of the Gaussian that is centered on datapoint xn . In other words pn0 |n is computed by using a scaled
version of the Euclidean distance between two high-dimensional points xn and xn0 . The scale factor δn could be estimated
based on the neighbors of the datapoint xn . By locally approximating the conditional probability in Equation (7) by the first
order Taylor polynomial we obtain:
−1
2
n0 k
1 + kxn −x
2
2δn

−1 .
N
P
kxn −xl k2
1+
2δ 2


pn0 |n =

(8)

n

l=1,l6=n

In the Equation (8) we recognize the so-called t-SNE model which uses the Cauchy distribution. In this paper we will use
higher order Taylor polynomial to locally approximate the conditional probability in Equation (7). In this setting we have:

pn0 |n =


Ps

N
P

kxn −xn0 k2
2
2δn




Ps

l=1,l6=n

−1

kxn −xl k2
2
2δn

−1 ,

(9)

where Ps is the s-order Taylor polynomial approximating the exponential function:
exp(−x2 ).
Note that the definition in Equation (7) and also the approximations in Equations (8) respectively Equation (9) are not symmetric one. By definition we have pn0 |n 6= pn|n0 and pn|n = 0. We define the symmetric version of pn|n0 by:
pnn0 =

pn|n0 + pn0 |n
.
2

(10)

For the low-dimensional data yk and yk0 corresponding to high-dimensional datapoints xn and xn0 , we follow the same
strategy. Therefore the affinity probability denote by qk0 |k is computed as follows:


−yk0 k2
exp − kyk 2σ
2
k
qk0 |k =
(11)


K
P
kyk −yc k2
exp − 2σ2
c=1,c6=k
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where σk is the variance of the Gaussian that is centered on datapoint yk . Moreover the probability defined in Equation (11)
could be locally approximated by using the first order Taylor polynomial as follows:
−1
−yk0 k2
1 + kyk 2σ
2
k

−1 .
K
P
−yc k2
1 + kyk2σ
2


qk0 |k =

(12)

k

c=1,c6=k

Or by using the s-order Taylor polynomial to locally approximate the conditional probability in Equation (11) we get:
−1

−yk0 k2
Ps kyk 2σ
2
k
−1 .
 
N
P
kyk −yk0 k2
Ps
2σ 2


qk0 |k =

(13)

k

l=1,l6=n

Note that in this paper the induced probability in the low dimensional space is based on the Euclidean distance with a scale
factor. Again note that this definition is not symmetric one, we have qk0 |k 6= qk|k0 and qk|k = 0. We define the symmetric qkk0
by:
qk|k0 + qk0 |k
.
2

qkk0 =

(14)

The goal of SNE or t-SNE is to obtain a probability function in the low-dimension space that modelize the distribution in
the high-dimensional space. Therefore the Kullback-Leibler divergence is used as a measure of the faithfulness with which
qn0 |n models pn0 |n . SNE minimizes the sum of Kullback-Leibler divergences over all data points using a gradient descent
method given by the cost function:
CSN E (p, q) =

N
X

KL(Pn kQn )

(15)

n=1

=

N
N X
X

pn0 |n log

n=1 n0 =1

pn0 |n
,
qn0 |n

(16)

where Pn represents the represents the conditional probability distribution over all other datapoints given datapoint xn , and
Qn the conditional probability distribution over all other map points given map point yn . As an alternative to minimizing the
sum of the Kullback-Leibler divergences between the conditional probabilities qn0 |n and pn0 |n , it is also possible to minimize
a single Kullback-Leibler divergence between a joint probability distribution, P , in the high-dimensional space and a joint
probability distribution, Q, in the low-dimensional space:
KL(P kQ) =

N X
N
X
n=1 n0 =1

pnn0 log

pnn0
,
qnn0

(17)

Note that by using the approximation defined in Equation (9) we have pnn0 > (2N )−s for all datapoints xn , as a result
of which each datapoint xn makes a significant contribution to the cost function. The same remark stand for the low data
representation.
In t-SNE, the method uses the Student t-distribution with one degree of freedom (which is the same as a Cauchy distribution) which correspond to the first order approximation of the exponential. The Student’s t-distribution has the probability
density function is given by:

− ν+1
2
1 + x2
,
ft (x) ∝
ν
where ν is the number of degrees of freedom. By using the t-distribution and by considering the standard deviation independent
of k in Equation (13) the joint probabilities qkk0 induced in the low-dimensional space are defined as follows:
qkk0 =

