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Abstract. A new online learning mechanism is proposed for unsuper-
vised classification and topology representation. It can represent the
topological structure of unsupervised online non-stationary data, report
the reasonable number of clusters, eliminate noise, and give typical proto-
type patterns of every cluster without priori conditions such as a suitable
number of nodes or a good initial codebook.

1 Introduction

Traditional clustering methods such as k-means [1] and LBG [2] suffer from
the dependence on initial starting conditions and predetermining of number of
clusters. Learning of topology structure for nonstationary data distribution is
difficult for some self-organizing neural networks such as self-organizing map
[3] and neural gas [4] for the use of decaying adaptation parameters will lead
to “frozen network”. Growing neural gas (GNG) [5] suffers from the permanent
increase in number of nodes and GNG-U [6] will destroy the learned old prototype
patterns. Hamker’s life-long learning model [7] only suits for some supervised
learning tasks.

In this work, our goals are: (1) to process online and nonstationary data. (2)
without priori conditions such as a suitable number of nodes or a good initial
codebook or knowing how many classes there are, to conduct unsupervised learn-
ing, report a suitable number of classes and represent the topological structure
of input probability density. (3) to separate classes with low-density overlap and
detect the main structure of clusters that are polluted by noise.

2 Proposed Algorithm

Suppose we say that two samples belong to the same cluster if the Euclidean
distance between them is less than threshold distance T . To obtain “natural”
clusters, T must be greater than typical within-cluster distance and less than
typical between-cluster distance [8].

For within-cluster insertion, we insert a node between node q with maximum
accumulated error and node f , which is among the neighbors of q with maximum
accumulated error. To ensure insertion of a new node leads to a decrease in error,
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and to avoid catastrophic allocation of new nodes, when a new node is inserted,
we evaluate insertion by a utility parameter to judge if insertion is successful.

We separate clusters by removing nodes located in a region with low probabil-
ity density. If the number of input signals generated so far is an integer multiple
of a parameter, remove those nodes with no or only one topological neighbor.
The idea is based on the consideration that if a node has no or only one neigh-
bor, it means during a period, the accumulated error of that node has very low
chance to become maximum and the insertion of new nodes near that node is
difficult, i.e., the probability density of the region the node lies in is very low.
Unlike some other techniques in [9] and [6], this proposed strategy works well
for removing nodes in low density regions without additive computation load
and avoids the use of special parameters. In addition, this technique periodically
removes nodes caused by noise.

Algorithm 2.1: Proposed algorithm

1. Initialize node set A to contain two nodes, c1 and c2 with weight vectors
chosen randomly from the input pattern. Initialize connection set C, C ⊂
A × A, to the empty set.

2. Input new pattern ξ ∈ Rn.
3. Search the nearest node (winner) s1, and the second-nearest node (second

winner) s2 by s1 = arg minc∈A ‖ξ − Wc‖, s2 = argminc∈A\{s1} ‖ξ − Wc‖. If
the distance between ξ and s1 or s2 is greater than similarity threshold Ts1

or Ts2 , the input signal is a new node, add it to A and go to Step2 to process
the next signal. The threshold T is calculated by Algorithm 2.2.

4. If a connection between s1 and s2 does not exist, create it. Set the age of
the connection between s1 and s2 to zero.

5. Increment the age of all edges emanating from s1 by 1.
6. Add Euclidian distance between input signal ξ and the winner to a local

accumulated error Es1 , Es1 = Es1 + ‖ξ − Ws1‖.
7. Add 1 to a local accumulated number of signals Ms1 , Ms1 = Ms1 + 1.
8. Adapt the weight vectors of the winner and its direct topological neighbors

by fraction ε1(t) and ε2(t) of the total distance to the input signal,
∆Ws1 = ε1(t)(ξ − Ws1)
∆Wi = ε2(t)(ξ − Wi) for all direct neighbors i of s1

We adopt a scheme like k-means to adapt the learning rate over time by
ε1(t) = 1/t and ε2(t) = 1/100t.