−1
1 + kyk − yk0 k2
.
K
P
−1
2
(1 + kyk − yc k )
c=1,c6=k
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The main advantage in the uses of t-Student distribution is the property that the factor (1 + kyk − yk0 k2 )−1 approaches the
inverse square of pairwise distances kyk − yk0 k2 in the low-dimensional space. The time per iteration is considerably reduced
since in this case we will naturally ignore all the pairs of datapoints for which the probabilities pnn0 and qnn0 are close to zero.
Since the probabilities pnn0 are fixed during the learning process we could use a certain fixed threshold and set to zero all
the small values in p. Note that unlike the pairwise similarities defined in Equation (11) the qkk0 are symmetric. Note the low
complexity computation of qnn0 given by Equation (18) in comparison with the complexity computation of qkk0 in Equation
(11).
Conducted experiments in [11] [10] on a variety of data sets show that t-SNE outperforms existing state-of-the-art methods
for dimensionality reduction and visualization.

4

Spectral clustering based on higher order approximation of Stochastic Neighbor Embedding

Proposed method Spectral clustering method needs to construct an adjacency matrix and calculate the eigen-decomposition
of the corresponding Laplacian matrix. Both of these two steps are computational expensive. Then, it is not easy to apply
spectral clustering on large scale data sets. In order to circumvent this problem a first solution was proposed in [4]. In [4], the
authors propose to use the matrix A ∈ RP ×P defined by App0 = exp(−kwp − wp0 k2 /2σ 2 ) if p 6= p0 , with App = 0 and for
all p, p0 ∈ {1, . . . , P }. The matrix A being the spectral representation of the prototypes spaces. We propose here to construct
the affinity matrix A by using a higher order approximation of the exponential function as follows:
App0 =

pp|p0 + pp0 |p
, p 6= p0 .
2

(19)

and App = 0 for all p, p0 ∈ {1, . . . , P }. Here pp|p0 respectively pp0 |p are defined by using Equation (9). For the first order
approximation we have:
−1
1 + kwp − wp0 k2
, p 6= p0 ,
(20)
App0 =
K
P
−1
2
(1 + kwp − wc k )
c=1,c6=k

and App = 0 for all p, p0 ∈ {1, . . . , P }. We note that App0 > (2P )−1 for all p, p0 ∈ {1, . . . , P } and p 6= p0 . While for the
second order approximation we get:
−1
1 + kwp − wp0 k2 + 12 kwp − wp0 k4
App0 =
,
(21)
K
−1
P
1 + kwp − wc k2 + 21 kwp − wp0 k4
c=1,c6=k

0

0

for p 6= p and App = 0 for all p, p ∈ {1, . . . , P }. We note that for the second order approximation we have App0 > (2P )−2
for all p, p0 ∈ {1, . . . , P } and p 6= p0 . As already mentioned by approximating the exponential by the first order In Equation
(12) or higher order approximation in Equation (13) allows to avoid all the points with probabilities close to zero resulting in
the reduction of the computational time per operation. In order to compute the Laplacian of the matrix A we first define the
diagonal matrix D as follows:
Dpp =

M
X

Apm , and Dpp0 = 0, for p0 6= p.

(22)

m=1

for all p, p0 ∈ {1, . . . , P }.
Applying traditional clustering methods on high dimensional datasets can be vary challenging. In order to take into account
the topological structure of our data we compute the neighrbohood matrix H in the step 1 of our algorithm. In the step 3 a
new affinity matrix is computed as the product between the matrix H and the distance probability symmetric matrix defined
in Equation (19). Therefore the new affinity matrix contains both sources of information: the topological one and the spectral
one.

5

Experimental Protocol

To evaluate the proposed method, we used several datasets of different size and complexity. For each dataset and experience we
computed the external clustering validation indexes as the real class information is available for all of them, and we compared
also the computational time between the classical spectral clustering and the proposed method.
Australian Journal of Intelligent Information Processing Systems

Volume 17, No. 1

ICONIP2019 Proceedings

6

83

N. Rogovschi et al.

Algorithm 1 Spectral clustering based on higher order approximation of Stochastic Neighbor Embedding
Input: N data points x1 , x2 , . . . , xN ∈ RM ;
Cluster number K ;
Output: K clusters;
1.
2.
3.
4.
5.
6.
7.
8.
9.

5.1

Compute P = |W| prototype vectors W ⊂ RP ×M and neighbourhood matrix H ∈ RP ×P using SOM (see Equation (6)).
Construct the affinity matrix as in Equation (19)
Construct the affinity matrix S = A · H
Define D as in Equation (22).
Find u1 , u2 , . . . , uK , the K largest eigenvectors of L = D−1/2 SD−1/2 . (chosen to be orthogonal to each other in the case of
repeated eigenvalues), and form the matrix U = [u1 , u2 , . . . , uK ] ∈ RN ×K by stacking the eigenvectors in columns.
Compute Y the ortonormalized version of U .
Compute the prototypes matrix W using the SOM algorithm on the low dimension Y .
Cluster each prototype from W into K clusters via K-means algorithm.
Assign the prototypes wp to cluster k if and only if row p of the matrix Y was assigned to cluster k.

Data sets

We performed several experiments on four known problems from the UCI Repository of machine learning databases [2].
Dataset
Waveform
WDBC
Madelon
SpamBase
MNIST
5.2

nb. observations
5000
569
2000
4601
1000

nb. features
40
32
500
57
784

nb. classes
3
2
3
2
10

Description of datasets

– Waveform dataset: This dataset consists of 5000 observations divided into three classes. The original dataset included 40
features, 19 of which were attributed to noise, with mean 0 and variance 1. Each class was generated from a combination
of 2 of 3 ”base” waves.
– Wisconsin Diagnostic Breast Cancer (WDBC): This dataset includes 569 observations with 32 features (ID, diagnosis, 30
real-valued input features). Each observation is labelled as benign (357) or malignant (212). Features are computed from
a digitized image of a fine needle aspirate (FNA) of a breast mass. They describe characteristics of the cell nuclei present
in the image.
– Madelon dataset: MADELON is an artificial dataset, with continuous input features. It formed part of the NIPS 2003
feature selection challenge. This dataset is a two-class classification problem which contains data points grouped into 32
clusters placed on the vertices of a five dimensional hypercube and randomly labelled +1 or -1. The five dimensions constitute five informative features. Fifteen linear combinations of these features were added to form a set of 20 (redundant)
informative features. Based on these 20 features, the examples can be separated into the two classes (corresponding to the
+/-1 labels).
– SpamBase dataset: The SpamBase dataset is composed of 4601 observations described by 57 features. Every feature
describes an e-mail and its category: spam or not-spam. Most of the attributes indicate whether a particular word or
character occurs frequently in the e-mail. The run-length attributes (55-57) measure the length of sequences of consecutive
capital letters.
– MNIST dataset: The MNIST dataset consists of grayscale images of handwritten digits. The size of each image is 28 × 28
= 784 pixels. Each image corresponds to one of ten classes (09). We selected 300 images from each of the class.
5.3

Quality indexes

Evaluating the performance of a clustering algorithm is not as trivial as counting the number of errors or the precision and
recall of a supervised classification algorithm. To evaluate the quality of clustering, we adopt the approach of comparing the
results to a ”ground truth”. We use the clustering accuracy, the Rand index and Jaccard index for measuring the clustering
results. This is a common approach in the general area of data clustering. In general, the result of clustering is usually assessed
on the basis of some external knowledge about how clusters should be structured. This may imply evaluating separation,
density, connectedness, and so on. The only way to assess the usefulness of a clustering result is indirect validation, whereby
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clusters are applied to the solution of a problem and the correctness is evaluated against objective external knowledge. This
procedure is defined by [8] as ”validating clustering by extrinsic classification”, and has been followed in many other studies
([7], [9], [1]). We feel that this approach is reasonable one if we don’t want to judge clustering results by some cluster validity
index, which is nothing but a bias toward some preferred cluster property (e.g., compact, or well separated, or connected).
Thus, to adopt this approach we need labelled data sets, where the external (extrinsic) knowledge is the class information
provided by labels. In this work we consider the purity (accuracy) index, Rand index and Jaccard index for validation.

Purity index Let C be the set of class labels and Ω - the clustering result, we denotes by a the number of pairs of points with
the same label in C and assigned to the same cluster in Ω, b denotes the number of pairs with the same label, but in different
clusters and c denotes the number of pairs in the same cluster, but with different class labels. The index produces a result in
the range [0, 1], where a value of 1 indicates that C and Ω are identical.
The purity of a cluster is the percentage of data belonging to the majority class. Assuming that the data labels set L =
l1 , l2 , ..., l|L| and the prototypes set C = c1 , c2 , ..., c|C| are known, the formula that expresses the purity of a map is the
following: Each cluster is assigned to the class (real label) which is most frequent in the cluster, and then the purity of this
assignment represents the number of correctly assigned objects and dividing by the total number of objects N :
1 X
max |ωk ∩ cj |.
purity(Ω, C) =
j
N
k