9. Remove edges with an age greater than a predefined threshold agedead. If
this results in nodes having no more emanating edges, remove them as well.

10. If the number of input signals generated so far is an integer multiple of
parameter λ, insert a new node as follows:
(a) Determine node q with maximum accumulated error E.
(b) Determine among neighbors of q node f with maximum accumulated

error.
(c) Add new node r to the network and interpolate its weight vector from q

and f , i.e., Wr = (Wq + Wf )/2.0.
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(d) Interpolate accumulated error Er, accumulated number of signal Mr

and inherited error-radius Rr from Eq, Ef , Mq, Mf and Rq, Rf by
Er = (Eq + Ef )/6.0, Mr = (Mq + Mf )/4.0, and Rr = (Rq + Rf )/4.0.
Here, error-radius of node i is defined by mean of accumulated error,
Ei/Mi. Ri serves as memory for the error-radius of node i at the moment
of insertion. It is updated at each insertion, but only for affected nodes.

(e) Decrease accumulated error of q and f by Eq = 2Eq/3.0, Ef = 2Ef/3.0.
(f) Decrease accumulated number of signal of q and f by Mq = 3Mq/4.0,

Mf = 3Mf/4.0.
(g) Judge whether insertion is successful or not. If the error-radius is larger

than inherited error-radius Ri (∀i ∈ {q, r, f}), i.e., insertion is not able
to decrease the mean error of this local area, insertion is not successful;
else, update the inherited error-radius, i.e., if Ei/Mi > Ri (∀i ∈ {q, r, f}),
insertion is not successful, new node r is removed; else, Rq = Eq/Mq,
Rf = Ef/Mf , and Rr = Er/Mr.

(h) If insertion is successful, insert edges connecting new node r with nodes
q and f , and remove the original edge between q and f .

(i) For all nodes in A, search for nodes having no neighbor or only one
neighbor, then remove them.

11. After long constant time period LT , use Algorithm 2.3 to classify nodes into
different clusters. Report the number of clusters, output all nodes belonging
to different clusters.

12. Go to Step2 to continue unsupervised online learning.

The similarity threshold T (in Algorithm 2.1, step3) must be greater than
within-cluster distance and less than between-cluster distance. Based on this
idea, we propose Algorithm 2.2 to calculate similarity threshold Ti.

Algorithm 2.2: Calculation of similarity threshold T

1. Initial the similarity threshold of node i to +∞ when node i is generated as
a new node.

2. When node i is a winner or second winner, update similarity threshold Ti:
– If the node has direct topological neighbors, Ti is updated as the maxi-

mum distance between node i and all of its neighbors,
Ti = maxc∈Ni ‖Wi − Wc‖, Ni is the neighbor set of node i.

– If node i has no neighbors, Ti is updated as the minimum distance of
node i and all other nodes in A, Ti = minc∈A\{i} ‖Wi − Wc‖.

If there is a series of nodes xi ∈ A, i = 1, 2, . . . , n, makes (i, x1), (x1, x2), . . .,
(xn−1, xn), (xn, j) ∈ C. We say there is a “path” between node i and node j.

Algorithm 2.3: Classify nodes to different clusters

1. Initialize all nodes as unclassified.
2. Randomly choose one unclassified node i from node set A. Mark node i as

classified and label it as class Ci.
3. Search A to find all unclassified nodes connected to node i with a “path.”

Mark these nodes as classified and label them as the same class as node i.
4. If there are unclassified nodes, go to Step2 to continue classification until all

nodes are classified.
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Fig. 1. Original data set Fig. 2. GNG results Fig. 3. Proposed results

3 Experiment

We conducted our experiment on the data set shown in Fig. 1. An artificial 2-D
data set is used to take advantage of its intuitive manipulation, visualization,
and resulting insight into system behavior. The data set is separated into five
parts, i.e., A, B, C, D, and E. A is shaped like a sinusoid and separated into
A1, A2, and A3 to show incremention property. The B and C data set is a
famous single-link example. D is a circular area. E is a data set satisfied 2-D
Gaussian distribution. We add random noise (5% of useful data) to the data set
to simulate real-world data. In Fig. 1, there are overlaps between clusters, and
noise is distributed over the whole data set.