Rand index The Rand index or Rand measure introduced in [13] is a measure of the similarity between two data clusters:
Given a set of n objects S = {O1 , ..., On }, suppose C = {u1 , ..., uR } be the and V = {v1 , ..., vC } represent two different
C
0
0
partitions of S such that ∪R
i=1 ui = S, ∪j=1 vj = S and ui ∩ ui0 = ∅, vj ∩ vj 0 = ∅ for all 1 ≤ i 6= i ≤ R and 1 ≤ j 6= j ≤ C.
Suppose that U is our external criterion and V is the clustering result, we define the following:
–
–
–
–

a, the number of pairs of objects that are placed in the same class in U and in the same cluster in V ;
b, the number of pairs of objects in the same class in U but not in the same cluster in V ;
c, the number of pairs of objects in the same class in V but different in U ;
d, the number of pairs of objects in different classes and different clusters in both partitions.

The both, a + b can be considered as agreements between U and V, and c + d as the number of disagreements between these
two partitions. Therefore the Rand index [13] is computed by the following formula:
a+b
;
(23)
a+b+c+d
The Rand index has a value between 0 and 1, with 0 indicating that the two data clusters do not agree on any pair of points
and 1 indicating that the data clusters are exactly the same. However, this index does not take into account the fact that the
agreement between partitions could arise by chance alone. This could greatly bias the results for higher values of concordance
[6].
R=

Jaccard index In the Jaccard index which has been commonly applied to assess the similarity between different partitions of
the same dataset, the level of agreement between a set of class labels C and a clustering result Ω is determined by the number
of pairs of points assigned to the same cluster in both partitions.The Jaccard index takes on a value between 0 and 1. An index
of 1 means that the two dataset are identical, and an index of 0 indicates that the datasets have no common elements. The
Jaccard index is defined by the following formula:
a
J(Ω, C) =
(24)
a+b+c
This is simply the number of unique elements common to both sets divided by the total number of unique elements in both
sets.
The table 1 summarize the obtained results for the four datasets by applying the classical K-means, the spectral clustering
and the proposed method for spectral clustering by using the first and the second order approximation of the exponential . We
can note that our method outperforms the classical K-means and the spectral clustering, but we have to note here that the goal
is also to preserve the topological structure of the data for visualization. We note also the order of the approxiamtion plays a
key role, since by using higher order approximation the results are improved. The topological structure of the data is preserved
thanks to the t-SNE method, as it can be seen in the figure 2, where the 10 clases of the MNIST dataset are well separated
compared to the use of the PCA (Principal Component Analysis) in figure 1.
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(b) t-SNE

(a) PCA
Fig. 1. Visualization of the MNIST dataset

Table 1. Experimental results for K-means, Spectral Clustering and proposed approaches
Dataset
Waveform

SpamBase

Wdbc

Madelon

MNIST

6

K-means
spectral
1st order proposed
2nd order proposed
K-means
spectral
1st order proposed
2nd order proposed
K-means
spectral
1st order proposed
2nd order proposed
K-means
spectral
1st order proposed
2nd order proposed
K-means
spectral
1st order proposed
2nd order proposed

Acuracy
51.4600
54.1780
54.8230
55.1320
63.5949
69.6320
70.0740
70.7340
83.4130
85.1327
85.1620
86.0230
50.2500
52.1820
52.5290
53.1290
83.4130
85.0615
85.8430
86.2131

Rand
0.6216
0.6721
0.7036
0.7162
0.5369
0.6152
0.6312
0.6552
0.7104
0.7689
0.7710
0.8012
0.4998
0.5209
0.5741
0.5841
0.8739
0.9307
0.9514
0.9643

Jaccard
0.5854
0.6107
0.6280
0.6430
0.5086
0.5746
0.5791
0.5987
0.5499
0.6178
0.6146
0.6456
0.3329
0.3979
0.4006
0.4162
0.7546
0.8012
0.8217
0.8342

Conclusions

In this study we proposed a new topological unsupervised learning model which allows to cluster a large dataset by preserving
the local structure of the data. The proposed method use the Self-Organizing Maps by reducing the dimensionality using the
t-SNE model. The obtained results show that the proposed method improves the clustering results in term of external indexes.
For future work, the spectral topological clustering can be used to improve the clustering results, and to adapt this method for
multi-view datasets.
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