In this experiment, we compare our proposed method with GNG to show the
advantage of our method. In all experiments, we set parameter λ = 100, and
agedead = 100. For GNG, the maximum number of nodes is predefined as 300.

3.1 Experiment in Stationary Environment

First, we use Fig. 1 as a stationary data set, 100,000 patterns are randomly
chosen from areas A, B, C, D, and E. Topological results of GNG and proposed
method are shown in Fig. 2 and Fig. 3. For stationary data, GNG can represent
the topological structure, but it is affected by noise and all nodes are linked
to form one cluster. The proposed method efficiently represents the topology
structure and gives the number of clusters and typical prototype nodes of every
cluster.

3.2 Experiment in Nonstationary Environment

We simulate online learning by using a paradigm as follows: from step 1 until
20,000, patterns are randomly chosen from area A1. At step 20,001, the en-
vironment changes and patterns from area A2 are chosen. At step 40,001, the
environment changes again, etc. Table 1 details specifications of the test environ-
ment. The environment changes from I to VII. In each environment, areas used
to generate patterns are marked with “1,” and other areas are marked with “0.”
For every environment, we add 5% noise to test data and noise is distributed
over the whole data space.

The results for GNG and GNG-U in Fig. 4 and Fig. 5 show that GNG cannot
represent the topological structure of online nonstationary data well, GNG-U
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deletes all old learned patterns and only represents the structure of new input
patterns. Neither method eliminates noise. In GNG-U results, for example, nodes
beyond area E are all caused by noise distributed over the whole space (Fig. 5).

Table 1. Nonstationary

Fig. 4. GNG results Fig. 5. GNG-U results

Fig. 6. Nonstationary environments, results of proposed method

Fig. 6 shows the results of proposed method. After learning in one environ-
ment, we report intermediate topological structures. Environments I, II, and III
test a complicated artificial shape (area A). A is separated into three parts and
data comes to the system sequentially. We find nodes of area A increasing follow-
ing the change of environment from I to II and III, but all nodes linked to form
the same class. In environment I, the data set of area A1 is tested. If probability
changes to zero in some regions, such as in environment II, remaining nodes of
area A1 preserve the knowledge of previous situations for future decisions. In
the future, the reappearance of area A1 (environment III) does not raise error
and knowledge is completely preserved, so nearly no insertion happens and most
nodes remain at their positions. Environments IV and V test for a difficult situ-
ation (data sets such as areas B and C). The system also works well, removing
noise between areas and separating the B and C. Environments VI and VII test
an isolated data set: area D (circular) and area E (Gaussian distribution).

Fig. 3 and Fig. 6 show that the proposed method processes stationary and
nonstationary environments well. It detects the main structure from original
data, which is polluted by noise. It controls the number of nodes needed for
representation of topology and reports the number of clusters.
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Fig. 7 shows how the number of nodes changes during online learning. When
an input signal comes from a new area (see Table 1, environment changes from
I to VII), the number of nodes increases. In the same environment, after some
learning steps, the increase in nodes stops and converges to a constant because
further insertion cannot lead to decreasing of error. Noise leads to the system
frequently inserting and deleting nodes; thus, there is a small fluctuation in the
number of nodes in Fig. 7.

Fig. 7. Number of nodes during online learning

In addition, we tested up to 5000-dimensional non-linear artificial data set
and the proposed method worked very well. For real world data, we tested digits
data set from Japan ETL6 handwriting character database, it is composed of
digits from ‘0’ to ‘9’, and there are 1,383 samples for every digit. The system
reported that there were 10 classes, and then the prototype patterns of every
class were also reported. Due to lack of space, we can not report the detail of
the experiment for real data in this paper.
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